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ABSTRACT

Prescription drugs have become an indispensable tool to treat and manage chronic disease. Consequently,
the utilization and cost of prescription drugs have risen dramatically over the past two decades. In an
effort to control these rapidly rising costs, nearly all health plans have increased their cost-sharing
requirements. Though much evidence suggests that increased cost-sharing is associated with reductions
in prescription drug utilization, there is little research investigating the mechanism by which this
reduction occurs. This dissertation seeks to fill this gap by exploring the effect of cost-sharing on the
initiation of and adherence to prescription drug therapy, in order to provide policy makers with a deeper

understanding of the effects of changes in prescription drug benefits design.

The first analysis of the dissertation examines the time to initiation of antihypertensive therapy for elderly
patients with newly identified hypertension. Results indicate that lower plan generosity is associated with
longer times between a patient’s first diagnosis and pharmacologic treatment. Further, the effect of plan
generosity strongly depends on a patient’s prior use of non-antihypertensive drugs. For patients who have
used other drugs in the past, the effect of cost-sharing on the time until initiation is significantly lower
than for those without a history of prior drug use. An extensive set of sensitivity analyses find the results
to be robust to numerous model specifications and shed light on possible explanations for the differential

effects.

The second analysis studies whether cost-sharing is associated with adherence or discontinuation of
antihypertensive therapy for newly diagnosed patients who initiated therapy. Unlike the first analysis,
plan generosity is not associated with the time until patients have gaps between subsequent prescriptions,
nor with the proportion of days that a patient is covered with any antihypertensive therapy, nor with
whether patients discontinue their medications entirely. Sensitivity analyses revealed these results to be

robust to model assumptions.

il



These analyses suggest that a significant portion of the reduction in prescription drug utilization that is
mediated by cost may occur when patients make the initial decision to pharmacologically treat a newly
diagnosed chronic condition, but that cost-sharing may be less influential on utilization once patients have
initiated therapy. Further, the models indicate that differences may exist between patients who have a
history of prescription drug use and those who do not. Finally, the welfare implications of these results

and several interpretations are discussed.
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CHAPTER 1: INTRODUCTION

1.1 Introduction

Prescription drugs have become an indispensable tool to treat and manage chronic disease, and in the past
decade utilization for drugs has dramatically increased. Drug expenditures are the fastest growing
component of total health care expenditures, and there is no sign of this trend abating (Mullins 2001). In
response to these growing costs, insurers have significantly reduced the drug benefits they provide,
causing patient out-of-pocket costs for drugs to soar, and creating a difficult calculus for patients as they
evaluate the trade-off between their wallets and their health. For many people this trade-off may not be
extreme, but since drug therapy is the standard treatment for most chronic illnesses, the interruption or
lack of drug therapy can often have serious health consequences. Thus, the chronically ill may be

particularly vulnerable to changes in utilization mediated by insurance.

Researchers have established that both insurance status and the level of insurance benefits affect the use
of prescription drugs. The RAND Health Insurance Experiment was one of the first studies to suggest
that consumers are price-sensitive for these and other health care goods (Lohr 1986). Researchers have
since elaborated on these findings, demonstrating, for example, that the probability of essential
medication use is smaller for the uninsured than for the insured, and that, among the insured, higher cost-
sharing levels reduce discretionary more than essential medication use (Lohr 1986, Harris 1990; Goldman
2004). Nevertheless, contrary to much conventional wisdom, researchers have also documented that
some of the most prevalent chronically ill populations —patients with hypertension, diabetes, or high
cholesterol, to name a few — are fairly price-sensitive to medications for their conditions. However, the

mechanisms by which patients reduce their utilization are not well understood.

Medical care is expensive, and it can be argued that the goal of insurance is (1) to protect patients from
incurring very high costs from unpredictable, low probability health events, and (2) to make care that is

routine and necessary affordable to patients — the so-called “access motive” (Nyman 1999). Because



insurance, by definition, shields users from the total costs of the care they receive, medical care appears to
be “on sale” to consumers, which creates an incentive toward overuse. To encourage patients to use care
efficiently — i.e., to seek only care that is necessary and to discourage frivolous use — insurance plans
nearly universally require patients to share the cost for particular services. Cost-sharing has proven to be
an effective means of reducing care, particularly for those services that are used at the discretion of
patients, such as outpatient medical visits. Services that are controlled by physicians, such as
hospitalizations, are generally less sensitive to patient cost-sharing. Prescription drugs fall somewhere in
between these two types of services; physicians must write orders for medications, but it is at the patient’s

discretion to fill and take them as directed.

Although the theoretical goal of cost-sharing for prescription drugs is to sensitize consumers to cost so
they will limit unneeded care, it is possible that if cost-sharing levels are too high, patients may forgo
necessary care. Hence, there may exist a point at which cost-sharing levels cease to merely discourage
unnecessary care and begin to reduce care that is necessary. If policy makers wish to design policies that
encourage the efficient use of care without undermining patients’ health, understanding the relationship

between insurance and treatment for chronic disease is crucial.

This dissertation incorporates information from previous studies (Joyce 2002, Goldman 2004) that
demonstrated that health plan members were sensitive to cost-sharing levels for prescription drugs. They
revealed that higher cost-sharing levels were associated with a reduction in prescription drug utilization,
even among chronically ill patients; the analyses in this manuscript attempt to dissect a patient’s
therapeutic regimen to determine how and when this reduction in utilization occurs. Once a patient is
identified with a chronic disease that warrants prescription drug therapy, there are two phases to a
treatment course, and reductions in prescription drug use may occur in each phase. The first phase is the
initiation of therapy. It is possible that chronically ill individuals with inadequate insurance coverage

might, for various reasons, choose not to initiate treatment. The second phase concerns the duration and



intensity of therapy once patients have initiated drug therapy. Patients with less generous benefits might
comply poorly with prescribed regimens or discontinue medications altogether. It is also possible that
patients with poor insurance might use fewer medications. Reductions in prescription drug utilization
mediated by cost-sharing must be reflected in one or more of these phases of a therapeutic regimen: the
initiation of therapy, the duration of therapy, and the intensity of therapy. This dissertation will explore
the effect of cost-sharing on the initiation and the adherence to and discontinuation of therapy to provide a

deeper understanding of previously identified effects on overall utilization.

If insurance companies knew how their members with chronic conditions might react to changes in
benefits, they could design policies that are tailored to the needs of the chronically ill. For example, they
may be persuaded to offer separate sets of benefits to people with various conditions, or for specific drug
classes. The latter strategy is one that has been employed in recent years, in the form of “tiered” benefit
designs, whereby particular drug classes are assigned to different cost-sharing levels. This research may
help benefits designers, and particularly CMS, as it prepares to administer the Medicare Part D program,
further refine their insurance packages or develop interventions to ensure that their members receive the

care they need, and will help guide future research.

These analyses focus on elderly individuals. The elderly have the highest prevalence of chronic disease
(Burt 1995; Harris 1998; Hwang 2001) and largest rates of prescription drug use (Hwang 2001). In
2006 Medicare will implement the Medicare Prescription Drug, Improvement, and Modernization Act,
providing all elderly individuals with the opportunity to purchase a prescription drug plan. Although drug
plans will be offered through private insurers, all drug plans will have to provide at least a standard level
of coverage, which Medicare will set. Information on how cost-sharing levels may affect the drug
regimens of chronically ill patients will help private insurers and federal policy makers design these

benefits packages.



1.2 Prescription Drug Benefits

Over the past decade, insurance benefits for prescription drug have grown more restrictive and complex
as insurers try to limit their financial exposure to high drug costs. Beyond merely increasing cost-sharing,
which decreases the insurer’s cost per claim and potentially decreases the overall demand for drugs,
insurers have developed sophisticated methods to encourage particular types and classes of drugs. One
such development is the concept of “tiers”, which describes the copayment or percentage coinsurance
(hereafter, copayment) structure of a plan. In tiered arrangements, drugs are separated into different
groups, and plans charge different copayment amounts for each group. Drugs may be separated into
generic and brand groups, or into groups of generics, preferred brands and non-preferred brands. For
example, three-tier plans charge their members one copayment for generic drugs, a higher copayment for
preferred brand drugs, and the highest copayment for non-preferred brand drugs. Two-tier plans charge
one copayment for generic drugs and a higher copayment for brand drugs. One-tier plans charge a single

copayment for all drugs.

Tiered cost-sharing arrangements are a slight modification of the “formulary” concept. Formularies are
lists of drugs that are covered or not covered by a plan. For three-tier plans, the list of drugs assigned to
the third tier describe another type of “formulary” list, but rather than being excluded from coverage

entirely, as in a formulary, third-tier drugs are simply covered less generously.

Another method used to control costs are mandatory generic substitution (MGS) policies. These policies
require that patients who demand brand-name drugs when a generic equivalent is available pay the
generic copayment plus the full difference in cost between the brand and generic drug. This results in the
plan paying exactly what it would have paid if the patient had ordered the generic drug, and creates a

sizeable out-of-pocket cost for the patient. In theory, it is a strong incentive to encourage generic use.



Other recent innovations in drug benefit design include retail pharmacy networks, in which plans
negotiate discounts with pharmacies and encourage or require consumers to use them, and mail order
pharmacies that dispense larger quantities of prescribed drugs through the mail, usually at a reduced
price-per-unit. With changes in drug benefit design rapidly diffusing through the health care sector, more

research on the impact of these changes is prudent.

1.3 Specific Aims

The goal of this dissertation is to build upon my previous work, conducted in collaboration and under the
tutelage of two members of my dissertation committee, which explored the price-sensitivity of patients to
prescription drugs. This work revealed that, in general, chronically ill patients use less medication as the
generosity of their benefits decreases. It has established a pattern of price-sensitive behavior in these
data. However, whereas our previous studies generally found downward sloping demand for overall and
chronically ill populations, these analyses “drill down” to explore some of the specific mechanisms by

which patients reduce their drug use.

The two specific aims of this analysis are to analyze the relationship between (1) cost-sharing and the
initiation of prescription drug treatment, and (2) cost-sharing and adherence to prescription drug therapy,
as well as the factors that affect each of these relationships. The relationships will be explored for the

most prevalent chronic disease in the United States, essential hypertension.

1.4 Organization of Dissertation

This dissertation is organized into six chapters. This section concludes the first chapter, the introduction.
Chapter two reviews the literature on price-sensitivity to prescription drugs, summarizes previous studies
that used these data, and presents the conceptual framework that underlies the analysis. Chapter three
describes the data set and methods used to define the sample and key variables. Chapter four presents the

results of the analysis on the initiation of antihypertensive drug therapy. Chapter five presents the results



of the analysis on adherence to antihypertensive drug therapy. Chapter six concludes the dissertation,
putting the results in context with other research about hypertension treatment and price-sensitivity to

prescription drugs, and details lessons that benefits designers can take away from this work.



CHAPTER 2: BACKGROUND AND SIGNIFICANCE

2.1 Literature Review

Expenditures for prescription drugs have grown at an increasing rate for the past decade, well outpacing
the growth of total health expenditures. At $132 billion, they accounted for 10% of total expenditures in
2000, and this growth shows no sign of abating (Mullins 2001). Most of the increase is attributed to
increased utilization (Dubois 2000, IMS Health 2000), a sign that the role of drug therapy is increasing in
clinical importance. Indeed, medications are an increasingly important part of the therapeutic regimen for
the chronically ill (Mueller 1987), and the interruption of drug therapy can have serious health
consequences for this population (McCombs 1994, Andersson 1999). For uninsured individuals who
must pay the full cost of their drug regimen, and who are without any market power to negotiate the bulk
discounts enjoyed by insurance companies, access to drug therapy has grown increasingly out of reach.
At the same time, those with insurance have seen their health plans impose more stringent guidelines
(formularies, generic substitution rules, pharmacy networks, etc.) and new cost-sharing arrangements

(two- and three-“tiered” copayment or coinsurance arrangements, etc.) for the drug benefits they provide.

Effect of Insurance Status on Drug Therapy for Chronic Conditions

A positive link between insurance status and utilization of prescription drugs has been found in studies of
elderly (Coulson 1995, Rogowski 1997, Lillard 1999, Poisal 2001) and nonelderly populations (Leibowtiz
1985) with chronic conditions. In studies of the elderly, insurance was found to increase the probability
of essential medication use. For example, elderly hypertensive patients without prescription drug
coverage paid nearly twice as much for antihypertensive medications as those with insurance, and the lack
of drug coverage increased the odds of failing to purchase antihypertensive medications by forty percent
(Blustein 2000). In another study of heart disease, researchers found that employer-sponsored
prescription drug insurance significantly increased the odds of statin therapy, beta blocker therapy, and
nitrate therapy relative to all other types of insurance (Federman 2001). Patients with insurance have

distinctly greater odds of receiving medications when indicated than patients without insurance, but the



level of insurance benefits plays a role as well. Thus, there are clear differences in utilization between
patients with 100% coinsurance (no insurance) versus 40% coinsurance, but there are also important

differences between, say, patients with 30% versus 20%.

Effect of Prescription Drug Benefits on Drug Therapy for Patients with Chronic Conditions

To date, there is little analysis of the effect of these relatively new drug benefits on the treatment patterns
for persons with chronic disease (Kane 1998, Lipton 2000; Goldman 2004), and nearly every study has
examined broad measures such as days supplied or total expenditures without explanation of how the
results may specifically affect a patient’s therapeutic regimen. Studies have shown that pharmaceutical
benefits managers (PBM) achieve overall cost savings (Grabowski 1997, Kreling 1996), but the effects of
many specific drug benefits used by PBMs and others are not well known. A body of research has
focused on the relationship between cost-sharing and utilization, but the results are inconsistent (Hong
1996, Smith 1992, Harris 1990, Johnson 1997; Joyce 2002; Goldman 2004). However, several studies
suggest that consumer sensitivity to cost-sharing depends upon a drug’s therapeutic class (Reeder 1985,
Johhnson 1997, Federman 2001; Goldman 2004), and that increased cost-sharing may decrease “non-
essential” drug use more than “essential” drug use (Lohr 1986, Harris 1990; Goldman 2004). For
example, one study of an elderly population found that price-sensitivity for antihypertensive, antidiabetic,
cardiac, and thyroid medications was smaller than for cough and cold preparations, skeletal muscle
relaxants, non-narcotic analgesics, and non-steroidal anti-inflammatory agents (Harris 1990). Studies of
prescription limits on elderly and Medicaid populations echo these findings (Soumerai 1987, Soumerai

1994, Martin 1996, Fortress 2001).

It is also possible that the size of a change in cost-sharing levels, or perhaps the absolute level of cost-
sharing, affects consumers’ use of different therapeutic classes of drugs. One study of the working-age
insured found that a modest copayment increase from $0 to $1.50 had almost no effect on essential

medication use, but an additional copayment increase from $1.50 to $3.00 one year later was associated



with a 13% reduction in essential medications (Harris 1990). A similar result was found in a study of
elderly individuals, where essential medication use was affected only by relatively large increases in
copayment rates (Johnson 1997). A different study of the working-age insured found that copayment
increases of $10 to $15 for brand drugs did not affect overall utilization, but reduced brand use, increased
generic use, and did not affect the continuation of chronic medications (Motherall 1999). Goldman et al.
(2004) found that patients with long-term diseases were price-sensitive for medications to treat their
conditions, but less so than for medications from outside drug classes or than patients treated for

conditions with intermittent symptoms.

Intertwined with the effects of cost-sharing might be an effect from “tiers”. A few studies have examined
the impact of tier structure on use within therapeutic classes. One found that a change from a two-tier to
three-tier plan was associated with reduced overall utilization, but no significant decreases in the
continuation rate for three of four chronic medications classes (Motheral 2001). Another found that
adding a 3" tier resulted in decreased overall utilization, a shift in cost from plans to enrollees, switching
from 3" tier drugs to 2cd and 1*' tier drugs, and discontinuation of medications for some drug classes, and
that the results were more severe for plans that instituted larger changes in copayment levels (Huskamp
2003). A final study found that adding a 3™ tier increased the use of the preferred brand for ACE
inhibitors, proton pump inhibitors, and statins (Rector 2003). Adding tiers, which is simply increasing
cost-sharing for a specific set of medications, clearly influences utilization, even for the chronically ill.

Many chronic medications are often classified in the 3™ tier; it is not reserved merely for lifestyle drugs.

Formularies are another powerful tool to affect utilization, and have been shown to reduce drug use and
cost (Motherall 2000) and affect physician behavior (Avery 1997). In one study, formularies have been
shown to reduce rates of continuation of chronic medications (Motherall 2000). In addition, little
evidence exists on the effect of MGS policies. Some research indicates that they increase generic use

(Weiner 1991, Smith 1993), but the effect on total cost and utilization is less clear.



There is a growing literature in which patients are surveyed to discover whether they report any cost-
related reductions — reductions that may occur at the initiation of therapy or during the course of therapy
already begun — in their medication regimens. A recent study that surveyed Medicare beneficiaries found
that the leading reason patients did not fill prescriptions, skipped doses, or took smaller doses was due to
cost (26.3%), followed by negative experiences such as side-effects or because the patient did not think it
was helping (24.5%), and because the patient did not think they needed the medicine or were taking too
many medicines (14.5%) (Safran 2005). The subgroup of patients with employer-sponsored prescription
drug coverage that reported cost-related nonadherence was substantial (15.1%), although it was lower
than patients without coverage (36.8%) or with other types of coverage (29.2%). Only a small proportion
of those with employer-sponsored insurance reported buying drugs Canada or Mexico (1.3%). Further,
large proportions of patients with hypertension and prescription drug coverage reported nonadherence of
some medication (not necessarily an antihypertensive medication) due to cost (24.4%), although a smaller
proportion of these patients reported nonadherence of a medication for a chronic condition (either
hypertension, high cholesterol, heart problems, asthma, emphysema or COPD, diabetes, rheumatoid
arthritis, or depression). However, 14.3% of this population reported nonadherence due to self-assessed
need, and 25.5% due to experiences such as side-effects or because the patient did not think it was

helping.

There is also debate about what drives prescribing decisions. Some research cites patient preferences and
out-of-pocket costs as important factors (Lundlin 2000), while other work suggests that physician
prescribing habits override all other factors (Hellerstein 1998). Physician awareness of drug prices also
seems to play a role in prescribing decisions. While many physicians are unaware of actual drug prices
(Kolassa 1995; Glickman 1994), physicians who are educated about drug prices have been shown to

change their prescribing behavior to better manage drug costs for their patients (Frazier 1991). The
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financial incentives of physicians are also known to affect prescribing patterns and patient sensitivity to

cost (Hillman 1999).

Elasticity of Demand for Drugs

The price elasticity of demand is a unitless measure of consumers’ sensitivity to price, calculated by
dividing the percentage change in quantity that results from a percentage change in price. Several studies
have investigated the price elasticity of demand for prescription drugs, and these studies vary
considerably in both their methods and results. The three predominant methods are: 1) arc elasticities
(Phelps 1997), which measure the percentage change in price and quantity between two points on the
demand curve, 2) evaluating the elasticity at a particular point on the demand curve, often at the mean,
and 3) constant elasticity specifications (log-log regression) which assume that elasticity is constant along
the demand curve. Studies also vary in their selected measures of quantity and price. Some measure
quantity by the number of prescriptions (Smith 1992), while others use expenditures (Leibowitz 1985).
Since generic and brand prices differ significantly in most cases (Grabowski 1992), the relationship
between these two proxies for quantity depends on the proportion of generic and brand drugs in a sample.
The price faced by patients is often measured by copayments or coinsurance rates. Interpreting estimates
from the literature must account not only for the method of calculation, but also for how price and

quantity are specified in the calculations.

Few recent studies report price elasticities for prescription drugs. Data from the RAND Health Insurance
Experiment indicated that elasticities for prescription drugs were not different from outpatient services,
which ranged from —0.17 for coinsurance rates from 0% to 25% to —0.31 for coinsurance rates from 25%
to 95% (Manning 1987). An even older study, which used 1962 data from an insured Canadian
population, estimated the elasticity to be —0.07 for the range of coinsurance from 0% to 25% (Phelps
1973). Another longitudinal analysis found the elasticity for prescription drugs in the U.K. to be —0.33

for the years from 1969-1986, and increasing in years following that period (O’Brien 1989).
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Another study of the U.S. working-age insured population found demand for prescription drugs to be
almost perfectly inelastic (Smith 1993). Using the constant elasticity model, it found the elasticity
between number of prescriptions per person and average copayment to be —0.098. However, the level of
copayments measured in this study was low, ranging from $0 to $8 and averaging around $4.50, and data

were aggregated the plan level, resulting in a small sample size.

A study on the impact of multi-tiered formularies, mandatory generic substitution rules, and copayment
levels on expenditures for generic and brand name drugs and patients’ out-of-pocket payments found that
many of the new insurance mechanisms for prescription drugs were effective at controlling expenditures
among working-age enrollees with employer-provided drug coverage (Joyce 2002). For example,
doubling copayment levels in one-, two-, and thee-tier plans (e.g., moving from $5->$10 or
$5/$10>$10/$20 or $5/$10/$15-> $10/$20/$30) reduced drug expenditures by 22-35%, which translates
to elasticities of —0.22 to —0.35. Adding tiers reduced drug expenditures as well. Moving from a one- to
two-tier plan (e.g., $52>$5/$10 or $10>$10/$20) reduced expenditures by 6-19%. Adding a third tier
had less dramatic effects on average drug spending than adding a second tier, and adding MGS rules to
two-tier plans yielded expenditure reductions of about 8 percent. Interestingly, patients’ out-of-pocket
costs were not affected by benefit design. Increases in patient cost-sharing were balanced by reductions
in utilization of drugs with higher cost-sharing levels and substitution between cheaper, generic drugs and
expensive brand name drugs. Although patient out-of-pocket spending did not change when cost-sharing

levels increased, the share of total costs borne by patients rose significantly.

Another recent study of the U.S. working-age insured found that elasticities ranged from —0.25 to —0.45
for various therapeutic classes of medications (Goldman 2004). This study focused on the impact of
benefit design on drug expenditures and total days supplied of medications for selected chronic

conditions. Price elasticities of demand were estimated for both disease-specific medications and other
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drugs for the full sample and for users with chronic conditions. As a proxy for price, an out-of-pocket
index for each plan was generated, effectively collapsing the benefits generosity of each plan into a single
variable (more details about the construction of this index are outlined in Section 3.5). Patients being
treated for long-term chronic conditions, such as hypertension, lipid disorders, depression, gastric acid
disorders, and diabetes, were found to have demand for disease-specific drugs that was fairly price-
responsive, but less responsive than demand for drugs from outside drug classes. For patients being
treated for conditions, such as allergic rhinitis and osteoarthritis, that produce intermittent symptoms that
can be treated with medications, demand for disease-specific drugs was very price-responsive, even more
so than for drugs from outside classes. Further, patients without evidence of medical treatment for
specific conditions were more price-sensitive to disease-specific drugs than those with ongoing treatment.
Elasticities for all drugs among the full sample ranged from -0.25 to —0.45, elasticities for disease-specific
drugs among those with ongoing treatment ranged from —0.07 to —0.30, and elasticities for drugs from an
outside drug class for chronically ill patients ranged from —0.14 to —0.30. In general, existing research

implies that price elasticity for prescription drugs is fairly inelastic (less than one), but that estimates do

vary.

Another study in which survey respondents were asked about various cost-related reductions in use found
similar results to Goldman (2004) (Piette Oct 2004). In this study, patients reported less cost-related
reductions for disease-specific drugs than they did for overall drugs, and also that drugs for conditions
with intermittent symptoms, such as arthritis or pain conditions, were reduced more frequently than those

for life-threatening chronic conditions such as hypertension or heart disease.

The price-sensitivity of elderly individuals is likely to differ from that of the working-aged population.
Theory suggests that the proportion of income spent on a product is one of several determinants of price-
sensitivity. Because outlays for prescription drugs account for a smaller fraction of income for the

working-age insured than for the elderly or uninsured (Hwang 2001), it is possible this factor drives the
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elderly to be more price-sensitive. However, elderly individuals may have a greater underlying
preference for drug therapy because they view prescription drugs as more necessary. They might also
believe that fewer substitutes exist for drug therapy; diet and lifestyle modifications may have less impact
late in life. These factors may drive them to be less price-sensitive. The net effect of these factors on

price-sensitivity is theoretically ambiguous and these issues are more fully explored in Section 4.6.

Initiation of Therapy and Compliance with Drug Regimens

One study examining the initiation of antihypertensive therapy was found in the literature. In an analysis
of 3578 Framingham Heart Study participants between 1987 and 1999, researchers found that among
1103 patients with uncontrolled and untreated blood pressure at baseline, 31.7% were treated with
antihypertensive therapy four years later (Lloyd-Jones 2002). In unadjusted analyses, no differences were
found in initiation rates between men and women, smokers and nonsmokers, obese and nonobese
subjects, or those with high or normal cholesterol levels. Patients with diabetes and preexisting
cardiovascular conditions were more likely to initiate therapy than those without. Patients who had a
cardiovascular event during the interim 4 years also had much higher rates of initiation. In multivariate
analyses, the presence of a cardiovascular event during the interim 4 years was the strongest predictor of
initiation (O.R.=8.48), followed by left ventricular hypertrophy (O.R.=4.18), severe hypertension
(O.R.=3.71 for patients with systolic blood pressure>160; O.R.=2.09 for patients with diastolic blood
pressure>100), and older age (O.R.=1.20 for patients > 65 years old). These factors were the only

significant predictors of those tested in multivariate analyses.

The measurement of compliance with medication regimens is a fairly well-developed field. A variety of
measures have been developed to gauge compliance, and studies have explored the effect of many
covariates on these measures. One of the most frequently used outcome measure is a dichotomous
variable reflecting whether a patient had drug coverage for at least 80% of the days across some time

interval — usually one or two years, or consecutive quarter- or half-years (Monane 1997; Avorn 1998;
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Benner 2002) Sometimes researchers have used a continuous variable that measures the percentage of
covered days, and have allowed the time interval to vary depending upon the dates of a patient’s first and
last prescription (Grant 2004). Others look for the number of days until a patient fails to refill his or her
prescription on time over a one (Morgan 2004) or 2 year period (Jackevicius 2002) or simply by noting
whether a patient has a prescription at different points in time after the initiation of therapy (Grant 2004).
These outcomes are operationalized as either a continuous number of days until an untimely refill, or
dichotomized according to whether any gap in coverage occurred across a set time period. One curious
measure not repeated elsewhere involved examining those who did not fill a prescription that covered the
end date of a considerably long time period (four years), and ensuring that those who discontinued
therapy were observed without medication for a long period of time (Caro 1999; Caro 1999) and not
hospitalized during the period covering the end date. The majority of the work in this field has focused
on inhibitors of 3-hydroxy-3methylglutaryl coenzyme A (statins) for patients with lipid disorders, but

several studies have looked at compliance with antihypertensive medications.

A frequently cited gap in this literature is research on the relationship between cost-sharing and
compliance. Most studies in the field have focused on Medicaid populations, for which data are easy to
acquire, but the majority of which are programs that require no cost-sharing from its relatively indigent
patients, or on Canadian populations, which also provide large sample sizes but limited cost-sharing. The
few studies that included variation in cost-sharing, albeit at relatively small levels, failed to use cost-
sharing as an explanatory variable. A study of indigent New Jersey patients included patients facing $0 or
$2 copayments, but did not report testing between these two groups (Avorn 1998). Another study
claimed that its members faced copayments that varied between $0 and $10, but failed to use this
variation to measure the effect of cost-sharing. In fact, they did not even claim to control for this factor
(Grant 2004). Nevertheless, neither of these data sets included cost-sharing at levels which reflect the

general U.S. population.
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The primary covariates explored in this literature include (1) concurrent or prior medication use, (2)
outpatient medical visits, and (3) comorbid conditions. There is no consensus on the effect of these
covariates, and studies report mixed results. For example, the association between concurrent or prior
medication use and good adherence is reported as slightly negative (Monane 1997; Jackevius 2002;
Benner 2002; Morgan 2004), strongly positive (Grant 2004; Caro 1999), or both positive and negative
effects among different populations (Avorn 1998). The relationship with outpatient medical visits is a
little more consistent, with studies reporting the association between this variable and good adherence as
positive but small (Jackevius 2002), strongly positive (Caro 1999), slightly negative (Avorn 1998), or

with no association (Benner 2002).

Many studies examine the effect of comorbid conditions on compliance with drug regimens. However,
nearly all studies universally fail to correctly interpret the coefficients of the comorbidity variables. All
cited studies identify comorbidities using logic that includes either: (1) searches for diagnosis codes,
procedure codes or the use of a disease-specific prescription drug, or (2) the use of a disease-specific
prescription drug. Using disease-specific drug utilization to define comorbidities is not without good
reason; research that examine the validity of using claims data to identify patients with chronic disease
finds that the presence of pharmaceutical claims in addition to diagnosis or procedure codes greatly
enhance both specificity and sensitivity (Quam 1993; Rector 2004). But all specifications also include
variables to indicate whether a patient had any prior drug utilization. Thus, the net effect of the
coefficients from these two variables — the variable identifying any prior drug utilization and the variable
identifying a comorbid condition — should be considered when discussing the comorbidity effects. No
study explains that the effect of comorbidities represents a modulation of the effect of any prior drug
utilization. Although discussion of these phenomenon is absent from the quoted papers, an analysis
examining various criteria to define comorbidities and the net effect with variables identifying prior

prescription drug utilization is carried out in Section 4.5.
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In general, most studies that reported the effects of comorbidities found either that the indicators for
diseases that are risk factors for similar types of negative health outcomes as the study disease —i.e.,
hypertension, high cholesterol, and diabetes all increase the risk of a cardiovascular event — are either
associated with greater compliance or have no effect. Again, these effects must be considered in light of
the model specification. Depending upon the effect of concurrent medication use, the effect of
comorbidities may be attenuated or exaggerated. The other fairly consistent finding is that depression is

negatively associated with compliance.

In conclusion, little research exists on the effect of cost-sharing on drug utilization by the chronically ill,
and no research examines the relationship between cost-sharing and compliance with prescription drug
regimens. Further, very little research has investigated how patients initiate drug treatment for their
chronic diseases, or the factors that may influence when treatment begins. Because insurers are rapidly
changing prescription drug benefits, understanding the specific mechanisms by which persons with
chronic diseases might react to these changes is important. This study will fill a large gap in our

knowledge about the treatment of persons with chronic conditions.

Patient Preferences for Prescription Drug Therapy

There is evidence that preferences affect a patient’s willingness to use antihypertensive therapy. A study
of hypertensive patients in the U.K. found that nearly half of patients with risk factors warranting
antihypertensive therapy would decline treatment due to their preferences (Montgomery 2001), and many
patients prefer to lower their blood pressure without using prescription drugs (Benson 2003). It appears
that patient thresholds for antihypertensive treatment may be higher than physician thresholds and clinical
guidelines (McAlister 2000). Researchers have also documented that some patients dislike taking
antihypertensive medications (Weir 2000) and may cite a general disapproval of and have a negative
attitude toward medication use, including antihypertensive use (Svensson 2000), especially if they “feel

well.” (Meyers 1989). Other studies have identified these preferences to be based upon fears and negative
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perceptions of antihypertensive medications (Gascon 2004), patients’ personal beliefs about their health
and the benefits of therapy (Tolmie 2003; Jokisalo 2002), difficulty accepting being hypertensive, and
having a careless or hopeless attitude toward hypertension (Jokisalo 2002; Lahdenpera 2001). Physicians
often do not discuss the importance of taking antihypertensive medication in depth (Kjellgren 1998).
Some researchers have found that patients who view their drugs as a necessity for their health are more
adherent, and those that have concerns about medications based on beliefs about dependence or long-term
affects were less adherent (Horne 1999). This study suggests that medication beliefs may be stronger
predictors of adherence than clinical or SES factors. Nevertheless, it is clear that patient preferences may

play a large role in a patient’s decision to initiate and adhere to antihypertensive medications.

2.2 Conceptual Framework

2.2.1 Economic Framework

Neoclassical economic theory asserts that a consumer selects a bundle of goods, subject to an income
constraint, that maximizes his or her utility. From this utility maximization framework, economists can
derive a demand curve for a specific good that is a function of its price, the price of all other goods, and
the consumer’s income. For normal goods, the derived relationship between price and quantity is

negative, a result often referred to as “downward sloping” demand.

To apply this framework to health care, Grossman developed a theoretical model of the demand for health
(Grossman 1972). In Grossman’s model, good health is a desired outcome, and individuals may purchase
inputs that improve their health, such as prescription drugs or other medical services. As a result, the
demand for prescription drugs is a derived demand from the demand for good health. It follows that,
given a patient’s utility function or “preference set”, all other things equal, the demand for prescription
drugs is a function of a drug’s price, the price of other inputs, including other drugs, and a patient’s
income. Because the price of prescription drugs is itself a function of one’s insurance status and level of

benefits, this theory implies that insurance status and benefits generosity will affect a consumer’s choice.
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Indeed, such a link between insurance and the utilization of prescription drugs is well established
(Leibowtiz 1985, Coulson 1995, Rogowski 1997, Lillard 1999, Poisal 2001), and nearly all these studies

find the demand for prescription drugs to be “downward sloping”.

But exactly how might patients reduce their utilization in the face of higher cost-sharing? All other things
equal, there are three stages during the course of therapy at which prescription drug use might be reduced:
(1) patients might initiate therapy faster or never begin therapy at all, (2) patients that have begun therapy
may be more likely to discontinue, or more likely to not refill their prescriptions on time, creating gaps
between consecutive prescriptions during which they do not have medication to take as prescribed, or (3)
they may choose to take fewer drugs, or reduce the intensity of their therapy. This research explores the
effect of cost-sharing and other factors that may influence possibilities (1) and (2): initiation and

adherence.

Although the analysis in this dissertation focuses primarily on understanding the relationship between
price and utilization, demand curves are determined by patients’ underlying desire to treat their illness
with prescription drugs (i.e., their utility functions). Some patients may value prescription drugs more
than others because they have a stronger preference for treatment. Such patients may wish to be treated
and may not be averse to daily medication regimens. Many patients prefer to lower their blood pressure
without using prescription drugs, have higher thresholds for treatment than physicians, or may simply not
wish to put pills into their bodies. Preferences for treatment may also depend upon whether the illness for
which a drug is prescribed greatly concerns the patient, or whether other drugs have been therapeutically
effective for the patient in the past, which could cause a patient to be more likely to accept future
treatments recommended by a physician. Physicians can likely affect a patient’s preferences by
effectively communicating the facts about a disease and the consequences from failing to treat it. No

matter the cause or malleability of a patient’s preferences, individuals with varying preferences for
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treatment are likely to have different sensitivities to price, and identifying factors that may separate

patients into more and less price-sensitive groups is worthwhile.

From this framework, we can develop a simple theory of the demand for prescription drugs for patients

with a chronic condition. The primary determinants of the demand function are:

o the price of the drug to the patient
e apatient’s preferences for treatment

e the patient’s income

There are two components to my theory of how cost-sharing affects prescription drug utilization, and is
affected by other variables. The first part of the theory concerns the first bullet point, and proposes that
patients will act rationally with respect to a drug’s own price. In other words, all else equal, patients with
less generous insurance benefits will initiate drug therapy later and adhere to therapy more poorly than

those with more generous benefits.

I also posit that a patient’s preferences for drug treatment will affect his or her price-sensitivity. These

preferences depend upon (1) whether the patient believes it is important to treat the particular disease, and

(2) whether the patient believes a particular drug will benefit him or her. Although we cannot observe

these preferences directly, there are observable variables that may correlate with it. For example, all other

things equal, having a history of taking prescription drugs may indicate a willingness — or preference — to
engage in drug therapy as treatment. Such a history, of course, may also indicate other phenomena, such
as disease severity or the presence of comorbid conditions, the latter of which can be identified and

controlled for, to some extent, using diagnosis information.
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Regular physician visits may also affect the value one places on drug treatment. Consistent physician
reminders about the importance of treating a disease may reinforce or sway a patient’s view of treatment.
On the other hand, it is also possible that regular physician contact may be a substitute for drug therapy,
particularly if the physician employs a “watch and wait” strategy of treatment. Measuring the effect of
physician visits on initiation and adherence, and how they affect a patients’ price-sensitivity, will perhaps

shed light on the factors that influence prescription drug utilization.

Because physicians control the prescription pad, what actually happens when a patient does not initiate
treatment? There are two scenarios to explain the mechanics of this inaction. The first is that the
physician writes a prescription that the patient fails to fill. It is certainly possible that the patient fills the
prescription but fails to take the medication, but, unfortunately, our data do not indicate whether patients
swallowed their pills, and we can only describe whether prescriptions were filled or not. The second
possibility is that the physician did not write a prescription at all. This could occur if a patient had mild
disease, and the physician prescribed a treatment regimen of diet and exercise. It is possible that
physicians might treat patients with poor insurance more cautiously, perhaps prescribing non-prescription
remedies such as diet and exercise more often in order to reduce the financial burden on those with high
copayments. However, most evidence suggests that in the chaotic world of multiple insurance contracts —
the average physician sees patients who are covered by more than 13 health plans. Thus, physicians are
not well informed about the out-of-pocket costs faced by their patients and probably cannot determine

which of their patients has more or less generous insurance.

Understanding the mechanics of poor adherence is similarly complicated. Patients adhere poorly when
they do not comply with the instructions given by their physician. Again, we do not know if patients
actually swallow their pills, but we can measure if they fail to refill their medications on time or
discontinue therapy for the remainder of the time that we observe them in the data. Although some cases

of discontinuation may represent a patient’s intolerance to the medication regimen, because hypertension
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in the elderly is often a lifelong condition, we can be confident that it is usually against medical advice. A
detailed explanation of how adherence is defined and operationalized using claims data can be found in

Section 3.4.

The next section presents my hypotheses about the effect of cost-sharing on the initiation and adherence
to antihypertensive therapy and the factors that may influence the effect of cost-sharing on these

measurcs.

What is the main effect of cost-sharing on initiation and adherence to drug therapy?

Given the results of our prior analyses that indicated prescription drug utilization was fairly sensitive to
cost overall and for patients with chronic conditions (Joyce 2002, Goldman 2004), I propose that cost-
sharing will result in slower initiation of therapy and poorer adherence to drug regimens. Although some
consider the demand for medical care to be almost perfectly inelastic, it appears not to be the case for
prescription drugs. If aggregate utilization decreases as cost-sharing increases, initiation and adherence

must be partly responsible for this effect.

What is the effect of prior drug-taking on initiation and adherence to drug therapy?

Patients with prior drug histories have demonstrated a willingness to use prescription drugs, and may
suffer greater disease severity. Both of these factors may indicate a higher diligence among patients
about taking care of their health and I predict they will initiate and adhere more closely to medication
regimens. Although it may be the case that at high levels of drug use, total out-of-pocket costs become
burdensome and may cause some individuals to cut back their medication use, I believe the increased

diligence effect will dominate.
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How does prior drug-taking affect the price-sensitivity of initiation and adherence to drug therapy?
I propose that patients with prior drug utilization will exhibit decreased price-sensitivity because they
have demonstrated a willingness to treat themselves for prior illnesses, may have greater disease severity,

and may be more diligent about taking care of their health.

What is the main effect of physician office visits on initiation and adherence to drug therapy?

I predict that patients with more physician visits will exhibit faster times to initiation and better adherence
patterns. Regular physician contact will reinforce patients’ belief in the importance of treating their
disease. Although regular physician contact may indicate a watchful waiting strategy, I believe the

former effect will dominate.

How do physician office visits affect the price-sensitivity of initiation and adherence to drug therapy?
Because I believe that physician visits will reinforce patients’ belief in the value of prescription drug
therapy and the importance of treating their disease, it follows that these patients would be less price-

sensitive.

2.2.2 Clinical and Economic Information in the Analysis

This dissertation will attempt to integrate economic and clinical motivations for patient behavior to the
maximum extent possible. Thus, it is necessary to identify the major clinical factors that might be
involved in the initiation and compliance with drug therapy. But because claims data provide only a
partial clinical picture — without medical chart abstraction we can only infer so much - it is important that

clinically ambiguous findings be followed up with future research.
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Clinical information and investigations using claims data

Knowing the disease conditions and detailed drug regimens of patients in our sample offers a decent
glimpse into some of the clinical issues they face. Though the patient’s entire clinical picture is
incomplete, many useful clinical observations can be gleaned from claims data and incorporated into the
analyses. For example, different comorbid conditions can be identified from the medical claims and used
to assess whether patients have additional risk factors for cardiovascular disease beyond hypertension.
For these patients, adherence to antihypertensive medications may be even more important. A recent
study using a combination of claims and clinical data found that for patients with diabetes and comorbid
conditions, poor adherence to antidiabetic, lipid-lowering, and antihypertensive medications drug

regimens resulted in poor clinical health outcomes (Pladevall 2004).

There will certainly be some clinical factors that cannot be measured with the claims data and which
might bias our results — this is one of the major limitations of the analysis. However, investigating the
effects of other unmeasured clinical issues will be a good starting point for future research. Some of the
most glaring examples of missing clinical information are disease severity and the validity of patients’
diagnosis. However, one way to identify a more homogenous disease population than in past analyses
with these data will be to explore the effects of insurance benefits on the initiation of drug therapy for
newly diagnosed patients. While disease severity is heterogeneous for even newly diagnosed patients,
this analysis will be performed for patients with hypertension, for which clinical algorithms are well
developed, and the initiation of therapy is indicated for patients with more and less severe disease. Last,
there are also other behavioral factors, such as knowing whether a patient chooses not to fill a
prescription, or whether a physician prescribed a medication at all, which cannot be measured with the

data.
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Epidemiology of Hypertension

The best way to understand the clinical relevance of these analyses is to integrate the findings into the
epidemiological landscape for hypertension. Hypertension is the most prevalent chronic condition,
affecting more than two-thirds of elderly individuals. The Seventh Joint National Committee on
Prevention, Detection, Evaluation, and Treatment of High Blood Pressure (JNC), the guiding body on
hypertension research and treatment, reiterates that the relationship between blood pressure and risk of
cardiovascular disease is continuous, consistent, and independent of other risk factors. In fact, each
increment of 20 mmHg systolic or 10 mmHg diastolic blood pressure doubles the risk of cardiovascular
disease for all levels higher than 115/75 mmHg. The JNC VI guidelines classify optimal blood pressure
as <120 systolic and <80 diastolic, normal as <130 and <85, high-normal as 130-139 or 85-89, Stage 1
hypertension as 140-159 or 90-99, Stage II as 160-179 or 100-109, and Stage III as >180 or >110 (Note:

JNC VII was published in 2003, which is beyond the time period analyzed in this study 1997-2002).

Despite the clear evidence linking hypertension to mortality, awareness, treatment and control of this
disease remain suboptimal (see Figure 1). The past decade has witnessed gains in the proportion of
patients treated and controlled for hypertension, but there remains a large gap between those who know
they have the disease and those who are treated. According to the NHANES data, among 18-74 year olds
in 1999-2000, 59% of those with hypertension are being treated for their disease, and 70% are aware they
have hypertension. A separate analysis of the NHANES III (1991-1994) revealed that among the 18.5
million elderly persons with hypertension (ages 65-74), 31% were unaware of their condition, 13% were
aware of their condition but not being treated, 37% had treated but uncontrolled hypertension, and only
19% had treated and controlled hypertension (Hyman 2001). This study also found that the overall
population (ages 18-74) aware of their hypertension but not being treated was younger, had higher
smoking rates, had significant but lower health care utilization levels, and had similar income and

education levels to those patients being actively treated for their hypertension.
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Figure 1: Awareness, Treatment, And Control of High Blood Pressure In Adults Ages 18-74
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Other national estimates yield similar results for the awareness, treatment and control of hypertension.
Data from the 1984-1998 Behavioral Risk Factor Surveillance System, a series of yearly cross-sectional
population-based surveys of U.S. adults administered by the CDC, revealed that 58-60% of patients

diagnosed with hypertension were not receiving pharmacological treatment (Natarajan 2003).

Studies of elderly patients have found higher rates of treatment with improvements throughout the 1990s.
A study of a large HMO in 1998 found 60% of elderly patients with diagnosed hypertension received
some antihypertensive medication (Barker 1998) whereas a later study of 4 US health centers found that
81% of patients with diagnosed hypertension in 1999 received some antihypertensive medication (Psaty
2002). Studies from abroad yield similar findings. A study of primary care practices in Germany found
that nearly one-fifth to one-third of patients diagnosed with hypertension were not being treated with drug
therapy (Sharma 2004), and another found that, given current guidelines for treatment, hypertension may

not be treated aggressively enough (Pittrow 2004).
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The results of this dissertation must be considered in light of these findings. By exploring our data for the
number of people diagnosed with hypertension who never receive treatment, we can verify whether our

results are consistent with estimates for the epidemiology of this condition.
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CHAPTER 3: Data and Methods

3.1 Ingenix Data

The data were purchased from Ingenix, a health information consulting company. We obtained 1997 —
2002 medical and pharmaceutical administrative claims for thirty-two employers, each of which offered
one or more health plans to its employees. All but two employers that offered multiple health plans,
however, provided a single drug benefit to their employees, indicating that drug insurance was likely
“carved-out”, and employees were denied the opportunity to choose drug benefits to suit their needs. The
medical claims had detailed information on type of service, place of service, primary and secondary
diagnosis codes, provider type, and expenditure variables including billed charge, discount amount,
amount paid by the plan, copayments, coinsurance amounts, deductible amounts, coordination of benefit
amount, and excluded expenses. The pharmaceutical claims included drug name, NDC code, therapeutic
class, dosage type, pharmacy type, drug type, refill status, and the same expenditure variables as the
medical claims. Because claims data includes information only for users of services, we had plan

enrollment files which included age, gender, work status, relationship to employee, and zip code.

We also received summary plan designs (SPD), which outlined each plan’s coverage policies, and from
which we abstracted the salient features of each plan’s medical and pharmaceutical benefits. We used a
systematic approach to ensure the consistency and reliability of coding. Since the level of detail varied

for each SPD, we coded information only when the plan specifically stated that a benefit was covered or

excluded.

We established several rules for inclusion in the analytic file. First, we excluded plans whose members
did not demonstrate, on average, minimum levels of pharmaceutical and medical utilization. This criteria
ensured that we did not include plans for which we did not have complete utilization data. We also
excluded plans with enrollment of less than 1,000 members. This ensured that there would be ample

variation in individual characteristics within plans.
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In addition, several plans had a significant number of drug claims in the medical claims file, which did
not have as detailed information for drugs as the pharmaceutical file. These claims may have been for
plans that did not use pharmacy benefit managers, or for whom pharmaceutical claims processing was not
as sophisticated or standardized. The lack of detailed information for drugs in the medical file prevented

us from using these plans for detailed analyses of pharmaceutical utilization, so they were also excluded.

3.2 Study Sample

The sample consists of elderly individuals over age 65, and was restricted to primary beneficiaries to
maximize the possibility that these plans would be the main source of prescription drug insurance
coverage for our study population. We found that aggregate utilization by dependents was, on average,
less than utilization by primary beneficiaries, so possibility of including dependents was discarded. To
ensure that a patient’s course of drug therapy could be followed longitudinally, and to meet the
requirement of the sample’s eligibility rules (see Section 3.3), only plans with at least two consecutive
years of data were considered, and only patients who were enrolled continuously in each year were
eligible. Thus, no patients were enrolled for partial calendar years. Thirty-one plan-year combinations
met our criteria, and these plans covered 272,474 unique persons, which translated to 688,620 person-year

observations.

3.3 Identifying Chronically Ill Populations
The eligibility rules used to select patients with newly identified hypertension were designed to err on the
conservative side, and to put a premium on specificity over sensitivity. This was done to minimize the

possibility that “rule-out” diagnoses would be included in our sample.

We required patients to be observed for at least their first year in the data without any diagnosis or

prescription drugs for hypertension and to subsequently have at least two claims for outpatient or
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inpatient physician visits with a primary or secondary ICD-9-CM code for the hypertension. The date of

a patient’s first diagnosis was considered to be the date a patient was newly identified with hypertension.

Studies that examine the validity of using claims data to identify patients with chronic disease find that
various factors affect the sensitivity and specificity of different algorithms (Quam 1993; Rector 2004).
Generally, specificity was found to be good when using a rule that required at least one claim from a face-
to-face encounter, one claim from any care setting and disease-specific pharmaceutical use, or increasing
the number of claims required by the algorithm. Using diagnosis codes from face-to-face encounters,
such as inpatient or outpatient physician visits, were more specific than using diagnosis codes from any
care setting, which may have a greater chance of being a rule-out diagnosis. Sensitivity improved when
algorithms allowed medical claims or pharmaceutical use to identify patients, and when the length of the

search window was increased.

Because the analysis of initiation of therapy required that patients with newly identified hypertension not
use antihypertensive medications prior to their first diagnosis, understanding algorithms that used only
medical claims to identify patients was important. For such algorithms, Rector et al. found that requiring
1 face-to-face claim in a single year yielded sensitivity of 0.67 and specificity of 0.80, and requiring two
face-to-face claims yielded values of 0.48 and 0.90, respectively. Lengthening the time window to two
years and requiring 2 face-to-face primary diagnosis claims yielded a sensitivity of 0.61 and a specificity
of 0.85. In general, increasing the number of required claims increased specificity while sacrificing
sensitivity, and increasing the length of the search window increased sensitivity while sacrificing some

specificity.

The analysis of adherence to therapy required at least two face-to-face claims and the use of
antihypertensive medication. Rector et al. found that algorithms requiring both medical claims and

antihypertensive medications produced higher levels of specificity. For example, requiring 1 medical
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claim for hypertension in a single year yielded a sensitivity of 0.83 and a specificity of 0.69, and requiring
1 claim and antihypertensive use yielded values of 0.64 and 0.86, respectively. Requiring 1 face-to-face
claim and antihypertensive use in one year yielded a sensitivity of 0.52 and a specificity of 0.91, and
requiring 2 face-to-face claims and antihypertensive use across two years produced values of 0.70 and

0.83, respectively.

Although our eligibility criteria require patients to have two face-to-face claims, because patients are
observed for various lengths of time in our data, our methods are not directly comparable to Rector’s
results. But the trends identified in his research suggest that our rule will yield high levels of specificity
and ample sensitivity. Nevertheless, to further test the validity of our results, we conducted sensitivity
analyses with more conservative eligibility criteria that likely produced very high specificity (see Section

4.5).

We used both primary and secondary ICD-9-CM codes to search for hypertension diagnoses. Primary
diagnoses were missing in 0.7% of the claims, and secondary diagnoses were missing in 55% of the
claims. A tertiary diagnosis variable existed in the dataset, but it was rarely recorded; missing values
comprised 99% of the data. We chose not to use tertiary diagnoses to identify chronically ill individuals
to reduce the chance that it might represent a rule-out diagnosis. However, among the non-missing values
of primary and secondary diagnosis codes, some plans had data that consisted almost entirely of codes
equal to “799”, which translates to “Other ill-defined and unknown causes of morbidity and mortality”.
For the purposes of identifying chronic diseases, this code is essentially a missing value, and raises the
suspicion that codes were not accurately reported for these plans. To protect against this possibility, plans

with a majority of such non-missing ICD-9-CM codes were excluded from the analysis.
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In addition, we identified 15 comorbid conditions to include as controls in the analysis by searching for a

single ICD-9-CM code in the year prior to a patient’s initial hypertension diagnosis. Table 1 lists the

ICD-9-CM codes used to identify patients with chronic disease.

Table 1: ICD-9-CM Codes Used to Identify Chronic Conditions

Disease

ICD-9-CM

Essential hypertension
Hypercholesterolemia
Diabetes

Congestive heart failure
Vascular disease
Coronary artery disease
Osteoarthritis

Gastric acid disorder
Mental health disorders
Thyroid disorder
Asthma/COPD
Glaucoma

Allergic Rhinitis

Inflammatory bowel disease

Chronic sinusitis

Ulcer

401
272.0,272.1,272.2,272.4
250, excluding [250.1, 250.x1, 250.x3]
428
440, 443
410, 412,413
715
530.1, 530.2, 530.81, 534, 535.5, 535.6,
293,294, 295,296.2,300.0, 311
240, 241, 242, 243, 244, 245, 246
491, 492, 493
365
477
555, 556, 564.1
473
531, 532,533

Disease-specific medications were identified by matching National Drug Codes between the Redbook

Database and the pharmaceutical claims, and selecting from the therapeutic class variables grouped in the

Redbook Database.

3.4 Outcome Measures

Initiation of Antihypertensive Drug Therapy

The primary outcome measure for this analysis was the number of days between a patient’s first ICD-9-
CM code for hypertension (the index date) and his or her first antihypertensive prescription. The

eligibility criteria require that we observe no physician visits for hypertension and no prescriptions for
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antihypertensive medications for at least the patient’s first year in the dataset. Thus, the index date must
be at least one year after the patient is first observed in the data. Because patients are observed in the data
for different numbers of (consecutive) years and may be diagnosed at any time after meeting the
eligibility criteria, it follows that the observation window after the index date may range from zero days to
five years. Therefore, the outcome is right-censored because it is possible that patients who do not initiate
antihypertensive therapy may begin therapy after we cease to observe them in the data, and the different

lengths of the observation window may bias whether we observe the outcome or not.

Adherence to Antihypertensive Drug Therapy

We constructed and tested several measures of adherence. As cited in the LITERATURE REVIEW,
researchers have used many different measures to identify good vs. poor adherence. This analysis
focused on: (1) the proportion of days (PDC) covered in the first year and first two years, and (2) the
number of days until a 60 or 90-day gap in coverage. These two measures are intimately related; the first
sums all gaps in coverage across one or two years, and the second looks for a gap of considerable length,
which may indicate that a patient has discontinued therapy, a potentially worrisome outcome from a

clinical perspective.

To calculate PDC, we measured the total number of days out of the first one or two years after a patient’s
initial antihypertensive prescription that the patient had at least one day’s worth of medication. We
assumed that subjects used the number of days supplied of each prescription as indicated, and that a
subsequent prescription for the same medication that was filled during the coverage window of a prior
prescription was not started the previous prescriptions were exhausted. For example, if a patient received
an initial prescription for a 90-day supply of a captopril, then refilled the medication 80 days later, we
assumed that the new prescription was not started until day 91. Thus, if the refill was for another 90-day
supply, the patient was covered for the first 180 days of the observation window. Each medication was,

thus, “stacked” on top of each other, and gaps between the date previous prescriptions were exhausted and
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new prescriptions were refilled were identified. For patients taking multiple prescriptions, we considered
a patient to be covered as long as the patient was covered by at least one prescription on a given day.
Thus, if our previous patient taking captopril did not refill captopril for a third time until day 190, a gap
between days 180 and 190 would not be counted as long as another medication covered this 10 day
period. For example, a 90-day supply of a thiazide diuretic filled on day 150 would cover the 10-day gap

in captopril coverage.

The most common definition in the literature for poor adherence is less than 80% of days without some
antihypertensive medication. We examined many thresholds that were less than 80%, and also considered
PDC as a continuous variable. Gaps in coverage of 60 or 90-days were operationalized as binary
variables to indicate whether patients had long time periods with coverage gaps, and we tested the number
of days until a 60 or 90-day gap in a survival analysis framework. We additionally tested the results for

subgroups of patients who discontinued medication completely after their 60 or 90-day gap.

3.5 Explanatory Variables

The primary explanatory variables in this analysis are (1) an index variable for plan generosity (defined
below), and (2) the number of prior or concurrent medications taken by patients. The number of
physician visits before and after diagnosis is another important variable. Its effect on the relationships
between the outcome variables and explanatory variables (1) and (2) was explored in sensitivity analyses

(see Section 4.5).

To capture plan generosity with a single variable, we developed an index that simulated the average
annual out-of-pocket expenses that members of a standard sample would have paid had they faced the
copayments and restrictions of each plan. To create the standard sample, one hundred people from each
plan-year were randomly sampled and their drug claims pooled, creating a “market basket” of drugs.

Each drug claim in the market basket was standardized into 30-day supply equivalents. Thus, a 90-day
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mail-order claim was converted to three 30-day claims. A plan’s average out-of-pocket cost for a 30-day
supply of each drug was calculated and assigned to each corresponding 30-day drug claim in the market
basket. Total costs were calculated for each individual (person-year), and the average total cost across

individuals computed as the index value.

This method ranked plans by their cost-sharing structure in a logical manner. A separate out-of-pocket
index for hypertension was also calculated to measure the out-of-pocket burden for antihypertensive
drugs, but it was highly correlated with the overall index value (corr = 0.979; p=0.000), and the overall

value was used as the primary explanatory variable to measure plan generosity.

The number of unique medications taken in the year prior to initial diagnosis was calculated to measure
the level of health care utilization prior to initial diagnosis in the initiation of therapy analysis. In the
adherence to therapy analysis, the number of unique medications taken concurrently with a patient’s first
antihypertensive prescription was calculated to measure health care utilization habits at the time of

Initiation.

Physician visits were calculated, both overall visits and visits with an ICD-9-CM code for hypertension,
in the year prior to initial diagnosis, for the interval between initial diagnosis and first antihypertensive
prescription, and for each patient’s entire observation window after initial diagnosis. Because patients
were observed for different periods of time for the latter two measures, these were standardized to per-
month values by dividing counts of physician visits by the time period of interest and multiplying by

thirty.

3.6 Other Independent Variables
The other independent variables included in the model were demographic and socioeconomic controls,

including: median household income at the zip code level, indicator variables for age groups, an indicator
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for male gender, and an indicator for urban versus rural status. Controls for medical benefits were also
incorporated, including a variable for the copayment amount and another for the coinsurance level of a
physician office visit, and a dummy for plans that required coinsurance. Comorbid conditions were
controlled for by including indicators for diseases identified by requiring patients to have at least one

ICD-9-CM code for the disease in the year prior to first hypertension diagnosis.
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CHAPTER 4: Initiation of Antihypertensive Therapy

4.1 Descriptive Results

Application of the eligibility criteria yielded a sample of 7,879 patients newly identified with
hypertension. All persons in the sample had employer sponsored prescription drug insurance and were
continuously enrolled for the entire calendar year for all years in which they were observed in the data.
Selected patient characteristics are presented in Table 2. Patient age ranged from 65 years to 100 years,
and was well spread across this range, with a mean age of 75.8 years (S.D. 6.6 years). The sample
included more females than males. A little more than a quarter of the sample used no medications in the
year prior to the index date, and slightly fewer than 17% had no outpatient physician visits during the
same period. The average number of consecutive years patients were observed in the data was 5.0 years
(S.D. 1.5 years), and the index date (year of first hypertension diagnosis) was spread relatively evenly
across the study period. Of the comorbid conditions that contribute to cardiovascular risk,
hypercholesterolemia was the most frequent (20.3%) followed by diabetes (11.8%). Of the comorbid
conditions that do not compound the cardiovascular risk already contributed by hypertension,

osteoarthritis was the most frequent (17.0%), followed by gastric acid disorder (9.4%).
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Table 2: Characteristics of Patients with Newly Identified Hypertension, 1997-2002 (N=7879)

Characteristic %
Age
65-69 18.7
70-74 27.6
75-79 25.7
80-84 17.1
85+ 10.9
Male gender 38.9
Median income in ZIP code, $ 29145
No. of unique medications in prior year
0 26.1
1-3 26.1
4-6 21.1
7+ 26.6
No. of physician visits in prior year
0 16.6
1-3 31.0
4-6 23.5
7+ 28.9
Year of first hypertension diagnosis
1998 23.5
1999 27.7
2000 18.0
2001 15.4
2002 15.4
Comorbidities™
Hypercholesterolemia 20.3
Diabetes 11.8
Congestive Heart Failure 4.5
Vascular disease 3.5
Coronary artery disease 2.9
Osteoarthritis 17.0
Gastric acid disorder 9.4
Thyroid disorder 8.2
Depression 7.1
Glaucoma 6.8
Asthma/COPD 53
Allergic rhinitis 4.7
Chronic sinusitis 2.2
Inflammatory bowel disease 2.0
Ulcer 1.2

* Note: Comorbidities identified as >=1 MD visits with an ICD9 code for the condition in the year
diagnosis.
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A summary of drug benefits for the 31 plans in the sample is shown in Table 3.

Table 3. Mean Prescription Drug Benefits by Type of Rx Plan*

1-tier 2-tier 3-tier Coinsurance
(N=5) (N=7) (N=14) (N=5)
Average copayment, $ (SD)
Retail
Generics 6.6 (0.9) 5.3(0.8) 4.5(0.2) 28% (6.7)
Preferred brands 6.6 (0.9) 12.7 (1.8) 9.5 (1.6) 43% (17.5)
Nonpreferred brands 6.6 (0.9) 12.7 (1.8) 13.6 (2.9) 43% (17.5)
Mail order
Generics 14 (2.2) 7.7 (3.5) 3.6(3.3) 28% (6.7)
Preferred brands 14 (2.2) 17.1(6.9) 8.7 (5.8) 43% (17.5)
Nonpreferred brands 14 (2.2) 17.1 (6.9) 13.5(6.5) 43% (17.5)
Mail order, % (SD) 5(0.3) 39 (0.1) 36 (0.1) 51(0.1)
Price index, $ (SD) 259 (30) 323 (71) 238 (67) 516 (78)

* All means are computed at the plan-level. The sample contains 7,878 primary beneficiaries ages 65+, 317 (4.0%) in
coinsurance plans; 253 (3.2%) in one-tier, 870 (11.0%) in two-tier, and 6439 (81.7%) in three-tier copayment plans.

Three-tier plans were the most prevalent in the sample, and they included a disproportionate share of the
sample’s patients. A little under half of 31 plans were 3-tier arrangements, yet they accounted for four-
fifths of the patients in the sample. The 5 coinsurance plans had flat coinsurance rates of 25% (N=2), or
2-tier rates of 20%-45% (N=1) or 35%-60% (N=2) 30%, with a mean of 28%-43%. In all tiered

arrangements, the average copayment or coinsurance rate increased with tiers.

Contrary to other studies using these data, in this sample 3-tier plans were, on average, the most generous
plans. This is primarily due to 3-tier plans requiring lower copayments for generic and preferred brand
drugs (1* and 2cd tiers) than 1- and 2-tier plans. For retail pharmacy purchases, 3-tier plans required
lower copayments for generic drugs than both 1- and 2-tier plans, and required lower copayments for
preferred brand drugs than 2-tier plans. For mail-order purchases, the average copayment at each tier
level was lower than the same copayment in 1- and 2-tier plans. As described in Section 3.5, the index
value is driven by the average out-of-pocket (OOP) cost for a particular drug, which is itself a function of
how the plan sorts drugs across tiers, the copayment level of the tier to which the drug is assigned, and the

mix of drugs across pharmacy type. If one considers that most mail-order claims are for 90-day supplies
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and most retail claims are for 30-day supplies, it becomes clear that the cost of a 30-day supply of mail-
order drugs from any tier of an average 3-tier plan (note: for a rough estimate, divide the mail-order
copayments by three) was less than the 30-day supply cost of retail drugs from an average 1-tier plan.
Further, 1-tier plans had higher mail-order copayments than 3-tier plans, although 1-tier plans used mail-
order pharmacies less frequently, so the average 30-day cost of each drug in 1-tier plans was more heavily
weighted toward the retail pharmacy copayments. These comparisons help explain why 3-tier plans had,
on average, lower OOP index values than 1-tier plans even though brand name drugs cost more at retail
pharmacies. Although the same comparison can be made between 2-tier and 1-tier plans, the large
difference in brand drug cost between 2cd and 1* tier plans at both retail and mail-order pharmacies

accounted for the larger OOP index values of 2-tier plans.

Table 4 shows how plans of different cost-sharing structures were distributed across the four quartiles of
the OOP index, and also reports summary statistics for the index. Three-tier plans were heavily
represented in the lower quartiles of the index (most generous plans), coinsurance and two-tier plans in
the higher quartiles, and one-tier plans were fairly well spread across quartiles. Because all five
coinsurance plans were in the fourth quartile of the index, sensitivity tests were conducted to ensure that

these plans were not solely driving the main results (see Section 4.5).

Table 4: Distribution of Patients Among Plan Types and Out-of-Pocket Index Quartiles

Plan Type Out of Pocket Index
Coins-
Sample Size 1-tier 2-tier 3-tier urance Mean Min  Median  Max
Ist Quartile 4217 1 1 5 0 187.7 175.2 1784 2198
2cd Quartile 2295 1 0 7 0 239.1 2294 2363 2634
3rd Quartile 890 3 4 1 0 3120 2726  303.3 368.3
4th Quartile 477 0 2 1 5 468.9  369.5 4555 5740

Note: Statistics calculated for the OOP index are at the person-level.
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Table 5 describes the length of the observation window for patients observed using an antihypertensive
medication on or after diagnosis, and for those not observed filling a prescription. Of those observed
initiating therapy, 28% began therapy within one week and 50% began therapy within 38 days of their
first diagnosis. Although many patients began therapy very soon after being diagnosed, a considerable
number of patients also waited until well after their initial diagnosis; a quarter of the sample waited at
least 8 months (237 days) before filling their first antihypertensive prescription. Of those patients not
observed initiating therapy, nearly all were observed for a substantial amount of time after their initial

diagnosis.

Table S: Number of Days Until Patients Initiate Antihypertensive Rx or Censored

N Mean Min 25% 50% 75% Max
Patients initiating 5022 196 0 5 38 237 1749
antihypertensive Rx
Patients not initiating 2857 738 3 286 655 1128 1822

antihypertensive Rx

Figure 2 shows the Kaplan-Meier survival estimates for the number of days until first antihypertensive
prescription for the entire sample. Comparing these estimates to the NHANES data, described above in
the Section 2.2.2 under Epidemiology of Hypertension, provides a dose of external validity for the
outcome measure. It is clear from the NHANES data that a substantial percentage of people who were
aware they have hypertension were not treated for the disease. This phenomenon was observed in our
sample as well. In the first three months, 40% of patients in the sample had filled an antihypertensive
prescription and 60% have not. After this point, the rate at which people received drug therapy slowed,
and by one year 47% of patients had not initiated antihypertensive treatment (note: median survival time
was 278 days; after 278 days, half of patients with newly identified hypertension had initiated prescription

drug therapy). By five years, nearly 20% remained without prescription therapy.
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Figure 2: Kaplan-Meier Estimates of Time to First Antihypertensive Prescription After
First Hypertension Diagnosis
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Figure 3 displays the Kaplan-Meier survival estimates for patients within each of the plan-level quartiles
of the OOP index, and Figure 4 displays the same curves truncated at 365 days. Log-rank tests for
equality of survivor functions revealed that the global and all pair-wise survivor functions were different
from each other at high levels of statistical significance (global: p<0.0000; Q1 vs. Q2: p<0.0000; Q1 vs.
Q3: p=0.0001; Q1 vs. Q4: p<0.0000; Q2 vs. Q3: p<0.0000; Q2 vs. Q4: p<0.0000; Q3 vs. Q4: p=0.0085).
Although the trend for first and second quartiles was not in the anticipated direction, the raw data
exhibited the general trend that higher cost-sharing was associated with lower rates of initiation of

therapy.
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Figure 3: Kaplan-Meier Estimates of Time to First Antihypertensive Prescription After
First Hypertension Diagnosis: By Quartile of OOP Index, 0 — 5 Years
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Figure 4: Kaplan-Meier Estimates of Time to First Antihypertensive Prescription After
First Hypertension Diagnosis: By Quartile of OOP Index, 0 — 1 Year
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4.2 Empirical Model

The model selected for this analysis was the Cox proportional hazards model, a nonparametric tool to
study survival data. Survival analysis examines outcomes that represent the time to an event when the
duration of the study is limited or varies by individual. The Cox proportional hazard model is the most
general of the regression models for survival analysis, and does not make any assumptions about the
nature or shape of the underlying survival distribution. The model assumes that the underlying hazard

rate is a function of the independent variables, and is written as:

h(t) = ho(t) exp (B/X; + ... + BiXy)

where /(?) denotes the hazard rate for the given the values of the k covariates at the time to survival ¢. The
term A(2) is the baseline hazard, or the hazard when all independent variable values are equal to zero.

The specification tested throughout this analysis was:

h(t) = hy(t) exp (B;copay + Bydemog + Bs;Rx + B,Dx + Bsyear + Bgmedbens)

t = time to first antihypertensive prescription

copay = OOP index from the year of initial diagnosis

demog = a vector of demographic variables

Rx = a vector of indicators for prior prescription drug use

Dx = a vector of indicators for comorbid conditions

year = a vector of indicators for the year of first hypertension diagnosis

medbens = a vector of variables describing outpatient medical benefits

Because survival models require that # > 0, to prevent the model from excluding patients who initiated
therapy on the same day as their diagnosis, the outcome variable was transformed by adding one day to

all values.

44



4.3 Multivariate Results

The Cox regression coefficients and hazard ratios for the variables of interest in the baseline models are
presented in Table 6. Model 1 includes the main effects of indicator variables for the number of
medications that patients took in the year prior to the index date, and Model 2 adds interactions with these

variables and the OOP index. We adjusted the standard errors for clustering of patients within plans.

Table 6: Regression Models: Predictors of Time To First Antihypertensive Medication

Model 1: Model 2:
Main effects Interactions
Coeff. Hazard Ratio Coeff.
Potential predictors
Average copay index -0.002 (0.0004)** 0.9978 (0.0004)** -0.005 (0.001)**
No. unique Rx in prior yr
0 — — —
1-3 0.686 (0.094)** 1.99 (0.19)** -0.353 (0.184)
4-6 0.691 (0.082)** 1.99 (0.16)** -0.279 (0.240)
7+ 0.667 (0.080)** 1.95 (0.16)** -0.188 (0.204)
Interactions between Rx and copay
0 — — —
1-3 - - 0.0046 (0.001)**
4-6 -—-- - 0.0043( 0.001)**
7+ -— -— 0.0038 (0.001)**
Demographics
Age
65-70 0.186 (0.029)** 1.20 (0.04)** 0.187 (0.028)**
71-75 0.150 (0.021)** 1.16 (0.03)** 0.149 (0.022)**
76-80 0.082 (0.034)** 1.08 (0.04)** 0.089 (0.029)**
81+ -—
Male gender -0.058 (0.022)** 0.94 (0.02)** -0.057 (0.018)**
Urban residence -0.015 (0.128) 0.98 (0.13) -0.032 (0.130)
Median HH income 0.000 (0.000) 1.00 (0.00) 0.000 (0.000)

Note: Standard errors in parentheses; * significant at 5% level; ** significant at 1% level.

Model 1 indicates that several key variables were significantly associated with the time to initiation of
antihypertensive therapy. The OOP index was negatively associated; for each one-point increase in the
OOP index, there was a 0.22% decrease in the hazard rate. A history of prior pharmaceutical use was
positively associated; for those using drugs, there was a nearly two-fold increase in the hazard rate
compared to those not using drugs. The differences between the indicator variables for whether a patient

took 1-3 drugs, 4-6 drugs, or more than 7 drugs in the year prior to the index date were not statistically
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significantly. Among the demographic variables, both age and male gender were negatively associated
with initiating therapy. The indicator variable for patients aged 65-70 was different from the indicator for

patients aged 76-80 (p<0.01), but there were no other differences between age groups.

Model 2 tested interaction variables between the OOP index and prior pharmaceutical use, and found that
there were large differences in the association between the OOP index and time to initiation for those with
prior pharmaceutical use and those without. For those with prior drug use, the combined coefficients for
OOP index were either zero or quite small. Only those patients taking more than 7 unique drugs in the
year prior to diagnosis had a combined coefficient for the OOP index that was significantly different than
zero (p=0.001). The sums of the coefficients for the OOP index and the other two categories of prior drug
use were not significant. For those not using any drugs in the prior year there was a 0.51% decrease in
the hazard rate for each one-point increase in the OOP index (H.R. = 0.9949), and for those patients using
more than 7 drugs in the prior year there was a 0.13% decrease in the hazard rate for each one-point

increase in the OOP index (H.R. = exp(-0.0050 + 0.0037)), a very small effect.

Numerous Models were estimated to compare the effect of those taking large numbers of drugs to those
with lower levels of drug use. These Models indicated that there were no differences between these
groups in either the main effect on initiation of therapy or the interaction effect with cost-sharing. The
final specification (Model 2) split the distribution of prior drugs taken into bins of nearly equal
proportions (0 drugs: 26.2%, 1-3 drugs: 26.1%, 4-6 drugs: 21.1%, 7+ drugs: 26.6%). However, none of
the interaction coefficients were significantly different from each other (1-3 drugs vs. 4-6 drugs: p =
0.574; 1-3 drugs vs. 7+ drugs: p = 0.158; 4-6 drugs vs. 7+ drugs: p = 0.468;) and even though the net
effect of the OOP index for the 7+ drug group was significantly different than zero while the net effect of
the OOP index of the other groups was not significantly different than zero, we subsequently combined
the groups of patients taking different numbers of drugs prior to diagnosis into a single group of those

who had any prior drug use.
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4.4 Simulations

Using the estimates from Model 2 above, Figures 5 and 6 simulate the effect of doubling copayments on
the time to initiation of antihypertensive therapy for patients with different prescription drug utilization
histories. We selected OOP index levels of 205 and 410 for the simulation. An OOP index level of 205
roughly corresponded in our sample to a 1-tier $5-$5-$5 / $10-$10-$10 retail / mail-order copayment plan
(actual OOP index value = 206.7), and an index value of 410 roughly corresponded to a 3-tier $5-$15-$20
/ $10-$20-$30 retail / mail-order copayment plan (actual OOP index value = 425.7). Both values are well

within the range of OOP index values observed in the sample.

Each graph demonstrates two important points: (1) that patients with prior histories of prescription drug
use initiate antihypertensive therapy more quickly and (2) that they are much less price-sensitive
compared to those without such histories. Price-sensitivity can be measured by comparing the change in
the percentage of patients initiating drug therapy — i.e., the vertical gap — between simulations for
different copayment levels in the same patient population. The larger the gap, the more price-sensitive
the population is. In Figure 5, the simulated survival curves for patients with drug histories of 1-3 unique
prescriptions were not significantly different from each other when copayments doubled (p=0.27). But in
Figure 6, among patients taking greater than 7 unique medications in the prior year, doubling copayments
produced a small, but statistically significant difference (p=0.021). Again, the interaction terms for
different levels of prior drug use were not significantly different from each other, but these simulations
were done to demonstrate the magnitude of the effect sizes. The specification that combined patients into

a single group for any drug use was estimated and simulated below.

The survival probabilities and 95% confidence errors at selected times for each of these simulations are

listed in Table 7.
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Figure 5: Percent of Patients Without Antihypertensive Rx When Copayments Double,
Users of 1-3 Prior Rx & Non-users
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Figure 6: Percent of Patients Without Antihypertensive Rx When Copayments Double,
Users of 7+ Prior Rx & Non-users
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Table 7: Survival Probabilities for Use of Antihypertensive Rx at Selected Times*

Time from Initial Diagnosis

30 days 90 days 1 year 2 years 3 years
Overall sample 0.725 0.617 0.474 0.373 0.301
[0.715-0.735] [0.607-0.628] [0.463-0.486] [0.361-0.386] [0.288-0.314]
Average copay = 205
0 unique Rx in prior year 0.800 0.716 0.596 0.505 0.435
[0.788-0.814] [0.699-0.733] [0.575-0.618] [0.481-0.530] [0.410-0.461]
1-3 unique Rx in prior year 0.669 0.547 0.393 0.291 0.222
[0.652-0.686] [0.528-0.567] [0.373-0.415] [0.271-0.313] [0.203-0.243]
7+unique Rx in prior year 0.670 0.549 0.395 0.293 0.224
[0.653-0.687] [0.529-0.569] [0.374-0.418] [0.272-0.315] [0.205-0.246]
Average copay =410
0 unique Rx in prior year 0.924 0.889 0.833 0.785 0.745
[0.909-0.940] [0.867-0.911] [0.802-0.866] [0.747-0.826] [0.701-0.793]
1-3 unique Rx in prior year 0.694 0.579 0.429 0.327 0.256
[0.649-0.742] [0.524-0.639] [0.368-0.501] [0.326-0.401] [0.199-0.328]
7+unique Rx in prior year 0.736 0.632 0.492 0.391 0.318
[0.693-0.782] [0.577-0.692] [0.427-0.566] [0.324-0.471] [0.253-0.400]

Note: Brackets contain 95% confidence interval for each estimate. * Survival signifies that a patient has not received
antihypertensive therapy.

To test whether the differences observed between patients with prior drug histories and those without was
driven primarily by patients taking drugs for chronic conditions whose presence may be correlated with
hypertension and may contribute additional cardiovascular risk, models were estimated and simulations
run for patients who took drugs for diabetes, hypercholesterolemia, coronary artery disease, congestive
heart failure, and vascular disease. The subgroup of patients with prior drug histories can consequently be
stratified into three groups: (1) those who take cardiovascular-related drugs only (1.9% of the total
sample; 2.6 % of drug users), (2) those who take cardiovascular-related and other drugs (27.4% of the
total sample; 37.1 % of drug users), and (3) those who take only non-cardiovascular-related drugs (44.5%

of the total sample; 60.3 % of drug users).

To compare these groups, first it was useful to collapse the overall effect of having a prior drug history

into a single indicator variable to avoid multiple permutations between the type of drug a patient took and

the number of drugs taken. If we simulate survival probabilities when copayments double for patients
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with any drug history, rather than for patients with particular numbers of drugs, the model yields Figure 7.

Doubling copayments produces a statistically significant difference in survival probabilities for the

population of patients with prior drug histories (p=0.02), although the difference remains much smaller

than the difference for those without prior drug histories.

Figure 7: Percent of Patients Without Antihypertensive Rx When Copayments Double,

Users of Any Prior Rx & Non-users
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Testing the model by substituting variables indicating the types of drugs patients took prior to diagnosis

yielded Table 8. The coefficients for main effects differed only between those who took non-

cardiovascular drugs only and those who took both types of drugs (p=0.02). The interaction effect was

not statistically significant for the small proportion of persons that took only cardiovascular drugs, and the

interactions for the other two groups were not significantly different from each other. Because the group

taking cardiovascular-drugs only was did not identify a main effect that was different from the other

groups or an interaction that was statistically significant, these patients were incorporated into the group
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taking both types of drugs and simulations from doubling copayments for the remaining two groups were

computed (see Figure 8).
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Table 8: Regression Results for Type of Prior Drug use Models

Model 1: Model 2:
Main effects Interactions
Coeff. Coeff.

Potential predictors

Average copay index -0.002 (0.0004)**

Any unique Rx in prior yr
None
Cardiovascular Rx-only
Non-cardiovascular Rx only
Both types of Rx Use

0.662 (0.119)**
0.712 (0.085)**
0.629 (0.089)**

Interactions between Rx and copay
None
Cardiovascular Rx-only
Non-cardiovascular Rx only
Both types of Rx Use

-0.005 (0.001)**

-0.427 (0.577)
-0.241 (0.171)
-0.335 (0.266)

0.0048 (0.003)
0.0042( 0.001)**
0.0043 (0.001)**

Note: Standard errors in parentheses; * significant at 5% level; ** significant at 1% level.

Figure 8: Percent of Patients Without Antihypertensive Rx When Copayments Double,

Users of Non-Cardiovascular-Rx Only, Both Types of Rx Use, and Non-Users
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The simulations for the four groups of patients with a history of prior drug use— two copayment levels and
two drug types — did not pass a collective test of significance; all pairwise combinations were not jointly
different (p=0.07). However, particular pairs were significantly different from each other. Doubling
copayments in the group using non-cardiovascular drugs only produced significantly different survival
probabilities (p=0.04), and the survival probabilities between the two non-cardiovascular only and some
cardiovascular drug groups were different at the lower of the two copayment levels (p=0.04). The other

pairwise combinations were not significantly different from each other.

These analyses indicate that the generosity of insurance benefits for prescription drugs affected the
initiation of antihypertensive medication for patients newly identified with hypertension, but that the level
of price-sensitivity varied considerably among different patient groups. In models that controlled for
comorbidity, demographics, secular trends, and outpatient medical benefits, patients with a past history of
drug use both initiated medication more quickly and exhibited very little price-sensitivity. On the other
hand, patients without a past history of drug use initiated medication slower and were very price-

sensitive.

4.5 Sensitivity Analyses

Testing the Eligibility Criteria

The most important assumption in the model that necessitated testing was the eligibility criteria with
which the sample of was identified. Because of the limited clinical information in claims data, a possible
explanation for the large price-sensitivity effects, at least for those patients not taking prior medications,
could be that the ICD-9-CM codes identifying the patients not initiating antihypertensive therapy were
disproportionately “rule-out” diagnoses. In other words, perhaps those with poor insurance and without a
history of drug utilization in this sample did not truly have hypertension. To test this possibility, the

model was estimated on increasingly restrictive eligibility criteria.
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The most obvious way to make the criteria more restrictive was to require patients to have a greater
number of physician visits with I[CD-9-CM codes for hypertension. Another worthwhile test, however,
involved requiring the first several outpatient visits for hypertension to be spaced more than 30 days
apart. Although this criterion has not been validated in the literature, other studies propose that such rules
may increase the specificity of the sample (Holmes 2004). The clinical interpretation is that a person may
be asked back for a second office visit to verify that an initial high blood pressure reading is accurate, and
was not simply “white coat” hypertension, which is blood pressure that is elevated in the doctor's office
but normal outside of the doctor's office. The other criterion applied but not tested in the literature is that
is that inpatient physician visits are more reliable than outpatient physician visits. This may be because it
is easier to rule-out “white coat” hypertension and monitor a patient’s blood pressure over a long period

of time when a patient is hospitalized.

Table 9 presents the results of 5 models with increasingly restrictive eligibility criteria. Model 1 is the
base case, run on the full sample, requiring >1 inpatient or outpatient physician visits with an ICD-9-CM
code for hypertension, Model 2 restricts only to those who have an initial inpatient or outpatient physician
visits and at least 2 additional outpatient physician visits with an ICD-9-CM code for hypertension,
Model 3 restricts only to those who have an initial inpatient or outpatient physician visits and at least 3
additional outpatient physician visits with an ICD-9-CM code for hypertension, Model 4 restricts only to
those who have an initial inpatient or outpatient physician visits and at least 3 additional outpatient
physician visits with an ICD-9-CM code for hypertension and whose 1% & 2cd visits are spaced at least
30 days apart, and Model 5 restricts only to those who have an initial inpatient or outpatient physician
visits and at least 3 additional outpatient physician visits with an ICD-9-CM code for hypertension and

whose 1% & 2cd, and 2cd & 3™ visits are spaced at least 30 days apart.
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In all models, the effects from the OOP index and its interaction with patients who had prior drug
utilization were consistent and robust. Simulations of survival probabilities when copayments double are

plotted for Models 1, 3, and 5 in Figures 9 and 10.
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Table 9: Regression Results for Models with Increasingly Restrictive Eligibility Criteria

Sample Size

Potential predictors

Average copay index

No. unique Rx in prior yr

0

1-3

4-6

7+

Interactions between Rx and copay

0
13
4-6

T+

Demographics
Age
65-70
71-75
76-80

81+

Male gender

Urban residence

Median HH income

Model 1 Model 2 Model 3 Model 4 Model 5
7879 5147 3965 2607 2079
-.005079%** -.005549%* -.00556%** -.006171%* -.006126%*
[.0009453] [.00099438] [.00104] [.001367] [.001366]
-0.3532 -0.2614 -0.3144 -0.2673 -0.3498
[.1842] [.2201] [.2296] [.3474] [.383]
-0.279 -0.1683 -0.3085 -0.4071 -0.2691
[.2402] [.235] [.2352] [.3385] [.3802]
-0.1883 -0.2242 -0.4411 -0.3537 -0.3513
[.2048] [.2105] [.2295] [.3246] [.3525]
.004602** .004551%* .004937%* .004895%%* .005313%%*
[.0009274] [.001115] [.001141] [.00176] [.001909]
.004299%* .004279%* .00506** .005708%* .005022*
[.001112] [.001182] [.001124] [.001786] [.001967]
.003773%* .004415%* .005503%%* .005364%** .005336%*
[.000972] [.001005] [.001057] [.001562] [.001677]
1877** .09916** 1227%* A718** A773%*
[.02783] [.03748] [.03457] [.05036] [.04102]
1479%* 1263** .1026** 1431%* 131%*
[.02221] [.03236] [.02937] [.04293] [.04325]
.08904** .07118* 0.03278 0.05094 0.06444
[.03361] [.0305] [.02746] [.03556] [.05427]
-.05761** -.07908** -.07555* -0.05249 -0.04934
[.01889] [.02714] [.03828] [.05386] [.05901]
-0.03225 -0.2635 -0.3174 -0.5856 -0.4709
[.1304] [.1914] [.2007] [.3033] [.3557]
0.00000 0.00001 0.00000 0.00000 0.00000

[2.583e-06] [3.651e-06] [3.922¢-06] [3.656e-06] [3.756¢-06]

Note: Model 1 required >1 inpatient (IP) or outpatient (OP) physician visits with an ICD-9-CM code for

hypertension (MD visit); Model 2 required 1% MD visit IP or OP and at least 2 additional OP MD visits, Model 3
required 1¥ MD visit IP or OP and at least 3 additional OP MD visits, Model 4 required 1* MD visit IP or OP and at
least 3 additional OP MD visits with 1% & 2cd visits spaced at least 30 days apart, Model 5 required 1** MD visit IP
or OP and at least 3 additional OP MD visits with 1* & 2cd and 2cd & 3™ visits spaced at least 30 days apart.

Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Figure 9: Model 3: Percent of Patients Without Antihypertensive Rx When Copayments Double,
Users of 1-3 Prior Rx & Non-users
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Figure 10: Model 5: Percent of Patients Without Antihypertensive Rx When Copayments Double,
Users of 1-3 Prior Rx & Non-users
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Exploring the Effect of Physician Olffice Visits

Given the large difference observed in time to initiation of antihypertensive therapy between those taking
medications prior to diagnosis and those who were not, and the difference in price-sensitivity between
these two groups, it was prudent to explore if physician visits were intertwined with this result. We
explored physician visits both before and after a patient’s initial diagnosis. Because patients were
observed for variable lengths of time following their first diagnosis, physician visits post-diagnosis were
adjusted to per-month values so that all comparisons reflected values across equal time intervals and were
not right-biased for patients observed for longer periods of time. Table 10 contains unadjusted summaries
of overall outpatient physician visits and the subset of visits with a recorded ICD-9-CM code for

hypertension.

A striking finding from the descriptive statistics was that physician office visits in the year prior to
diagnosis were not correlated with the OOP index (corr=0.002; p=0.875), and were not different between
patients observed initiating antihypertensive therapy and those who did not (0.424 vs 0.414; p=0.342).
Physician office visits after diagnosis, both overall and those that included an ICD-9-CM code for
hypertension, were similarly uncorrelated with the OOP index (corr=0.008; p=0.468 and corr=0.009;
p=0.405, respectively). However, each of these post-diagnosis measures was different between patients
observed initiating antihypertensive therapy and those who were not (0.551 vs 0.756; p=0.000 and 0.135

vs 0.373; p=0.000).

The number of physician office visits did differ between patients who used prescription drugs prior to
their initial diagnosis and those who did not. For patients with prior drug histories, the number of visits in
the year prior to diagnosis was more than double the number for patients without such histories (0.227 vs
0.485; p=0.000). The differences were less stark for physician visits after diagnosis; overall visits for
patients with drug histories were less than 50% greater than those for patients without such histories

(0.539 vs 0.732; p=0.000), and visits with an ICD-9-CM code for hypertension were only 20% greater
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(0.250 vs 0.299; p=0.008). Stratified by prior drug use, physician office visits in the year prior to initial
diagnosis were slightly correlated with the OOP index for patients who did not have prior drug use
(corr=0.101; p=0.000), but were not correlated for the group who took drugs (corr=0.014; p=0.293).
There were no significant correlations between the OOP index and visits after a patient’s diagnosis among

any of the subgroups.

To test whether physician visits helped to explain our results, we constructed models that included
physician office visits and interactions with both the OOP index and indicators for prior prescription drug
use. Table 11 lists the coefficients of key variables in four models that tested the effect of physician
office visits in the year prior to diagnosis on the results. All models included the variables described for
the “base case” specification described in Section 4.2. Model 1 added a variable for the number of
physician office visits in the year prior to diagnosis. Model 2 added to Model 1 an interaction between
prior physician visits and the OOP index. Model 3 added to Model 1 an interaction between prior
physician visits and an indicator for any drug use in the prior year. And Model 4 built upon Model 3 by
adding a triple interaction between prior physician visits, an indicator for any drug use in the prior year,

and the OOP index.

The results from Model 1 indicated that prior physician office visits, when controlling for other variables,
was associated with slightly delayed initiation of antihypertensive therapy. Predicted survival
probabilities from Model 1 were plotted for 0, 3, 6, and 9 annual prior physician office visits in Figure 11,
and reveal that the difference between having none or a few physician office visits is indeed quite small.
Controlling for the number of prior physician visits did not significantly change the coefficients for the
OOP index, the indicator for any prior drug use, or the interaction between any prior drug use the OOP
index. The results from Model 2 revealed that the effect of the OOP index does not vary for patients with
different levels of prior physician office visits. The results from Model 3 revealed that the negative effect

of prior physician visits was strong for patients without a history of prior drug use and not significantly
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different than zero for patients with prior drug use (summing coefficients -0.1113 + 0.1091; p=0.352).
Predicted survival probabilities from Model 3 were plotted for 0, 3, 6, and 9 annual prior physician office
visits, for patients with and without a history of prior drug use, in Figures 12 and 13. The results from
Model 4 revealed that the interaction between prior prescription drug use and the OOP index did not vary

based upon a patient’s use of prior physician office visits.
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Table 10: Outpatient Physician Office Visits Before and After Initial Diagnosis by Initiation of Antihypertensive Therapy and History of
Prior Medication Use

MD Visits per-month with ICD-9-CM

MD Visits per-month MD Visits per-month between for hypertension between
Sample size in 1 year prior to initial diagnosis initial diagnosis & therapy / censor initial diagnosis & therapy / censor
Does Not Does Not Does Not Does Not

Initiate Therapy Initiates Therapy Initiate Therapy Initiates Therapy Initiate Therapy Initiates Therapy Initiate Therapy Initiates Therapy

OOP index quartiles

Ist 1199 3018 0.420 (0.427) 0.412 (0.410) 0.521 (0.443) 0.717 (1.198) 0.083 (0.105) 0.336 (0.889)
2cd 989 1306 0.424 (0.462) 0.413 (0.404) 0.593 (0.558) 0.821 (1.415) 0.181 (0.269) 0.461 (0.971)
3rd 395 495 0.423 (0.435) 0.437 (0.437) 0.533 (0.472) 0.795 (1.282) 0.160 (0.200) 0.346 (0.690)
4th 274 203 0.441 (0.422) 0.408 (0.468) 0.560 (0.485) 0.824 (1.553) 0.160 (0.195) 0.419 (0.936)
Total 2857 5022 0.424 (0.440) 0.414 (0.414) 0.551 (0.494) 0.756 (1.283) 0.135 (0.202) 0.373 (0.897)
No Pior Prior Medication No Pior Prior Medication No Pior Prior Medication No Pior Prior Medication
Medication Use Use Medication Use Use Medication Use Use Medication Use Use
OOP index quartiles
Ist 1009 3208 0.206 (0.339) 0.479 (0.415) 0.506 (0.760) 0.710 (1.115) 0.227 (0.630) 0.276 (0.799)
2cd 537 1758 0.201 (0.329) 0.484 (0.435) 0.613 (0.883) 0.756 (1.198) 0.324 (0.693) 0.346 (0.787)
3rd 299 591 0.275 (0.392) 0.509 (0.436) 0.469 (0.591) 0.785 (1.158) 0.191 (0.367) 0.300 (0.605)
4th 218 259 0.321 (0.372) 0.516 (0.475) 0.605 (0.706) 0.728 (1.32) 0.251 (0.491) 0.286 (0.744)
Total 2063 5816 0.227 (0.350) 0.485 (0.426) 0.539 (0.769) 0.732 (1.155) 0.250 (0.605) 0.299 (0.776)

Note: Standard Deviations in parentheses. OOP index quartiles are computed at the plan-level.
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Table 11: Regression Results for Models Including Prior Physician Office Visits

Model 1 Model 2 Model 3 Model 4
Sample Size 7879 7879 7879 7879
Potential predictors
Average copay index -.005023** -.004685** -.004656** -.004652%*
[.0009368] [.0008787] [.0008845] [.0008815]
Any Rx use in 1 year
prior to diagnosis -0.2548 -0.3025 -4685%* -.5488%**
[.1871] [.2000] [.1647] [.1911]
Interaction between copay
index and any Rx use .004244** .004457** .003995** .004356%**
[.0009185] [.0009803] [.0008444] [.0009793]
Number of MD office
visits in 1 year prior
to diagnosis -.01195%* 0.009736 - 1113%* - 1112%*
[.002646] [.01201] [.01446] [.01445]
Interaction between copay
index and MD office visits
in 1 year prior to diagnosis ---- -0.00009723 ---- ---
- [.00005563] - -—--
Interaction between any Rx
use and MD office visits
in 1 year prior to diagnosis e - .1091** 123 1%
- - [.01353] [.01793]
Interaction between any Rx
use and MD office visits
in 1 year prior to diagnosis - --- --- -0.0000625
and copay index - -—-- -—-- [.00004939]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Figure 11: Predicted Survival Probabilities for 0, 3, 6, 9 Prior Physician Office Visits
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Figure 12: Predicted Survival Probabilities for 0, 3, 6, 9 Prior Physician Office Visits & No Prior
Rx Use
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Figure 13: Predicted Survival Probabilities for 0, 3, 6, 9 Prior Physician Office Visits & Any Prior
Rx Use
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The number of prior physician office visits was moderately correlated with overall physician visits post-
diagnosis (corr=0.192; p=0.000), but prior visits and post-diagnosis visits with an ICD-9-CM code for
hypertension were not correlated (corr=-0.019; p=0.100). A similar set of models for post-diagnosis
physician visits was constructed to further explore the relationship between physician visits and the
effects of prior drug use and its interaction with the OOP index; Tables 12 and 13 list the coefficients of
key variables in models that explored overall physician visits post-diagnosis and models that explored
physician visits with an ICD-9-CM code for hypertension post-diagnosis. All models included the
variables described for the “base case” specification described in Section 4.2. The specifications for
Models 1 through 4 were identical to those described above for physician visits in the year prior to
diagnosis, but overall or hypertension-specific physician visits post-diagnosis were substituted for prior
visits. The only exception was for Model 1 in Table 13, which separated the overall number of physician

visits into those with an ICD-9-CM code for hypertension and those without.
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The results from Model 1 in Table 12 indicated that post-diagnosis physician office visits, when
controlling for other variables, was associated with a hastened time to initiation of antihypertensive
therapy. However, when post-diagnosis physician visits were separated between those with an ICD-9-
CM code for hypertension and those without, it was clear that the hypertension-specific visits were
associated with faster time to initiation, and visits without such a code were associated with slower time
to initiation. It is plausible that more hypertension-specific physician visits may be a proxy for disease
severity. Nevertheless, predicted survival probabilities from Model 1 were plotted for 0, 2, 4, and 6
annualized post-diagnosis physician office visits with an ICD-9-CM code for hypertension in Figure 14,
and revealed that the difference in time to initiation accounted for by having a few hypertension-specific
visits was rather small. Further, controlling for the number of prior physician visits did not significantly
change the coefficients for the OOP index, the indicator for any prior drug use, or the interaction between
any prior drug use the OOP index. The results from Model 2 revealed that the effect of the OOP index
does not vary for patients with different levels of post-diagnosis physician office visits. The results from
Model 3 revealed that the positive effect of post-diagnosis physician visits was stronger for patients
without a history of prior drug use. However, predicted survival probabilities from Model 3 were plotted
in Figures 15 and 16 for 0, 2, 4, and 6 annualized post-diagnosis physician office visits, for patients with
and without a history of prior drug use, and reveal that this difference was not large in magnitude. The
results from Model 4 revealed that the interaction between prior prescription drug use and the OOP index

did not vary based upon a patient’s use of post-diagnosis physician office visits.
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Table 12: Regression Results for Models Including Post-Dx Physician Office Visits

Model 1 Model 2 Model 3 Model 4
Sample Size 7879 7879 7879 7879
Potential predictors
Average copay index -.005074** -.00515%* -.005131%* -.005131**
[.0009657] [.001] [.0009851] [.0009849]
Any Rx use in 1 year
prior to diagnosis -0.2954 -0.2878 -0.1935 -0.1832
[.1973] [.1929] [.2017] [.201]

Interaction between copay
index and any Rx use .004247** .004212%* .004311%* .004265%*
[.0009486] [.0009322] [.0009696] [.0009717]

Post-dx MD office visits 1192%* .08742%* 3036** 3036%*
[.01072] [.04424] [.0389] [.0389]

Interaction between copay

index and post-dx visits -—-- 0.0001388 - -
- [.0001754] - ----

Interaction between any Rx

use and post-dx visits -—-- - -.1963%* -.2100%*
- ---- [.03985] [.06052]

Interaction between any Rx

use and OOP index and

post-dx visits - - - 0.00005965
- ---- - [.0001599]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 13: Regression Results for Models Including Post-Dx Physician Office Visits
with an ICD-9-CM code for hypertension

Model 1 Model 2 Model 3 Model 4

Sample Size 7879 7879 7879 7879

Potential predictors
Average copay index -.00505%* -.00516** -.005065** -.005067**
[.0009367] [.0009745] [.0009532] [.0009507]

Any Rx use in 1 year
prior to diagnosis -0.2494 -0.2665 -0.2371 -0.2154
[.1946] [.192] [.1973] [.1896]

Interaction between copay
index and any Rx use .004185%** .004143** .00426** .004155%*
[.0009444] [.0009294] [.0009543] [.0009307]

Post-dx MD office visits*
w/ hypertension ICD-9-CM .2949** 217%* A4574%* A4575%*
[.02779] [.05914] [.03214] [.03212]

Post-dx MD office visits
w/o hypertension ICD-9-CM -.2498%* - -—-- -

[.0858] -—-- - -—--
Interaction between copay
index and post-dx visits* - 0.000397 - -
-—-- [.0002059] -—-- -
Interaction between any Rx
use and post-dx visits* - - - 1758%* -.2268%*
--- -—-- [.04417] [.06091]
Interaction between any Rx
use and OOP index and
post-dx visits* - -—-- - 0.0002482
- - - [.0001837]

Note: All post-dx visits in these specifications had an ICD-9-CM code for hypertension. Standard errors
in brackets; * significant at 5% level; ** significant at 1% level.
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Figure 14: Predicted Survival Probabilities for 0, 2, 4, 6 Annualized Post-Diagnosis Physician Office
Visits with an ICD-9-CM code for Hypertension
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Figure 15: Predicted Survival Probabilities for 0, 2, 4, 6 Annualized Post-Diagnosis Physician Office
Visits with an ICD-9-CM code for Hypertension & No Prior Rx Use
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Figure 16: Predicted Survival Probabilities for 0, 2, 4, 6 Annualized Post-Diagnosis Physician Office
Visits with an ICD-9-CM code for Hypertension & Any Prior Rx Use
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The finding that prior physician office visits was associated with slower time to initiation for patients
without any prior drug use, but exhibited no effect for those taking drugs, raises the possibility that those
patients without prior drug histories have less severe disease. Because hypertension has a relatively
insidious onset, it is plausible that patients who are seen frequently and not identified with or treated for
hypertension may have less severe disease. However, the finding that prior physician visits had no effect
for patients with prior drug histories suggests that mechanisms beyond severity must also contribute to the
effects from prior drug use. Although having a history of drug use may indicate more severe comorbid
conditions, and though the severity of particular comorbidities such as diabetes and hypercholesterolemia
is likely to be correlated with the severity of hypertension, one would expect that patients with more
severe hypertension and more prior physician visits would be identified and treated earlier and perhaps be
excluded from the sample. Another possibility is that patients without prior drug use have more

conservative physicians who preferred a “watch and wait” strategy, or perhaps the patients themselves
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were more conservative about taking pills. Nevertheless, due to the limitations of the administrative data
used for these analyses, we can only speculate about the cause of these associations. Future research must

explore this issue.

The finding that post-diagnosis physician visits were associated with slightly faster time to initiation
could indicate that these visits were correlated with disease severity, or it might simply reflect that more
physician visits increased the probability of a physician prescribing or encouraging a patient to comply
with antihypertensive therapy. Nevertheless, controlling for these types of visits did not change the main

results of Model.

These sensitivity analyses were conducted to test whether the effects of the OOP index and prior
prescription drug use might be explained by differences in physician office visits. Based on these results,
it did not appear that physician visits explained or modulated these findings. In no case were physician
visits associated with the effect of the OOP index on time to initiation of therapy, nor did they modulate
the difference in price-sensitivity between those with and without prior drug use, and any modulation of

the large main effect of prior prescription drug use on survival probabilities was minimal at best.

Alternative Methods for Defining Comorbidities

In all Models, indicator variables for 15 comorbid conditions were included to control for health status.
As noted above, comorbid conditions were identified by examining medical claims in the year prior to a
patient’s diagnosis for any ICD-9-CM codes listed in primary or secondary diagnosis fields. These ICD-

9-CM codes and summaries for these variables are described above.

As described in the LITERATURE REVIEW, researchers have tested the effect of comorbidities on
adherence to therapy for particular chronic conditions. Though the findings are mixed, studies generally

find that conditions that contribute additional risk toward the negative health outcome of the study disease
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— diabetes, heart disease, and hypertension for statin users, for example — tend to either improve
adherence rates or have no effect. Depression exhibits a consistently negative effect on adherence. But,
since most studies test the effect of prior prescription drug use and also use disease-specific medication
use as an identification rule for comorbidities, these two effects should be considered in combination.
Further, none of these studies examine the effect of initiation of therapy, so there is no evidence that
indicates whether these diseases affect initiation in the same manner. However, theoretically one might
expect a patient and physician to be more motivated to control blood pressure for someone with more

cardiovascular risk factors.

These sensitivity tests present the coefficients of the indicators of comorbidities in the base case Model as
well as the results for alternative methods of defining comorbidities for the four major chronic conditions
related to hypertension that contribute additional cardiac risk (hypercholesterolemia, congestive heart
failure, diabetes, coronary artery disease), and 4 other common unrelated conditions (osteoarthritis,
asthma & COPD, gastric acid disorders, depression). Simulations for particular chronic diseases are also
presented. Table 14 lists the number of patients identified using ICD-9-CM codes only, ICD-9-CM codes
or the use of a disease-specific medication, and those who used disease-specific medications without the
presence of an ICD-9-CM code for the disease. For nearly all conditions, there was a large number of
patients who used disease-specific medication without the presence of an ICD-9-CM code during the
same period. A notable exception were patients identified as having diabetes. Among those with an ICD-
9-CM code for a disease, the number of those treated with a disease-specific medication ranged from

around a third to two-thirds of the sample.

71



Table 14: Patients with Chronic Disease with ICD-9-CM codes and Medication Use

Sample Size Percent of Total

ICD-9-CM ICD-9-CM Rx Use ICD-9-CM ICD-9-CM Rx Use

Only and Rx Use Only Only and Rx Use Only

Comorbid conditions

Hypercholesterolemia 867 730 365 44.2% 37.2% 18.6%

Diabetes 390 537 96 38.1% 52.5% 9.4%
Congestive heart failure 216 137 536 24.3% 15.4% 60.3%
Coronary artery disease 162 66 631 18.9% 7.7% 73.5%
Osteoarthritis 666 674 1104 27.3% 27.6% 45.2%
Gastric acid disorder 248 493 884 15.3% 30.3% 54.4%
Depression 304 259 608 26.0% 22.1% 51.9%
Asthma / COPD 122 296 2372 4.4% 10.6% 85.0%

Some antihypertensive medications are often used to treat other conditions, particularly cardiac
conditions. For example, ACE inhibitors are indicated for congestive heart failure, and beta-blockers are
used for patients with a history of myocardial infarction. Because our eligibility criteria required patients
to be free from antihypertensive use for at least their first year in the data, patients taking an
antihypertensive medication for a condition other than hypertension would be excluded from the sample.
This likely resulted in a reduced sensitivity for such conditions, and a severity of disease that was lower

than average among those identified with such conditions.

Table 15 presents the results from coefficients for the Model’s key variables of interest and the indicators
for comorbid conditions identified by 4 different criteria. Model 1 is the base case and requires patients
to have at least 1 ICD-9-CM code for a condition in the year prior to hypertension diagnosis. Model 2
requires a patient to have at least 1 disease-specific prescription drug claim for a condition in the year
prior to hypertension diagnosis. Model 3 requires a patient to have at least 1 ICD-9-CM code or 1

disease-specific prescription drug claim for a condition in the year prior to hypertension diagnosis. And
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Model 4 requires a patient to have at least 1 ICD-9-CM code and 1 disease-specific prescription drug

claim for a condition in the year prior to hypertension diagnosis.

Table 15: Regression Results for Different Methods of Identifying Comorbidities

Model 1: Model 2: Model 3: Model 4:
Any Any ICD-9-CM ICD-9-CM
ICD-9-CM Rx Use or Rx Use and Rx Use
Coeff. Coeff. Coeff. Coeft.
Potential predictors
Average copay index -.005085%* -.005102%* -.005104** -.005109**
[.0009459] [.00095] [.0009516] [.0009414]
Any Rx use in 1 year -0.2756 -0.2917 -0.2524 -0.3105
prior to diagnosis [.193] [.1832] [.19] [.1822]
Interaction between copay .004237** .004329** .00431%* .004348**
index and any Rx use [.0009328] [.0009116] [.0009216] [.0009095]
Comorbid conditions
Hypercholesterolemia -.204%%* - 1286** - 1977** - 137%*
[.03967] [.04919] [.04406] [.04741]
Diabetes -.207%* -0.03845 -.1606** -0.07198
[.04304] [.0415] [.04428] [.04929]
Congestive heart failure - 1735%* -.2008** -.2142%* -0.06759
[.06596] [.03732] [.04418] [.04478]
Coronary artery disease .1899* -0.07783 -0.01201 0.1822
[.09306] [.07079] [.06675] [.1845]
Osteoarthritis -.1618** .09228** -0.0244 -0.0198
[.03312] [.01661] [.02318] [.03622]
Gastric acid disorder -.06963* 0.02999 0.01747 -0.03753
[.02814] [.03124] [.0269] [.03248]
Depression -2775%%* -.1385% -.2009%* -0.1514
[.06947] [.05981] [.05716] [.1067]
Asthma / COPD - 1393** -0.01215 -0.01896 -0.06787
[.04265] [.02512] [.0229] [.04162]
Demographics
Age
65-70 1885%* A1726%* .1878%* 1921 %*
[.02802] [.02741] [.02856] [.02738]
71-75 .1485%* 1239%* 1387 1431%*
[.02251] [.02172] [.02023] [.0248]
76-80 .08917** .07422%* .0833%* .08475%*
[.03329] [.02922] [.03085] [.03186]
81+ —— —— — ——

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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A striking feature of Table 15 is the change in magnitude and statistical significance of the coefficients
for many conditions based upon the definition criteria. To understand what may be driving these
differences, it is important to reflect again upon the probable sensitivity and specificity of the various
algorithms. Using the logic derived from Rector et al., we would expect that the algorithm used in Model
3 would be the most sensitive and that Model 4 would be the most specific. It follows that the algorithm
for Model 4 would also yield the most homogenous sample with a likely higher level of disease severity
than Model 3. From Table 14, it is clear that the algorithm from Model 4 is the most restrictive; it

identifies only 10 — 50% of the sample identified by the algorithm from Model 3.

It is notable that none of the coefficients from Model 4, with the exception for hypercholesterolemia, were
significantly different than zero. Although sensitivity surely suffers from the restrictiveness of the
algorithm used, nearly all, with the exception of coronary artery disease, had nontrivial sample sizes.

This perhaps indicates that differences in disease severity are major factors in the effect of comorbidities
on the initiation of antihypertensive therapy. Unfortunately, there are no reports in the literature of
sensitivity analyses for comorbidity definitions on the effect of adherence to therapy (note: there are no
studies reporting the initiation of therapy for newly identified individuals), so we have no basis for

comparing the observed changes in the sign and magnitude of these disease flags with other studies.

It is worthwhile, however, to consider the four conditions that add to cardiovascular risk:
hypercholesterolemia, diabetes, congestive heart failure, and coronary artery disease. Regardless of the
algorithm used, hypercholesterolemia exhibited a negative effect, indicating a slower time to initiation for
patients with this disease. Predicted survival probabilities from Model 4 were plotted in Figure 17 for
patients with and without hypercholesterolemia. Although patients with hypercholesterolemia were

slower to initiate antihypertensive therapy, the difference between these patients and those taking any
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other type of Rx was relatively small. The large difference between those with and without prior drug

histories remains the major finding from this figure.

Figure 17: Predicted Survival Probabilities for Patients With and Without Hypercholesterolemia
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Because high blood pressure and high cholesterol are highly correlated conditions, even a small
effect in a negative direction may be troubling. Forty percent of hypertensives were found in
NHANES II to have cholesterol levels that qualified as hypercholesterolemia, and forty-six
percent of those with hypercholesterolemia also had hypertension. For these patients, ACE
inhibitors or calcium channel blockers were recommended first line antihypertensive therapies;
ARBs and central adrenergic agonists were second line therapies. These drugs do not have
adverse effects on lipid or cholesterol profiles, unlike beta blockers and diuretics. Nevertheless,

because blood pressure control is crucial for this population with multiple cardiovascular risk
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factors, diuretics and beta blockers should not be avoided if their non-use results in less than

optimal blood pressure control.

Patients identified with diabetes exhibited different responses to the various algorithms. There were
conflicting effects depending upon the method used for diagnosis; patients identified from diagnosis
codes exhibited a negative effect, but those with any medication use exhibited no statistically significant
effect. Because 85% of patients with any diabetes medication use also had a diagnosis code (85% =
537/(537 + 96)), it is clear that the negative effect from Models 1 & 3 can be attributed to those with
diagnosis codes who did not use diabetes medications. These patients may have less severe disease or no
disease at all (i.e., “rule-outs™), and, if so, may not necessarily be as diligent about treating their newly

identified hypertension.

Congestive heart failure (CHF) patients exhibited negative coefficients in all specifications except Model
4, the most specific algorithm, in which the coefficient was not significantly different than zero. The
sample of congestive heart failure patients, however, is strongly influenced by the eligibility criteria
requiring no antihypertensive medications for at least the first year prior to diagnosis. Thiazide and
potassium sparing diuretics, ACE inhibitors, angiotensin receptor blockers and beta blockers are all
antihypertensive medications commonly prescribed for CHF patients. In fact, many guidelines suggest an
initial combination of ACE inhibitors and diuretics for patients with newly diagnosed CHF. Thus, it is
possible that these CHF patients had already tried several types of antihypertensive medications prior to
their first diagnosis of hypertension. Perhaps they did not tolerate them or were not started on these
medications for some other reason. Whatever the cause, the group of CHF patients identified in this

sample is a peculiar one because of the eligibility criteria.
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A similar problem arises for patients with coronary artery disease (CAD). For patients with a history of
myocardial infarction, immediate treatment with beta blockers is recommended. Post-infarction treatment
with ACE inhibitors, calcium channel blockers, diuretics, aspirin, anticoagulants, and nitrates is also
commonly indicated. Angina therapy includes aspirin, nitrates, ACE inhibitors, calcium channel
blockers, and anticoagulants. The coefficient for CAD indicates that these patients initiate therapy faster
in Model 1, but the results from other disease-identification algorithms were not significantly different

than zero.

It is important to note that the variables driving the OOP index and prior drug use effects did not change
depending upon the algorithm used to identify patients with chronic disease. Further, interacting
variables from Model 1 with the OOP index produced no statistically significant results. It is difficult to
make conclusive interpretations about these coefficients given the difference found between the various
specifications. Nevertheless, because of the strong theoretical logic for including comorbid conditions in
these types of analyses, these disease indicators served as useful controls for health status in the baseline

Model.

Controlling for Coinsurance Plans

It is clear from Table 3 in Section 4.1, DESCRIPTIVE STATISTICS, that in our sample coinsurance plans
were less generous than copayment plans. To ensure that the effect of cost-sharing was not entirely
driven by these five coinsurance plans, we included an indicator variable for them and tested it in the
model. The coefficient on this flag was not significant and did not change the coefficients of the
explanatory variables, so it was not included in the final model. A comparison of the coefficients for key
variables of interest for the base case Model and a Model including an indicator variable for coinsurance

plans is presented in Table 16.
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Table 16: Regression Results:

Controlling for Coinsurance Plans

Potential predictors
Average copay index

No. unique Rx in prior yr
0
1-3
4-6

T+

Interactions between Rx and copay

0
1-3

4-6

T+

Demographics
Age
65-70
71-75
76-80

81+

Male gender
Urban residence

Median HH income

Coinsurance flag

Model 1 Model 2
Coeft. Coeff.
-.005079** -.00535%*
[.0009453] [.0009683]
-0.3532 -0.328
[.1842] [.1856]
-0.279 -0.2596
[.2402] [.2401]
-0.1883 -0.1639
[.2048] [.2026]
.004602** .004475%%*
[.0009274] [.0009214]
.004299%** .004199%**
[.001112] [.001105]
.003773%%* .003648%**
[.000972] [.0009483]
1877** 188%*
[.02783] [.02785]
1479%* 1478%*
[.02221] [.02194]
.08904** .08903**
[.03361] [.03357]
-.05761%* -.05784**
[.01889] [.01847]
-0.03225 -0.03317
[.1304] [.1319]
0.000003755 0.000003536
[2.583e-06] [2.622¢-06]
-— 0.1795

[.1464]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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4.6 Discussion

We found that an out-of-pocket cost (OOP) index that measured plan generosity was negatively
associated with the time to initiation of antihypertensive medication for patients newly identified with
hypertension. However, both the median time to initiation as well as the effect of the OOP index on the
time to initiation varied significantly between patients with and without a past history of prescription drug
use. For those with prior drug use, the median time to initiation was lower and the effect of the OOP

index was smaller than for those without prior drug use.

There are several explanations for these results, including (1) differences in patient preferences for
prescription drug treatment; perhaps patients with a history of prior drug use have a greater taste for
prescription drug therapy, and (2) differences in disease severity; perhaps with a history of prior drug use
have more severe disease that causes them to initiate therapy more swiftly. It is not likely that these
results reflect a behavioral effect, whereby purchasing a drug prior to diagnosis is the act that causes a
patient to initiate antihypertensive therapy. It is more likely that we observed a selection effect, whereby
unobserved variables such as patient preferences for prescription drug therapy and/or disease severity
were correlated with using prescription drugs prior to diagnosis, and selecting for these different
populations was responsible for the observed effects. Because our study was an observational analysis,

no causal conclusions can be made from our results.

Of these two possibilities, these analyses provide indirect evidence that patient preferences for drug
therapy may be most responsible for the observed differences between those with and without prior drug
use. This conclusion is based on the fact that several analyses to test the possibility that differences in

disease severity were responsible for the effects found no influence of severity.

To begin, it is worth pondering what the range of disease severity in our sample might be. This analysis

was conducted on an elderly population with employer-based insurance who were likely to be well
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insured prior to retirement; employers often require employees to have worked for a substantial number
of years in order to be eligible for retiree health benefits. If they indeed had good access to health care
during their adult years, it is likely that, because of the disease’s insidious onset, patients with severe
hypertension would have been diagnosed prior to retirement. Thus, if the patients in our sample were
truly incident in their elder years, it may be the case that they had relatively mild hypertension that was
undetectable or unnoticed during their adult years. On the other hand, if the range of disease severity in
our sample was limited to patients with mild disease, it is unlikely that small differences in disease
severity would produce such stark results. In order to identify a population of more homogenous disease
severity, we tested whether applying more restrictive eligibility criteria might have produced different
results. By requiring patients to have an initial inpatient or outpatient physician diagnosis and at least
three additional outpatient diagnoses of hypertension, those without true hypertension or very mild
disease were more likely to be excluded from the sample. Estimating the model with these criteria did not

produce results different from those for the full sample.

In addition, we conducted analyses to test whether the effect of prior drug use might differ for patients
taking drugs for different comorbid conditions. For example, patients being treated for diabetes, heart
disease, and hypercholesterolemia, conditions that share risk factors, such as obesity and dietary habits,
with hypertension, are likely to have more severe hypertension than those treated for relatively unrelated
conditions such as osteoarthritis. However, we found no differences in the effect of prior drug use
between these groups. Further, the observed effects from prior drug use were evident even for patients
who used only antibiotics in the previous year, and for those that had minimal levels of drug use,
including those with only a 30 day-supply of prescriptions in the prior year. These results suggest that

factors beyond disease severity must explain at least some of the observed effects.

Patients with prior drug use visited their physicians more often prior to their initial hypertension

diagnosis. This is not surprising, given that these patients actively received prescription drug treatment
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for their other conditions. However, if the severity of their hypertension were much greater than those
without prior drug use, it is likely that, given their additional physician visits, their hypertension would
have been identified earlier and they would have been excluded from the sample. Thus, those persons
with prior drug use that had more frequent physician contact but were not diagnosed with hypertension
perhaps did not have greater severity than those without prior drug use and less frequent physician
contact. Further, the number of physician office visits with an ICD-9-CM code for hypertension after
diagnosis was relatively similar between the two groups, indicating that neither group had a severity of

disease so different from each other that they required more frequent physician care.

We also examined other measures that might approximate disease severity, such as the number of
hospitalizations, the total number of days spent in the hospital, and the intensity of therapy at diagnosis.
Neither of these measures indicated that those with prior drug use were likely to have a greater severity of
disease. In fact, the total number of hospitalizations, total number of days spent in the hospital, and total
number of unique antihypertensive medications taken by those observed initiating therapy was slightly
greater among those without prior drug use. It is possible that because patients without prior drug use
initiated antihypertensive medication less frequently and more slowly than those with prior drug use, their
disease severity worsened over time and helped to drive the increased number of hospitalizations and
intensity of therapy. Although the total number of comorbid conditions was slightly greater in the subset
of patients with prior drug use, our models included indicator variables for comorbid conditions to

statistically control for these differences.

We also found that patients without prior drug use were slightly more likely to initiate antihypertensive
therapy using brand name drugs. Given that brand drugs were more expensive in 2- and 3-tier plans (the
average price difference between 1* and 2 tiers in retail and mail-order pharmacies was $5.79 and
$6.52), it is possible that if physicians more frequently wrote brand name prescriptions for this

population, the increased cost of the initial prescription for those without prior drug use accounted for
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some of the difference in time to initiation between those with and without prior drug use. Unfortunately,
we do not observe whether physicians specifically wrote prescriptions for brand or generic drugs. It is
also possible that patients with and without prior drug use received the same proportion of generic and
brand prescriptions, but that patients with a history of prior drug use were more likely substitute generic

for brand drugs.

Despite these analyses, it is still possible that average blood pressure levels between patients with and
without drug histories may have differed; our data do not contain the detailed clinical information that
would be contained in medical charts. Future research should explore the causal factors underlying the

results observed in these data.

Limitations of the Data

The chief limitation of this analysis is that the clinical information is quite sparse. This is a perennial
problem with analyses of claims data, and there is little we can do here beyond the precautions described
in Section 2.2.2. Another limitation of the analysis is that we do not know if a patient did not fill a
prescription that was prescribed by a physician, or if the physician did not prescribe a drug at all. For
patients that received medications, we do not know if the medication was actually taken, so true

compliance with drug regimens is not 100% measurable.

However, by looking at the aggregate utilization data recorded in the claims, we can understand changes
in average utilization of antihypertensive medications among large populations of patients. We can infer
what the most likely possibilities are, and future research might be motivated to isolate the underlying

mechanisms that drive the process.

We also could not completely control for employee selection of drug benefits. In all but two clients in the

sample, employees had no choice of drug benefits, thus minimizing the possibility that employees
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selected plans to suited their anticipated needs. Further, patients in these two clients accounted for less
than 2.5% of the sample, and estimating the models without these patients did not appreciably change the

results.

In addition, there are general limitations to working with claims data. First, it is possible that our claims
do not represent the full set of health care services rendered to individuals in our sample. Any services
obtained or prescription drugs bought and not submitted to the health plan as a claim would not be
captured in this analysis. For most managed care plans, or plans with managed drug benefits, it is the
pharmacy’s duty to submit claims to the insurer, so our claims would include a record of the purchase
even if the patient were not reimbursed. But for some fee-for-service plans, where patients submit their

own claims, drugs may be purchased for which claims are not submitted.

Also, there is the problem of identifying the chronically ill from claims data. The main concern is of
Type II error (false positives), which may occur if many “rule-out” diagnoses were recorded in the claims.
This type of error was minimized with conservative eligibility criteria, and by searching claims that were
from “face-to-face” outpatient and inpatient physician visits as opposed to laboratory tests or other
practice settings where diagnoses may have been recorded with less scrutiny. Model results were also
tested on increasingly restrictive eligibility criteria in sensitivity analyses. A recent study compared the
sensitivity and specificity of various eligibility criteria for identifying patients with chronic diseases from
medical and pharmaceutical claims, using chart reviews to test for the presence of true disease (Rector

2004). These data help confirm the validity of the eligibility criteria and are discussed in Section 3.3.

Limitations of the OOP Index
Another limitation of the analysis regards the assumptions underlying the calculation of the OOP index.
As noted in Section 3.4, the OOP index was designed to capture the generosity of a plan’s benefits with a

single variable, because constructing multiple variables to capture the many dimensions of a plan’s
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benefits design would result in a cumbersome model specification. Thus, the OOP index approximates
plan generosity by measuring the average out-of-pocket costs that members of a standard sample would
have paid had they been faced with the copayments and restrictions of each plan. Each plan’s OOP value
depends upon two factors: (1) the mix of drugs taken by patients in the standard sample and (2) the plan’s
average out-of-pocket cost for each drug, which itself a function of two factors: (a) the copayment of the
tier in which the drug is placed, and (b) the proportion of mail-order drugs used by patients in the plan.
The first factor is constant across plans and the second factor varies by plan. It is useful to consider how

these factors may affect the OOP index.

Because the mix of drugs in the standard sample is influenced by the benefits design of the plans, the
OOP index is sensitive to what the “average” benefits design of the sample looks like. For example, if all
plans had benefits that successfully encouraged generic drug use, there would be a larger proportion of
generic drugs in the standard sample than if patients had not faced any cost-sharing, and the OOP index
would disproportionately reflect differences in generic drug copayments. Further, if all plans placed the
same drugs in the third tier, and as a result utilization of these drugs was diminished, third tier drugs
would not be very represented in the standard sample and differences in third tier copayments would not
have much influence on the final OOP index value. Considered this way, the index can be conceptualized
as the weighted average of the copayments of each tier, with the weights equal to the proportion of
generic, preferred brand, and nonpreferred brand drugs in the standard sample. Of course, the proportion
of preferred brand and nonpreferred brand drugs will depend upon how a plan sorts its drugs into the
second and third tiers, which varies considerably from plan to plan. Randomly selecting 100 participants
from each plan for the standard sample allows each plan to contribute equally to the market basket of
drugs, but it is noted that differences in the OOP index between plans reflect the differences for a group of

drugs whose distribution is influenced by plan benefits.

84



The amount of claims that are filled at mail order pharmacies also influences a plan’s average per-drug
OOP cost. A 30-day equivalent mail-order pharmacy copayment is generally lower than a 30-day
equivalent retail pharmacy copayment, and a plan with a greater share of prescriptions filled from mail-
order pharmacies will have slightly lower per-drug average OOP costs than a plan with the exact same
benefits and a greater share of retail pharmacy prescriptions. We chose to capture variation in mail-order
use in this manner because we wanted the OOP index to reflect the actual OOP costs borne by members
of a plan. If members of one plan used mail-order drugs more frequently, they would have paid less out-
of-pocket for the same set of drugs. Requiring the OOP index to capture this variation allowed for a
better approximation of the true OOP costs of each drug within a plan, and we felt this was the best way

to approximate the generosity of a plan’s benefits.

The estimated effects of the OOP index were robust to various definitions. Model results were not
different for specifications that substituted a hypertension-specific version of the OOP index for the
version reflecting overall drug use. This test was performed to ensure that plan generosity for
hypertension drugs was not radically different than plan generosity for prescription drugs in general. In
addition, specifications that used the weighted average of OOP index values to account for the amount of
time in different calendar years between diagnosis and either the date of antihypertensive initiation or
censoring did not yield results different from the final model which used the OOP index value from the
year in which a patient was diagnosed. This was performed to ensure that year-to-year changes in plan

benefits did not drive model results.

Despite the many assumptions required to construct the index, it produced good estimates of plan
generosity. Plans were rank ordered in a logical fashion, and differences in the level of the OOP index
value among plans corresponded to proportional differences in copayment levels. These assumptions also
afforded us a consistent method for simulating the effects of doubling copayments; holding everything

else constant, doubling copayments should theoretically produce a doubling of the OOP index value.
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CHAPTER 5: Adherence to Antihypertensive Therapy

5.1 Descriptive Results

Of the 7,879 patients with newly identified with hypertension, 5,022 were observed initiating
antihypertensive therapy. Table 17 presents patient characteristics for the overall sample as well as for
those who are observed in the data for at least one and two years after initiating therapy. Those who
initiated antihypertensive therapy did not differ greatly in demographic variables or identified comorbid
conditions from the overall sample of all patients with newly identified hypertension analyzed in Chapter
4. However, those observed initiating antihypertensive therapy used more medications for other
conditions prior to initiation than those in the overall sample used prior to diagnosis. This not surprising
given the evidence from Chapter 4, which demonstrated that those with a history of prior drug use were
more likely to initiate antihypertensive medication. Among this subgroup, a smaller proportion of
patients took no medications in the year prior to initiating antihypertensive therapy compared to the
proportion of patients taking no medications in the year prior to being identified with hypertension among
the overall sample (13.9% vs. 26.1%; p<0.001). The total number of medications taken by patients in
these respective periods was also higher among the subgroup of patients who initiated therapy than in the
overall sample (5.3 vs. 4.5; p<0.001), but among those who took any prior medication in each group, the
mean number of medications was not different (6.1 vs. 6.2; p=0.465). We tested another measure of prior
prescription drug utilization for this sample by counting the number of unique medications whose
coverage period overlapped with the date of a patient’s first antihypertensive prescription. The number of
patients with no overlapping prescriptions at the time of antihypertensive initiation was greater than the
number with no prior medication use in the prior year, suggesting that many of those with prior

medication use were not taking an active prescription for a different medication at the time of initiation.

86



Table 17: Characteristics of Patients That Initiated Antihypertensive Therapy, 1997-2002

Followed Followed
Characteristic Full Sample for 1 year for 2 years
Sample Size 5022 3473 2403
Age % % %
65-69 18.6 16.2 15.0
70-74 28.8 29.0 29.6
75-79 26.4 27.6 28.4
80-84 16.6 17.7 17.9
85+ 9.6 9.5 9.1
Male gender 37.5 36.0 352
Median income in ZIP code, $ 29169 29074 29119
No. of unique medications in prior year
0 13.9 142 144
1-3 30.3 29.9 29.2
4-6 24.2 25.0 26.7
7+ 31.6 30.9 29.7
No. of overlapping medications
0 37.9 385 39.7
1-3 46.8 46.8 46.2
4-6 12.2 11.8 11.2
7+ 3.1 2.9 2.9
No. of physician visits in prior year
0 59 59 5.5
1-3 26.1 26.3 26.9
4-6 28.0 28.4 28.1
7+ 40.0 39.4 39.5
Year of first hypertension Rx
1998 15.5 21.8 30.0
1999 24.5 25.2 34.1
2000 19.6 26.8 359
2001 20.1 26.2 -
2002 20.3 - -
Comorbidities*
Hypercholesterolemia 22.5 22.5 21.5
Diabetes 11.9 12.6 11.8
Congestive Heart Failure 6.6 6.7 5.8
Vascular disease 4.7 4.8 4.6
Coronary artery disease 4.7 4.7 44
Osteoarthritis 17.7 18.1 17.8
Gastric acid disorder 10.7 10.8 10.9
Thyroid disorder 8.7 8.8 9.1
Depression 8.0 7.9 7.1
Glaucoma 7.3 7.8 7.3
Asthma/COPD 5.7 5.5 53
Allergic rhinitis 4.7 4.5 4.6
Chronic sinusitis 2.5 2.7 2.8
Inflammatory bowel disease 2.2 2.2 2.1
Ulcer 1.1 1.3 1.3
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Table 18 displays descriptive statistics for the length of the observation window for the overall sample
and for patients observed for at least one or two years after initiating antihypertensive therapy, and
describes several outcome measures used in the analysis of these groups: (1) the proportion of days
covered (PDC) and (2) the number of days until a 60 or 90-day gap. (The definitions of PDC and days
until a gap were described in Section 3.4.) The percent of patients with greater than 80% PDC, the most
common measure for good adherence found in the literature, is in accordance with the literature estimates.
For the overall sample 60.1% of patients exhibited good adherence. For patients observed for at least one
year after initiation, 62.9% exhibited good adherence in their first year of antihypertensive therapy. And
for patients observed for at least two years after initiation, 65.7% exhibited good adherence in their first

two years of antihypertensive therapy.

The average number of days to 60 or 90-day gaps ranged from a mean of 294 days to 402 days among the
various populations. The most frequent values were 30 days, (16.9% and 17.0% for 60 and 90-day gaps,
respectively) 90-days (4.2% and 4.1%), 60-days (3.5% and 3.3%), and 120 days (2.6% and 2.2%). It
appears that many patients used a small number of prescriptions before experiencing a large gap in
therapy. Nevertheless, median days until a 60 or 90-day gap, which ranged from 154 to 270 days, were
universally lower than mean days until a 60 or 90-day gap, indicating that, for most patients who
experienced a gap in coverage, the gap did not commence until the patients had taken a medication for a

considerable period of time.
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Table 18: Length of Observation Window, PDC, and Days Until 60 or 90-Day Gaps

N Mean Min 25% 50% 75% Max

Overall Sample

Number of days observed post-Rx 5022 765 1 302 699 1176 1819

Proportion of days covered (PDC) 5022 0.75 0.01 0.59 0.88 0.99 1.00

Days until 60 day gap 2186 282 1 60 150 388 1681

Days until 90 day gap 1838 294 1 60 162 412 1681
Patients followed for at least one year

Number of days observed post-Rx 3473 1017 365 673 988 1358 1819

Proportion of days covered (PDC) 3473 0.73 0.01 0.56 0.86 0.98 1.00

Days until 60 day gap 1832 320 1 63 192 464 1681

Days until 90 day gap 1577 329 1 65 204 473 1681
Patients followed for at least two years

Number of days observed post-Rx 2403 1223 732 963 1202 1482 1819

Proportion of days covered (PDC) 2403 0.74 0.01 0.59 0.86 0.98 1.00

Days until 60 day gap 1336 368 1 72 228 590 1681

Days until 90 day gap 1115 381 1 76 246 602 1681

The number and types of plans in the sample did not differ from those in the initiation of therapy analysis
from Chapter 4. All 31 plans described previously were represented in the analysis, and the person-level
means of the OOP index did not change appreciably between the two analyses (see Table 19). Whereas
in the analysis in Chapter 4 patients were assigned the OOP index value from the plan-year in which they
were diagnosed, in this analysis patients were assigned the OOP index value from the plan-year in which
a patient initiated antihypertensive therapy. Thus, patients who initiated therapy in a calendar year after
their diagnosis would be assigned a different, and likely higher, OOP index value. Differences between
the two values depended upon whether a plan implemented less generous benefits (note: no plans
switched to more generous benefits), which could result in a large increase in the OOP index value, or, if
they did not decrease benefits, most plans’ OOP index value increased slightly due to the effect of price
inflation. This OOP index values were chosen to best approximate the cost-sharing structure faced by the
patient during the time periods in which patients made critical decisions regarding initiation and

adherence.
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Table 19: Number of Plan Types and OQut-of-Pocket Index Quartiles

Plan Type Out of Pocket Index
Coins-
Sample Size 1-tier 2-tier 3-tier urance Mean Min  Median  Max
Ist Quartile 2404 1 1 5 0 192.9 175.2 178.4  219.8
2c¢d Quartile 1922 1 0 7 0 236.8 2294  237.1 263.4
3rd Quartile 441 3 4 1 0 298.6  272.6  296.8 3683
4th Quartile 255 0 2 1 5 4424 369.5 392.5 574.0

Note: Statistics calculated for the OOP index are at the person-level.

Figures 18 and 20 display the Kaplan-Meier survival estimates for the number of days between a patient’s
first antihypertensive prescription and their first 60- or 90-day gap in coverage, stratified by groups of
patients within each of the plan-level quartiles of the OOP index. Figures 19 and 21 display the same
curves truncated at 365 days. The trend in these data indicate that there was not much difference in the
number of days until a 60- or 90-day gap in coverage between the first three quartiles of the OOP index,
but that patients in the fourth quartile — the least generous plans — had an increased probability of a 60- or
90-day gap. Log-rank tests for equality of survivor functions revealed that the fourth quartile survivor
function was different from the other three quartiles at high levels of statistical significance, and that
globally the four were different, but that the first three quartiles were not different from each other
(global: p<0.0011; Q1 vs. Q2: p<0.3046; Q1 vs. Q3: p=0.6757; Q1 vs. Q4: p<0.0001; Q2 vs. Q3:

p<0.5863; Q2 vs. Q4: p<0.0008; Q3 vs. Q4: p=0.0040).
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Figure 18: Kaplan-Meier Estimates of Time Between First Antihypertensive Prescription
and First 90-Day Gap in Coverage: By Quartile of OOP Index, 0 — 5 Years
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Figure 19: Kaplan-Meier Estimates of Time Between First Antihypertensive Prescription
and First 90-Day Gap in Coverage: By Quartile of OOP Index, 0 —1 Year
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Figure 20: Kaplan-Meier Estimates of Time Between First Antihypertensive Prescription
and First 60-Day Gap in Coverage: By Quartile of OOP Index, 0 — 5 Years
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Figure 21: Kaplan-Meier Estimates of Time Between First Antihypertensive Prescription
and First 60-Day Gap in Coverage: By Quartile of OOP Index, 0 — 1 Year

~

.8

.6

% Without 90 Day Gap
4

2

T T T T T
0 60 120 180 240 300 365
Analysis Time (days)

92



5.2 Empirical Model

The model selected for the analysis of the number of days until a 60 or 90-day gap was, as in Chapter 4,
the Cox proportional hazards model, a nonparametric tool to study survival data. The specification tested

throughout the analysis was:

h(t) = hy(t) exp (B;copay + B,demog + B;Rx + B,Dx + Bsyear + Bsmedbens)

t = time to first antihypertensive prescription

copay = OOP index from the year of initiation of antihypertensive medication
demog = avector of demographic variables

Rx = a vector of indicators for prior or overlapping prescription drug use
Dx = a vector of indicators for comorbid conditions

year = a vector of indicators for the year of first hypertension prescription

medbens = a vector of variables describing outpatient medical benefits

The model selected to test various thresholds of good adherence over a one or two year period after
patients initiated antihypertensive therapy, approximated by varying the percentage of the proportion of
days covered (PDC), was the multivariate logistic regression model. The covariates in these models were

the same as described in the Cox specifications above.

y(x) = By + Bjcopay + B,demog + B;Rx + B,Dx + Bsyear + Bsmedbens + e

X = a variable indicating PDC above or below a particular threshold value
copay = OO0P index from the year of initiation of antihypertensive medication
demog = a vector of demographic variables

Rx = a vector of indicators for prior or overlapping prescription drug use
Dx = a vector of indicators for comorbid conditions

year = a vector of indicators for the year of first hypertension prescription

medbens = a vector of variables describing outpatient medical benefits
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5.3 Multivariate Results

The regression coefficients and hazard ratios for the Cox models analyzing the number of days until a 60
or 90-day gap are presented in Tables 20 and 21. In each Table, Model 1 includes the main effects of
indicator variables for the number of medications that patients took in the period overlapping the index
date, and Model 2 adds interactions with these variables and the OOP index. We adjusted the standard

errors for clustering of patients within plans.
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Table 20: Cox Regression Models: Predictors of Time To First 90-Day Gap in Coverage

Model 1: Model 2:
Main effects Interactions
Potential predictors Coeft. Hazard Ratio Coeft.
Average copay index 0.0003216 1.00032 -0.0004159
[.0005017] [.0005018] [.0005502]
No. overlapping Rx
0 — — —
1 -2197** .8027** -0.4051
[.05057] [.04059] [.22]
2-3 -2106%* .8100** -.6012%*
[.04334] [.03510] [.1849]
4+ -2791%** 7564%* -4925%*
[.05928] [.04485] [.1764]
Interactions between Rx and copay
0 —_— — —_—
1 - -—-- 0.0008341
[.0008439]
2-3 -—-- -—-- .001746*
[.0007769]
4+ - -— 0.0009658
[.0008382]
Demographics
Age
65-70 -.2846%* J71523%* -.283%*
[.0685] [.04484] [.06906]
71-75 -311%* T237%* -.3097%*
[.05166] [.03785] [.05209]
76-80 -0.121 .8860 -0.1206
[.06258] [.05544] [.06294]
81+ —— —— ——
Male gender 0.05237 1.0357 0.05364
[.04724] [.04477] [.04698]
Urban residence 0.17540 1.19060 0.17920
[.2442] [.29101] [.2486]
Median HH income  0.000002488 1.00000 0.000002572
[5.162¢-06] [5.162¢-06] [5.193¢-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 21: Cox Regression Models: Predictors of Time To First 60-Day Gap in Coverage

Model 1: Model 2:
Main effects Interactions
Potential predictors Coeft. Hazard Ratio Coeft.
Average copay index 0.0003525 1.00035 -0.0001053
[.0005258] [.000526] [.0006286]
No. overlapping Rx
0 — — —
1 - 168** .8454%* -0.1922
[.03826] [.0323] [.1828]
2-3 -2237%* 71995%* -4901**
[.03586] [.0287] [.1583]
4+ -27758%* 1589%** -.5357**
[.07151] [.0542] [.1944]
Interactions between Rx and copay
0 —_— — —_—
1 - -—-- 0.0001152
[.0007704]
2-3 -—-- -—-- 0.001186
[.0007009]
4+ - -— 0.00117
[.0008256]
Demographics
Age
65-70 -292%* JT467** -.2922%%*
[.07397] [.0552] [.07459]
71-75 -.3505%%* 7043 %% -.3509%%*
[.05481] [.0386] [.05545]
76-80 -.1656** .8473%* - 167%*
[.05845] [.0495] [.0589]
81+
Male gender 0.06094 1.0628 0.06158
[.03307] [.03514] [.03305]
Urban residence 0.1931 1.2130 0.1992
[.2155] [.2614] [.2179]
Median HH income 0.00000 1.0000 0.00000
[4.698¢-06] [4.69¢-006] [4.727¢-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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For each outcome measure, Model 1 and Model 2 indicated the time to a 60 or 90-day gap in
antihypertensive therapy was significantly associated with the number of medications taken in the period
overlapping the initiation of antihypertensive medication, but that no association existed between the
outcome measures and the OOP index. The absence of any statistically significant effect of the OOP
index was found among the overall population (Model 1) and for populations taking different numbers of
concurrent medications (Model 2). Although the interaction between the OOP index and the indicator
variable for patients taking 2-3 concurrent medication was significant at the 5% level in the specification
modeling the time until a patient’s first 90-day gap, the full effect of the OOP index for this population,
measured by summing the interaction coefficient with the coefficient of the OOP index itself, was not
significant at the 5% level (p = 0.0726). Further models that explored possible threshold effects hinted at
in the univariate analyses of Figures 18 to 21 also yielded no significant results. Allowing the
relationship between the time to a 60-or 90-day gap and the OOP index to vary among the four quartiles
of the OOP index did not yield any significant relationship or trend; there existed no threshold level of a

high OOP index value beyond which the relationship was significant.

The main effect of the number of medications taken in the period overlapping the initiation of
antihypertensive medication was negatively associated with the time until a 90-day gap; relative to
patients without any concurrent drug use; taking 1 concurrent mediation was associated with a 20%
decrease in the hazard rate, taking 2-3 concurrent mediations was associated with a 19% decrease in the
hazard rate, and taking more than 4 concurrent mediations was associated with a 24% decrease in the
hazard rate. However, there were no statistically significant differences found between the coefficients on
the indicator variables for taking 1, 2-3, or more than 4 drugs in the period overlapping the index date (1

drug vs. 2-3 drugs: p = 0.902; 1 drug vs. 4+ drugs: p = 0.478; 2-3 drugs vs. 4+ drugs: p = 0.434)

Similar patterns were found for the time until a patient’s first 60-day gap. The absence of any effect of

the OOP index and a significant negative effect of taking any concurrent medications was observed in
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these analyses. In addition, there were also no differences between the indicator variables for whether a
patient took 1 drug, 2-3 drugs, or more than 4 drugs in a period overlapping the index date were not
statistically significantly (1 drug vs. 2-3 drugs: p = 0.354; 1 drug vs. 4+ drugs: p = 0.176; 2-3 drugs vs. 4+

drugs: p =0.547)

Numerous Models were estimated to compare the effect of those taking large numbers of concurrent
medications to those with lower levels of concurrent medications, but no Model indicated that there were

differences between these groups.

The regression coefficients for the logistic regression models analyzing the effect of potential predictors
on the probability of achieving a threshold level of PDC in the first one and two years of antihypertensive
therapy are presented in Tables 22, 23, 24 and 25. There are two sets of tables; the first set examines the
PDC levels across a patient’s first year of antihypertensive therapy, and the second set examines the first
two years. Within each set, the first table includes the main effects of the indicator variables for the
number of medications that patients took in the period overlapping the index date, and the second table
adds interactions with these variables and the OOP index. We adjusted the standard errors for clustering

of patients within plans.
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Table 22: Logistic Regression Models: Predictors of PDC in the First Year of Coverage (N=3473)

>80% >70% >60% >50% >40% >30%
Covered Covered Covered Covered Covered Covered
Days Days Days Days Days Days
Potential predictors
Average copay index -0.0001829 -0.0000117 -0.0000449 -0.0003935 0.0003176 0.0001813
[.0005089] [.000535] [.000408] [.0004331] [.0007062] [.0009013]
No. overlapping Rx
0 — - - — — —
1 2162%* .3345%* 3211% .2896%** .2538* 264*
[.07888] [.08878] [.1263] [.1028] [.1163] [.1148]
2-3 .2653%* .3939%* 4448** 4591%* .3987** .3904**
[.06165] [.06313] [.08544] [.07216] [.06985] [.05432]
4+ .5227%* 541%* 5678** A4957** 5748%* 1279%*
[.1012] [.1085] [.1196] [.108] [.06766] [.1367]
Interactions between Rx and copay
0 — — - — — —
1 — — - — — —
2-3 - - - - - -
4+
Demographics
Age
65-70 .539%* 5518%* 5416%* .6322%* .7043%* .6532%*
[.08323] [.1006] [.1146] [.1214] [.1364] [.1009]
71-75 A478%* 4203** 4462%* 4547%* 4378%* A4658**
[.056] [.09373] [.09879] [.1397] [.1467] [.0716]
76-80 2789%* 2677%* 222% 2554%* 0.2508 0.2369
[.05258] [.07963] [.09495] [.09385] [.1316] [.1238]
81+
Male gender -0.0122 0.009036 -0.01844 -0.08664 -0.1155 -0.07728
[.07663] [.1028] [.1108] [.09413] [.109] [.1025]
Urban residence -0.44800 -.8834* -.888%* -.9763%* -0.64690 -1.51900
[.3499] [.3878] [.3398] [.3612] [.3441] [.9402]
Median HH income  0.000007065 0.000006754 0.000004569 0.000002651 0.000008534 0.000001152
[8.405e-06] [9.540e-06] [6.401e-06] [7.014e-06] [6.007e-06] [8.270e-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 23: Logistic Regression Models: Predictors of PDC in the First Year of Coverage,
Interacted Model (N=3473)

>80% >70% >60% >50% >40% >30%
Covered Covered Covered Covered Covered Covered
Days Days Days Days Days Days
Potential predictors
Average copay index -0.00009369 -0.0006808 -0.001048 -0.001452 -0.0003282 -0.0002078
[.0009543] [.0009552] [.001012] [.0008065] [.001274] [.00161]
No. overlapping Rx
0 — — — —- —- J—
1 0.1292 0.1608 -0.1313 -0.1258 -0.139 0.04264
[.351] [.3718] [.5265] [.4569] [.6222] [.7181]
2-3 .5529%** 0.3164 0.3947 0.255 0.6325 0.7163
[.1724] [.258] [.2902] [.3537] [.3604] [.4227]
4+ 0.1917 -0.5181 -0.8809 -0.7676 -1.07* -1.102
[.6522] [.5536] [.684] [.726] [.4541] [.7261]
Interactions between Rx and copay
0 — — — —- —- J—
1 0.0004037 0.0008011 0.002087 0.001907 0.001821 0.001029
[.001566] [.001644] [.002315] [.002126] [.002897] [.003382]
2-3 -0.001306 0.0003625 0.0002404 0.0009363 -0.001045 -0.001462
[.0007131] [.001233] [.001294] [.00168] [.001675] [.002031]
4+ 0.001573 0.005032 .006899* 0.005987 .007921** .00886**
[.003143] [.002665] [.003371] [.003461] [.002597] [.003401]
Demographics
Age
65-70 5374%* .5482%* 5361%* .6287%* .6968** .6438%**
[.08353] [.09974] [.1147] [.1203] [.1342] [.1013]
71-75 A4758%* 4186%* A4434%* 4532%* 4341%* 4613%*
[.05538] [.09084] [.09711] [.1375] [.1443] [.07168]
76-80 2798** .2688** 2232% .2569%* 0.2511 0.236
[.05202] [.07836] [.09358] [.09212] [.1298] [.1223]
81+
Male gender -0.01084 0.01212 -0.01294 -0.08235 -0.1098 -0.07038
[.07637] [.1027] [.1112] [.09401] [.1104] [.1046]
Urban residence -0.45080 -.894* -.9042%* -.992%* -0.65910 -1.53000
[.3539] [.3867] [.3437] [.3616] [.3517] [.9412]
Median HH income ~ 0.000006789 0.000006706 0.000004352 0.000002539 0.000008204 0.000000866
[8.477e-06] [9.580e-06] [6.529¢-06] [7.062¢-06] [6.021e-06] [8.299¢-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 24: Logistic Regression Models: Predictors of PDC in the First 2 Years of Coverage (N=2403)

>80% >70% >60% >50% >40% >30%
Covered Covered Covered Covered Covered Covered
Days Days Days Days Days Days
Potential predictors
Average copay index 0.001453 0.0008732 0.0004623 0.0009054 0.001335 0.002798
[.001568] [.0009689] [.0008761] [.001308] [.001084] [.001533]
No. overlapping Rx
0 — J— - —- — —
1 .2838* 0.2197 0.2558 2967** .3049%* .3431*
[.1225] [.1409] [.151] [.09058] [.114] [.1746]
2-3 519%* A4728%* 4886%** A4635%* A654** AT1T7**
[.05131] [.1296] [.105] [.05096] [.1241] [.1237]
4+ .7486%* 5953 %** 1551%* TTT3** .6095%* .5556%*
[.1502] [.1209] [.1085] [.1078] [.101] [.1055]
Interactions between Rx and copay
0 — - - — — —
1 — J— - —- — —
2-3 - - - - - -
4+
Demographics
Age
65-70 .5537%* .6686** 7937** .616%* .6192%* .5295%*
[.1316] [.1276] [.1281] [.1123] [.1479] [.1236]
71-75 4592%* .5562%* 5414%* .5469** A495%* .5007**
[.103] [.05995] [.0564] [.06569] [.07647] [.08826]
76-80 2451 %* 362%* 2931%** 2934 2918** 0.2187
[.09274] [.0628] [.07146] [.07551] [.09253] [.1315]
81+
Male gender -0.007085 -0.03074 -0.02162 -0.02798 -.1744* -.2684**
[.06369] [.07093] [.1189] [.1042] [.08163] [.07481]
Urban residence -0.5441 -0.6768 -1.168%* -.9155% -1.334 -1.112
[.4659] [.4441] [.4571] [.4384] [.8043] [.7904]
Median HH income 0.00000 0.00001 0.00000 0.00000 0.00000 0.00000
[6.940e-06] [.00001075] [.00001165] [.0000104] [.00001121] [8.293¢-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 25: Logistic Regression Models: Predictors of PDC in the First 2 Years of Coverage,

Interacted Model (N=2403)

>80% >70% >60% >50% >40% >30%
Covered Covered Covered Covered Covered Covered
Days Days Days Days Days Days
Potential predictors
Average copay index 0.0008071 -0.0003001 -0.0005546 -0.00001645 -0.0002118 0.000339
[.001991] [.001208] [.001029] [.001286] [.00131] [.001297]
No. overlapping Rx
0 — —- — —- —- —
1 -0.1242 -0.2952 -0.7313 -0.1935 -0.1281 -0.7749
[.573] [.5726] [.5074] [.4835] [.7607] [.8683]
2-3 7564%* 0.5221 0.9222 0.6341 0.1045 -0.2004
[.2572] [.4078] [.5005] [.4363] [.7882] [.711]
4+ -0.3944 -1.022 -0.845 -1.11 -1.369 -1.497
[.7613] [.8399] [.8836] [.885] [.7889] [.8273]
Interactions between Rx and copay
0 — —- — —- —- —
1 0.002009 0.002532 0.004887 0.002422 0.002122 0.005557
[.002391] [.002698] [.00277] [.002628] [.004096] [.004468]
2-3 -0.00114 -0.0002205 -0.002071 -0.0008097 0.001772 0.003302
[.001185] [.001998] [.002278] [.00221] [.004147] [.003819]
4+ 0.00577 0.00818 0.008115 0.009648 .01008* .01045*
[.004137] [.004411] [.005185] [.005222] [.004727] [.004946]
Demographics
Age
65-70 547%* .6603** 7832%* .606*+* .6107** 5173%*
[.1339] [.1312] [.1326] [.1154] [.1501] [.1259]
71-75 A454%* .5503** 5354 .5405%* 4893** 494%*
[.1035] [.0656] [.06359] [.06484] [.07603] [.08757]
76-80 2444 %* 3612%* 2917%* 2919%* .2896%** 0.2123
[.09338] [.06075] [.06945] [.07314] [.09097] [.1288]
81+
Male gender -0.001258 -0.0224 -0.01088 -0.01802 - 1651%* -2544%%
[.06464] [.06934] [.1203] [.1057] [.08165] [.07421]
Urban residence -0.5754 -0.7167 -1.234%* -.9547* -1.368 -1.166
[.4664] [.4453] [.4762] [.4528] [.8154] [.8035]
Median HH income 0.00000 0.00001 0.00000 0.00000 0.00000 0.00000
[7.366e-06] [.00001108] [.00001193] [.00001051] [.00001122] [8.494¢-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.

Similar to the survival analyses for the time until a patient’s first 60 or 90-day gap, the analyses of various

thresholds of good adherence indicated a significant association with the number of medications taken in

the period overlapping the initiation of antihypertensive medication, but no association with the OOP

index.
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For all of the tested threshold levels, the absence of any statistically significant effect of the OOP index
was consistently found among the overall population (main effects models) and for nearly all
combinations of threshold levels and populations taking different numbers of concurrent medications
(interacted models). A significant relationship between the OOP index and patients taking more than 4
concurrent medications was found in models estimating the likelihood of achieving greater than 30% &
40% of PDC in the first year (combined OOP index and interaction coefficients: p=0.001 for 40%
threshold; p=0.004 for 30% threshold) and first two years (combined OOP index and interaction
coefficients: p=0.022 for 40% threshold; p=0.001 for 30% threshold)of antihypertensive treatment, but
these threshold levels of PDC are generally considered to measure poor adherence, and among the higher

threshold levels considered to indicate good adherence, this relationship was not found.

The main effect of the number of medications taken in the period overlapping the initiation of
antihypertensive medication was positively associated with adhering to all threshold levels of PDC. For a
threshold level of 80%, the most common outcome measure used to identify good adherence in the
literature, increasing numbers of concurrent medication was associated with larger main effects for
adherence levels measures across a patient’s first year (joint test of significance between 1, 2-3, and 4+
concurrent drugs; p = 0.0192) and 2 years (joint test of significance between 1, 2-3, and 4+ concurrent
drugs; p = 0.0002) of antihypertensive therapy. In the analyses across the first year and for a threshold
level of 80% PDC, taking 1 concurrent mediation was associated with a 24% increase in the odds of good
adherence, taking 2-3 concurrent mediations was associated with a 30% increase in the odds of good
adherence, and taking more than 4 concurrent mediations was associated with a 69% increase in the odds
of good adherence, all relative to patients without any concurrent drug use. The results for measuring a
threshold level of 80% PDC across the first two years of therapy were larger; taking 1 concurrent
mediation was associated with a 33% increase in the odds of good adherence, taking 2-3 concurrent

mediations was associated with a 68% increase in the odds of good adherence, and taking more than 4
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concurrent mediations was associated with a 111% increase in the odds of good adherence, all relative to

patients without any concurrent drug use.

5.4 Simulations

In both the survival analysis and logistic regression models, there was no significant relationship between
the OOP index and any of the outcome variables measuring good adherence. This was true for the overall
population in the main effects models, and for populations with and without concurrent drug use, as found
in the interacted models. Thus, generating predictions for the time to a 60 or 90-day gap or the
probability of good adherence observed when copayments doubled would not be useful, since the models

indicates that there are no differences in the outcome for different levels of the OOP index.

However, the effect of taking concurrent medications upon the initiation of antihypertensive medication
did exhibit a significant and negative relationship with the time until a 60 or 90-day gap, and a significant,

positive and monotonic relationship with the probability of good adherence.

Using the estimates from the main effects survival analysis model, Figure 22 simulates the effect of zero
and any concurrent medication usage on the time until a 90-day gap. Because the estimates for 1, 2-3,
and 4+ concurrent medications were not significantly different from each other, we collapsed the bins into
a single variable to represent any concurrent medication use. The graph demonstrates that taking

concurrent medications substantially delays the time until a 90-day gap.
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Figure 22: Percent Without a 90-Day Gap for Patients With and Without Concurrent Rx Use
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Tables 26 and 27 present the simulated probabilities of good adherence ( >80% PDC) for all participants

in the sample for 1, 2-3, and more than 4 concurrent medications for the first year and first two years of

coverage after the initiation

of antihypertensive medication. For patients not taking any concurrent

medications, the probability of good adherence was 58.5% in the first year of coverage and 52.7% in the

first two years of coverage.

good adherence was 70.2%

For those taking more than four concurrent medications, the probability of

in the first year of coverage and 69.2% in the first two years of coverage.
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Table 26: Percent of Patients with <80% PDC in the First Year of Coverage, Users of 1, 2-3, & 4
Concurrent Medications & Non-users

mean s.d.
No. Concurrent Medications
0 0.585 0.068
1 0.635 0.066
2-3 0.646 0.065
4+ 0.702 0.060

Table 27: Percent of Patients with <80% PDC in the First Two Years of Coverage, Users of 1, 2-3,
& 4 Concurrent Medications & Non-users

mean s.d.
No. Concurrent Medications
0 0.527 0.120
1 0.593 0.124
2-3 0.645 0.124
4+ 0.692 0.122

5.5 Sensitivity Analyses

Testing the Eligibility Criteria

As noted in Chapter 4, the most important assumption in the model that necessitated testing was the
eligibility criteria with which the sample of was identified. As in that analysis, we tested the models for
adherence on increasingly restrictive eligibility criteria to examine whether these criteria were responsible

for the observed effect of the OOP index.

Tables 28, 29, 30 and 31 present the results of 5 models with increasingly restrictive eligibility criteria for
the main effects and interaction specifications of the survival analysis of the time until a 90-day gap and
for the main effects and interaction specifications of the logistic regression analysis for the predictors of

greater than 80% PDC. In each Table, Model 1 is the base case, run on the full sample, requiring >1
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inpatient or outpatient physician visits with an ICD-9-CM code for hypertension, Model 2 restricts only to
those who have an initial inpatient or outpatient physician visits and at least 2 additional outpatient
physician visits with an ICD-9-CM code for hypertension, Model 3 restricts only to those who have an
initial inpatient or outpatient physician visits and at least 3 additional outpatient physician visits with an
ICD-9-CM code for hypertension, Model 4 restricts only to those who have an initial inpatient or
outpatient physician visits and at least 3 additional outpatient physician visits with an ICD-9-CM code for
hypertension and whose 1st & 2cd visits are spaced at least 30 days apart, and Model 5 restricts only to
those who have an initial inpatient or outpatient physician visits and at least 3 additional outpatient
physician visits with an ICD-9-CM code for hypertension and whose 1st & 2cd, and 2cd & 3rd visits are

spaced at least 30 days apart.

Table 28 revealed that the main effect of concurrent drug use on the time until a 90-day gap was robust to
increased eligibility criteria. All Models produced statistically significant estimates of roughly equal
magnitude. Further, while increased eligibility criteria produced point estimates of a larger magnitude
that increased with the number of concurrent drugs, particularly among those with more than 4 concurrent
medications, even Model 5, the specification for which this trend was the strongest, did not yield
estimates that passed a collective test of significance (all pairwise combinations were not jointly different;
p =0.27), and the estimate for those who took more than four medications was not different from the

other groups (1 drug vs. 4+ drugs: p = 0.109; 2-3 drug vs. 4+ drugs: p = 0.651).

Table 29 revealed that none of the survival analysis models measuring the time until a 90-day gap yielded

any significant effects of the OOP index, regardless of the eligibility criteria.

Table 30 revealed that the main effect of concurrent drug use on the probability of good adherence was
robust to increased eligibility criteria. Nearly all Models produced statistically significant estimates of

roughly equal magnitude. Model 5 did not yield significant estimates for patients with one or more than
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four concurrent drugs, but this may have been due to the decreased sample size in this specification,

particularly since point estimates are similar to Models 1-4.

Table 31 revealed that increasing eligibility criteria did not produce a significant relationship between the
OOP index and the probability of good adherence. However, in the most restrictive specifications,
Models 4 & 5, the interaction between the OOP index and those taking more than four concurrent
medications was significant at the 1% level. The full effect of the OOP index for this population,
measured by summing the interaction coefficients with the coefficient of the OOP index itself, was also

significant at the 1% level (p = 0.0000 for Model 4; p = 0.0044 for Model 5)
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Table 28: Cox Regression Results for Days Until 90-Day Gap Models with Increasingly Restrictive

Eligibility Criteria

Sample Size

Potential predictors

Average copay index

No. overlapping Rx

0

2-3

4+

Interactions between Rx and copay

0

2-3
4+
Demographics
Age
65-70
71-75

76-80

81+

Male gender

Urban residence

Median HH income

Model 1 Model 2 Model 3 Model 4 Model 5
5022 3490 2808 1769 1376
0.0003216 0.00009891 -0.0006268 -0.001032 -0.001211
[.0005017] [.0007368] [.0007259] [.0008992] [.00108]
-2197%%* -.2282%* -.2689%* -.2796** -263%*
[.05057] [.07762] [.07755] [.07346] [.1011]
-.2106** -.2918%* -.3494%* -.3496** -.3668%*
[.04334] [.04668] [.04493] [.1215] [.1339]
-2791%* -.3309%* -4035%%* -4341%* -4527%*
[.05928] [.08768] [.07089] [.1372] [.1515]
-.2846%* -.283%* - — -.3287%*
[.0685] [.06326] [.07781]
=31 -.2436%* 0.02528 .1594* -.2766**
[.05166] [.03772] [.06737] [.07408] [.0666]
-0.121 -.09302%** 223%% 0.2256 -0.1612
[.06258] [.03474] [.07444] [.1531] [.09045]
0.05237 0.0347 .08932* 0.0407 0.02893
[.04724] [.04744] [.0419] [.05655] [.08469]
0.17540 0.27370 0.28080 .5543* 0.31920
[.2442] [.2538] [.2604] [.2367] [.2847]
0.000002488 0.000003861 -7.064E-06 -4.809E-06 -1.826E-06
[5.162e-06] [5.504e-06] [6.363e-06] [4.158e-06] [5.571e-06]

Note: Model 1 required >1 inpatient (IP) or outpatient (OP) physician visits with an ICD-9-CM code for
hypertension (MD visit); Model 2 required 1* MD visit IP or OP and at least 2 additional OP MD visits, Model 3
required 1* MD visit IP or OP and at least 3 additional OP MD visits, Model 4 required 1* MD visit IP or OP and at
least 3 additional OP MD visits with 1* & 2cd visits spaced at least 30 days apart, Model 5 required 1* MD visit IP
or OP and at least 3 additional OP MD visits with 1% & 2cd and 2cd & 3™ visits spaced at least 30 days apart.
Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 29: Cox Regression Results for Days Until 90-Day Gap Models with Increasingly Restrictive

Eligibility Criteria, Interacted Model

Model 1 Model 2 Model 3 Model 4 Model 5
Sample Size 5022 3490 2808 1769 1376
Potential predictors
Average copay index -0.0004159 -0.0004503 -0.0009312 -0.000966 -0.0009225
[.0005502] [.0007419] [.0007961] [.000987] [.001314]
No. overlapping Rx
0 — J— — — —
1 -0.4051 -0.5943 -0.5445 -0.6364 -0.553
[.22] [.3915] [.4742] [.521] [.4564]
2-3 -.6012%* -0.3552 -0.426 -0.08475 0.1832
[.1849] [.2518] [.2742] [.6343] [.7583]
4+ -4925%* -4912* -0.3445 0.4048 0.5261
[.1764] [.2289] [.2775] [.5339] [.5969]
Interactions between Rx and copay
0 — — - - —
1 0.0008341 0.001683 0.001302 0.001679 0.001382
[.0008439] [.001657] [.002161] [.002532] [.002227]
2-3 .001746* 0.0002921 0.00036 -0.001283 -0.00265
[.0007769] [.001185] [.001285] [.002808] [.003306]
4+ 0.0009658 0.0007452 -0.0002914 -0.00416 -0.004839
[.0008382] [.001157] [.001447] [.003166] [.003474]
Demographics
Age
65-70 -283%* -2817** -3311%* - -
[.06906] [.06375] [.05911]
71-75 -.3097** -2431%* -3057** .1635% 0.05461
[.05209] [.03815] [.05615] [.07306] [.08561]
76-80 -0.1206 -.09147** -.1065* 0.2321 0.1736
[.06294] [.03474] [.05022] [.151] [.1168]
81+
Male gender 0.05364 0.03638 .09015* 0.03968 0.02928
[.04698] [.04668] [.04094] [.05423] [.08435]
Urban residence 0.1792 0.2645 0.2711 .5452% 0.3224
[.2486] [.2548] [.2647] [.2316] [.2699]
Median HH income 0.00000 0.00000 -0.00001 0.00000 0.00000
[5.193e-06] [5.573e-06] [6.390e-06] [4.279¢-06] [5.906e-06]

Note: Model 1 required >1 inpatient (IP) or outpatient (OP) physician visits with an ICD-9-CM code for
hypertension (MD visit); Model 2 required 1* MD visit IP or OP and at least 2 additional OP MD visits, Model 3
required 1* MD visit IP or OP and at least 3 additional OP MD visits, Model 4 required 1* MD visit IP or OP and at
least 3 additional OP MD visits with 1* & 2cd visits spaced at least 30 days apart, Model 5 required 1* MD visit IP
or OP and at least 3 additional OP MD visits with 1% & 2cd and 2cd & 3™ visits spaced at least 30 days apart.
Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 30: Logistic Regression Results for >80% PDC in First Year of Coverage Models with
Increasingly Restrictive Eligibility Criteria

Model 1 Model 2 Model 3 Model 4 Model 5
Sample Size 3473 2771 2375 1557 1230
Potential predictors
Average copay index -0.0001829 0.0002454 .001318** .00137** 0.0003731
[.0005089] [.0006259] [.000486] [.0004721] [.001011]
No. overlapping Rx
0 — — — — o
1 2162%* .2202%* 2784%* 215%* 0.2348
[.07888] [.09434] [.09951] [.06896] [.1363]
2-3 2653%* .3836%* .503%* .5424%* ST714%*
[.06165] [.07042] [.04896] [.07984] [.09284]
4+ 5227%* 5961%* 5913%* 5876%* 0.5519
[.1012] [.1639] [.2188] [.1991] [.2867]
Interactions between Rx and copay
0 - — —- —- -
1 — — — — o
2-3 -—-- -—-- -—-- -—-- ----
4+
Demographics
Age
65-70 .539%* A4623%* S5736%* .6257%* -
[.08323] [.08668] [.08412] [.1343]
71-75 AT8H* .3997** S161%* AS31H* -0.0525
[.056] [.06924] [.06487] [.1055] [.1352]
76-80 2789%* 2354%* 2962%* 33% -2969*
[.05258] [.06346] [.08102] [.1305] [.1205]
81+
Male gender -0.0122 0.00395 -0.06068 -0.0508 0.0076
[.07663] [.07527] [.1037] [.1355] [.1277]
Urban residence -0.44800 -0.76060 -0.85770 -0.87640 -0.63180
[.3499] [.5203] [.6134] [.808] [.7844]
Median HH income  0.000007065 0.0000102 .00002132* .00002327** .00001745*
[8.405¢-06] [7.250e-06] [9.573¢-06] [6.567¢-06] [8.206¢-06]

Note: Model 1 required >1 inpatient (IP) or outpatient (OP) physician visits with an ICD-9-CM code for
hypertension (MD visit); Model 2 required 1* MD visit IP or OP and at least 2 additional OP MD visits, Model 3
required 1* MD visit IP or OP and at least 3 additional OP MD visits, Model 4 required 1* MD visit IP or OP and at
least 3 additional OP MD visits with 1* & 2cd visits spaced at least 30 days apart, Model 5 required 1* MD visit IP
or OP and at least 3 additional OP MD visits with 1% & 2cd and 2cd & 3™ visits spaced at least 30 days apart.
Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Table 31: Logistic Regression Results for >80% PDC in First Year of Coverage Models with
Increasingly Restrictive Eligibility Criteria, Interacted Model

Model 1 Model 2 Model 3 Model 4 Model 5
Sample Size 3473 2771 2375 1557 1230
Potential predictors
Average copay index -0.00009369 -8.914E-06 0.0006561 0.0001983 -0.000826
[.0009543] [.001195] [.001032] [.000803] [.001737]
No. overlapping Rx
0 — J— — — —
1 0.1292 0.2135 -0.03925 -0.2655 0.4018
[.351] [.3571] [.3746] [.3647] [.7106]
2-3 .5529%* 0.4457 .5288%* 0.6176 -0.09824
[.1724] [.2548] [.1795] [.4847] [.6477]
4+ 0.1917 -0.03601 -0.4356 -2.382%* -2.234
[.6522] [.9356] [1.021] [.5305] [1.147]
Interactions between Rx and copay
0 — — - - —
1 0.0004037 0.00003307 0.001521 0.002288 -0.0008096
[.001566] [.001563] [.001646] [.001712] [.003252]
2-3 -0.001306 -0.0002794 -0.0001103 -0.0003515 0.003172
[.0007131] [.001121] [.0008392] [.002131] [.002966]
4+ 0.001573 0.003018 0.004984 .01478** .0138%*
[.003143] [.004454] [.004639] [.002602] [.005205]
Demographics
Age
65-70 5374%* A4615%* - - -
[.08353] [.08671]
71-75 A4758%* 3991 %= -0.05822 -0.1604 -0.03948
[.05538] [.06913] [.07724] [.1017] [.1424]
76-80 2798%* 2373%* -2731%* -2773* -.2868*
[.05202] [.06294] [.06983] [.1095] [.1175]
81+
Male gender -0.01084 0.005498 -0.05816 -0.04083 0.01169
[.07637] [.07391] [.1026] [.1335] [.1234]
Urban residence -0.4508 -0.7647 -0.871 -0.9297 -0.6819
[.3539] [.5235] [.611] [.8147] [.803]
Median HH income 0.00001 0.00001 .00002103* .00002317** .00001835*
[8.477e-06] [7.319¢-06] [9.718e-06] [6.592e-06] [8.157e-06]

Note: Model 1 required >1 inpatient (IP) or outpatient (OP) physician visits with an ICD-9-CM code for
hypertension (MD visit); Model 2 required 1* MD visit IP or OP and at least 2 additional OP MD visits, Model 3
required 1* MD visit IP or OP and at least 3 additional OP MD visits, Model 4 required 1* MD visit IP or OP and at
least 3 additional OP MD visits with 1* & 2cd visits spaced at least 30 days apart, Model 5 required 1* MD visit IP
or OP and at least 3 additional OP MD visits with 1% & 2cd and 2cd & 3™ visits spaced at least 30 days apart.
Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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Patients Who Discontinue Medication Entirely

We also analyzed whether the relationship between the time until discontinuation and the OOP index, and
the time until discontinuation and the number of concurrent drugs differed for patients who did not refill
their antihypertensive medication after a 90-day gap in coverage. Table 32 presents the observation
window for patients who were not observed refilling a prescription after a 90-day gap in coverage. Of the
5022 patients in the sample, 834 patients met this criteria. A quarter of patients received less than 60-
days worth of medication before discontinuing, and half of patients were covered for nearly half a year
(169 days) before discontinuing. Most of the 834 patients were observed for a significant period of time
following their 90-day gap. The minimum amount of time observed post-90-day gap was 2 days (the

time post-discontinuation includes the 90-day gap itself), and the median time was 200 days.

Table 32: Number of Days Observed for Patients Who Discontinue Antihypertensive Medication

N Mean Min 25% 50% 75% Max
Number of days observed post-Rx 5022 765 1 302 699 1176 1819
Days until 90 day gap for patients
who discontinue entirely 834 331 5 60 169 511 1681
Numberr of days observed post-
discontinuation 834 443 92 159 290 595 1767
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Table 33 presents the Cox regression coefficients for the main effects and interacted models identical to
those presented in Section 5.3. In these models, however, failure is indicated only for those who
discontinue entirely (N = 834), rather than for those who are simply observed with a 90-day gap in
coverage (N = 1838). These models yielded similar results to those in Section 5.3; the coefficients for
patients taking concurrent medications were negative and significant in the main effects models, and the
coefficients for the OOP index and its interactions with concurrent medications were not significant.
Although the interaction between the OOP index and those taking one concurrent medication was
significant at the 5% level, the combined coefficients did not produce a significant estimate (p = 0.066).
Also, the apparent trend in the point estimates of the effect of concurrent medication did not pass a joint
test of significance (all pairwise combinations were not jointly different; p=0.343). Thus, it appears that
patients who are observed discontinuing medication entirely were not different from those observed with

simply a 90-day gap.
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Table 33: Cox Regression Models: Predictors of Time to Discontinuation After 90-Day Gap in

Coverage
Model 1: Model 2:
Main effects Interactions
Potential predictors Coeff. Hazard Ratio Coeft.
Average copay index 0.0002729 1.00027 -0.0005863
[.000647] [.000647] [.0009941]
No. overlapping Rx
0 — — —
1 -.2354%* 7903** -.7039%*
[.07919] [.0626] [.2655]
2-3 - 1669** .8462%* -0.3736
[.06349] [.0537] [.3212]
4+ -0.08498 .9185%* -0.2915
[.07397] [.0679] [.2752]
Interactions between Rx and copay
0 — — —
1 - - .00197*
[.0009732]
2-3 -—-- -—-- 0.0008839
[.001414]
4+ ——- - 0.0008845
[.001315]
Demographics
Age
65-70 -0.1684 .8450 -0.1639
[.09495] [.0802] [.09437]
71-75 -.3224%* 7244%* -3188**
[.1098] [.0795] [.1088]
76-80 -0.1559 .8556 -0.1523
[.1139] [.0974] [.1135]
81+
Male gender 0.09098 1.095 0.0931
[.0733] [.0803] [.07292]
Urban residence -0.40830 .6647 -0.42240
[.3148] [.2093] [.3156]
Median HH income  .00002129** 1.00002** .00002146%*
[7.255e-06] [7.26e-06] [7.324¢-06]

Note: Standard errors in brackets; * significant at 5% level; ** significant at 1% level.
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5.6 Discussion

We found that an out-of-pocket cost (OOP) index that measured plan generosity was not associated with
the time until a 60 or 90-day gap, or with the probability of good adherence across the first one or two
years of antihypertensive medication for patients newly identified with hypertension. However, taking
medications to treat conditions other than hypertension concurrently with the initiation of
antihypertensive therapy was negatively associated with the time until a 60 or 90-day gap and positively
associated with the probability of good adherence across the first one or two years of antihypertensive

therapy.

Several of the explanations described earlier, in Section 4.6, also apply to the findings from these analyses
of adherence. It is possible that differences in patient preferences for prescription drug treatment might
explain the results, and/or that differences in disease severity might be responsible. Again, because our
study was an observational analysis, no causal conclusions can be made from the results. Thus, it is not
likely that these results reflect a behavioral effect, whereby using drugs concurrently with the initiation of
antihypertensive therapy is the act that causes better adherence. It is more likely that we observed a
selection effect, whereby unobserved variables such as patient preferences for prescription drug therapy

and/or disease severity were correlated with using concurrent medications.

Similar to the initiation analysis, the adherence analyses indicated that patient preferences for drug
therapy may be most responsible for the observed differences between those with and without concurrent
drug use. Several sensitivity analyses were conducted to test the possibility that differences in disease

severity were responsible for the observed effects.

As in the initiation of analysis discussion, in order to identify a population of more homogenous disease
severity, we tested whether applying more restrictive eligibility criteria might have produced different

results. By requiring patients to have an initial inpatient or outpatient physician diagnosis and at least
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three additional outpatient diagnoses of hypertension, those without true hypertension or very mild
disease were more likely to be excluded from the sample. Estimating the model with these criteria did not
produce results different from those for the full sample. Nevertheless, despite these analyses, it is
possible that average blood pressure levels between patients with and without drug histories differed; the
claims data analyzed here do not contain the clinical information to know for certain, and future research

should explore the causal factors underlying these results.

Although the main analyses revealed that the OOP index was not related to (1) long, consecutive gaps in
coverage (60 or 90-days), or (2) with having at least a total of 20% (or more) uncovered days in the first
one or two years, we also tested whether the OOP index was linearly related to the number of uncovered
days. It is possible that small differences in copayment levels might lead individuals to be a few days late
between prescription refills, perhaps only sometimes and not others, rather than allowing long periods of
time to pass without coverage. However, linear regression analyses of the total number of days without
antihypertensive coverage in the first year or two years produced similar results to the main analyses; no
effect was found between the total number of uncovered days and the OOP index, and a significant
negative relationship was found with taking concurrent medications. Thus, the OOP index appeared to be

robustly unrelated to adherence no matter how the adherence outcome is operationalized.

It is useful to consider these results in light of the results from the initiation of hypertension analysis.
From that analysis, we learned that patients with less generous insurance benefits were slower to initiate
antihypertensive medication, and that patients with a history of prior drug use initiated antihypertensive
medication much more quickly. The adherence analyses indicated that once patients initiate therapy,
variation in insurance benefits did not affect whether patients had large or small gaps in therapy, or
discontinued therapy entirely. Perhaps once patients decide to treat their hypertension, they are willing to
pay the costs to maintain treatment. The initiation of treatment may be the hurdle over which patients

muss pass to comply with antihypertensive therapy.
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Finally, as mentioned in Section 4.6, the same limitations of the data and of the OOP index that applied

for the initiation of therapy analysis also apply for this analysis.
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CHAPTER 6: CONCLUSIONS AND POLICY IMPLICATIONS

This dissertation revealed that an out-of-pocket cost (OOP) index that measured plan generosity was
negatively associated with the time to initiation of antihypertensive medication, and not associated with
the time until a 60 or 90-day gap, or with the probability of good adherence across the first one or two
years of antihypertensive medication for patients newly identified with hypertension. It also revealed that
patients who take medications to treat conditions other than hypertension were likely to initiate

antihypertensive therapy more quickly and adhere better to their antihypertensive medication regimen.

How do these results fit into the literature? As mentioned in the LITERATURE REVIEW, there is little
research that specifically explores the initiation of antihypertensive therapy. However, there is an ample
literature measuring predictors of good adherence, although a consensus on the effect of these predictors
is lacking, and the effect of cost-sharing on adherence is notably absent. As mentioned earlier, these
analyses attempt to dissect the often observed effect of cost-mediated utilization reductions into two of its
three primary components: initiation and adherence of medication regiments. The third component, the

intensity of treatment, is not evaluated here.

Our results indicate that for elderly patients newly diagnosed with hypertension, much of the utilization
reduction that is mediated by price may occur at the point of initiation of therapy rather than manifest as
poor adherence across the duration of therapy after it has begun. If verified, this is a novel result from

which several policy lessons may be gleaned and used to design drug benefits or interventions aimed to

achieve a more societally optimal outcome.

First, it is worthwhile to consider the welfare implications of this potential reduction in utilization.
Clearly since insured patients pay only a fraction of the true cost for each health care service, and the
remaining fraction is spread across the entire insured group, there is an incentive for persons with

insurance to overuse care. In the traditional economic sense, “overuse” implies that the cost of a service
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exceeds its value. In the context of this analysis, overuse would occur if a patient with full information
about the necessity for and the health consequences of their many treatment options used prescription
drugs in lieu of equally indicated less expensive treatments, such as diet and exercise, or used an
expensive brand drug instead of a cheaper generic, because they were shielded from the true cost of the
treatment. In other words, if they were forced to pay 100% of the costs, they would have made a different
decision. Economists call such insurance-mediated overuse a “moral hazard”. Pauly demonstrated that
no matter whether one considers such behavior “moral perfidity” or “rational economic behavior”, it is
likely to produce welfare loss because, for some services, the marginal value is less than its cost (Pauly
1968). Pauly also showed that implementing cost-sharing would reduce the amount of welfare loss
because people would not demand those services for which the cost-sharing amount exceeded the value

provided by the service.

But will this reduction in utilization caused by cost-sharing always result in more efficient care —i.¢., the
trimming of waste — or potentially lead to a reduction in necessary care? Though economic theory
predicts that people will use fewer services when they face cost-sharing, it is not clear whether patients
make sound judgments about which services are unnecessary and can be cut. Are they the same ones a
physician would recommend cutting? The RAND Health Insurance Experiment found that patients were
not the best judges of medical necessity. In the cost-sharing group of that experiment, medical experts
deemed many of the service reductions would have been medically effective (Lohr 1986). How well
patients are informed about the benefit of prescription drugs and the severity of their disease condition is

likely to be crucial when they are determining whether a medication is worth its cost.

Although it is generally accepted that patients with hypertension be treated to reduce their blood pressure,
the intensity and course of treatment depends upon factors such as the actual blood pressure level and a
patient’s comorbid conditions. As discussed earlier, it is likely that most of our population has relatively

mild hypertension, but, nevertheless, even mild hypertension warrants treatment. The symptoms of
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hypertension are notably absent — the disease is often dubbed the “silent killer” — which often leads
patients to believe that treatment is not necessary. Further, although first-line treatment for most patients
consists of inexpensive diuretics, often medications from other, more expensive drug classes are
inappropriately administered, and the cost of the prescribed treatment is greater that it need be. All these
factors indicate that it is likely that, in most cases, a reduction in antihypertensive utilization due to cost

reflects the under use of medical care.

If we assume that cost-related reductions lead to cases where therapy is indicated but not obtained, then it
is important to consider the potential health consequences of our findings for different subgroups of
patients. The initiation of therapy analysis revealed that patients with a prior history of drug use were
much less sensitive to price than those without prior drug use. However, although many sensitivity
analyses were conducted to test the assumption that disease severity may have differed between these two
groups, and all models controlled for a host of disease conditions, let us assume for a moment that
patients with a prior history of drug use did in fact have greater disease severity. If so, it is possible that
the negative health effects from this subgroup’s cost-related reductions in utilization could actually be
greater than for those without a history of prior drug use, despite the much smaller absolute reduction in

the probability of initiating therapy.

It may also be the case that for some patients, perhaps those with only slightly elevated blood pressure or
no comorbidity, the optimal time to initiation is greater than zero days. Perhaps the patient and doctor
would like to try a diet and exercise regimen before committing to drug therapy. Even in these cases,
however, when a watchful waiting strategy may be a rational choice, the additional waiting time mediated
by insurance benefits may negatively affect health outcomes, particularly for those without a prior history
of drug use, since these patients are so price-sensitive, and their waiting times may increase far beyond
their optimal value. Other patients for whom immediate therapy is indicated may also wait to initiate

therapy because they are not fully informed about the importance of treating their disease. Perhaps after
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reflecting for a period of time, or from additional coaxing by their physicians, they eventually relent and
decide to initiate treatment. If higher copayments compel these patients to wait longer to commit to

therapy, it is likely that they may face negative health consequences as well.

But what does “waiting” to initiate therapy actually mean? Are patients receiving prescriptions from their
physicians but failing to fill them at a pharmacy, or are they not receiving prescriptions at all? Although
our data do not indicate which is the case, and there is not much evidence specifically exploring this issue,
there is research to indicate that patients usually do not tell their physicians about their self directed
reductions in drug use (Piette Sept 2004), nor do they discuss their out-of-pocket costs or how they might
be managed with their physicians (Alexander 2003). Thus, it is likely that, because physicians are mostly
unaware of patients’ out-of-pocket costs, they do not vary their prescription writing habits based upon a
patient’s insurance benefits, and it is likely that patients do in fact neglect to fill their prescribed
medications. In fact, there is evidence that a substantial number of patients in the Kaiser Permanente
system do not fill prescriptions written by their physician (Reed 2005). Because, unfortunately, patients
who restrict medication use due to cost also report declines in health status, including higher rates of
angina, nonfatal heart attacks and strokes (Heisler 2004), it is important that policymakers consider

changes to benefits or design interventions to combat such underutilization mediated by cost.

The primary policymakers who can benefit from this research are those who design and pay for insurance
benefits, such as large employers, health insurance companies, and government, as well as the
gatekeepers of prescription drugs themselves, the physicians. Many policy levers and interventions could
be implemented to encourage appropriate drug utilization, particularly among those patient populations
who may be most at risk for the negative health consequences of failing to initiate and adhere to therapy.
Because insurance generosity affected the initiation but not adherence to medication, solutions that
encourage greater uptake of antihypertensive medications are likely to be the most effective. In addition,

both the initiation and adherence analyses indicated that patients without prior drug use were the most
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price-sensitive and the least likely to initiate and adhere well to therapy. Thus, if these results are correct,

these are the patients that should be targeted.

For example, to encourage faster initiation, insurers might consider decreasing copayments for patient
populations who have never used prescription drugs in the past. They might also consider providing
financial incentives for physicians to discuss pharmacy benefits with patients, particularly those without a
prior history of drug use, in order to encourage the appropriate initiation of therapy. In fact, physicians
may have the most leverage to influence patients’ drug utilization habits, as many studies assert that
physician intervention and management help patients become more comfortable with drug therapy. At
the time each prescription is written, physicians could query patients about their past history with
prescription drug use. For patients that report never having used prescription drugs, physicians could
provide them with information about the benefits of drug therapy and the risks of abstaining from therapy.
Patients could also be enrolled in a program where they receive telephone calls to follow up on their care.
Given that Medicare is set to unleash the Part D drug benefit in 2006 at an expense of several hundred
billion dollars, it is prudent for CMS to ensure that their beneficiaries are receiving care when they need it
most and are not hindered by a lack of information or the cost of care. Such measures could potentially

improve the health of millions of American elderly patients.
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Appendix: Full Model Results

Table 6, Model 2
stcox avg _cop icdy nung365 123 nung365 456 nung365 7up nungl23cop nung456cop

nung7cop $demog $htsndz $nonhtsndz yricdg—yricd5 Smedbens, nolog cluster (clustid) nohr

failure d: fail
analysis time t: distime2

Cox regression -- Breslow method for ties

No. of subjects = 7879 Number of obs = 7879
No. of failures = 5022

Time at risk = 3101521

Wald chi2 (30)
-41759.782 Prob > chi?2

Log pseudo-likelihood

(standard errors adjusted for clustering on clustid)

| Robust
ot Coef. Std. Err. z P> z| [95% Conf. Intervall]
_____________ +________________________________________________________________
avg _cop _icdy | -.0050786 .0009453 -5.37 0.000 -.0069314 -.0032258
nung365 123 | -.3532381 .1841578 -1.92 0.055 -.7141806 .0077045
nung365 456 | -.2790321 .2401839 -1.16 0.245 -.7497838 .1917197
nung365 7up | -.1883467 .2048161 -0.92 0.358 -.5897789 .2130856
nungl23cop | .0046016 .0009274 4.96 0.000 .0027839 .0064194
nung456cop | .0042988 .0011116 3.87 0.000 .0021201 .0064774
nung7cop | .003773 .000972 3.88 0.000 .0018679 .0056782
age 6570 | .1877008 .0278317 6.74 0.000 .1331517 .24225
age 7175 | .1478952 .0222054 6.66 0.000 .1043734 .191417
age_ 7680 | .0890411 .0336145 2.65 0.008 .0231579 .1549242
male | -.0576052 .018886 -3.05 0.002 -.0946211 -.0205893
medhhinc | 3.75e-06 2.58e-06 1.45 0.146 -1.31e-06 8.82e-06
urban | -.0322451 .1303839 -0.25 0.805 -.2877929 .2233027
chf lyrbdh~n | -.1719279 .0643823 -2.67 0.008 -.2981148 -.0457409
diab2 lyrb~n | -.2047716 .0417005 -4.91 0.000 -.2865032 -.1230401
hypchol 1ly~n | -.2023167 .0382908 -5.28 0.000 -.2773652 -.1272682
ami lyrbdh~n | .1929313 .0938026 2.06 0.040 .0090816 .3767809
vasc_lyrb4~n | .1456248 .0651079 2.24 0.025 .0180157 .2732338
deprss lyr~n | -.2754054 .0686422 -4.01 0.000 -.4099415 -.1408692
asthcopd 1~n | -.1346991 .0413929 -3.25 0.001 -.2158277 -.0535705
osteo lyrb~n | =-.1603879 .0369999 -4.33 0.000 -.2329063 -.0878695
gacid lyrb~n | =-.0672125 .0274227 -2.45 0.014 -.1209599 -.013465
thyr lyrbd4~n | -.1685642 .0549821 -3.07 0.002 -.2763272 -.0608012
glauc_ lyrb~n | .0246197 .0393975 0.62 0.532 -.0525981 .1018375
allrhin ly~n | -.0832883 .0657707 -1.27 0.205 -.2121965 .0456198
chrnsin ly~n | .0526377 .0914877 0.58 0.565 -.1266749 .2319502
ibd lyrbdh~n | -.1752944 .1584578 -1.11 0.269 -.4858659 .1352771
ulcer lyrb~n | =-.2371787 .1043603 -2.27 0.023 -.4417211 -.0326362
yricd2 | .0993255 .0652927 1.52 0.128 -.0286458 .2272968
yricd3 | .0856967 .0349286 2.45 0.014 .017238 .1541555
yricd4 | .2387667 .0406038 5.88 0.000 .1591847 .3183488
yricd5 | .3473766 .0595398 5.83 0.000 .2306808 .4640724
op_copay | .0069806 .0096564 0.72 0.470 -.0119456 .0259069
op_coins | .0509264 .0333357 1.53 0.127 -.0144103 .1162631
opcoin d | -.9298691 .6816713 -1.36 0.173 -2.26592 .406182
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Table 20, Model 2

stcox avg cop rxy novr_ rxl novr rx23 novr rx4plus novrcopl novrcop23 novrcop4 $demog
S$htsndz $nonhtsndz S$medbens yrrx2-yrrx5 if init diff>=0, cluster(clustid) nolog nohr

failure d: fail
analysis time t: distime
note: age 8lplus dropped due to collinearity

Cox regression -- Breslow method for ties
No. of subjects = 5022 Number of obs = 5022
No. of failures = 1838
Time at risk = 2620255
Wald chi2 (30)
Log pseudo-likelihood = -14607.664 Prob > chi?2

(standard errors adjusted for clustering on clustid)

| Robust
ot Coef. Std. Err. z P> z| [95% Conf. Intervall]
_____________ +________________________________________________________________
avg cop rxy | -.0004159 .0005502 -0.76 0.450 -.0014943 .0006625
novr rxl | -.4050523 .2199651 -1.84 0.066 -.836176 .0260715
novr rx23 | -.6011637 .1848883 -3.25 0.001 -.963538 -.2387893
novr rx4plus | -.4925176 .1763762 -2.79 0.005 -.8382086 -.1468266
novrcopl | .0008341 .0008439 0.99 0.323 -.00082 .0024881
novrcop23 | .0017461 .0007769 2.25 0.025 .0002234 .0032689
novrcop4 | .0009658 .0008382 1.15 0.249 -.000677 .0026087
age_ 6570 | -.2830289 .0690601 -4.10 0.000 -.4183842 -.1476737
age 7175 | -.3097047 .0520898 -5.95 0.000 -.4117988 -.2076105
age_7680 | -.1206091 .0629445 -1.92 0.055 -.2439782 .0027599
male | .0536384 .0469776 1.14 0.254 -.038436 .1457127
medhhinc | 2.57e-06 5.19e-06 0.50 0.620 -7.61le-06 .0000128
urban | .1792425 .2486156 0.72 0.471 -.308035 .6665201
chf lyrbdh~n | .1622611 .1234882 1.31 0.189 -.0797712 .4042934
diab2 lyrb~n | .0143301 .0373405 0.38 0.701 -.0588559 .0875162
hypchol 1ly~n | -.1350221 .02970098 -4.54 0.000 -.1932522 -.076792
ami lyrbdh~n | .0468313 .0836009 0.56 0.575 -.1170234 .210686
vasc_lyrb4~n | .0615687 .0782381 0.79 0.431 -.091775 .2149125
deprss lyr~n | .3826304 .1023862 3.74 0.000 .1819573 .5833036
asthcopd 1~n | .034822 .08342098 0.42 0.676 -.1286975 .1983415
osteo lyrb~n | .0276165 .0578069 0.48 0.633 -.085683 .1409159
gacid lyrb~n | .0794263 .0497109 1.60 0.110 -.0180054 .1768579
thyr lyrbd4~n | -.1423682 .0635264 -2.24 0.025 -.2668777 -.0178586
glauc_lyrb~n | .0379871 .0931672 0.41 0.683 -.1446174 .2205915
allrhin ly~n | .0108672 .1732336 0.06 0.950 -.3286644 .3503989
chrnsin ly~n | .0200155 .137744¢6 0.15 0.884 -.249959 .2899899
ibd lyrbdh~n | .2222106 .1569219 1.42 0.157 -.0853507 .5297718
ulcer lyrb~n | =-.1151204 .11074064 -1.04 0.299 -.3321794 .1019386
op_copay | -.030211 .02511098 -1.20 0.229 -.079445 .0190229
op coins | -.0943268 .0402556 -2.34 0.019 -.1732264 -.0154272
opcoin d | 1.688849 .8528971 1.98 0.048 .017201 3.360496
yrrx2 | -.0028964 .093431 -0.03 0.975 -.1860178 .180225
yrrx3 | -.0460625 .0399867 -1.15 0.249 -.124435 .0323099
yrrx4d | .1587604 .0423782 3.75 0.000 .0757007 .2418201
yrrx5 | .0737398 .122174 0.60 0.546 -.1657168 .3131964
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