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This dissertation looks at how public health programs and prescription drug

insurance affect health and health-related behaviors and expenditures. The first

chapter examines the effect of Medicaid prescription drug coverage on state-level

mortality using the implementation period as a natural experiment. The second

chapter looks at state-level changes in life expectancy from the 1970s to 2000s and

explores the role of state prescription drug programs as a possible explanatory

variable. The third chapter examines how health care expenditures change with

prescription drug insurance status.
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Chapter 1

The Effect of Prescription Drug

Coverage on Mortality: Evidence

from Medicaid Implementation
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1.1 Introduction

Between 1960 and 2010, U.S. life expectancy increased by 9 years, from

70 to 79. While there is general agreement that advances in medical technologies

underlie much of this improvement, there is less consensus surrounding the role

of insurance as a facilitator of access to life-saving treatments. I analyze this link

in the context of Medicaid prescription drug coverage, which was extended to low

income households during the program’s early years.

Recent studies of broader health insurance expansions, such as Medicare

implementation and the Oregon Health Insurance Experiment, have emphasized

the financially protective role of health insurance (Finkelstein and McKnight, 2008;

Baicker et al., 2013). One reason for this focus involves lack of strong evidence

of health or mortality effects (Finkelstein et al., 2012; Baicker et al., 2013); faced

with a life or death choice, we expect patients will choose to get treatment if at

all possible. This raises the question of when, if ever, insurance might play an

essential role as a facilitator of access to life-saving treatments.

Existing evidence suggests a variety of reasons why prescription drug cov-

erage may play an important role in ensuring access and adherence to courses of

therapy. First, several studies find high responsiveness to copays for drugs (Chan-

dra et al., 2010; Johnson et al., 1997; Soumerai et al., 1991, 1994). Second, ad-

herence rates are often low, even for life threatening diseases (Baicker et al., 2012;

Choudhry et al., 2011; Federman et al., 2001; Steinman et al., 2001). Finally, ob-

taining prescriptions requires regular access to medical professionals. I examine

the potential effects of drug expansions for the poor with these considerations in

mind.

Medicaid implementation provides a unique opportunity to study the effect

of prescription drug coverage on mortality. Unlike Medicare, Medicaid’s implemen-

tation presented states with significant flexibility regarding timing of adoption and

which services and populations to cover (beyond those mandated). Prescription

drugs were one such service; while their financing benefited from federal support,

states were not obligated to provide drug coverage to their Medicaid beneficiaries. I



3

evaluate the effectiveness of these drug coverage expansions by measuring the effect

of the associated drug spending on mortality. With wide variation in the breadth

and timing of drug coverage expansions, I use an instrument to isolate plausibly

exogenous variation in prescription drug spending. This instrument, which reflects

the differential expansions over time and across states, serves to remove endogene-

ity between prescription drug expenditures and other unobservables that might be

correlated with mortality.

I find that Medicaid prescription drug spending reduced state-level mortal-

ity. Overall, when states increase Medicaid prescription drug expenditures by $1

per state resident, state-wide mortality from internal causes drops by 2.1 deaths

per hundred thousand, a decline of 0.24% from an average of 859 deaths per hun-

dred thousand. Disease-group results are consistent with aggregate improvements

in life expectancy, as these mortality gains are disproportionately concentrated

among cardiovascular, circulatory, respiratory, and infectious diseases. The reduc-

tion in all internal-cause mortality resulting from Medicaid drug spending suggests

a cost per death averted of roughly $47,800 and cost per life-year saved of $20,100

(in 2013 dollars).

The science around heart disease and its treatments provides the oppor-

tunity to perform some interesting falsification tests. For example, beta-blockers

were available during this time frame and were indicated for the treatment of hy-

pertension. However, I should only find an effect for hypertensive diseases which

pose a serious risk of near-term death since I analyze contemporaneous mortality.

I find that deaths from malignant hypertension, which poses serious risk of near-

term death, declined significantly. On the other hand, I find no effect on essential

benign hypertension, which usually takes decades to cause serious risk of death.

Also, while modern science has revealed that beta-blockers lower the risk of death

from congestive heart failure (CHF), at the time they were specifically contraindi-

cated for these patients because it was believed that the drugs would exacerbate

the condition. Since the only other CHF therapies available at the time have since

been shown clinically to have no effect on mortality, there should be no effect of

prescription drug expenditures on this disease. Consistent with these facts, I find



4

no effect of prescription drug spending on mortality from CHF.

I also use the fact that I am studying the effect of Medicaid prescription

drug expenditures to see how the mortality effects vary by county. Since Medicaid

eligibility is based on having a low income, I would expect that for a given level of

state spending on pharmaceuticals, poor counties which receive more of the state

funds should see a larger effect on mortality than rich counties. For non-southern

counties, I do find that the effect is indeed much larger in poor counties: when

states increase Medicaid prescription drug expenditures by $1 per state resident,

mortality declines in poor counties by 1.03%, but is unchanged in wealthy counties.

For southern counties, there is less heterogeneity, but the low and medium poverty

counties have no statistically significant effect while the high poverty counties have

a weakly significant effect.

Since obtaining a prescription requires access to medical professionals, I

also investigate how the effect of prescription drug spending on mortality varies

by certain characteristics of the health care market. If appointment availability

is limited, the effectiveness of a prescription drug program could be diminished.

In addition, if certain areas tend to have a bigger focus on using medicine for

disease treatment rather than surgery (when both are viable), then I would expect

to find a larger effect of state drug spending in areas where medicine is utilized

at a relatively higher rate than surgery. With this in mind, I evaluate the effect

of Medicaid drug spending on mortality for areas with a low, medium, or high

number of physicians per capita, and also for areas with a low, medium, or high

ratio of medical to surgical physicians.

My results indicate that counties with a low number of physicians per capita

have essentially no effect of prescription drug spending on mortality, while counties

in the highest tercile of physicians per capita have a much larger effect. In these

high physician-to-population counties, I find that when states increase Medicaid

prescription drug expenditures by $1 per state resident, mortality declines by 0.28%

for all internal causes. I also find that the medical versus surgical focus of a county

is important for the effect of prescription drug coverage. In areas with a high

medical to surgical physician ratio, the internal-cause mortality reduction from $1
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in prescription drug spending per state resident is 0.31%, but there is essentially

no effect in areas with a low ratio.

These estimates are among the first quasi-experimental results to find a

strong link between prescription drug coverage and mortality. The results show

that not only did prescription drug coverage play an important role in achieving

Medicaid’s primary goal of improving the health of the poor, it also contributed

to the overall life expectancy gains in the United States made since the 1960s.

The paper proceeds as follows: section 1 outlines existing theory and evidence

about the relationship between prescription drug insurance and health, section 2

provides information on public prescription drug coverage and Medicaid, section

3 outlines my empirical framework, section 4 contains information on the relevant

data sources, section 5 provides results and section 6 concludes.

1.2 What We Know About the Effect of Pre-

scription Drug Insurance on Health

Clinical trials provide evidence of a host of channels through which pre-

scription drugs can affect health, from reducing blood pressure or cholesterol to

eliminating infection. And while medicine can play an important role in maintain-

ing quality of life and symptom management, in certain cases the health effects

afforded by drugs can be life saving. Since the FDA regulates the approval of

new drugs in the U.S., available drugs have demonstrated effectiveness in their

indicated uses, and on average have benefits that outweigh the risks.

Prescription drug coverage thus has the potential to improve mortality by

increasing access to life-saving drugs. By lowering the cost of a prescription, drug

coverage may affect three key margins: (1) the likelihood that a doctor writes a

prescription (or writes more prescriptions, or one for a more effective but also more

expensive drug), (2) the likelihood that a patient fills the initial prescription, or

(3) the likelihood of adherence to the regimen long term. Several studies support

that prescription drug coverage affects these margins. First, research indicates

that physicians are more likely to prescribe more drugs and/or brand name drugs
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to insured patients relative to the uninsured (Al-Mohamadi et al., 2014),1 and

that coverage expansions such as Medicare Part D increased prescription drug

use dramatically (Lichtenberg and Sun, 2007). Further, increases in copayments,

coinsurance or other restrictions on drug use cause drug utilization to fall (Chandra

et al., 2010), and lowering cost improves adherence (Choudhry et al., 2011).2

Knowing that prescription drug insurance affects drug use through these

channels, the next logical question is whether there is an effect on health and mor-

tality. Studies on cost-sharing changes which do find an effect on drug utilization

find no effect on mortality, and mixed results for broader health effects such as

hospitalization rates.3 Studies on Medicare Part D find increases in drug use as

well, but no change or slightly lower use of other medical services,4 and no change

in health or mortality.5

The reason that no effect on mortality has been found from previous pre-

scription drug insurance expansions or price changes seems plausibly related to

wealth. Findings from the RAND Health Insurance Experiment suggest that for

health insurance more broadly, changes in cost sharing have no effect on health

except for the poorest and sickest 6 percent of the sample (Newhouse and Group,

1993). This population had better health outcomes under the no cost health plan

for hypertension and other serious symptoms.6 In the context of prescription drug

coverage, there are several reasons to believe that the rich and poor might have

heterogeneous effects of public insurance expansions. As wealth increases, people

are more likely to have private health insurance, more likely to have private pre-

scription drug coverage, more likely to have a regular doctor, and more able to

1Al-Mohamadi et al. find that insured patients have a higher number of branded medications,
a higher number of prescribed medications overall, and a higher total price of prescriptions than
uninsured patients, even matching on diagnosis and other covariates. Other studies with similar
findings include Lundin (2000), Poisal and Murray (2001), and Hellerstein (1998).

2For more evidence on these effects, see Ketcham & Simon 2008, Schneeweiss et al. 2009,
Kaestner & Khan 2010, Johnson et al. (1997), Soumerai et al. (1991), Soumerai et al. (1994),
Federman et al. (2001), or Steinman et al. (2001).

3Chandra et al. (2010), Soumerai et al. (1991), and Soumerai et al. (1994) find hospitalization
increases after prescription cost sharing increases while Johnson et al. (1997) find no change.

4See Kaestner et al. (2014), Afendulis et al. 2011, Kaestner & Khan 2010, or Liu et al. 2011.
5See Liu et al. 2011, Kaestner & Khan 2010, or Kaestner et al. (2014).
6Such as chest pain when exercising, major bleeding, loss of consciousness, or shortness of

breath with light exercise of work.
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afford prescription drugs even without insurance. In 1959 for example, only 33%

of families with incomes less than $2,000 annually had hospital insurance, and only

9% had doctor visit insurance. On the other hand, 84% of families with incomes

of more than $7,000 annually had hospital insurance, and 28% had doctor visit

insurance (US Department of Health, Education, and Welfare, 1960). With these

statistics in mind, it seems reasonable that while no health effect was found for

Medicare Part D (implemented when the poor already had drug coverage through

Medicaid or other state plans7), there could be an effect of Medicaid prescription

drug coverage for the poor.

Empirical evidence on the effect of prescription drug insurance on health,

particularly for the poor, is distinctly lacking. Of the few quasi-experimental

studies that examine the effect of prescription drugs on health, none study the

implementation of Medicaid and none find an effect on mortality. This paper pro-

vides the first estimates of the effect of Medicaid prescription drug expenditures

on mortality. The introduction of Medicaid provides significant variation in pre-

scription drug coverage due to the differential timing and breadth of benefits in

each state.

1.3 Public Prescription Drug Coverage and Med-

icaid

The Medicaid program was authorized under Title XIX of the Social Secu-

rity Act on July 30, 1965. The stated goal of the program was to provide health

care services to “low-income children deprived of parental support, their caretaker

relatives, the elderly, the blind, and individuals with disabilities” (Centers for

Medicare and Medicaid Services, 2013). The potential for Medicaid prescription

drug coverage to improve the health of these subpopulations depends largely on

the prescription drugs available, the alternative sources of prescription drug cover-

age that existed prior to 1965, and the extent to which Medicaid induced coverage

7Over 40 states had some type of prescription drug support for low income but Medicaid
ineligible seniors when Part D was implemented.
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expansions.

Before 1965, public health insurance for these subpopulations was controlled

by states. Welfare programs designed to provide cash assistance to these groups

sometimes also included a type of health insurance where the state would directly

reimburse service providers (hospitals, physicians, pharmacies, etc.) for care. The

programs were financed jointly by state and federal governments, but the federal

contribution was typically low, around 13.2% (Norman, 1952) and was capped,

leading many states to limit the types of services provided and the groups they

covered. Further, health insurance of any kind was not required for federal re-

imbursement of welfare programs. States were allowed to choose what health

insurance benefits to provide, and to which groups they were provided (the ex-

isting welfare groups were Aid to Dependent Children, Aid to the Blind, Aid to

the Permanently and Totally Disabled, and Old Age Assistance). This resulted in

particularly low rates of health insurance for these groups, and even lower rates

of prescription drug coverage. In 1963, roughly 20 states offered no prescription

drug benefit to any welfare recipients, and nationwide, average annual per capita

prescription drug spending in 2013 dollars was just $3.47 for these state programs.

The passage of Medicaid changed states’ incentives for providing health in-

surance to welfare recipients, the biggest change being that states were required to

implement Medicaid for all four of the welfare-receiving subpopulations by 1970 or

risk losing federal funding for existing welfare programs. This rule was quite effec-

tive in persuading states to implement Medicaid; by 1968, 38 states and the District

of Columbia had Medicaid programs, and by 1970, only Alaska and Arizona had

no medical assistance program under Title XIX (US Department of Health, Educa-

tion, and Welfare, 1968, 1972). Title XIX also removed the federal reimbursement

cap and increased its share of the bill, so if states wanted to implement more

generous programs, the federal government would always pay at least 50% of the

costs (or more, up to 82% depending on the per capita income of the state). The

elimination of such restrictions led to several states implementing Medicaid for cer-

tain non-welfare groups as well. The “medically needy” are those that would not

qualify for welfare on the basis of income alone, but whose medical expenses are
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sufficiently high that the income net of medical expenses falls below a designated

threshold. By 1975, 27 states and the District of Columbia extended Medicaid to

the medically needy.

Title XIX was highly effective at establishing health insurance for welfare

recipients, and to a lesser extent the medically needy, but the important ques-

tion here is how it affected prescription drug coverage. To qualify as a Medicaid

program, states had to provide several benefits, including inpatient and outpa-

tient hospital care, physician visits, skilled nursing, and laboratory and radiology

services. Prescription drugs were not a required benefit, along with dental care,

physical therapy, and eyeglasses, among others. Thus there were three main rea-

sons that prescription drug coverage increased: (1) health care programs were re-

quired for welfare recipients for the first time, (2) the federal reimbursement caps

on such programs were removed, and (3) the federal share of expenses increased

dramatically.

Figure 1.1 shows the levels of public prescription drug coverage in 1965,

1970, and 1975, where darker shading indicates more subpopulations with coverage.

As indicated by these maps, coverage levels increased dramatically in the years

following 1965. By 1975, average annual per capita Medicaid prescription drug

spending in 2013 dollars rose to $15.97, a more than four-fold increase from 1963,

and only five states (representing just 3% of the nation’s population) remained

which offered no prescription drug benefit.

With upward flexibility regarding the eligibility for Medicaid and the fact

that prescription drugs were an optional benefit, there were two primary margins

which states could adjust that would affect prescription drug expenditures. First,

they could increase the size of the Medicaid population beyond that required by

the federal statute by instituting a medically needy program to provide Medicaid

to certain non-welfare recipients. Second, states could choose which subpopula-

tions within Medicaid (Aid to the Blind, Aid to Families with Dependent Children,

Medically Needy, etc.) would receive the prescription drug benefit. This flexibil-

ity generated a significant amount of variation in the depth of prescription drug

coverage by state, and in combination with the fact that states were adding Med-
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icaid and prescription drug coverage in different years, provides a uniquely rich

opportunity to study the effect of prescription drug coverage on mortality.

1.4 Empirical Strategy

In order to estimate the effect of prescription drug expenditures on mortal-

ity, I estimate the following equation, where I leverage the aforementioned variation

to instrument for prescription drug expenditures (PDEst):

Mortalityst = β1PDEst + β2Xst + αs + λt + εst (1.1)

Mortalityst is defined as the number of deaths per hundred thousand residents of

each state s in year t, and I will evaluate both overall mortality and disease-specific

mortality. PDEst is the real per capita state-wide expenditure made by Medicaid

or pre-Medicaid programs for prescription drugs in state s and year t (here per

capita means the Medicaid expenditure divided by the entire state population, not

the Medicaid population). Xst is a vector of covariates, αs represents state fixed

effects, and λt represents year fixed effects.

To see how the instrument is formed, first consider how the average Med-

icaid prescription drug expenditures per state resident can be broken down into

average quantity and average price, as illustrated in Figure 1.2. When average

price is constant, as it mostly is in this time period,8 variation in expenditures is

driven by average quantity, which can be broken down into the portion of the pop-

ulation receiving the benefit times the number of drugs per person. The number

of drugs per person is a function of the health of the population and the relative

number of drugs on the market (if more drugs are on the market in 1975 compared

to 1965, then average spending levels would be higher). The portion of the popu-

lation receiving the benefit is the portion of the population in Medicaid times the

portion within Medicaid with the drug benefit. Finally, the size of the Medicaid

8The Bureau of Labor Statistics CPI for prescriptions indicates that prices were roughly flat
from 1965, when it was 91.5, to 1974, when it was 92.3. In 1975 the CPI for prescriptions
increased to 98.0, but most of the identifying variation in my data occurs in 1972 or earlier.
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population is a function of the eligibility level set by the state and the average level

of income, disability, or other demographics related to eligibility.

Looking across these components of expenditure variation, the health of the

population and the income or disability levels are the two pieces which are most

likely correlated with health and mortality. This correlation will positively bias

the estimate of β1 towards zero since sicker people use more prescription drugs

and also have higher mortality rates. However, the eligibility level, the portion

within Medicaid with the drug benefit, and the relative number of drugs on the

market are plausibly exogenous conditional on state and year fixed effects. Thus, I

construct an instrument based on these three components of expenditure to isolate

variation that is not related to health and mortality.

With this breakdown of Medicaid prescription drug expenditures (PDEst)

in mind, the first stage equation estimates the relationship between prescription

drug expenditures and the instrument, Intensityst:

PDEst = γ1Intensityst + γ2Xst + δs + θt + νst (1.2)

Intensityst is composed of three terms:

Intensityst = Weighted Groups Coveredst

×Medicaid Recipients per Populations

×Rx Indext

(1.3)

The first term of Intensityst, Weighted Groups Coveredst, corresponds to the pro-

portion of Medicaid recipients with prescription drug coverage; the second term,

Medicaid Recipients per Populations, is a proxy for the eligibility level; and the

third term, Rx Indext, corresponds to the relative number of drugs on the market.

I next examine each component of the instrument in turn, including a discussion

of relevance and validity.

Weighted Groups Coveredst captures the extent to which prescription drug

coverage is provided to the Medicaid population. There are specific population

groups within the Medicaid or pre-Medicaid population for which a state may
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elect to extend this type of coverage.9 This variable ranges from 0 for states that

offer no prescription drug coverage, to 1 for states that offer such coverage to all

Medicaid subpopulations. The weights for each group, which are the same for every

state in a given year, are estimated for each year by taking the average proportion

of prescription drug spending in that category over all states that offer coverage

for that category. Mathematically, Weighted Groups Coveredst is calculated as

follows:

Weighted Groups Coveredst =
5∑

i=1

1[group i covered]stweightit (1.4)

The relevance of this part of the Intensityst variable is clear – the more

different groups that receive public prescription drug benefits from the state in

a given year, the higher the public prescription drug spending (first stage results

shown later). The validity of this component of the instrument hinges on the

nature in which states implemented and subsequently augmented prescription drug

coverage.

First, visual inspection of changes in the groups covered reveals that changes

do not appear to be following any specific pattern or rule that may also be corre-

lated with mortality. Figure 2.7 shows which states had changes in the number of

groups receiving prescription drug benefits under Medicaid or pre-Medicaid pro-

grams from 1965-1975.10 Notice that while there are more changes occurring in

early years, there does not appear to be a geographical pattern to when states

increased or decreased the number of Medicaid groups receiving a prescription

drug benefit. Second, I check for correlation between changes in Weighted Groups

Coveredst and lagged changes in Mortalityst. If there is concern that states are

adjusting which groups get prescription drug benefits based on recent mortality

changes, I should be able to detect it. With both state and year fixed effects, I

run a regression of the change in Weighted Groups Coveredst on changes in lagged

Mortalityst (lags of 1, 2, and 3 years). The results from this regression suggest

9Aid to the Blind, Aid to Families with Dependent Children, Aid to the Permanently and
Totally Disabled, Old Age Assistance, and Medically Needy are the primary groups in Medicaid.

10Maps showing changes for 1976-1985 can be found in Figure 1.4.
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that states were not adjusting which groups were covered in response to increases

or decreases in mortality. As shown in Table 1.1, none of the coefficients on mor-

tality changes are significant at the 10% level and the F-statistic testing for joint

significance is 0.84.

The second term of the Intensityst variable is Medicaid Recipients per Pop-

ulations, the proportion of the state population receiving benefits from Medicaid.

Clearly the per capita expenditures of Medicaid or pre-Medicaid programs will be

higher if more of a state’s residents are in the program. Figure 1.5 shows the Medi-

caid Recipients per Populations percentage for each state. Note that this measure

is not time varying but rather is fixed for each state. The reason is that this term

is not meant to measure changes in per capita Medicaid expenditures that would

result from fluctuating economic conditions, e.g., when the economy is in recession

and incomes are lower more people participate in Medicaid. I specifically want to

avoid this type of variation as it might also be correlated with health outcomes.

Rather, this term captures baseline differences in the generosity of Medicaid’s eligi-

bility requirements across states. The measure is calculated by taking the average

proportion of the population in Medicaid relative to the state population over the

entire period in the analysis. Because I do have state fixed effects in the model,

other state-specific but fixed over time variation in prescription drug expenditures

will be captured as well. The purpose of adding this measure even though I do al-

ready have state fixed effects is to improve the relevance of the instrument. Further,

the state fixed effects help to ameliorate concerns that including this component

of the instrument may threaten validity, and relevance will be demonstrated with

first stage results.

The final term of the Intensityst measure is the pharmaceutical index, Rx

Indext. This term captures the fact that over time more pharmaceuticals are avail-

able, and thus, spending on drugs within a pre-defined program may grow over time

even if the same population is covered year to year.11 This index was calculated

11An existing literature finds that medical innovation, and thus the Rx Indext, may expand
in response to increases in market size such as those associated with coverage expansions (see for
example Cutler et al. (2006a), Clemens (2013), or Freedman et al. (2015)). It is important to note
that this dynamic feedback would not result in a violation of the relevant exclusion restriction.
Indeed, Medicaid expansion-induced innovation would only heighten relevance of Rx Indext as
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with 1965 as the base year, and multiple different measures were evaluated. One

group of measures was derived from spending data, dividing year t spend by 1965

spend for either total prescription drug spending, total minus Medicaid prescrip-

tion drug spending, or workers’ compensation prescription drug spending. The

other measure was derived from the number of FDA approved drugs available each

year. Figure 1.6 shows the indices for each different measure. While the number of

approved drugs would have been the preferred measure for the index, it jumps in

1972 due to a new statute that changed the requirements by the FDA. So instead,

I use total minus Medicaid prescription drug expenditures as my preferred index,

which captures increases in pharmaceutical spending not related to the Medicaid

coverage expansions (and again, prices were roughly constant over this period, so

the index is not being driven by price changes).

The strength of the first stage and the overall results from the second stage

are robust to using each of these different spending measures for the pharmaceutical

index.12 Because I do have year fixed effects in the model, other variation in

mortality that is year-specific but fixed across states will be captured as well.

Again, the purpose of adding the pharmaceutical index as a component of the

instrument, in addition to having year fixed effects, is to improve the relevance

of the instrument. In addition, the year fixed effects minimize concerns that the

instrument will not be valid with this component included. Relevance of the index

will be demonstrated with first stage results.

In my baseline specification, Xst from equation (1) represents a vector of

control variables. The covariates used in the preferred specification are per capita

real GDP, real AFDC spending per recipient, an indicator for if the state has imple-

mented Medicaid, and an indicator for if the state offers Medicaid to the medically

needy. Per capita real GDP is useful since although I already have state fixed

a component of the instrument; the importance of coverage to health will tend to grow as more
drugs reach the market. For this analysis however, such effects are unlikely to be relevant over
the period I study, as drug development on average takes over 10 years.

12The four measures of the Rx Indext are highly correlated with one another. Regressing the
Rx Indext based on total spending, workers’ compensation spending, or the number of drugs,
on the Rx Indext based on total minus Medicaid spending generates an R2 of 99.88%, 98.90%,
and 80.78%, respectively.
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effects, this variable will proxy for certain state-specific but time-varying trends

which could be related to mortality. The real AFDC spending per recipient will

control for increases in the generosity of welfare programs that may have been made

around the same time. The Medicaid indicator will control for non-drug Medicaid

effects on health, and the medically needy indicator will allow for differences in

mortality associated with states’ decisions regarding the coverage of this particu-

larly unhealthy group. A variety of additional economic and demographic control

variables have also been considered, including the average highest grade attained,

unemployment rate, and per capita number of doctors. Because none of these vari-

ables were available for all years of the analysis, and in particular, were missing

data for 1965-1968 when most of the identifying variation occurs, I do not include

them in my preferred specification. Overall results do not change significantly with

these extra controls added (with values estimated by linear interpolation for the

missing years).

1.5 Data

Data for this analysis was compiled from several different sources. The Na-

tional Pharmaceutical Council’s annual publication of “Pharmaceutical Benefits

Under State Medical Assistance Programs” provided much of the data, including

state-year-level Medicaid spending on prescription drugs, an indication of which

Medicaid sub-populations were eligible for prescription drug coverage in each state

and year, and the Medicaid prescription drug spending for each category of persons

eligible. Mortality data was collected from the National Vital Statistics System of

the National Center for Health Statistics. Because the United States switched from

using ICD7 codes to ICD8 codes for underlying cause of death statistics in 1968,

mappings for ICD7 and ICD8 codes were obtained from “International Differences

in Mortality at Older Ages: Dimensions and Sources,” a publication of the National

Center for Biotechnology Information. State population data is from the U.S. Cen-

sus Bureau, and county population data is from the Surveillance, Epidemiology,

and End Results (SEER) program of the National Cancer Institute. The prescrip-
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tion drug growth index based on spending was compiled from national prescription

drug spending figures published by CMS in their data file titled “National Health

Expenditures by Type of Service and Source of Funds: Calendar Years 1960 to

2011.” The prescription drug growth index based on the number of FDA approved

drugs available was collected from the FDA’s National Drug Code Directory. The

number of Medicaid recipients by state was obtained from an annual publication

by the US Department of Health, Education, and Welfare titled “Numbers of Re-

cipients and Amounts of Payments under Medicaid and Other Medical Programs

Financed from Public Assistance Funds.” County-level data regarding the number

of physicians by specialty was obtained from the Bureau of Health Professions

Area Resource File published by the Inter-university Consortium for Political and

Social Research, and county-level poverty data is from the Bureau of Economic

Analysis. Summary statistics can be found in Table 1.2.

1.6 Results

The richness of the data used here lends itself to several layers of analysis.

In section 5.1, I present first stage results which show the strength of the instru-

ment. Section 5.2 presents estimates of the effects of drug spending on aggregate

mortality and the effects by disease category. Section 5.3 maps the overall results

to cost-effectiveness measures and compares them with results from other studies.

Section 5.4 presents results for heart disease mortality and explores the findings

in relationship to the medicines and protocols in place during the late 60s and

early 70s. Section 5.5 investigates the heterogeneity of the findings by looking at

county-level results and how they vary by poverty incidence. Section 5.6 deals with

supply constraints (e.g., physician availability) and characterizes how the effects

vary by certain supply-related features of the health care market.

1.6.1 First Stage Results

Table 1.3 presents results from the first stage regression using data from

1965-1975 and 1976-1985, and multiple instrument specifications. Model (A) is
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the preferred model which uses all three components of the instrument as de-

scribed in section 3. To demonstrate the importance of each individual component

of the instrument, I also include results for model (B) which uses only Weighted

Groups Coveredst and the Rx Indext, and model (C) which uses just Weighted

Groups Coveredst. The results show that the Rx Indext and Medicaid Recipi-

ents per Populations components of the instrument improve the fit of the first

stage (higher R2) and the strength of the instrument (higher F-statistic for 1965-

1975), making model (A) preferable over (B) and (C). Model (D) uses the full

Intensityst instrument with each of the three components but also uses each of

the two-way interactions as instruments. Adding these two-way interactions adds

little explanatory power, as expected, and reduces the F-statistic, again making

(A) the most preferred model.13 Second stage results for models (B), (C), and (D)

will be provided in addition to model (A).

Most states had finished making Medicaid drug coverage expansions by

1975. Consequently, as shown in panel 2 of Table 1.3, changes in Intensityst

have little capacity to explain variation in drug expenditures from 1976 to 1985.

I thus focus my analysis on the 1965 to 1975 period, when most drug expansions

were implemented. See Figures 2.7 and 1.4 for maps displaying which states made

changes in each year.

Looking at the first stage results for model (A) from 1965 to 1975, Table 1.3

shows that with an F-statistic of 68.15, Intensityst serves as a strong, relevant in-

strument for Medicaid prescription drug spending. During this time frame, public

prescription drug coverage expanded significantly: the Weighted Groups Coveredst

component of the instrument grew from 0.34 in 1965 to 0.83 in 1975. This increase

in drug coverage was a significant driver of increases in public prescription drug

expenditures, which in per capita terms were just $4.49 in 1965, but had increased

to $15.97 by 1975 (in 2013 dollars).

13Even though the logic for simply including the triple interaction instrument is demonstrated
in Figure 1.2, if there is measurement error then there may be some benefit to using the two-way
interactions as well. The second stage results for models (A) and (D) are very similar, suggesting
measurement error is not likely a significant problem.
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1.6.2 State Mortality, All Causes

I first analyze the effect of increasing Medicaid prescription drug expendi-

tures on mortality overall and in broad disease groups, with results given in Table

1.4. Overall mortality from internal causes (i.e., excluding accidents, violence, and

suicide) is reduced by increasing prescription drug expenditures in this time period.

I find that a $1 increase in Medicaid drug expenditures per state resident reduces

mortality from internal causes by 2.1 deaths per hundred thousand, a decline of

0.24% from an average of 859 deaths per hundred thousand. Said differently, if

states raise $1 per resident and spend that money on prescription drugs in the

Medicaid program (which implies spend of approximately $12 per Medicaid recip-

ient), we expect to find a decrease in overall state mortality of 0.24%. Note that

since I do find a significant and meaningful effect on mortality, which is an extreme

health outcome, the broader effects on health are probably much larger.

Looking at the disease-group mortality results, I find that there is a statis-

tically significant reduction in heart disease mortality in this period. Heart disease

is the leading cause of death in this time frame, accounting for 364 deaths per

hundred thousand (42% of the overall 859 internal-cause deaths per hundred thou-

sand). Increasing per capita Medicaid prescription drug expenditures by $1 reduces

mortality from heart disease by 1.2 deaths per hundred thousand, a reduction of

roughly 0.33%. This reduction accounts for 57% of the overall decline attributable

to each dollar of drug spending per capita. Other disease groups which also had

statistically significant results include circulatory, respiratory and infectious dis-

eases. The remaining disease groups,14 which were combined into other internal

causes, have no statistically significant reduction in mortality. As a simple placebo

test to make sure the analysis is not actually picking up mortality improvement

related to some other treatment or unobservable factor, I find that mortality due

to external causes did not improve with increasing prescription drug expenditures.

The OLS results generally show an effect in the same direction with similar

statistical significance as the IV results, i.e., there is an improvement in mortality

due to prescription drug expenditures. However, as expected, the OLS results are

14To see a full list of the disease groups, see Table 1.6.
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generally closer to zero than the IV results. A Hausman test between the IV and

OLS estimates for all internal-cause mortality indicates that we should reject the

hypothesis that the estimates are the same with p < 0.01. Since the OLS results

are closer to zero than the IV results, the OLS regression could be picking up two

effects that work in opposite directions: the protective effect of prescription drugs,

and the fact that sicker populations spend more on prescription drugs and die at a

higher rate. The IV result isolates the protective effect of prescription drugs, and

thus is more negative than the OLS result.

Table 1.5 shows the results for models (B), (C), and (D). While model (A) is

my preferred specification, the results for the other models are similar. There is no

effect for external causes, and in general I still find statistically significant effects

for all internal causes, heart, circulatory, respiratory and infectious diseases. Model

(D), which uses the full Intensityst measure and each of the two-way interactions

as instruments, has results very close in magnitude and significance to model (A).

The results in Tables 1.4 and 1.5 show the estimates of β1, the coefficient

on prescription drug expenditures, in a model with controls for Medicaid imple-

mentation, medically needy coverage, real AFDC spending per recipient, and real

per capita GDP. Table 1.7 has results for all internal-cause mortality, and shows

point estimates of the coefficients for each control variable. In addition, I show

the results with no controls and each control variable individually. The estimate

of β1 is statistically significant in each specification, and the magnitude only varies

slightly from the model with no controls to the model with all controls. The same

robustness checks for heart disease are in Table 1.8; their results are similar, as are

those for the other disease groups (not shown).

1.6.3 Cost-Effectiveness

Since the estimate of β1 measures the effect of spending on mortality, it

lends itself to a straightforward estimate of cost per death averted. In 1965, the

population was 193,460,000 and there were 1,687,883 deaths, leading to a mortality

rate of 872.5 deaths per 100,000. If spending on Medicaid prescription drugs had

been higher by $1 per person, then the estimate of β1 implies that the mortality
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rate would be lowered by 2.1 deaths per 100,000. The improved mortality rate of

870.4 deaths per 100,000 applied to the 1965 population is then associated with

a total of 1,683,382 deaths, implying 4,051 deaths averted. At a cost of $1 per

person, the total cost would have been $193,460,000. Dividing the total cost by

the number of deaths averted yields a cost per death averted of $47,800.

A superior measure of cost-effectiveness would take into consideration the

number of years each newly-saved person goes on to live. In the worst case scenario,

if people whose lives are saved by prescription drug expenditures only survive the

given year but die the next, the cost per life-year saved is the same as the cost

per death averted, $47,800. If however they go on to live for on average five years,

then the cost per life-year saved becomes $9,600 ($47,800 / 5).

Unfortunately the estimate of β1 does not give an indication of future

longevity, so further work must be done to calculate the cost per life-year saved.

One possible approach is to use life tables which calculate the life expectancy at

birth based on a stationary population and the proportion dying at each age. With

my IV framework, I can estimate the mortality effect at each age, substitute the im-

proved proportion dying into the life expectancy table, and see how life expectancy

at birth is changed. This strategy is outlined in detail in the appendix, but note

that it does require assumptions about the number of years for which there is an

effect and also what happens to the newly saved lives after the treatment effect

ends. Using conservative assumptions,15 the estimated cost per life-year saved is

approximately $20,100, implying that people whose lives are saved by prescription

drug spending go on to live about 2.4 years.

This estimate of cost per life-year saved is roughly in line with other esti-

mates for this time period. For example, Cutler et al. (2006b) estimate that the

cost per life-year saved due to medical spending in the 1960s was $34,800 and in

the 1970s was $9,600.16 Numerous estimates of cost per life-year saved from the

15I estimate the effect on mortality for up to four years after spending occurs but assume no
effect in the fifth year or beyond. I am limited by the time span of my data which is 11 years.
Further I assume that newly saved lives end immediately after the treatment effects ends. A
more liberal assumption would be that this cohort goes on to live like an average person of their
age.

16Estimates from other authors all adjusted to 2013 dollars.
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1980s and 1990s were reviewed by Tengs et al. (1995) who found that the average

cost per life-year saved from medicine at that time was around $30,600. Cost per

life-year saved estimates from more recent years indicate that it is becoming more

costly over time to add life-years to the population. The Cutler et al. estimate for

the 1990s is $46,900, and the UK’s National Institute for Clinical Excellence, for

example, considers treatments more than roughly $65,000 to be cost ineffective.

Compared to recent measures, the cost per life-year saved from Medicaid prescrip-

tion drugs appears to highly cost-effective, even if the newly-saved people only go

on to live for a short period of time.

1.6.4 State Mortality, Heart Diseases

Since heart disease is the largest cause of death, I next present results

for certain ICD8 codes within heart disease to analyze what causes of death were

affected. Further, given information about which drugs were available to treat these

causes of death in the 60s and 70s, I can determine if the results are consistent

with medical and scientific arguments related to pharmaceuticals available at that

time.

Before examining results for heart disease, note that the time period be-

tween the disease group level analysis and the ICD8 level analysis changes from

1965-1975 to 1968-1975.17 The reason is that the United States switched from us-

ing ICD7 to ICD8 in 1968. Thus, direct comparison of code-level causes of death

from 1967 and earlier cannot readily be made to 1968 and later. The disease-group

level analysis can however be conducted because the groups are broad enough that

each ICD7 and ICD8 code can be correctly mapped into the relevant group. Fig-

ure 1.7 demonstrates that mortality rates from the groups presented in Table 1.4

generally evolve smoothly through the ICD7 to ICD8 transition.

The heart disease category is comprised of 29 distinct 3-digit ICD8 codes

and the full list is available in Table 1.9. In Table 1.10, I show the results for

three ICD8 codes: malignant hypertension, essential benign hypertension, and

17This different time frame implies the results here will not sum to the heart disease result
from Table 1.4.
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congestive heart failure. The remaining 26 ICD8 codes have been grouped together

into other heart disease.

I find a strongly significant effect on malignant hypertension mortality,

which is defined as very high blood pressure that comes on suddenly and quickly.

According to the National Library of Medicine and National Institutes of Health

it affects roughly 1% of people with high blood pressure (US National Library of

Medicine, 2013). A $1 increase in per capita prescription drug expenditures reduces

mortality from malignant hypertension by 0.027 deaths per hundred thousand, a

reduction of roughly 4.7% from the average mortality of 0.57 deaths per hundred

thousand for this disease. While malignant hypertension has a relatively low inci-

dence, the effect of prescription drugs is quite large compared to the baseline result

on all internal causes, which has a mortality reduction 0.24%.

We would expect to find an effect for malignant hypertension given that

beta blockers, which treat hypertension, were available at this time and were in-

dicated for high blood pressure. Further, given that this analysis uses increases in

prescription drug expenditures and mortality from the same year, we only expect

to find an effect for diseases that can be potentially fatal in an immediate sense.

For this reason, we do not expect to find an effect for the next disease, essential

benign hypertension, which is mild to moderate high blood pressure. While beta

blockers were used to effectively treat essential benign hypertension during this

time, we would not expect a mortality benefit in the same year that prescrip-

tion drug expenditures increase due to the fact that this disease would take 15 to

20 years to be potentially fatal. My findings are consistent with this hypothesis

as there is not a statistically significant effect on mortality for essential benign

hypertension.

Congestive heart failure (CHF) is one of the larger causes of death within

heart disease. Research done since 1975 has shown that beta blockers, which

again were available in the time frame of this analysis, reduce the risk of dying

from congestive heart failure. However, it was believed in the 60s and 70s that

beta blockers would actually increase this risk, and thus they were specifically

contraindicated for these patients. In addition, the only other treatments for CHF
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at the time were digitalis therapies, which in recent years have been shown clinically

to have no effect on mortality.18 These medical facts provide an opportunity for

a simple falsification test in that I should not find an effect for congestive heart

failure in this time frame. My results are consistent with these facts as I do not find

a statistically significant effect on mortality for this disease and the point estimate

under the IV specification is very small and slightly positive.

The remaining cardiovascular ICD8 codes, which were grouped under “other

heart disease,” collectively account for the majority of heart disease mortality.

This category includes diseases related to rheumatic fever, other ischemic heart

diseases, cardiomyopathy, and pulmonary heart disease, among others.19 When

Medicaid prescription drug expenditures increase by $1 per capita, mortality from

these causes of death falls by 0.17%. While this is a smaller relative reduction

than that of malignant hypertension, these diseases are driving the overall heart

disease mortality result due to their higher incidence. The reductions found in this

category are likely due to effects from beta blockers, diuretics, and vasodilators

which were available during the 1960s and 1970s.

1.6.5 County Results by Poverty Level

Next I examine how the mortality effects vary by county. While all the

Medicaid prescription drug expenditure data is only available at the state level,

mortality data and the necessary population estimates are available at the county

level. This level of granularity for mortality data allows me to examine if certain

counties had larger mortality effects resulting from state spending than others.

One reason this might be true is due to varying levels of wealth, and thus Med-

icaid eligibility, across counties. For example, in a hypothetical state with just

two counties, if one county has no Medicaid recipients and the other county has

half of its population on Medicaid, then state Medicaid prescription drug expendi-

tures should have no effect on mortality in the wealthy county since no one in that

county received the treatment. The county with half of its population in Medi-

18For example, see Morris et al. (2006).
19The full list of ICD8 codes categorized as heart disease are listed in Table 1.9.
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caid, however, should see larger effects since many of its residents are recipients of

prescription drugs on behalf of the state. In short, since Medicaid eligibility is tied

to welfare receipt, which in turn is tied to income, I expect to see larger mortality

effects in counties with higher levels of poverty.

To test this hypothesis, I collected county-level poverty rates for 1969 (the

only year of the analysis in which the data are available) along with mortality and

population data.20 Then I categorize each county as being low, medium, or high

poverty and run the following regression on each group of counties:

Mortalitycst = β1PDEst + β2Xst + αs + λt + εcst (1.5)

and as before, prescription drug expenditures (PDE) are instrumented with In-

tensityst:

PDEst = γ1Intensityst + γ2Xst + δs + θt + νst (1.6)

Table 1.12 shows the results for the county-level analysis by poverty level.

Looking at all counties in the United States (first row), the results are not quite

consistent with what we would expect to find. The low poverty counties have no

statistically significant effect, the medium poverty counties have a large and weakly

significant effect, and the high poverty counties, where we expect the largest effect,

have a small and weakly significant effect. These results are a little surprising but

lend themselves to further analysis. One possibility is that the heterogeneity of

effects by poverty level are different in the north and south, and when combined

they lead to the results shown in the first row of Table 1.12.

To see if the south could be skewing the results, I separate the low, medium,

and high poverty counties by region: Non-South or South.21 There are two possible

reasons I investigate here as to why these results might vary between southern and

non-southern counties.

20County population estimates by year are from SEER, which provides estimates at this level
back to 1968. Population data for 1965-1967 was estimated by applying the 1968 county share
of state population to annual state population data for 1965-1967, respectively.

21Regions are defined by the Census Bureau classification. The South includes Florida, Georgia,
South Carolina, North Carolina, Virginia, DC, Maryland, Delaware, West Virginia, Kentucky,
Tennessee, Alabama, Mississippi, Louisiana, Arkansas, Oklahoma, and Texas.
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The first reason is that higher poverty levels might be associated with lower

physician access (in terms of physicians per capita), and this relationship might be

different between these two regions. To see if this could be an issue, I calculated

the correlation between the poverty level and the number of per capita medical

physicians. In the United States overall, the correlation is -0.224, meaning higher

poverty is associated with lower physician access. However, the correlation is sim-

ilar between southern and non-southern counties: -0.274 and -0.219, respectively.

The fact that the relationship is slightly more negative in the south could dampen

the observed heterogeneity by poverty level for the south relative to the north.

A second possible reason these results might vary between the southern and

non-southern counties is discrimination in the health care system, which could have

been more prevalent (or at least more correlated with poverty) in the south. The

correlation between the poverty level and the percent of the population which is

black was 0.86 in the south. Thus if blacks were discriminated against in getting

access to physicians and therefore prescription drugs, then we might not find a

larger effect of Medicaid prescription drug spending for high poverty areas in the

south. In non-southern counties, the correlation between the poverty level and

the percent of the population which is black is -0.04. Thus even if blacks did face

discrimination in health care in non-southern counties, since race and poverty are

essentially uncorrelated, we would still expect to see larger mortality effects from

prescription drug spending in high poverty counties.

Looking at the results by region, I find that for southern counties, there is no

discernable difference among the low/medium/high poverty level estimates. The

coefficients for the south are not statistically significant for low and medium poverty

counties, and only slightly significant in high poverty counties. However, Table 1.12

reveals that for non-southern counties, the effect of prescription drug coverage on

mortality is in fact much greater, and statistically significant, in medium and

high poverty counties relative to low poverty counties. The estimates for medium

and high poverty counties suggest that when states increase Medicaid prescription

drug expenditures by $1 per capita these counties experience mortality reductions
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of 0.82% and 1.03%, respectively.22

1.6.6 Supply Constraints and the Impact on Program Ef-

fectiveness

Since prescription drugs require access to a physician, the effects of public

prescription drug programs are inherently linked to the availability of doctors. Fur-

ther, the effects are specifically linked to the availability of doctors who are likely

to use prescription drugs for treatment as opposed to surgery or other courses of

therapy. With this in mind, I next examine how the effects of Medicaid prescription

drug expenditures vary with certain features of the health care market.

One important feature is the number of physicians per capita. Counties with

a higher number of physicians have greater appointment availability, increasing

access to the gatekeepers of prescription drugs. Counties with more access to

prescription drugs should see larger mortality effects from state prescription drug

coverage than counties where appointments with physicians are limited.23

Another relevant market characteristic to consider is the emphasis on treat-

ment with medicine versus surgery. For example, certain areas may have a larger

focus on prescription drugs to treat heart disease, while others are more likely to

use surgery as an intervention. Areas with a greater relative focus on medicine

should on average be prescribing more drugs per person, and thus should be re-

ceiving a disproportionately large amount of state prescription drug expenditures.

To this end, counties with more emphasis on medicine should see larger mortality

effects of state prescription drug expenditures relative to counties with a lower

emphasis on medicine.24

22These counties experience a larger mortality effect due to having more residents who are
recipients of the drug benefit. This result is not to say that poor counties have a greater cost-
effectiveness of the Medicaid prescription drug program than wealthy counties, but that they
simply receive a greater share of state funds and thus experience larger mortality changes.

23Counties may have a high number of physicians per capita due to high demand for physician
services (because of poor health). In this case I would still expect to see a larger effect of
prescription drug coverage in such counties. Sicker areas would be getting a disproportionately
large share of state prescription drug expenditures and thus should have a larger mortality effect
resulting from state spending.

24It may also be the case that the issue is the need for medicine versus surgery, as opposed to a
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To test these hypotheses, I collected data regarding the number of physi-

cians by specialty in 1975 at the county level (the physician by specialty data from

ICPSR’s Area Resource File only goes back to 1975). In addition, I compile yearly

mortality and population data at the county level.25 With the physician specialty

data, I calculate the number of physicians per capita and the ratio of physicians

with a medical versus surgical specialty for each county. Based on these values

I categorize each county as having a low, medium, or high number of physicians

per capita, and a low, medium, or high relative focus on medicine. I then run the

following regression on each group (low/medium/high) of counties:

Mortalitycst = β1PDEst + β2Xst + αs + λt + εcst (1.7)

and as before, prescription drug expenditures (PDE) are instrumented with In-

tensityst:

PDEst = γ1Intensityst + γ2Xst + δs + θt + νst (1.8)

I also considered the ratio of cardiologists to thoracic surgeons and the

effect on heart disease mortality at the county level. I conduct this additional

county-level analysis for several reasons. First, heart disease is the single biggest

cause of death group during the time period. Second, it is a disease group for

which effective medical and surgical treatments were available at the time. And

finally, previous results indicate that Medicaid prescription drug expenditures have

a large relative effect on heart disease mortality. As with the overall ratio of medical

to surgical physicians, I again expect to find a larger effect of state prescription

drug expenditures on heart-disease mortality in counties with a higher ratio of

cardiologists to thoracic surgeons.

Table 1.13 shows the results for this county-level analysis. I find that for

preference for medicine versus surgery. Fortunately in this case it does not matter if the emphasis
on medicine relative to surgery comes from needs or preferences. In either case we would expect
areas with more medicine being utilized relative to surgery to be getting a disproportionately
large share of state prescription drug expenditures and thus should have a larger mortality effect
resulting from state spending.

25County population estimates by year are from SEER, which provides estimates at this level
back to 1968. Population data for 1965-1967 was estimated by applying the 1968 county share
of state population to annual state population data for 1965-1967, respectively.
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the number of physicians per capita, the effect of state Medicaid prescription drug

expenditures is much greater in counties with a high number of physicians per

capita. The low group has a small and not statistically significant effect, and the

effect for the medium group is greater in magnitude but still not significant. The

effect for the high group is even larger in magnitude, and significant at the 5%

level. In counties with a large number of physicians per capita, a $1 increase in

state-wide per capita Medicaid drug spending results in a 0.28% improvement in

all internal-cause mortality.26

The results based on the ratio of physicians with a medical versus surgical

specialty follow a similar pattern: the low and medium groups have a lower and not

statistically significant effect, while the effect for the high group is significant at the

5% level and greater in magnitude. A $1 increase in state-wide per capita Medicaid

drug spending results in a 0.31% improvement in all internal-cause mortality for

counties with a high ratio of physicians with a medical versus surgical specialty.

Similarly, counties with a high ratio of cardiologists to thoracic surgeons see a

0.79% reduction in heart disease mortality resulting from a $1 increase in state-

wide per capita Medicaid drug spending, though this result is only significant at

the 10% level.

Each of these county-level results is important for furthering our under-

standing of the effects of Medicaid’s prescription drug program. First, the result

based on the number of physicians per capita indicates that the supply side is an

important part of the equation when evaluating or forecasting the effects of health

policy. Without adequate supply of physicians, the effects of any health insurance

benefit which relies on their administration of care will be limited. Second, the

results based on the ratio of physicians demonstrates that the effects of health care

programs will vary depending on the preferences of health care providers in the

area for utilizing products or procedures which are covered benefits. In areas where

medicine is relatively more preferred than surgery, prescription drug programs will

26Note that this result is related to the fact that these counties end up receiving a dispropor-
tionate share of state Medicaid prescription drug spending and thus see larger mortality effects.
The results do not imply that the cost-effectiveness of the Medicaid prescription drug program
is greater in counties with a higher number of physicians per capita.
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have a larger effect on mortality.

1.7 Conclusion

This paper finds that Medicaid expenditures on prescription drugs did im-

prove mortality during the period 1965-1975. I estimate that when states increase

Medicaid prescription drug expenditures by $1 per state resident, mortality from

internal causes drops by 2.1 deaths per hundred thousand, a decline of 0.24%. The

disease groups that seem to be most affected by prescription drug spending are

heart, circulatory, respiratory and infectious diseases – and as with aggregate im-

provements in life expectancy made over this period, many of the gains found here

are concentrated in heart diseases. The cost per death averted for the Medicaid

drug program was roughly $47,800, and the cost per life-year saved was around

$20,100. Both measures indicate that Medicaid prescription drugs were a relatively

cost-effective way to add life-years to the population.

Within heart disease, malignant hypertension has a strongly significant and

clinically meaningful decline in mortality as a result of increasing prescription drug

spending (an increase of prescription drug expenditures of $1 per state resident

reduces deaths per 100,000 by roughly 4.7%). This finding is consistent with the

availability of prescription drugs at the time, specifically beta blockers, which were

used to treat this disease that could otherwise cause death in a short amount of

time. County-level results indicate that non-southern counties with higher rates

of poverty see a larger effect from state Medicaid prescription drug expenditures,

further bolstering the assertion that the results are in fact attributable to Medicaid.

The results also show that supply constraints can play an important role as

mediators of the impact of public drug insurance expansions. County-level results

indicate for example that the effects of Medicaid prescription drug expenditures

vary with features of the health care provider landscape. In particular, mortality

effects are greater in areas with a higher number of physicians per capita and where

the relative prevalence of physicians in medical versus surgical specialties is larger.

The findings from this paper are among the first to show a causal link
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between prescription drug coverage for the poor and mortality improvements. Since

this paper identifies an effect on mortality, which is arguably an extreme health

outcome, the broader effects on health are likely much larger. Further, the results

reveal an important link between coverage expansions and the provider landscape,

which poses important issues in the context of health care reform.
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Figure 1.1: Levels of Prescription Drug Coverage, 1965-1975
White states offer a prescription drug benefit to zero or one sub-populations, and darker shading
is applied for each additional group that has prescription drug coverage.
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Figure 1.2: Sources of Variation in Medicaid Prescription Drug Expenditures
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Figure 1.3: Changes in Medicaid Groups Receiving Prescription Drug Benefits,
1966-1975
Darkly shaded states increased the number of sub-populations receiving prescription drug ben-
efits relative to the prior year. Lightly shaded states decreased the number of sub-populations
receiving prescriptions drug benefits. The remaining medium gray states did not change coverage
relative to the prior year.
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Figure 1.4: Changes in Medicaid Groups Receiving Prescription Drug Benefits,
1976-1985
Darkly shaded states increased the number of sub-populations receiving prescription drug ben-
efits relative to the prior year. Lightly shaded states decreased the number of sub-populations
receiving prescriptions drug benefits. The remaining medium gray states did not change coverage
relative to the prior year.
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Table 1.1: OLS Regression of Change in Weighted Groups Covered on Change in
Mortality and its Lags

Variable Coefficient
Change in Mortality Lagged 1 Year 3.396

(2.420)
Change in Mortality Lagged 2 Years −0.443

(1.408)
Change in Mortality Lagged 3 Years −3.202

(2.050)
State FE Yes
Year FE Yes

F-statistic 0.84
Adjusted R2 0.001

The dependent variable is the change in Weighted Groups Coveredst rel-
ative to the previous year, in percent terms. The table shows the coef-
ficients for each of the independent variables: the year-on-year lagged
changes in mortality (out to three years), also in percent terms. Stan-
dard errors are given in parenthesis, and are clustered at state level. ***
p < 0.01, ** p < 0.05, * p < 0.10.
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Table 1.2: Summary Statistics

Variable Mean Std. Dev. Min Max Obs.

Per Capita Real Rx Drug Spend 9.457 7.168 0.000 35.509 561
Intensity 0.069 0.055 0.000 0.275 561

Weighted Groups Covered 0.677 0.371 0.000 1.000 561
Medicaid Recipients per Population 0.070 0.031 0.001 0.158 561
Rx Index 1.319 0.234 1.000 1.736 561

Medicaid Implementation Indicator 0.788 0.409 0.000 1.000 561
Medically Needy Coverage Indicator 0.465 0.499 0.000 1.000 561
Per Capita Real GDP 5.150 1.859 2.193 17.983 561
Real AFDC Spending per Recipient 3.219 1.075 0.587 5.736 561

Mortality Data in Deaths / 100,000

All Internal Causes 833.712 142.242 267.698 1, 078.508 561
Heart Diseases 345.897 75.271 69.384 491.937 561
Malignant Hypertension 0.400 0.410 0.000 2.699 561
Essential Benign Hypertension 0.499 0.344 0.000 2.251 561
Congestive Heart Failure 8.768 6.648 0.000 31.074 561
Other Heart Diseases 323.002 74.028 61.940 458.350 561

Circulatory Diseases 135.788 30.144 28.445 191.124 561
Respiratory Diseases 54.930 10.479 22.302 86.889 561
Infectious Diseases 12.119 3.998 4.519 36.261 561
Other Internal Causes 284.978 41.965 138.098 434.308 561

External Causes 81.873 18.097 44.744 154.670 561

County-Level Data

Medical Physicians per 0.110 0.253 0.000 5.509 3,074
1,000 Residents, 1975

Ratio of Physicians with Medical 0.567 0.552 0.000 8.000 1,965
to Surgical Specialty, 1975

Ratio of Cardiologists to 2.770 2.536 0.000 18.000 363
Cardiothoracic Surgeons, 1975

Percent of Families Below 17.217 9.859 0.000 61.600 3,104
the Poverty Line, 1969

Prescription drug spending, data for Weighted Groups Coveredst, Medicaid implemen-
tation, and medically needy coverage are from the National Pharmaceutical Council.
Population data is from the US Census Bureau. The number of Medicaid recipients
was collected from a report titled “Numbers of Recipients and Amounts of Payments
under Medicaid and Other Medical Programs Financed from Public Assistance Funds,”
published by the US Department of Health, Education and Welfare. Per capita real
GDP is from the BEA. AFDC spending per recipient is from the Statistical Abstract of
the United States. The pharmaceutical spending data in the Rx Indext is from Centers
for Medicare and Medicaid Services (2014) and is calculated from total minus Medicaid
prescription drug expenditures. Mortality data is from the CDC’s Vital Statistics Data,
Mortality Multiple Cause Files. County-level data is from ICPSR’s Bureau of Health
Professions Area Resource File, 1940-1990.
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Table 1.3: First Stage – Estimate of γ1 in OLS Regression of Per Capita Pre-
scription Drug Expenditures on Intensity

(A) (B) (C) (D)
Intensity = Intensity = Intensity = Full

Variable Groups Covered Groups Covered Groups Covered Intensity
× Rx Index × Rx Index Plus 2-Way

× Recipients/Pop. Interactions

P
an

el
1,

19
65

-
19

75

Intensity 135.63*** 9.84*** 12.52*** 50.54
(16.43) (1.44) (2.04) (50.50)

Groups Covered 2.05
× Rx Index (2.20)

Groups Covered 80.41
× Recipients/Pop. (63.35)

Recipients/Pop. 69.38
× Rx Index (59.68)

F-statistic 68.15 46.94 37.49 27.65
Adjusted R2 0.71 0.64 0.62 0.71

P
an

el
2,

19
76

-
19

85

Intensity −5.13 −0.58 −2.67 −17.95
(8.43) (1.08) (5.11) (53.73)

Groups Covered 0.09
× Rx Index (2.53)

Groups Covered 71.94
× Recipients/Pop. (93.35)

Recipients/Pop. 13.34
× Rx Index (49.35)

F-statistic 0.37 0.29 0.27 0.21
Adjusted R2 0.27 0.27 0.26 0.26

State FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

The dependent variable is per capita real prescription drug expenditures. The
independent variables are specified by the model: model (A) is the pre-
ferred model which uses all three components of the instrument; model (B)
uses only Weighted Groups Coveredst and the Rx Indext; model (C) uses just
Weighted Groups Coveredst; model (D) uses the full Intensityst instrument with each
of the three components but also uses each of the two-way interactions as instruments.
Control variables for Medicaid implementation, medically needy coverage, real AFDC
spending per recipient, and real per capita GDP included but not shown here. Panel
1 shows the results using 1965-1975, when most of the variation occurs. Panel 2 shows
the results using 1976-1985. Standard errors in parenthesis, clustered at state level.
*** p < 0.01, ** p < 0.05, * p < 0.10. F-statistic shown is for excluded instruments.
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Table 1.4: IV, OLS, and Reduced Form Regressions of Mortality from Selected
Cause of Death Groups on Prescription Drug Spending, 1965-1975

Cause of
Death Group, (A) (E) (F)

Average Mortality IV OLS Reduced
(Deaths/100,000) Form

All Internal Causes, −2.094*** −1.204*** −283.997***
858.8 (0.663) (0.405) (88.734)

[−0.24%] [−0.14%]

Heart Diseases, −1.195*** −0.677** −162.018***
364.4 (0.431) (0.307) (54.602)

[−0.33%] [−0.19%]

Circulatory Diseases, −0.308** −0.081 −41.745**
136.6 (0.144) (0.078) (20.283)

[−0.23%] [−0.06%]

Respiratory Diseases, −0.327*** −0.278*** −44.297***
54.2 (0.110) (0.071) (16.442)

[−0.60%] [−0.51%]

Infectious Diseases, −0.099** −0.057*** −13.398**
12.1 (0.040) (0.017) (6.140)

[−0.82%] [−0.47%]

Other Internal Causes, −0.166 −0.112 −22.539
291.4 (0.243) (0.175) (35.633)

[−0.06%] [−0.04%]

External Causes, 0.029 −0.007 3.910
76.4 (0.111) (0.070) (16.264)

[0.04%] [−0.01%]

State Fixed Effects Yes Yes Yes
Year Fixed Effects Yes Yes Yes

Each cell under columns (A), (E) and (F) represents an estimate of β1, the coefficient
on PDEst (coefficient on Intensityst for (F)). In (A), PDEst is instrumented with
Intensityst. In (E), PDEst enters directly. In (F), I regress mortality on Intensityst.
The IV and reduced form specifications use the full Intensityst measure, which
is equal to Weighted Groups Coveredst × Rx Indext × Medicaid Recipients per
Populations. The Rx Indext used is from total minus Medicaid prescription drug
spending. The dependent variable is different for each row as indicated by the
first column. The weighted average mortality is given below the mortality cause.
Standard errors in parenthesis, clustered at state level. *** p < 0.01, ** p < 0.05,
* p < 0.10. Percent change in mortality in brackets. Control variables for Medicaid
implementation, medically needy coverage, real AFDC spending per recipient, and
real per capita GDP included but not shown here. Hausman test indicates we should
reject the hypothesis that IV and OLS estimates for all internal causes are the same
with p < 0.01.
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Table 1.5: IV Regressions of Mortality from Selected Cause of Death Groups on
Prescription Drug Spending, Models B, C and D, 1965-1975

Cause of (B) (C) (D)
Death Group, Groups Covered Groups Covered Intensity

Average Mortality × Rx Index Plus 2-Way
(Deaths/100,000) Interactions

All Internal Causes, −1.742*** −1.367** −1.951***
858.8 (0.659) (0.672) (0.640)

[−0.20%] [−0.16%] [−0.23%]

Heart Diseases, −0.991** −0.666 −1.103***
364.4 (0.401) (0.427) (0.422)

[−0.27%] [−0.18%] [−0.30%]

Circulatory Diseases, −0.295** −0.300* −0.305**
136.6 (0.148) (0.155) (0.142)

[−0.22%] [−0.22%] [−0.22%]

Respiratory Diseases, −0.246* −0.208* −0.297***
54.2 (0.136) (0.126) (0.111)

[−0.45%] [−0.38%] [−0.55%]

Infectious Diseases, −0.040 −0.055** −0.094**
12.1 (0.030) (0.024) (0.039)

[−0.33%] [−0.46%] [−0.78%]

Other Internal Causes, −0.170 −0.138 −0.152
291.4 (0.238) (0.207) (0.231)

[−0.06%] [−0.05%] [−0.05%]

External Causes, −0.141 −0.097 0.017
76.4 (0.138) (0.150) (0.116)

[−0.18%] [−0.13%] [0.02%]

State Fixed Effects Yes Yes Yes
Year Fixed Effects Yes Yes Yes

Each cell under columns (B), (C) and (D) represents an estimate of β1, the coefficient
on PDEst. The dependent variable is different for each row as indicated by the first
column. The components used for Intensityst are specified by the model: (B) uses
only Weighted Groups Coveredst and the Rx Indext; (C) uses just Weighted Groups
Coveredst; (D) uses the full Intensityst instrument and each of the two-way interac-
tions as instruments. The Rx Indext used is from total minus Medicaid prescription
drug spending. The weighted average mortality is given below the mortality cause.
Standard errors in parenthesis, clustered at state level. *** p < 0.01, ** p < 0.05,
* p < 0.10. Percent change in mortality in brackets. Control variables for Medicaid
implementation, medically needy coverage, real AFDC spending per recipient, and
real per capita GDP included but not shown here.
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Table 1.6: Cause of Death Groups

Cause of Death
All other cancers
Breast cancer
Cancer of the bladder
Cancer of the esophagus
Cancer of the kidney(s)
Cancer of the larynx
Cancer of the lip/oral cavity/pharynx
Cancer of the lungs
Cancer of the pancreas
Cancer of the prostate
Circulatory diseases
Diabetes mellitus
Digestive diseases
External causes
Genitourinary - other
Genitourinary diseases
Heart diseases
Ill defined - other
Infectious diseases
Mental disorders
Nervous system diseases
Respiratory diseases
Senility
Skin and musculoskeletal diseases
All else

Cause of deaths groups are used to categorize underly-
ing cause of death data at the ICD7 and ICD8 level.
These groups and the mapping from ICD7 and ICD8
codes come from “International Differences in Mortality
at Older Ages: Dimensions and Sources,” a publication
of the National Center for Biotechnology Information.
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Table 1.7: IV Results for Deaths from All Internal Causes With and Without
Control Variables (Average Mortality = 859 Deaths/100,000)

(A1) (A2) (A3) (A4) (A5) (A)
IV IV IV IV IV IV

Prescription
Drug −2.27*** −2.39*** −2.21*** −2.13*** −2.27*** −2.09***

Expenditures (0.81) (0.79) (0.80) (0.72) (0.77) (0.66)

Medicaid 12.70** 11.49*
Implemented (5.59) (6.32)

Medically Needy −2.20 −5.00
Covered (5.95) (6.57)

(6.96)

Real AFDC −0.0081* −0.0078
$ per Recipient (0.0048) (0.0050)

Per Capita 4.39 4.28
Real GDP (4.03) (3.54)

State FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

The dependent variable is all internal-cause mortality. Each column repre-
sents an IV specification with different control variables used as shown. For
example, (A1) contains no control variables, while (A2)-(A5) each contain
just the control variable specified. (A) and (E) use all the control vari-
ables. In IV specifications, prescription drug expenditures are instrumented
with Intensityst, which is equal to Weighted Groups Coveredst × Rx Indext ×
Medicaid Recipients per Populations. The Rx Indext used is from total minus
Medicaid prescription drug spending. Standard errors in parenthesis, clustered at
state level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 1.8: IV Results for Deaths from Heart Diseases With and Without Control
Variables (Average Mortality = 364 Deaths/100,000)

(A1) (A2) (A3) (A4) (A5) (A)
IV IV IV IV IV IV

Prescription
Drug −1.36*** −1.41*** −1.24** −1.31*** −1.36*** −1.19***

Expenditures (0.47) (0.47) (0.49) (0.44) (0.46) (0.43)

Medicaid 5.23* 5.40*
Implemented (3.12) (3.27)

Medically Needy −4.33 −5.63
Covered (3.50) (3.73)

Real AFDC −0.0031 −0.0031

$ per Recipient (0.0027) (0.0025)

Per Capita 1.98 1.88
Real GDP (1.82) (1.75)

State FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

The dependent variable is heart disease mortality. Each column represents
an IV specification with different control variables used as shown. For
example, (A1) contains no control variables, while (A2)-(A5) each contain
just the control variable specified. (A) and (E) use all the control vari-
ables. In IV specifications, prescription drug expenditures are instrumented
with Intensityst, which is equal to Weighted Groups Coveredst × Rx Indext ×
Medicaid Recipients per Populations. The Rx Indext used is from total minus
Medicaid prescription drug spending. Standard errors in parenthesis, clustered at
state level. *** p < 0.01, ** p < 0.05, * p < 0.10.



45

Table 1.9: ICD8 Codes within Heart Disease

ICD8 Code ICD8 Description
390 Rheumatic fever without mention of heart involvement
391 Rheumatic fever with heart involvement
392 Chorea
393 Diseases of pericardium
394 Diseases of mitral valve
395 Diseases of aortic valve
396 Diseases of mitral and aortic valves
397 Diseases of other endocardial structures
398 Other heart disease, specified as rheumatic
400 Malignant hypertension
401 Essential benign hypertension
402 Hypertensive heart disease
403 Hypertensive renal disease
404 Hypertensive heart and renal disease
410 Acute myocardial infarction
411 Other acute and subacute forms of ischemic heart disease
412 Chronic ischemic heart disease
413 Angina pectoris
414 Asymptomatic ischemic heart disease
420 Acute pericarditis, nonrheumatic
421 Acute and subacute endocarditis
422 Acute myocarditis
423 Chronic disease of pericardium, nonrheumatic
424 Chronic disease of endocardium
425 Cardiomyopathy
426 Pulmonary heart disease
427 Symptomatic heart disease/Congestive heart failure
428 Other myocardial insufficiency
429 Ill-defined heart disease

Three-digit ICD8 codes and their descriptions were obtained from
wolfbane.com. Each of the diseases listed here maps to the heart
disease category in Table 1.6.
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Table 1.10: IV and OLS Regressions of Selected Heart Disease ICD8 Codes on
Prescription Drug Spending, 1968-1975

Average
Effect (A) (E) Mortality Percent

Expected IV OLS (Deaths/ Change
100,000)

Malignant Yes −0.027*** −0.020*** 0.57 −4.66%
Hypertension (0.009) (0.006)

Essential Benign No 0.006 0.001 0.57 1.13%
Hypertension (0.010) (0.007)

Congestive No 0.028 0.024 11.40 0.25%
Heart Failure† (0.030) (0.017)

Other Heart Possibly −0.607** −0.496** 348.42 −0.17%
Disease (0.295) (0.221)

State FE Yes Yes
Year FE Yes Yes

Each cell under columns (A) and (E) represents an estimate of β1, the co-
efficient on real per capita prescription drug expenditures. In model (A),
drug expenditures are instrumented with Intensityst. In model (E), pre-
scription drug expenditures enter directly. The IV specification uses the
full Intensityst measure, which is equal to Weighted Groups Coveredst ×
Rx Indext × Medicaid Recipients per Populations. The Rx Indext used is
from total minus Medicaid prescription drug spending. The dependent variable
is different for each row: the first row uses malignant hypertension mortality
as the dependent variable, the second row uses essential benign hypertension
mortality, etc. To the right of the disease is an indication of whether an effect
is expected based on medicines and protocols in place during the time frame.
The weighted average mortality is given in the column next to OLS results, and
the percent change in mortality from the IV specification is given in the last
column. Standard errors in parenthesis, clustered at state level. *** p < 0.01,
** p < 0.05, * p < 0.10. Control variables for Medicaid implementation, med-
ically needy coverage, real AFDC spending per recipient, and real per capita
GDP included but not shown here. †The congestive heart failure category
also includes other symptomatic heart diseases for which beta blockers were
contraindicated.
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Table 1.11: IV Regressions of Selected Heart Disease ICD8 Codes on Prescription
Drug Spending, Models (B), (C), and (D), 1968-1975

(B) (C) (D) Average
Effect Groups Groups Intensity Mortality

Expected Covered Covered Plus 2-Way (Deaths/
× Rx Index Interactions 100,000)

Malignant Yes −0.023*** −0.023*** −0.027*** 0.57
Hypertension (0.008) (0.008) (0.009)

Essential Benign No 0.006 0.006 0.006 0.57
Hypertension (0.008) (0.008) (0.010)

Congestive No −0.014 0.006 0.044 11.40
Heart Failure† (0.046) (0.039) (0.033)

Other Heart Possibly −0.370 −0.216 −0.504* 348.42
Disease (0.338) (0.357) (0.290)

State FE Yes Yes Yes
Year FE Yes Yes Yes

Each cell under columns (B), (C) and (D) represents an estimate of β1, the
coefficient on real per capita prescription drug expenditures. The dependent
variable is different for each row: the first row uses malignant hypertension
mortality as the dependent variable, the second row uses essential benign
hypertension mortality, etc. The components used for Intensityst are spec-
ified by the model: model (B) uses only Weighted Groups Coveredst and the
Rx Indext; model (C) uses just Weighted Groups Coveredst; model (D) uses
the full Intensityst instrument with each of the three components but also
uses each of the two-way interactions as instruments. The Rx Indext used is
from total minus Medicaid prescription drug spending. To the right of the
disease is an indication of whether an effect is expected based on medicines
and protocols in place during the time frame. The weighted average mortality
is given in the last column. Standard errors in parenthesis, clustered at state
level. *** p < 0.01, ** p < 0.05, * p < 0.10. Control variables for Medicaid
implementation, medically needy coverage, real AFDC spending per recipient,
and real per capita GDP included but not shown here. †The congestive heart
failure category also includes other symptomatic heart diseases for which beta
blockers were contraindicated.
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Table 1.12: IV Regressions by County Poverty Type and Geographic Area for
Deaths from All Internal Causes (Weighted Average Mortality = 859 Deaths /
100,000), 1965-1975

Geographic Area Low Medium High
All Areas −0.874 −4.235* −0.999*

(1.079) (2.180) (0.606)
[−0.10%] [−0.49%] [−0.12%]

Non-South 1.144 −7.011*** −8.830**
(1.723) (2.391) (3.745)
[0.13%] [−0.82%] [−1.03%]

South −1.084 −1.202 −1.044*
(1.681) (0.976) (0.611)

[−0.13%] [−0.14%] [−0.12%]

State FE Yes Yes Yes
Year FE Yes Yes Yes

Each cell represents an estimate of β1, the coefficient on pre-
scription drug expenditures (instrumented with Intensityst).
The specifications here use the full Intensityst measure,
which is equal to Weighted Groups Coveredst × Rx Indext ×
Medicaid Recipients per Populations. The Rx Indext used is from
total minus Medicaid prescription drug spending. Each row designates
the geographic area of the counties used to make up the sample, and
each column designates the poverty level of the counties used to make
up the sample. The designation of poverty level was determined by
the percent of families living below the poverty line in 1969, the only
year for which poverty data was available. The dependent variable is
all internal-cause mortality. Standard errors in parenthesis, clustered at
state level. *** p < 0.01, ** p < 0.05, * p < 0.10. Percent change in
mortality given in brackets.



49

Table 1.13: IV Regressions by Levels of County Health Care Market Measures,
1965-1975

Variable Cause of Death,
For Weighted Avg. Low Medium High

Segmentation Mortality

Number of Physicians All −0.824 −1.372 −2.375**
with Medical Specialty Internal, (0.803) (0.944) (1.200)

Per Capita 858.8 [−0.10%] [−0.16%] [−0.28%]

Ratio of Physicians All −1.041 −1.069 −2.683**
with Medical vs Surgical Internal, (1.058) (1.131) (1.254)

Specialty in 1975 858.8 [−0.12%] [−0.12%] [−0.31%]

Ratio of Cardiologists Heart −0.762 −0.126 −2.887*
vs Thoracic Surgeons Disease, (0.978) (0.685) (1.497)

in 1975 364.4 [−0.21%] [−0.03%] [−0.79%]

State FE Yes Yes Yes
Year FE Yes Yes Yes

Each cell represents an estimate of β1, the coefficient on prescription drug
expenditures (instrumented with Intensityst). The specifications here use
the full Intensityst measure, which is equal to Weighted Groups Coveredst
× Rx Indext × Medicaid Recipients per Populations. The Rx Indext used
is from total minus Medicaid prescription drug spending. Each row desig-
nates which measure of the health care market was used to determine the
low, medium, or high level, and each column designates the level of the mea-
sure: low, medium, or high. The measures of the health care market were
constructed using the number of physicians by specialty in 1975, the only
year for which the data was available. The dependent variable is all internal-
cause mortality for the first two rows, and heart disease mortality for the third
row. Standard errors in parenthesis, clustered at state level. *** p < 0.01,
** p < 0.05, * p < 0.10. Percent change in mortality given in brackets.
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1.8 Appendix

In broad terms, the cost per life-year saved is calculated by estimating the

effect of a $1 increase in per capita Medicaid prescription drug expenditures on

the death rate at each particular age. The effect on death rates at each age can

be used to adjust life tables which calculate life expectancy at birth. Then the

cost of $1, divided by the change in life expectancy at birth, gives the cost per

life-year saved. The following section provides an in-depth description about how

the calculations are made.

In the US, life expectancy is calculated with period life tables, which rep-

resent “what would happen to a hypothetical cohort if it experienced throughout

its entire life the mortality conditions of a particular period of time” Centers for

Disease Control and Prevention (2014). For example, data is collected regarding

the death rate at each age at a particular period of time, say 1970. Then assume

100,000 people are born each year who are subject to the observed death rates at

each age. In the steady state, the number of people at each age is constant, and the

life expectancy at any particular age, say 50, is calculated by taking the number

of people at ages 50 and older (which is the remaining number of life-years) and

dividing it by the number people who survive to their fiftieth birthday.

Aside from the proportion dying at each age, the only other input is an

estimate of the number of people alive at the highest published age and older. For

example, in the 1970 life tables published by the CDC, the maximum age is 109.

At this age, there are 12 people alive in the stationary population, but there are

still 32 at ages 109 and older. The number of people alive beyond age 109 is an

estimate of the CDC’s National Center for Health Statistics (NCHS). Thus with

the proportion dying at each age and some estimate of the number of very elderly

people alive in the stationary population, life tables can be constructed using the

exact methodology of the CDC.

I construct such life tables using death rates from 1965 – the first year of my

time period and the most recent year in which there were no Medicaid programs.

Since my population-by-age data goes up to age 85, this will be the maximum age
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in my life tables. I will take the number of people ages 86 and older from NCHS

as given (averaging their number from 1960 and 1970) and make the conservative

assumption that it is not affected by prescription drug spending. Constructing a

period life table in this way yields an estimate of life expectancy at birth in 1965

which will serve as the baseline.

Next I estimate the effect of prescription drug expenditures on all internal-

cause mortality by age, getting an estimate of β1 for ages 0 through 85. And

since prescription drug expenditures in one year could also affect mortality in later

years, I also run the regression using lagged mortality as the outcome variable. I

separately estimate the effect on mortality for the next year, two years out, etc., up

to four years out. With the limitation that my data spans eleven years, I assume

that there is no effect after four years out. Figure 1.8 at the end of the appendix

shows the estimates for contemporaneous, all internal-cause mortality by age, and

the moving average which is used to adjust the proportion dying in the life tables.

I can see how life expectancy changes for every age cohort with the esti-

mated effects described above. For example, I can see how life expectancy for a 50

year-old changes resulting from $1 in drug spend by doing the following:

1. Take the estimate of β1
27 for same-year mortality of 50 year-olds and apply it

to the proportion dying for 50 year-olds in the life table

2. Take the estimate of β1 for one-year lagged mortality of 51 year-olds and apply

it to the proportion dying for 51 year-olds in the life table

...

5. Take the estimate of β1 for four-year lagged mortality of 54 year-olds and apply

it to the proportion dying for 54 year-olds in the life table

With these adjustments made, there will be a new number of 55 year-olds rela-

tive to the baseline. The increase in the number of 55 year-olds is the number of

people whose lives were saved by drug spending. After the effect of drug spending

27Note that I actually use a moving average of the estimate of β1 since the estimate for any
particular age is somewhat noisy.
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wears off after 5 years (by assumption), these new survivors can theoretically go

on to live with average mortality rates of future ages (the most aggressive assump-

tion) or they could die immediately (the most conservative assumption). I use

the conservative assumption that they die immediately, and then recalculate life

expectancy.

After life expectancy is recalculated, I take the cost of achieving this change

($1) and divide it by the change in life expectancy relative to the baseline. For

50 year-olds, this yields a cost per life-year saved of $1,434. I then construct this

estimate using the same procedure for ages 0, 10, 30 and 70. The estimate is

$1,872 for age 0, $49,244 for age 10, $6,695 for age 30, and $1,138 for age 70. I

then assume the estimate for age 10 applies to ages 1 through 19, the estimate for

age 30 applies to ages 20 through 39, the estimate for age 50 applies to ages 40

through 59, and the estimate for age 70 applies to ages 60 and up. The estimate

for age 0 only applies to age 0 since the effect appears to be significantly different

at age 0 relative to 1, 2, and 3 (which all seem to have virtually no effect). Finally,

I then take the average cost per life-year saved weighted by the number of people

in each age. The result is an overall estimated cost per life-year saved of $20,123.

Compared to the cost per death averted of $47,800 (see Section 5.2), the cost per

life-year saved estimate implies that the new survivors due to drug spending go on

to live about 2.4 years.

To recap the assumptions and generalizations, and how they might be af-

fecting the cost per life-year saved estimate, consider the following:

• The first assumption presented was that the number of people ages 86 and

older is not affected. This assumption is actually a result of another as-

sumption; the fact that I assume new survivors die immediately after the

treatment effect ends. Unless I am looking at how life expectancy changes

for people aged 81 or older (which represent a very small portion of the pop-

ulation), then it will always be true that the number of people ages 86 and

older is unchanged. If anything, the number of people aged 86 and older

would only go up, which would lower my cost per life-year saved estimate.
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• The second assumption was that there is no treatment effect after four years

(a contemporaneous effect, and an effect up to four years out). Based on the

estimates of the effect for lagged mortality, this appears to be a conservative

assumption as I still see statistically significant negative effects in the 4-year

lagged mortality for several ages (mostly above age 50). If the effect is longer

lasting, this would result in lowering the cost per life-year saved estimate.

• The third assumption is that after the treatment effect wears off, the new

survivors die immediately. This is the most conservative assumption that

can be made. The aggressive assumption, that survivors go on to live like

the average person of their age, seems unlikely since the new survivors are

probably sicker than the rest of the population of the same age (if they are

sicker, then their survival probabilities would not be as high). Relaxing this

conservative assumption to some middle ground would result in lowering the

cost per life-year saved estimate.

• It would be possible to calculate a cost per life-year saved for every age as op-

posed to just the five ages done here. Despite its complexity, the calculation

here is simply meant to serve as a best guess for how the cost per life saved

translates to cost per life-year saved, or said differently, is meant to infer a

best guess of longevity for new survivors. The estimate of longevity implied

here, 2.4 years, seems reasonable if not low, considering at a minimum new

survivors are going on to live 1 year.
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2.1 Introduction

The late 20th century witnessed substantial gains in life expectancy among

elderly Americans. Further, these gains varied substantially across states. From

1970 to 1990, gains in life expectancy at age 65 averaged 2.3 years across the U.S.,

varying from a gain of 1.6 years in Arkansas to 3.3 years in New York.

Because Medicare has provided nearly universal health benefits to the el-

derly since 1965, it is unclear whether variations in insurance coverage have the

potential to explain the realized variations in health gains. Medicare did not cover

prescription drugs during this time however, leaving states to experiment with

patches for providing such benefits to their elderly populations. Indeed, states

began experimenting with such programs, which have yet to be documented in the

economics literature, in the late 1970s. We begin by documenting the implementa-

tion of early senior drug coverage programs during the 1970s and 1980s. We then

investigate the extent to which these programs may have contributed to realized

variations in life expectancy gains over this time period.

Since senior drug coverage was implemented at the state level and had no

federal involvement, eligibility rules and coverage generosity varied considerably

from state to state. Some of the margins which vary include income and age

limits, which drugs are covered, co-pays, and the funding source. As a result of

this variation, the percent of seniors covered in the state, and the spending per

senior within the program, varies considerably across states. States with smaller

programs, such as New York and Maryland, only covered 3% of the 1990 elderly

population, while states with larger programs, such as Pennsylvania and New

Jersey, cover just over 20% of the elderly. These differences, along with the fact

that most states did not implement any program at all, lend themselves to a natural

question: did states with larger programs have larger elderly life expectancy gains

than states with smaller programs or no program at all?

The simple answer to this question is yes, states with an elderly prescription

drug program have larger gains in elderly survival rates from 1980 to 1990 than

states without. Further, states with larger programs have bigger life expectancy
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changes than states with smaller programs. These facts suggest that prescription

drug programs could be playing a role in driving higher life expectancy for the

elderly. However, further evidence would be necessary to determine if these changes

are happening because of the drug programs or due to other contemporaneous

factors.

There are two ways in particular that we can look closer at the data to see if

the differential life expectancy changes are stemming from the elderly prescription

drug plans. First, while National Vital Statistics only publishes life expectancy

tables once per decade, we can use raw mortality data and population estimates to

construct our own life expectancy and survival data for the elderly at more granular

increments. Using this finer data, we can see if the timing of the differential survival

changes is consistent with the timing of program implementation. Second, we can

compare states which adopted a program to their immediate neighbors (as opposed

to all other states) to see if states with a program happen to be in a geographic

area which was experiencing above average changes in life expectancy already. As

we will demonstrate, looking at the data in these ways suggests that other factors

could also be driving the differential changes in elderly life expectancy at the same

time that these drug programs were being implemented.

This paper contributes to the literature on health insurance expansions and

their effects on health, which to date have found mixed results. Recent work on

the Oregon Health Insurance Experiment found no effect of Medicaid coverage on

the prevalence or diagnosis of hypertension or high cholesterol, or on the use of

medication for these conditions (Baicker et al., 2013). On the other hand, Finkel-

stein et al.’s (2012) paper found that the treatment group within in the Oregon

HIE had better self-reported physical and mental health compared to the control

group. Similarly, evidence from the Massachusetts has demonstrated statistically

significant declines in all cause mortality and also mortality from causes amenable

to health care resulting from health care reform (Sommers et al., 2014). Finally,

studies on Medicare Part D, the prescription drug program for Medicaid beneficia-

ries implemented in 2006, in some cases find improvements in health (Dunn and

Shapiro, 2014) and in others find no effect (Liu et al., 2011; Kaestner and Khan,
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2012; Kaestner et al., 2014).

As conflicting evidence has emerged, so too has increasing recognition of

the importance of the supply side in health care reforms. For example, recent

work has emphasized the role of provider reimbursement generosity for access to

care (Clemens and Gottlieb, 2014; Garthwaite, 2012). Both papers emphasize that

physicians adjust their supply of health care in response to changes in reimburse-

ment or public health insurance expansions. Further, new research on prescription

drug expansions demonstrated that the effects of such programs on mortality are

larger in areas with more physicians per capita (Clayton, 2014).

This paper proceeds as follows: section 2 details the patterns of elderly

life expectancy gains observed from 1970 to 1990, section 3 describes the state

prescription drug programs in detail, section 4 outlines our methodology, section

5 presents results, and section 6 concludes.

2.2 Elderly Life Expectancy Gains From 1970 to

1990

In 1970, the average life expectancy at age 65 in the United States was

15.1 years. By 1990, this figure grew to roughly 17.3, an increase of over 2 years

or approximately 15%.1 This increase in elderly life expectancy was driven by

improvements in mortality rates for every age from 65 to 94 in every state.2 While

some improvements are certainly due to better hygiene and life style changes (e.g.,

reductions in smoking), research on the contribution of medical care to improved

1While figures for 1970, 1980, and 1990 are available from The National Center for Health
Statistics, this source only publishes life tables for each decadal year. Since for our analysis we will
need to examine elderly survival at more frequent time intervals, we construct our own survival
and life expectancy data using the raw mortality data from NCHS and population estimates from
The Surveillance, Epidemiology, and End Results (SEER) Program. SEER, which is part of the
National Cancer Institute, publishes population estimates by state, year, sex, age and race as a
way to facilitate epidemiological research. All life expectancy and survival figures quoted in this
paper are based on our own calculations using NCHS mortality data and SEER population data.

2In this time period mortality rates for ages 95-109 were only calculated at the national level,
but at the national level mortality rates for ages 95-109 did improve from 1970 to 1990. Mortality
rates above age 109 are not calculated by the National Center of Health Statistics.
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health indicates that roughly half of the gains in life expectancy during this period

are due to medical advances (Bunker, 2001; Bunker et al., 1994; Bunker, 1994;

Cutler, 2004; Cutler and McClellan, 2001).

While the US as a whole experienced dramatic growth in elderly life ex-

pectancy from 1970 to 1990, Figure 1 demonstrates that there is significant vari-

ability among states and regions. The northeast has the strongest elderly life

expectancy growth from 1970 to 1980, and to some degree from 1980 to 1990 as

well. The southeast on average is slightly lower overall from 1970 to 1980, and

significantly behind the rest of the US from 1980 to 1990. At the state level, some

states had significant improvements in both the 70s and 80s, such as New York,

while others lagged in both periods, such as Kentucky. In many cases though,

elderly life expectancy change was greater in one period versus another.

Connecticut, for example, is ranked 27th among the states for elderly life

expectancy growth from 1970 to 1980, but makes a dramatic improvement in

mortality the following decade resulting in the 3rd highest elderly life expectancy

growth from 1980 to 1990. Other states which experience similar relative improve-

ment in elderly life expectancy growth include Florida (47th to 12th), New Jersey

(18th to 5th), Pennsylvania (12th to 2nd), Rhode Island (11th to 4th), and Virginia

(34th to 17th). On the other hand, several states have significantly lower elderly

life expectancy growth from 1980 to 1990 than in the previous decade. Such states

include Maine (2nd to 36th), Nevada (4th to 49th), New Hampshire (1st to 33rd),

New Mexico (7th to 35th), and Tennessee (23rd to 51st).

Such significant changes in the relative elderly life expectancy growth sug-

gest there may be some time-dependent factors that are differentially affecting

elderly mortality across states. To the extent that medical advances play a role in

mortality and life expectancy, it seems plausible that programs aimed at increasing

access to medical technologies could be one factor driving higher growth in cer-

tain states. In particular, we examine the role of state prescription drug programs

aimed at the low income, but Medicaid ineligible, elderly population.
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2.3 State Prescription Drug Programs

Before 2006, Medicare did not provide prescription drug coverage to its

beneficiaries. And while most state Medicaid programs did have drug benefits by

the early 1970s, at that time seniors who did not qualify for Medicaid had no

public insurance option for prescription drug coverage. Such seniors would have

to pay for drugs out of pocket, purchase private prescription drug insurance, or

obtain coverage through their employer. By the late 1970s, some states saw this

lack of elderly prescription drug benefits as a major gap in coverage, particularly

for the low income but Medicaid ineligible seniors. As a result, some states began

to implement their own prescription drug programs for the elderly.

The first programs were established in 1977 by Maine and New Jersey, fol-

lowed in 1979 by Maryland. In the 1980s, six more states followed suit: Connecti-

cut, Delaware, Illinois, New York, Pennsylvania, and Rhode Island. Throughout

the 1990s and early 2000s, several more states implemented senior prescription

drug programs, and by the time Medicare implemented Part D in 2006, 43 states

and the District of Columbia had a program in place. These state programs re-

ceived no federal reimbursement and thus states made all the decisions regarding

funding, eligibility, and benefits.

Most states used a standard health insurance structure to provide prescrip-

tion drug benefits to seniors. They defined eligibility based on age and income

restrictions, then established a formulary and required enrollees to pay copays for

their prescriptions. Other programs however were less traditional and less gener-

ous, from programs to coordinate assistance between the elderly and the manu-

facturers’ charity programs to discount programs whereby the state purchases the

drugs in bulk and then passes on the discount to the elderly. The eligibility age in

most states was 65, although some states went as low as 60 (and one, Washington,

down to age 50). Income limits were usually a function of the federal poverty line,

often 200%, but ranged from 90% to 400%; in other cases income limits were given

as a dollar amount and dependent on marital status.

We study the state prescription drug programs implemented in the 1970s



60

and 1980s to see if they could be playing a role in the elderly survival gains realized

during this time. Table 1 shows which states had programs and a few of their

basic characteristics. We have designated each state’s program as being large or

small based on their spending per elderly person in the population (last column),

which takes into account both how generous the program is for enrollees, and how

generous the program is with respect to eligibility. Looking at this spending figure,

we designate New Jersey and Pennsylvania as large programs (with 1990 spending

/ elderly of $121 and $114, respectively), and the remaining programs as small (all

with 1990s spending / elderly of less than $60).

Eight of the nine programs are structured as traditional health insurance

plans, usually with modest copays. To qualify, most states extend eligibility to ages

65 or higher (though Maine extends benefits down to age 62), and income limits in

1990 for a single person ranging from $7,000 to $15,000. Copays range from zero to

$6, though some states use coinsurance, ranging from 10% to 40%. While detailed

formulary data is not available, summaries indicate that most prescription drugs

are covered.

2.4 Methodology

Since some states implement prescription drug programs and others do not,

evaluating the change in elderly survival in program states versus non-program

states arises as a clear way to evaluate the possible effects of such programs. In

addition to examining the differential survival changes graphically, we also use a

simple regression framework to quantify the relationship between prescription drug

programs and change in elderly survival:

∆LifeExpectancys = β0 + β1Smalls + β2Larges + ∆Xsγ + εs (2.1)

LifeExpectancys is the life expectancy for a given state at age 65. Smalls is an

indicator variable equal to 1 for states with a small program and Larges is an

indicator variable equal to 1 for states with a large program. Xs is a vector of
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covariates which we will detail further in the results section.

For this approach to measure the true causal effect of state prescription

drug programs on elderly survival, we need for states without a program serve

as a credible control group for states with a small or large program. For this to

be the case, it should be true that program and non-program states would have

experienced the same trend in elderly survival in the absence of prescription drug

programs. While we don’t observe whether this is true, we can examine the trends

before treatment to see if they are parallel. Further, we can examine changes in

elderly survival improvements by region to see if regional variation might account

for some of the differences we se when using all non-program states as a control.

Finally, we can verify that the timing of the improvements in elderly survival

are consistent with the timing of program implementation using more granular

mortality data.

2.5 Results

2.5.1 Survival Gains in Treatment and Control States

We first look graphically at how survival changed in states with no program,

a small program, and a large program. While there are several survival metrics we

could consider, such as raw mortality rates, 10-year survival, probability of survival

to a given age, or life expectancy, we have chosen for the graphical illustration to

focus on probability of survival to a given age conditional on reaching age 55

(referred to from this point forward simply as survival). The integral of the change

in survival is the change in life expectancy, which is the metric we use in the

regression analysis.

Figure 2 shows the change in the probability of survival to ages 55 through

84 conditional on reaching age 55. In panel A, we show the survival change from

1970 to 1980, and in panel B, the survival change from 1980 to 1990. Focusing on

panel B, note that there is very little difference in the change in survival across

the different program states for ages 55-60, but at that point the gap starts to
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widen. For ages 65 and up, we observe that large program states had the biggest

improvements in survival, followed by small program states with slightly lower

improvements, and finally the rest of the US, which as a group saw the smallest

survival gains over the period.

Panel A within Figure 2, however, highlights some potential difficulties with

trying to attribute improvements in survival to prescription drug programs. While

panel B demonstrates that there is an improvement in survival of program states

even differencing out the improvement in survival experienced by non-program

states, panel A suggests that non-program states may not serve as a credible control

group for program states. Specifically, panel A shows that from 1970 to 1980

states which later implemented large or small programs experienced survival gains

in excess of the rest of the US. While three states did implement their programs

in the 1970s (Maine and New Jersey in 1977, Maryland in 1979), it seems unlikely

that the programs would have been able to account for such a large difference in

survival gains since they were implemented late in the decade.

2.5.2 Evidence of Other Contributing Factors

The National Center for Health Statistics (NCHS) publishes life tables,

which track life expectancy and mortality rates by state and age, each decade.

Since elderly prescription drug programs were implemented in different states in

different years, it would be helpful to check if the timing of implementation is

consistent with the timing of elderly survival improvement. For example, states

which implemented in the late 1970s or early 1980s might see improvements in

the early 1980s, but programs which didn’t implement their program until the late

1980s should not see relative improvements in elderly survival in that time frame

if the results are in fact attributable to the drug programs.

Since the NCHS life table data isn’t granular enough to conduct this ex-

ercise, we turned to raw mortality data from NCHS’ vital statistics. Using their

death records and population estimates from the Surveillance, Epidemiology, and

End Results Program (SEER), we construct our own mortality rates by state and

age which can then be used to calculate life expectancy and survival rates. With
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mortality and population data for each state and year, we can evaluate the timing

of survival and life expectancy improvements as desired.

We evaluate the survival improvements among early, late, and never adopters,

where an early adopter is a state that implemented its elderly prescription drug

program before 1985, and a late adopter implemented in 1985 or later. Looking at

Figure 3, Panel B shows the survival improvement from 1985 to 1990, and shows

that early and later adopters have significantly higher gains than never adopters.

However, Panel A shows the survival change from 1980 to 1985, and there we

see an unexpected result. Through age 70 or so, the survival improvement of all

three groups is pretty similar (with no larger improvements for the early adopters

as we would expect), and in fact for the older ages, the largest improvement in

survival actually occurs in the late adopter states. This is problematic since the

late adopters did not even have elderly prescription drug programs in place during

this time, suggesting some other factors were at play, and leading us to suspect

that the differential improvements in elderly survival that we see in states with

an elderly prescription drug program cannot solely be due to the existence of such

programs.

Further evidence that other factors may be contributing to elderly life ex-

pectancy gains in program states comes from Figure 4. Panel B demonstrates that

states which adopted a program did have higher elderly survival gains from 1980

to 1990 compared to their neighboring states and the rest of the US. However, it

also shows that the neighbors of adopting states had larger elderly survival gains

during this time than the rest of the US, suggesting that most of the program

states were in regions which we experiencing higher than average survival gains

relative to the rest of the country already. If we use this information to devise a

better control group, say, just the neighbors of adopters as opposed to the entire

US, then Panel A demonstrates that this might not be a sound strategy either.

Looking at survival gains from 1970 to 1980, a period in which for the most part

no state had an elderly prescription drug program, observe that adopter states still

had higher elderly survival gains relative to their neighbors.
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2.5.3 Regression Results

Table 2.2 presents estimates of equation 1 that correspond with the life

expectancy gains displayed in Figure 2.2. In columns 1 and 2, the dependent

variable describes increases in life expectancy at age 65 from 1980 to 1990. This

interval corresponds with the decade during which all 9 of the senior drug coverage

programs we analyze were either enacted or already in place. In columns 3 and 4,

the dependent variable describes increases in life expectancy at age 65 from 1970

to 1980. This interval corresponds with the decade prior to the implementation

of the senior drug coverage programs we analyze. The results in columns 3 and 4

thus serve a conventional “placebo test” function.

The result in column 1 confirms that, as shown in panel B of Figure 2.2,

life expectancy in states with senior drug coverage improved to a greater degree

than did life expectancy in states without. Suggestively, gains were particularly

large in state with relatively generous programs of this form. Relative to states

with no program, life expectancy at age 65 increased by nearly 0.38 years in the

states with the largest programs and by 0.24 years in states with more modestly

sized programs. Column 2 augments the specification in column 1 with controls for

changes in state income per capita, education attainment, and Medicare spending

per beneficiary. The inclusion of these controls has essentially no effect on the

estimate associated with large programs and reduces the estimate associated with

small programs to 0.1.

The results in columns 3 and 4 show that life expectancy gains in states

that adopted senior drug coverage outpaced life expectancy gains in other states in

the decade prior to the adoption of these programs. The estimate associated with

states that adopted large senior drug coverage programs is 0.17 years without con-

trols and 0.15 years with controls. Both estimates are statistically distinguishable

from 0. The estimates associated with more modestly sized senior drug programs

are less stable across specifications, average 0.08 years.

The estimates in columns 3 and 4 raise the concern that the states that

adopted senior drug coverage programs differed significantly from other during the

decade preceding these programs’ adoption. Coupled with figures 2.3 and 2.4, the
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estimates lead us to conclude that the data simply do not permit us to cleanly

identify the causal effect of senior drug coverage on life expectancy. While senior

drug coverage is strongly associated with gains in life expectancy, we are unable

to rule out the potential role of confounding factors.

2.6 Conclusion

Life expectancy of the elderly improved drastically from 1970 to 1990, but as

we have shown, the individual experiences of particular states varies considerably.

While Medicare was provided equally to all states during this time, other state-level

public health programs could have been driving these differences. One possibility

is state prescription drug programs aimed at low income but Medicaid ineligible

seniors, which were implemented with varying benefit levels in certain states during

this period.

While we find that states with a senior prescription drug program did have

larger elderly life expectancy gains than states without (and states with larger

programs had bigger gains than states with smaller programs), we cannot rule out

the possibility that other factors were driving these results. Several points drive

this conclusion: (1) states with a prescription drug program were experiencing

larger elderly life expectancy gains prior to the implementation of any of these

programs, (2) states which adopted programs in the late 1980s actually had rela-

tively large gains in the early 1980s, and (3) states with a program were in regions

which experienced larger than average elderly life expectancy gains, but even using

within-region states as a control group appears to be inadequate due to different

pre-treatment trends.
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1970-1980 Change

1.65 - 2.04
1.53 - 1.64
1.48 - 1.53
1.36 - 1.45
1.04 - 1.35

1980-1990 Change

0.92 - 1.06
0.76 - 0.92
0.66 - 0.75
0.52 - 0.64
0.31 - 0.50

Figure 2.1: Changes in Life Expectancy at Age 65
This figure shows the change in the number of years of life remaining at age 65 in each state.
Panel A is the change from 1970 to 1980, Panel B from 1980 to 1990. The life remaining at 65 is
our own measure constructed from raw mortality data from NCHS and SEER population data.
Green states had the largest life remaining gains while red states and the smallest gains.
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Figure 2.2: Change in Survival Rates for Ages 55-84 Conditional on Reaching
Age 55 by Program Type
These figures show the change over time in the probability of reaching the age on the x-axis
conditional on reaching age 55. Panel A is the change from 1970 to 1980, Panel B from 1980
to 1990. The survival probability is our own measure constructed from raw mortality data
from NCHS and SEER population data. The survival rate at age a > 55 for state s in year t is:
Survival Ratea,s,t =

∏a
i=56[1− Diedi−1,s,t

Alivei−1,s,t
]. Diedi−1,s,t is the number of deaths from people aged

i− 1 in state s in year t from the raw NCHS mortality data, and Alivei−1,s,t is the population of
people age i−1 in state s and year t from the SEER population data. This measure is calculated
for each state and year, and then averaged across states with the type of program indicated.
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Figure 2.3: Change in Survival Rates for Ages 55-84 Conditional on Reaching
Age 55 by Timing of Adoption
These figures show the change over time in the probability of reaching the age on the x-axis
conditional on reaching age 55. Panel A is the change from 1970 to 1980, Panel B from 1980
to 1990. The survival probability is our own measure constructed from raw mortality data
from NCHS and SEER population data. The survival rate at age a > 55 for state s in year t is:
Survival Ratea,s,t =

∏a
i=56[1− Diedi−1,s,t

Alivei−1,s,t
]. Diedi−1,s,t is the number of deaths from people aged

i − 1 in state s in year t from the raw NCHS mortality data, and Alivei−1,s,t is the population
of people age i − 1 in state s and year t from the SEER population data. This measure is
calculated for each state and year, and then averaged across states with the type of adoption
timing indicated.
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Figure 2.4: Change in Survival Rates for Ages 55-84 Conditional on Reaching
Age 55 by Region
These figures show the change over time in the probability of reaching the age on the x-axis
conditional on reaching age 55. Panel A is the change from 1970 to 1980, Panel B from 1980
to 1990. The survival probability is our own measure constructed from raw mortality data
from NCHS and SEER population data. The survival rate at age a > 55 for state s in year t is:
Survival Ratea,s,t =

∏a
i=56[1− Diedi−1,s,t

Alivei−1,s,t
]. Diedi−1,s,t is the number of deaths from people aged

i− 1 in state s in year t from the raw NCHS mortality data, and Alivei−1,s,t is the population of
people age i−1 in state s and year t from the SEER population data. This measure is calculated
for each state and year, and then averaged across states in the region indicated.
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Table 2.1: State Prescription Drug Program Characteristics

State Year Program 1990 Cost Recipients Population 1990
Size (nominal) Over 65 Spending/

Elderly

Connecticut 1986 Small 27,400,000 62,858 458,000 $59.83
Delaware 1982 Small 1,650,000 12,000† 82,000 $20.12

Illinois 1985 Small 51,300,000 87,633 1,445,000 $35.50
Maine 1977 Small 2,500,000 24,000 184,000 $13.59

Maryland 1979 Small 8,300,000 17,200 529,000 $15.69
New Jersey 1977 Large 130,000,000 214,484 1,069,000 $121.61

New York 1987 Small 35,000,000 80,000 2,391,000 $14.64
Pennsylvania 1984 Large 210,000,000 408,000 1,827,000 $114.94
Rhode Island 1985 Small 2,920,560 14,000 151,000 $19.34

Data from the National Pharmaceutical Council’s document ti-
tled “Pharmaceutical Benefits Under State Medical Assistance Pro-
grams, September 1990,” pages 145-146. Document available at
http://www.nationalpharmaceuticalcouncil.org/publication/pharmaceutical-
benefits-under-state-medical-assistance-programs-1990. Program Size designated
by the authors using 1990 Spending / Elderly, with a cutoff of $100. †For Delaware
the figure shown is the number of enrollees.
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Table 2.2: Estimates of the Relationship between Life Expectancy Gains and
Senior Drug Coverage Programs

Programs Programs Pre- Pre-
In Place In Place Program Program

Coeff./SE Coeff./SE Coeff./SE Coeff./SE

Large Program 0.377*** 0.357** 0.172*** 0.150*
(0.052) (0.132) (0.045) (0.057)

Small Program 0.240*** 0.107 0.167*** 0.007
(0.057) (0.068) (0.037) (0.059)

N 51 51 51 51
R2 0.386 0.490 0.182 0.339
Population Weighted Yes Yes Yes Yes
Economic Controls No Yes No Yes
Time Period 1980s 1980s 1970s 1970s

The table reports estimates of the relationship between changes in el-
derly life expectancy and the states’ adoption of senior drug coverage
programs. +, *, **, and *** indicate statistical significance at the 0.10,
0.05, 0.01, and 0.001 levels respectively.
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3.1 Introduction

Prescription drug spending in the US was $234.1 billion in 2008, a six-fold

increase from the 1990 amount of $40.3 billion (Kaiser Family Foundation, 2010).

This increase has resulted from many factors, including rising drug costs, the ex-

pansion of both the number of people covered by health insurance and the breadth

of their benefits, and the implementation of the Medicare Part D drug benefit

which went into effect in 2006. Prescription drugs can be vital in preventing and

treating diseases, and for many conditions, are a critical component for avoiding

more costly medical problems.

Before the Medicare Modernization Act established Medicare Part D, el-

derly people (aged 65 or older) had to pay out-of-pocket for prescriptions or obtain

coverage from other sources. As a result of the high costs, many seniors resorted to

cutting pills, skipping doses, or not filling a prescription at all. It was believed that

these practices were contributing to an increased need for other more expensive

medical services. Thus the motivation for Medicare Part D, aside from political

objectives, was that by lowering the cost of pharmaceuticals, seniors would have

increased compliance and improved health.

The implementation of Part D did coincide with a spike in the growth

of pharmaceutical spending in 2006. The increased costs led many to question

the logic behind the bill, in particular the response of seniors with respect to

pharmaceutical usage and ultimately health outcomes. Many studies, discussed

in further detail below, find that there was an increase in filled prescriptions for

seniors but no discernible effect on health.

While the question of the effect of prescription drug coverage for seniors has

been studied at length, very little work has been done to examine the effect for the

younger population. Most research on the under 65 population has centered around

estimating the price elasticity for health care in general, not pharmaceuticals. With

the implementation of health care reform, it is imperative to understand not only

how the younger population responds to changes in co-pays and coinsurance rates

for doctor visits, but also how they respond to changes in prescription drug coverage
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and the effect it may have on health. This paper seeks to better understand how

total health expenditures change in response to prescription drug coverage for

adults under age 65 and how this effect might vary with health status.

This paper proceeds as follows. The following section describes the demand

for prescription drug coverage and the relationship to demand for other health

services. Section 3 describes previous research on health insurance and prescription

drug coverage. Section 4 outlines my empirical strategy and Section 5 outlines the

data. Section 6 provides my results and Section 7 concludes and discusses areas

for future research.

3.2 Demand for Prescription Drug Coverage and

Other Health Services

As with the broader health insurance market, adverse selection and moral

hazard can both be affecting the observed relationship between prescription drug

coverage and utilization or spending. Adverse selection tells us that the people

who choose to purchase prescription drug coverage will on average be consumers

with higher expenditures on such drugs. People with higher prescription expenses

are likely to be sicker in general and thus have higher utilization and expenditures

in the health care system. Moral hazard here refers to an increase in the demand

for medical care (either a higher quantity of standard care or higher quality care

from more technologically advanced products or procedures) that is induced by

having health insurance, as opposed to a reduction in preventive effort in the

presence of insurance. The effect of moral hazard would also be to observe increased

expenditures on prescription drugs for individuals with coverage if all else were

equal.

But what about patients with conditions for which prescription drugs are a

necessary medical treatment that is required in order to maintain good health. For

example, insulin for diabetics, or beta blockers and ACE inhibitors for people who

have had a heart attack? Scientifically, we know there are certain diseases where

patients will be better off with a certain prescription regimen, and any reduction in
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compliance, whether it be from splitting pills or skipping doses, could potentially

have very harmful effects on health.

Much work done to date on the this question has not adequately addressed

the selection issue described above, and thus has not correctly identified the true

relationship between prescription drug coverage and overall health care utilization

and expenditures. Further, most studies simply identify the average relationship,

with no analysis allowing for the relationship to vary depending on health sta-

tus or by age. My hypothesis is that there are certain subpopulations for which

having prescription drug coverage would lead to an overall decline in health ex-

penditures due to the fact that their medicines are more medically necessary, i.e.,

they are effective in reducing the probability of a major medical event that requires

hospitalization.

3.3 Literature Review

Most research on the effect of prescription drug coverage has been in the

context of the elderly population. Shea et al. (2007) try to measure the effect of

prescription drug coverage on prescription usage for Medicare beneficiaries. They

control for potential selection bias in two ways: (1) with covariate control using

the Diagnostic Cost Group/Hierarchical Condition Category risk adjuster and (2)

instrumental variables such as percent of workforce unionized in respondent’s state,

among several others. Using the 1999 Medicare Current Beneficiary Survey they

estimate that the price elasticity of demand for prescription drugs for seniors to

be -0.54. Other studies have tried to measure the effect using a difference-in-

differences approach and the implementation of Medicare Part D. Lichtenberg and

Sun (2007) for example find that Medicare Part D reduced user cost by 18.4%

and increased use of prescription drugs by 12.8% among seniors. Fewer studies

have looked at the effect of prescription drug coverage for seniors on total health

expenditures and health outcomes.

Khan et al. (2007) use a fixed-effects analysis to obtain the causal effects

of prescription drug coverage on drug use, use of other medical services, and the
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health of the elderly. They find results consistent with other work with respect

to the effect on drug use – prescription drug coverage leads to significantly higher

utilization of prescription drugs. They found no discernible effect on either hos-

pital admission or health, except when prescription drug coverage was obtained

through a Medicare HMO or for low-educated individuals, where they observed

improvements in functional disability.

Studies on the non-elderly adult population have mostly focused on the

effects of having health insurance and not prescription drug coverage specifically.

Eichner’s (1998) paper on the demand for medical care points out that most papers

on the subject in the 1990’s still reference the RAND Health Insurance Experiment

for price elasticity estimates due to lack of a strategy to tease such estimates

out of observational data. His paper provides a new strategy to estimate how

consumers respond to changes in price by exploiting two specific characteristics

of employer-provided medical insurance in the U.S. The first is that most plans

have a deductible whereby until medical expenditures reach that pre-determined

level, the consumer must pay the full cost of care. Once the deductible is met,

insurance kicks in and the consumer then only has to pay for 20% of the cost of care

up to some out-of-pocket maximum. Once this amount is reached, the insurance

company pays the full amount of care. The other important characteristic is that

entire families and not just individuals receive insurance coverage and are subject

to the schedule of deductibles and copayments as a unit.

These characteristics allow Eichner to estimate the behavioral response to

the price of medical care by comparing employees who have dependents that accu-

mulate medical expenses that surpass the deductible to those who have dependents

that did not incur such great expenses. To get around endogeneity problems, the

author only uses the subset of medical expenditures resulting from injuries and

poisonings, so that the claims of family members provide variation in the price

of care but that are not connected with his or her own medical history. Using

an indicator for the presence of an injury, accident or poisoning as an instrument

for the price the employee faces at the end of the year for health care, Eichner

estimates that a 1-percent increase in out-of-pocket cost produces a 0.57 to 0.79
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fall in expenditures. His estimates are slightly larger than other estimates but are

not different by orders of magnitude – the RAND Health Insurance Experiment

found an overall elasticity for medical care of -0.22.

Some work in the medical literature has pointed to the fact that there may

be both health and expenditure benefits to providing prescription drugs at no cost.

For example, compliance for several types of medications that are prescribed after

myocardial infarction is quite low, so Choudhry et al. (2011) investigated whether

providing these medications for free would increase compliance and thus improve

health outcomes while possibly also reducing total cost. The study was executed

in partnership with Aetna, so that plan sponsors for the insurer were randomized

to either the treatment or control group. Eligible patients were those who were

discharged from the hospital with a primary or secondary diagnosis of ICD-9-CM

410 (myocardial infarction, or heart attack) and who had a hospital stay between

3 and 180 days. Patients assigned to the treatment group, or full coverage group,

would receive heart-related medications for free following their heart attack, and

those in the control group, or usual coverage group, would be required to pay their

regular co-pay for all medications. Several outcomes were analyzed, including

adherence, rate of major vascular events, health care spending by patients, and

health care spending by insurer.

Table 3.1 shows the improvement in adherence rates for the full coverage

group. Adherence is defined as the number of days a patient had a supply of

the medication divided by the number of days of eligibility for that medication.

Results show that on average, adherence for these medications under the usual

coverage range from 35% to 49%. The full coverage group has adherence rates

approximately 5% higher (p<0.001) across all types of medication. Similarly, the

odds of full adherence (defined as adherence of 80% or better) also rose by about

5 percentage points from a baseline of 23% to 32% (p<0.001).

The primary outcome of interest was the number of fatal or nonfatal vas-

cular events. Although the rate per 100 person-years in the full coverage group

was 17.6, versus 18.8 in the usual coverage group, the difference was not statis-

tically significant. The rates of total major vascular events or revascularization,
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however, which included all outcome events which occurred in each patient during

the study, were reduced by 11% (p=0.03). There was also a statistically signif-

icant decrease in the rate of stroke, and non-significant decreases in the rates of

myocardial infarction, congestive heart failure and unstable angina.

This study also investigated the effect on total spending, both by patients

and the insurance company. They found that patients’ out-of-pocket spending de-

creased for both drugs (p<0.001) and non-drug medical services (p=0.005). For

the insurance company, spending did rise for drugs, but total spending fell from

$71,778 for the usual coverage group to $66,008 for the full coverage group, al-

though the difference was not statistically significant.

3.4 Empirical Strategy

My empirical strategy is to use pooled OLS to estimate the impact of pre-

scription drug coverage on total health expenditures with the regression

yit = β0 +X ′
itβ1 +DCitβ2 + εit (3.1)

where yit will be total health spending, Xit will be a vector of control variables,

and DCit will be an indicator variable equal to 1 if individual i has prescription

drug coverage in year t. I will use two different measures of total health spending,

charges and expenditures. Charges are defined as the sum of all fully established

charges for care received, which usually does not reflect actual payments made for

services. Actual payments can be substantially lower due to factors such as nego-

tiated discounts, bad debt, and free care. Expenditures are defined as what is paid

for health care services, which is the sum of direct payments for care provided dur-

ing the year, including out-of-pocket payments and payments by private insurance,

Medicaid, Medicare, and other sources. Currently these measures include all facets

of medical care, such as doctor visits, hospital stays, alternative treatments (such

as chiropractic care) and even dental and vision spending, in addition to prescrip-

tion drug spending. One possible extension of the research presented here would be
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to remove types of care that are not considered traditional medical spending (such

as dental and vision) and possibly to estimate the impact of prescription drug cov-

erage on hospital spending or physician visit spending separately. For the present

analysis, all types of expenses are included, the only exception being spending on

consumer health care products, such as over-the-counter medicine or hygiene prod-

ucts. The control variables included are age and age squared, race, sex, marital

status, family income, years of schooling, smoker status and panel dummy vari-

ables. The panel dummy variables control for price increases over time, and also

allow for arbitrary panel-level differences that may arise from sampling.

I attempt to control for adverse selection by only using people who are em-

ployed but not self-employed, have health insurance through their job, and whose

employers only offer one health insurance plan. To the extent that people don’t

choose their job based on health insurance characteristics, the adverse selection

problem is potentially reduced for this sample. As other identification issues1 still

threaten to confound the true causal effect, the results I describe here represent

the conditional average relationship between drug coverage and expenditures for

the specified sample.

To measure the average relationship between prescription drug coverage

and health expenditures in my sample, I will use all individuals that meet the

criteria outlined above. I will also examine the relationship for healthy individuals,

sick individuals (those with one or more major medical condition) and very sick

individuals (those with three or more major medical conditions). Further, I will

run this specification for each disease sub-population, for example, only people

with diabetes, congestive heart disease, etc., to test whether the measured effect

is different across disease categories.

The second analysis of this paper will focus on identifying how the impact

of drug coverage changes as the number of major medical conditions increases.

1For example, in addition to some adverse selection, I also worry that employers who offer
health insurance plans with drug coverage may offer more generous overall benefits packages
which could be related to health care spending.
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The specification for this question will be

yit = β0 +Oneitβ1 + Twoitβ2 + Threeitβ3 + FourP lusitβ4 + Zeroit ∗DCitβ5+

Oneit ∗DCitβ6 + Twoit ∗DCitβ7 + Threeit ∗DCitβ8 + FourP lusit ∗DCitβ9+

Xitβ10 + εit (3.2)

where the variables One, Two, etc. are indicator variables for individuals

with that number of diseases and DCit is an indicator for drug coverage. With this

specification, I can compare β5 through β9 to see if the magnitude or sign changes

for sicker individuals.

3.5 Data

The data set I am using is the Medical Expenditure Panel Survey conducted

by the Agency for Healthcare Research and Quality within the U.S. Department

of Health and Human Services. This survey has been conducted from 1996 to

the present, and provides nationally representative estimates of health care use,

expenditures, sources of payment, and health insurance coverage for the U.S. civil-

ian non-institutionalized population. In particular, it has measures of respondents’

health status, demographic and socioeconomic characteristics, employment and ac-

cess to care, and expenditure and utilization of the health care system. The major

medical conditions in the analysis are based on MEPS “priority conditions” indi-

cators. These conditions are diabetes, stroke, heart attack, high blood pressure,

high cholesterol, congestive heart disease, angina and emphysema.

The design of the data set is an overlapping panel, where each year a new

cohort is selected and then interviewed five times over a two-year period. Each

annual cohort in MEPS is approximately 15,000 households. The set of households

selected is a sub-sample of households participating in the previous year’s National

Health Interview Survey (NHIS) conducted by the National Center for Health

Statistics (AHRQ, 2011). Response rates are near 60%. All variables used in this

analysis come from this data set. Table 3.2 provides a table of means for my sample
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within the MEPS data.

Note that Family Income can be negative due to respondent-owned busi-

nesses that lose money over the year. There are some negative values in my sample

even though I only include individuals that are not self-employed. This could hap-

pen if the respondent is married and the spouse owns a business that loses money

during the year. The Years of Schooling variable is top-coded at 17 which indicates

5 or more years of college. The number of observations for this variable is lower

due to some respondents not answering the question.

3.6 Results

The results for the first analysis are given below in Table 3.3. In the spec-

ification with all individuals in my population, I find that both charges and ex-

penditures are higher for individuals with drug coverage. In the regression with

all non-elderly adults, the coefficient for the drug coverage indicator is $1,000 for

charges and $988 for expenditures. For younger adults, the point estimates are

slightly lower, at $817 for charges and $838 for expenditures. The estimates are

also lower for healthy individuals relative to those with one or more major medical

condition. For the very sick (people with three or more major medical conditions)

the point estimates are negative for the younger adults, although the results are

not statistically significant.

Most of the disease-specific regressions do not have statistically significant

estimates either, with a few exceptions. Diabetes, heart attack, and congestive

heart disease have a positive and significant point estimate for expenditures in

the 18 to 64 population and high blood pressure has a positive and significant

estimate for three of the four specifications (only not significant for charges within

the younger adult population). The only negative and significant coefficient is the

point estimate for expenditures within the younger adults who have emphysema.

For this population, those with drug coverage have expenditures that are $3,468

lower on average than those without.

Table 3.4 shows the results from the second analysis. We see that expendi-
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tures do on average increase as the number of diseases increases, e.g., for the group

of all non-elderly adults, going from zero diseases to one disease is associated with

an increase of $504 in annual expenditures. The results for drug coverage crossed

with number of diseases varies by age group. For the entire non-elderly population

(ages 18-64), the point estimate for the coefficient on drug coverage is usually pos-

itive and sometimes significant. The only negative result is for charges for those

with two conditions, but the standard error is very large compared to the point

estimate.

For the younger adult population (ages 18-49), the point estimate initially

increases as the number of diseases increases, but then starts to fall at three dis-

eases. For both charges and expenditures the point estimate is negative (though

insignificant) for those with four or more diseases. These results hint that there

might be a difference between younger adults and 50-64 year olds, and that for

very sick young adults, annual health spending may be lower for people who have

prescription drug coverage. Unfortunately most of the point estimates are not

estimated precisely so it is difficult in this analysis to discern any real differences.

3.7 Conclusion

I find that on average, people with drug coverage tend to have higher an-

nual health spending of roughly $800 than those without drug coverage, even for

those who do not have a choice of health insurance plans through their job. This

result is consistent with findings in prior literature that show higher utilization

and expenditures as health insurance benefits increase. It does appear that this

result is different for healthy people versus sick people. For example, for those that

have no major medical conditions, drug coverage is associated with an increase of

approximately $750 in health spending per year, but for people with one condition,

the increase is closer to $1,300 per year. Further, for younger adults, it appears

that the relationship between drug coverage and health spending may be negative,

but the result is not statistically significant. This result indicates that there may

be a true preventative effect for prescription drug coverage, but that either it only
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exists for the very sick, or it is only larger in magnitude than the moral hazard

effect for the very sick.
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Table 3.1: Adherence Rates of Usual and Full Coverage Groups

Usual Difference for Usual Difference for
Coverage Full Coverage Coverage Full Coverage

Group Group Odds of Full Odds of Full
Adherence Adherence Adherence Adherence

ACE Inhibitors
or ARBs 35.9% 5.6% 22.9% 4.8%

Beta-blockers 45.0% 4.4% 25.2% 5.5%

Statins 49.0% 6.2% 31.6% 7.0%

Table shows results from Choudhry et al.’s (2011) paper “Full coverage for
preventive medications after myocardial infarction” published in the New
England Journal Medicine
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Table 3.2: Table of Means

Variable Mean Std Dev Min Max
Total Charges $3,728.75 $15,580.14 $0 $1,401,198

Total Expenditures $2,570.79 $9,150.10 $0 $966,587
Drug Coverage 0.85 0.36 0 1
Family Income $63,132.61 $44,977.47 -$52,717 $791,260

Age 40.42 11.48 18 64
Male 0.64 0.48 0 1

White 0.54 0.50 0 1
Black 0.13 0.34 0 1

Other Race 0.23 0.42 0 1
Years of Schooling 13.09 2.77 0 17

Smoker 0.20 0.40 0 1
Married 0.60 0.49 0 1

Diabetes 0.055 0.23 0 1
Heart Attack 0.012 0.11 0 1

High Blood Pressure 0.213 0.41 0 1
Congestive Heart Disease 0.014 0.12 0 1

Angina 0.008 0.09 0 1
High Cholesterol 0.113 0.32 0 1

Stroke 0.007 0.09 0 1
Emphysema 0.005 0.07 0 1

Number of Conditions 0.429 0.79 0 7

N = 32,397 except for Years of Schooling where N = 32,191. All data acquired
from the AHRQ’s Medical Expenditure Panel Survey.
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Table 3.3: Relationship Between Health Care Spending and Prescription Drug
Coverage for People Who Are Working but Not Self-Employed, Have Insurance
Through Work, and Only Have One Plan Available to Them

Ages 18-64 Ages 18-49
Charges Expenditures Charges Expenditures

Everyone 1,000.3*** 987.5*** 816.8*** 837.8***
(195.3) (87.7) (198.7) (92.1)

N 32,191 32,191 24,135 24,135
Healthy 715.1*** 719.5*** 693.5*** 695.7***

(177.6) (88.5) (169.2) (90.8)
N 22,683 22,683 19,017 19,017

Sick 1,174.7** 1,358.7*** 870.5 1,176.6***
(586.0) (223.0) (810.3) (292.1)

N 9,508 9,508 5,118 5,118
Very sick 999.7 1,509.0 -10,931.0 -4,774.0

(2,957.5) (1,454.1) (7,132.9) (3,452.8)
N 843 843 233 233

Diabetes 579.9 1,284.1*** -999.0 868.7
(1,451.2) (493.3) (2,468.4) (721.2)

N 1,766 1,766 789 789
Heart Attack 3,567.1 6,066.3** -5,933.4 240.1

(5,860.4) (3,053.8) (11,903.0) (4,846.1)
N 399 399 122 122

High BP 1,326.3* 1,401.9*** 975.8 1,199.8***
(699.6) (295.6) (925.2) (399.9)

N 6,861 6,861 3,527 3,527
Heart Disease 5,671.5 6,488.3*** 44.6 2,964.1

(4,261.1) (2,068.1) (10,232.0) (4,253.5)
N 453 453 121 121

Angina 1,716.4 3,577.6 -11,022.0 -3,501.0
(7,331.6) (2,791.2) (13,609.0) (5,139.5)

N 270 270 86 86
High Cholesterol 275.4 660.4 -529.1 173.6

(1,159.8) (475.3) (1,777.0) (706.2)
N 3,648 3,648 1,857 1,857

Stroke 350.8 2,333.2 -1,052.4 559.0
(5,910.2) (1,947.2) (3,408.9) (1,464.7)

N 236 236 86 86
Emphysema 1,102.9 323.3 -5,009.6 -3,467.7***

(3,100.2) (1,582.7) (2,982.3) (1,276.7)
N 159 159 62 62

Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 3.4: Relationship Between Health Care Spending and Prescription Drug
Coverage for People Who Are Not Self-Employed, Have Insurance Through Work,
and Only Have One Plan Available to Them, by Number of Diseases

Ages 18-64 Ages 18-49
Charges Expenditures Charges Expenditures

1 Priority 998.7* 503.8*** 1,265.7* 485.8***
Condition (521.0) (149.9) (705.1) (173.7)

2 Priority 4,586.2*** 2,630.7*** 2,478.3 1,514.6**
Conditions (1,558.3) (543.4) (1,974.6) (659.3)

3 Priority 4,959.3** 5,600.6*** 4,786.9 6,102.8*
Conditions (1,945.0) (1,481.2) (3,491.5) (3,374.5)

4+ Priority 11,173.0** 5,396.1*** 31,471.0* 14,928.0**
Conditions (5,486.0) (2,023.4) (16,733.0) (5,975.9)

DC, 0 Conditions 791.9*** 732.1*** 752.4*** 716.1***
(179.8) (90.8) (173.4) (93.1)

DC, 1 Condition 1,416.1*** 1,382.0*** 1,069.6 1,309.4***
(541.8) (173.8) (746.5) (216.2)

DC, 2 Conditions -209.6 998.5* 1,779.7 1,697.9**
(1,614.1) (582.4) (2,067.6) (730.3)

DC, 3 Conditions 2,898.4 894.5 716.8 -1,353.1
(2,524.9) (1,819.3) (3,673.1) (3,428.9)

DC, 4+ Conditions 4,261.2 6,103.3*** -17,129.0 -3,989.9
(5,746.8) (2,274.4) (17,142.0) (6,417.9)

n 32,191 32,191 24,135 24,135
Adjusted R2 2.22% 3.51% 1.44% 1.78%

Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
DC ≡ Drug Coverage
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