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Yes, New Drugs Save Lives
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A typical baby born in this country in 1900 was expected to live to about age 45. Today, life expectancy at
birth is about 78 and climbing. Americans are living longer and healthier lives than ever before. But we
have never been more concerned about the risks and costs associated with new prescription drugs and
medical devices.

Rising health-care costs and safety problems with FDA-approved products such as the painkiller Vioxx,
drug-coated stents and implanted defibrillators have led some to worry that recent medical innovations
may be doing us more harm than good.

The debate over the relative speed (and caution) with which new medical products should be approved has
crystallized in Congress as it crafts legislation reauthorizing the Prescription Drug User Fee Act. Since
1992 the act has been a critical funding source for the Food and Drug Administration. Lawmakers should
be careful to balance safety and cost concerns, and additional regulatory burdens for product developers,
with benefits to patients -- specifically, the measurable impact that new medical innovations have on
Americans' longevity and quality of life.

How have medical innovations affected American health? In a study the Manhattan
Institute is releasing today -- ""Why Has Life Expectancy Increased More in Some
States Than in Others?" -- I explain that incremental medical innovations, particularly
the use of newer drugs, have played a major role in increasing American longevity in

recent years.

I began by looking at the interstate variation in life expectancy. Most Americans would probably be
surprised to discover that, on average, residents of Hawaii (81.3 years) and Minnesota (80.3 years) lived
six or seven years longer than residents of Mississippi and Louisiana (74.2 years).

And while U.S. life expectancy increased by 2.33 years from 1991 to 2004, some jurisdictions -- the
District of Columbia (5.7 years), New York (4.3 years), California (3.4 years) and New Jersey (3.3 years)
-- led the way, while others, such as Oklahoma (0.3 years), Tennessee (0.8 years) and Utah (0.9 years),
trailed the national average by significant margins. (Between 1991 and 2004, life expectancy in Maryland
and Virginia increased by 2.5 and 2.6 years, respectively.)

To find out why this longevity "increase gap" exists, I examined several factors that researchers generally
agree affect life expectancy, including medical innovation, obesity rates, smoking and HIV-AIDS
infection rates. While each of these factors had an impact on longevity, the most important factor was

medical innovation. In particular, I found that longevity increased the most in those




states where access to newer drugs -- measured by their mean ''vintage," or FDA
approval year -- in Medicaid and Medicare programs has increased the most.

According to my econometric model, about two-thirds (63 percent) of the potential
increase in longevity during this period -- the increase that would have occurred if
obesity, income and other factors had not changed -- can be attributed to the use of
newer drugs. In fact, for every vear increase in average drug vintage there was an
almost two-month gain in life expectancy.

Increasing access to newer drugs was not associated with above-average annual
spending on health care; and the use of newer medicines seems to have increased
labor productivity (output per employee) by about 1 percent per year, perhaps
because of reduced absenteeism from chronic ailments. Overall, my findings
contradicted the common assumption that advances in medical technology
automatically result in increased health-care expenditures.

Congressional debate over the Prescription Drug User Fee Act is a microcosm of the national debate over
the appropriate balance between safety and rapid access to new and sometimes very expensive medical
innovations. While this debate is complex, my research indicates that the best way to achieve sustained
improvements in health, longevity and productivity is by continuing to support policies that encourage
medical innovation and the new medical goods and services it produces.

The writer is a professor at the Columbia UniversityGraduate School of Businessand a research associate
of theNational Bureau of Economic Research. Some of his previous research has been funded by
unrestricted grants from the pharmaceutical industry.

http://www.manhattan-institute.org/html/mpr_04.htm
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The following is key:

“Professor Frank Lichtenberg... has focused on how new technologies affect the productivity of companies,
industries and nations. Dr. Lichtenberg’s studies have ranged from the impact of pharmaceutical
innovation to the consequences of leveraged buyouts for efficiency and employment.



... Although most previous empirical studies of embodied technical progress have focused on equipment used in
manufacturing, embodied technical progress may also be an important source of economic growth in health care.
One important input in the production of health—pharmaceuticals—is even more R&D-intensive than equipment.
According to the National Science Foundation, the R&D intensity of drugs and medicines manufacturing is 74%
higher than the R&D intensity of machinery and equipment manufacturing. Therefore, it is quite plausible that there
is also a high rate of pharmaceutical-embodied technical progress.”

...“[lIn 1996 mean medical expenditure of people aged 75-84 was $6,153—56% more than the mean medical
expenditure of all Americans. This implies that the increase in lifetime medical cost per life-year gained from using
newer drugs has been about $6,153. Medical interventions that cost this amount are generally considered to be
highly cost-effective.”

...“[T]he mean value of New Jersey’s Medicaid fixed-weighted index of drug vintage is almost three years higher
than the value of Tennessee’s index. (These states used the newest and oldest drugs, respectively.) Our estimates
imply that this difference would result in about a six-month difference in life expectancy at birth. This is about 20% of
the mean actual life-expectancy differential (2.3 years) between the two states.”

... “Increases in income, education, smoking, and the incidence of AIDS tend to increase per-capita medical
expenditure; expanded health insurance coverage reduces it.” (Back-door recommendation for ‘universal
healthcare’???)

“States in which drug vintage has increased the most have not had above-average increases in overall medical
expenditure. While use of newer drugs has increased some types of medical expenditure, it
has reduced other types, and the expenditure reductions approximately offset the
expenditure increases. This suggests that pharmaceutical-embodied technological
change, like equipment-embodied technical change, is non-neutral. Although use of
newer drugs does not appear to have increased annual medical expenditure, it probably
has increased lifetime medical expenditure. But the increase in lifetime medical cost per
life-year gained from using newer drugs has been quite low.

The estimates indicate that the growth in obesity and the growth in income both reduced the growth in life
expectancy. If obesity and income had not increased, life expectancy at birth would have increased by 3.88 years,
not just 2.33 years. The increases in Medicaid and Medicare drug vintage account for 2.43 years (63%) of the
“potential increase” in life expectancy. The declines in AIDS incidence and smoking account for 0.23 and 0.12 year
(6% and 3%), respectively, of the potential increase in life expectancy. About 1.1 years (28%) of the potential
increase in life expectancy at birth is unexplained.”
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Executive Summary

It is no surprise that Americans are living longer today than in previous generations. A typical



baby born in 1900 was expected to live to about age 45. Today, life expectancy at birth is about 78.
Less well known, however, is the fact that the gains in life expectancy have not been uniform
across the country. In his new study—the first of its kind—Columbia University researcher Frank
Lichtenberg set out to find out which states are the leaders, which ones are the laggards, and
why.

Lichtenberg began by constructing life-expectancy estimates of residents in all fifty states using data from the National Center
for Health Statistics. He found that in 2004, on average, residents of Hawaii (81.3 years) and Minnesota
(80.3 years) lived six or seven years longer than residents of Mississippi and Louisiana (74.2

years].

In addition, he found that while nationwide life expectancy increased by 2.33 years from 1991 to 2004, the increase varied
greatly among the states. Certain states—New York (4.3 years), California (3.4 years), and New Jersey (3.3 years)—led the
way, while others—Oklahoma (0.3 years), Tennessee (0.8 years), and Utah (0.9 years) trailed the national average by
significant margins.

Lichtenberg then set out to examine why this “longevity increase gap” exists by measuring the impact of several factors that
researchers agree could affect life expectancy. He found that, although some obvious suspects—
obesity, smoking, and the incidence of HIV/AIDS—played a role, the most important
factor was “medical innovation.”

Specifically, Lichtenberg found that longevity increased the most in those states
where access to newer drugs—measured by mean “vintage” (FDA approval year)—
in Medicaid and Medicare programs has increased the most. In fact, about two-
thirds of the potential increase in longevity—the longevity increase that would have
occurred if obesity, income, and other factors had not changed—is attributable to
the use of newer drugs. According to his calculations, for every year increase in

drug vintage there is about a two-month gain in life expectancy. These represent important
findings given the fact that the costs of prescription drugs continue to receive a great deal of attention in the ongoing debate
over health-care policy, while their benefits are often overlooked.

Lichtenberg also estimated impacts on productivity and per-capita medical expenditure. He concluded that states
adopting medical innovations more rapidly had faster labor productivity growth,
conditional on income growth and other factors, perhaps due to reduced
absenteeism from chronic medical ailments. He also found that states that use
newer drugs did not experience above-average increases in overall medical
expenditure, which contradicts the common perception that advances in medical
technologqy inevitably result in increased health-care spending.

There are two ways to improve the average quality of U.S. health care. One way is to give best-practice care to people who are
currently receiving less than best-practice care (e.g., to ensure that all heart-attack patients take beta blockers after they are
released from the hospital). The other way is to improve best-practice care by shifting the technological frontier (e.g., to

develop new ways to monitor, treat, and even prevent heart disease). This study indicates that the
development and use of new medical goods and services, which shift the
technological frontier, have been responsible for many recent gains in the health




and longevity of Americans.

SUMMARY OF FINDINGS
Variation in Life Expectancy Gains

* From 1991 to 2004, nationwide, life expectancy at birth increased 2.33 years; life expectancy at age 65 increased by 1.29
years.

* The states with the largest increases in life expectancy were the District of Columbia (5.7 years), New York (4.3 years),
California (3.4 years), New Jersey (3.3 years), and lllinois (3.0 years).

* The states with the smallest increases in life expectancy were Oklahoma (0.3 years), Tennessee (0.8 years), Utah (0.9
years), Alabama (1.0 years), and West Virginia (1.0 years).

* In the eight states with the smallest increases, life expectancy increased by 0.31-1.16 years. In the eight states with the
largest increases, life expectancy increased by 2.60—4.33 years.

Factors Affecting Life Expectancy

» Growth in obesity and, interestingly, growth in income were both inversely related to (and presumably reduced) the growth in
life expectancy.

« If obesity and income had not increased, life expectancy at birth would have increased by 3.88 years from 1991 to 2004,
instead of the actual 2.33-year increase. Thus, 3.88 years is the “potential increase in life expectancy at birth.”

* Of the 3.88-year potential increase in life expectancy at birth, medical innovation (i.e., the increase in Medicaid and Medicare
drug vintage) accounted for 2.43 years (63%). The declines in AIDS incidence and smoking accounted for 0.23 and 0.12 years
(6% and 3%), respectively. About 1.1 years (28%) of the potential increase in life expectancy at birth is unexplained.

* If obesity and income had not increased, life expectancy at age 65 would have increased by 2.15 years from 1991 to 2004,
instead of the actual 1.29-year increase. Thus, 2.15 years is the “potential increase in life expectancy at age 65.”

+ Of the 2.15-year potential increase in life expectancy at age 65, medical innovation (i.e., the increase in Medicaid and
Medicare drug vintage) accounted for 1.19 years (55%). The declines in AIDS incidence and smoking accounted for 0.07 and
0.12 years (3% and 5%), respectively. About 0.8 years (36%) of the potential increase in life expectancy at age 65 is
unexplained.

Medical Expenditure Impact

* Increases in income, education, smoking, and the incidence of AIDS tend to increase per-capita medical expenditure;
expanded health coverage reduces it.

« States that had the greatest increase in drug vintage did not experience above-average increases in overall medical
expenditure. While use of newer drugs has increased some types of medical expenditure, it has reduced other types, and the
expenditure reductions approximately offset the expenditure increases.

+ Although use of newer drugs does not appear to have increased annual medical expenditure, it probably has increased
lifetime medical expenditure slightly as the use of newer drugs increased life expectancy at birth by 2.43 years. But the implied
cost per life-year gained is quite low.

Productivity Impact



« States with larger increases in Medicaid drug vintage had faster productivity growth, conditional on income growth and other
factors.

* The increase in Medicaid drug vintage is estimated to have increased output per employee by about 1% per year. Much of
this may be attributable to increased hours worked per employee.

Ll.S. States Ranked b}f Life Expectangy*

State Lite expectancy at birth, 2004

Hawyaii 81.3 linois 179
Minnescta #50.3 Wirgiria 779
Connecticut 79.9 Wyoming 77.9
MNorth Dakata 799 Mews Mexico 718
Yermaont 796 Pennsylvania 176
California 9.5 Michigan 776
lewva 795 Maryland 116
Massachusetts 79.4 Texas 774
Washington 9.2 Delavware A
Rhode lsland 79.2 Ohio 77
ey Yark 79.2 Indiana 77.0
Calorado 792 Ilisgauri 76.7
Mew Hampshire a1 Morth Carglina 76.5
Nebraska 791 Nevada i85
Wisconsin 79.0 Georgia 758
MNew lersey 89 South Carclina 758
Litah 7249 Kentucky 156
Idaho 728 Qklahoma 754
South Dakota 786 Arkansas 75.4
Oregon 78.5 Tennessee 75.2
Mantana 783 West Virgiria 751
Raorida 78.2 Alabama 746
Iaine 782 Louisiana 74.2
Alaska 78.1 M ssissippi 74.2
Kansas 720

* [ata not available from Arizona.



LL.S. States Ranked b_v Increase in Life ﬁpettunq’. 1991-2004 *

State Increase in life Life Life
expectancy  expectancy expectancy
at birth, at birth, at birth,

1991-2004 1991 2004
M Yark 4.3 740 79.2 Teatas 1.9 75.4 174
Caliternia 34 76.2 79.5 Geangia 1.2 739 5B
M Jersey 33 75.7 789 south Carclina 1.9 735 75.8
INinGis 3.0 74.9 779 Montana 1.9 764 78.3
Cannecticut 2.7 772 79.9 Flefida 1.8 763 78.2
Alaska 2.6 755 781 Morth Carolina 1.8 747 76.5
Wermont 26 77.0 T9.6 Ohix 1.8 75.3 771
Virginia 26 752 779 hAainz 1.7 754 78.2
targdand 25 751 176 South Dakota 1.7 769 786
tlichigan 2.5 75.1 716 Idaho 1.7 ma B8
Minnesata 25 778 80,3 Cregon 1.7 76.8 725
Hawwali 24 78.9 81.3 Ircdiana 1.6 75.4 770
Massachiusetts 2.3 77.0 T9.4 hAissour 1.5 75.2 76,7
Rhade Island 2.3 76.9 79.2 Kansas 1.4 767 78.0
Delaware 23 5.0 77.3 Whyoming 1.3 766 719
Colorada 2.3 768 79.2 Lauisiana 1.2 [ER 74.2
lcwea 22 7732 795 Kentucky 1.2 744 75.6
WWashington 2.1 771 79.2 hisstssippi 1.2 73.0 74.2
Wisconsin 2.1 77.0 78.0 Arkansas 11 743 75.4
Pennsylvania 2. 756 LA West Virginia 1.0 T4 751
Mevada 2.0 4.4 76.5 Alabama 1.0 736 746
Mews Hampshire 2.0 77.1 79.1 Utah 0.9 =] 789
Hewy Mexico 2.0 758 77.8 Tennemsae 08 74.5 75.2
Marth Dakota 2.0 770 79.9 Cklahoma 0.3 751 75.4
Mebraska 1.9 771 7

* Data not available from Adizona.
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The rate of increase in longevity has varied considerably across U.S. states since 1991. This paper examines the effect of
medical innovation (changes in drug vintage), behavioral risk factors (obesity, smoking, and AIDS incidence), and other
variables (education, income, and health insurance coverage) on longevity using longitudinal state-level data. This approach
controls for the effects of unobserved factors that vary across states but are relatively stable over time (e.g., climate and
environmental quality); and unobserved factors that change over time but are invariant across states (e.g., changes in federal
government policies). We also analyze interstate variation in productivity (output per employee) growth and in the growth of
per-capita medical expenditure (total and by type).

States in which the vintage of both self- and provider-administered drugs grew faster than average had above-average
increases in life expectancy, whether or not we adjust for state-specific changes in the distribution of disease. Life expectancy
grew more slowly in states with larger increases (or slower declines) in AIDS, obesity, and smoking rates. States with high
income growth had smaller longevity increases.

States with larger increases in Medicaid drug vintage had faster productivity growth, conditional on income growth and the
other factors. The increase in Medicaid drug vintage is estimated to have increased output per employee by about 1% per
year. Much of this may be attributable to increased hours worked per employee.

Increases in income, education, smoking, and the incidence of AIDS tend to increase per-capita medical expenditure;
expanded health insurance coverage reduces it. States in which drug vintage has increased the most have not had above-
average increases in overall medical expenditure. While use of newer drugs has increased some types of medical expenditure,
it has reduced other types, and the expenditure reductions approximately offset the expenditure increases. Although use of
newer drugs does not appear to have increased annual medical expenditure, it probably has increased lifetime medical
expenditure, but the increase in lifetime medical cost per life-year gained from using newer drugs has been quite low.

The estimates indicate that the growth in obesity and the growth in income both reduced the growth in life expectancy. If
obesity and income had not increased, life expectancy at birth would have increased by 3.88 years. The increases in Medicaid
and Medicare drug vintage account for 2.43 years (63%) of the “potential increase” in life expectancy. The declines in AIDS
incidence and smoking account for 0.23 and 0.12 (6% and 3%), respectively, of the potential increase in life expectancy. About
1.1 years (28%) of the potential increase in life expectancy at birth is unexplained. Differences in drug vintage explain some of
the interstate variation in life expectancy, but the fraction of cross-sectional variance explained is smaller than the fraction of
aggregate time-series variance (growth) explained.

Introduction

During the twentieth century, U.S. life expectancy at birth increased by almost thirty years (63%), from 47.3 years in 1900 to
77.0 years in 2000. (See Figure 1.) Nordhaus (2002) estimated that “to a first approximation, the economic value of increases
in longevity over the twentieth century is about as large as the value of measured growth in non-health goods and services” (p.
17). Murphy and Topel (2005) observed that “the historical gains from increased longevity have been enormous. Over the 20th
century, cumulative gains in life expectancy were worth over $1.2 million per person for both men and women. Between 1970
and 2000 increased longevity added about $3.2 trillion per year to national wealth, an uncounted value equal to about half of
average annual GDP over the period.”

The rate of increase in longevity has varied considerably across states. Figure 2 shows the increase in life expectancy at birth
during the period 1991-2004[1], by state. In the eight states with the smallest increase, life expectancy increased by only 0.31-
1.16 years. In the eight states with the largest increase, life expectancy increased by 2.60—4.33 years. This paper seeks to help
answer the question, why has longevity increased more in some states than in other states?

Longevity is likely to depend on a number of factors, including access to health care and medical innovations, exogenous
changes in disease incidence (e.g., the appearance of new diseases such as HIV/AIDS), income, education, and behavioral
risk factors (e.g., obesity and smoking).

A recent study by the Harvard School of Public Health emphasized the impact that ethnicity, through genetic predispositions,
plays in determining longevity and how different concentrations of various ethnic groups throughout the United States affect the
disparity in longevity. By using a longitudinal, state-by-state approach, we control for factors such as ethnicity, demographics,



and environmental quality that vary across the states but generally remain constant or change very slowly over time. This
approach also allows us to control for factors that do change over time but do not vary across the states (e.g., changes in
federal government policies, scientific discoveries, and the Dow Jones industrial average).

In addition to interstate variation in longevity growth, we will analyze interstate variation in productivity (output per employee)
growth and in the growth of per-capita medical expenditure (total and by type, e.g., expenditure on physicians, prescription
drugs, and hospital care). In particular, we will examine how medical innovation (use of newer medical products) has affected
the level and structure of health expenditure.

The overall conceptual framework of the paper is depicted in Figure 3.

Previous literature suggests that technological innovation in general—and new goods in particular—plays a key role in
economic growth. In Section I, we briefly survey this literature, discuss the measurement of medical innovation, including
adjustment for state-specific changes in the distribution of disease, and consider why the rate of innovation may vary across
states. Section Il describes the econometric models that we will estimate.

Section Il describes the data sources and presents descriptive statistics. Empirical results are presented in Section IV.
Implications of the estimates are discussed in Section V. Section VI presents a summary and conclusions.

l. Innovation: Literature Review and Measurement Issues

While longevity is probably influenced by a number of factors, medical innovation—the use of new medical goods and
services—is likely to play a preeminent role in explaining longevity growth. Economists believe that the development of new
products is the main reason that people are better off today than they were several generations ago. Grossman and Helpman
(1993) argue that “innovative goods are better than older products simply because they provide more ‘product services’ in
relation to their cost of production.” Bresnahan and Gordon (1996) state simply that “new goods are at the heart of economic
progress.” Jones (1998) argues that “technological progress [is] the ultimate driving force behind sustained economic growth”
(p. 2) and that “technological progress is driven by research and development (R&D) in the advanced world” (p. 89). Bils (2004)
makes the case that “much of economic growth occurs through growth in quality as new models of consumer goods replace
older, sometimes inferior, models.”

The best way to measure utilization of medical innovations (embodied technological change) is to measure the mean vintage of
medical goods and services used. The vintage of a good is the year in which the good was first used. For example, the vintage
of the drug atorvastatin (Lipitor) is 1997—the year that the drug was approved by the FDA. We seek to test the hypothesis that,
ceteris paribus, people using newer, or later vintage, medical goods and services will be in better health and will therefore live
longer. This hypothesis is predicated on the idea that these goods and services, like other R&D-intensive products, are
characterized by embodied technological progress.[2]

A number of econometric studies (Bahk and Gort, 1993; Hulten, 1992; Sakellaris and Wilson, 2001, 2004) have investigated
the hypothesis that capital equipment employed by U.S. manufacturing firms embodies technological change, that is, that each
successive vintage of investment is more productive than the last. Equipment is expected to embody significant technical
progress because of the relatively high R&D intensity of equipment manufacturers. The method that has been used to test the
equipment-embodied technical change hypothesis is to estimate manufacturing production functions, including (mean) vintage
of equipment as well as quantities of capital and labor. These studies have concluded that technical progress embodied in
equipment is a major source of manufacturing productivity growth.

Although most previous empirical studies of embodied technical progress have focused on equipment used in manufacturing,
embodied technical progress may also be an important source of economic growth in health care. One important input in the
production of health—pharmaceuticals—is even more R&D-intensive than equipment. According to the National Science
Foundation, the R&D intensity of drugs and medicines manufacturing is 74% higher than the R&D intensity of machinery and
equipment manufacturing. Therefore, it is quite plausible that there is also a high rate of pharmaceutical-embodied technical
progress.



Measuring vintage

The general definition of vintage we will use is:

v r .
L I|u|m vint,

vint, -W
where
vint, = the mean vintage of products and services
used in stale i in year t
Ireq = the frequency of use of product or service
pin state §in year
vint, = the vintage (year of first use) of product

or service p

In principle, we would like to measure the vintage of all drugs, all other medical goods and services, and even all other
products and services. Unfortunately, this is not possible.

We will measure the mean vintage of outpatient prescription drugs paid for by the state’s Medicaid program and the mean
vintage of drugs administered by providers (e.g., chemotherapy) to Medicare beneficiaries. The number of prescriptions paid
for by Medicaid is very large: according to the Medical Expenditure Panel Survey, in 1997, Medicaid paid for about 201 million
prescriptions—11% of all U.S. prescriptions. Moreover, we show in the Appendix that the extent of utilization of new drugs in
the Medicaid program is strongly correlated with the extent of utilization of new drugs in general: the vintage of non-Medicaid
(and all) prescriptions tended to increase more in states with larger increases in the vintage of Medicaid prescriptions.

Drugs administered by providers are quite different from self-administered drugs, and Medicare pays for a substantial fraction
of the former. In 2004, Medicare paid providers $7.6 billion for performing 522 million pharmaceutical procedures.[3] Medicare
data on the frequency of use of non-pharmaceutical services (e.g., lab and surgical procedures) are also available. However,
because of asymmetries in FDA regulation, determining the vintage of non-pharmaceutical medical services is far more difficult
than determining the vintage of pharmaceutical products and procedures.

Since we will not control for the vintage of non-pharmaceutical medical services, and the latter may be correlated with drug
vintage, the drug vintage coefficients that we estimate may to some extent reflect the effect of other medical innovation as well
as the effect of drug innovation. The coefficients could also reflect the effect of nonmedical innovation—for example, consumer
use of information technology. We will attempt to control for the latter by estimating models that control for the percent of state
residents who use a computer at home.

Adjusting for state-specific changes in the distribution of disease

If there have been state-specific changes in the distribution of disease, and drug vintage is correlated with disease severity
(e.g., newer drugs tend to treat less severe diseases), the coefficient on drug vintage could be biased. However, we can
eliminate any potential bias by constructing an alternative (fixed-weighted) index of drug vintage.

Consider the following simplified model of life expectancy:



LE =,V + [, S

where LE = life expectancy, ¥V = drog vintage, and
5 = (mean) disease severity, Hence

ALE = 3 AV + i, AS

Suppose that 5 = 0 and that i, < 0. For simplicity,
suppose that there are just bwo diseases: a high-sever-
ity disease and a low-severity disease. Mean discase
severity depends on the proportions of patients with
each disease:

5 = highta 5, + (1 =highte) 5 = 5 + (5, - 5) high
where high® = the percent of patients with the high-
severity disease, 5 = severity of the high-severity
disease, 5 = severity of the low-severity disease, and
5, = 5. Assuming that 5 and 5 are constant, AS = (5
— 5,0 Ahigh%, and

ALE = [, AV + [, (S, — 5 Ahigh%

The change in life expectancy is directly related to the change in drug vintage and inversely related to the change in the
percent of patients with the high-severity disease.

Suppose that drugs for the low-severity disease (nervous system disorders) tend to be newer than drugs for the high-severity
disease (cardiovascular disease), so that there is an inverse correlation across states between 4V and Ahigh%t: states with
smaller increases in mean severity will have larger increases in drug vintage. In this case, failure to control for changes in
severity (Ahigh*@)will result in overestimation of the effect of drug vintage on life expectancy.

We will control for the incidence of one highly severe disease—AIDS—but unfortunately, data on the incidence of other
diseases, by state and year, are not available. Therefore direct measurement of mean disease severity (or the percent of
patients with high-severity diseases) by state and year is not feasible. However, provided that the distribution of drugs utilized,
by therapeutic class, is closely related to the distribution of patients, by disease, we can eliminate any potential bias in the
vintage coefficient by using the following fixed-weighted index of drug vintage:

V= L classta, W
where V- the mean vintage of prescriptions in
therapeutic class ¢ in state i in year t, and class%
= the mean fraction of prescriptions in therapeutic
class ¢ in state i during the entire sample period, that
i, cl:l:'\-'#'f{1 =01/ LI L'I;l.w'.w'":'-m: where cl:l:'\-'\l}f-'{“ - the
fraction of prescriptions in therapeutic class ¢ in state
iin wear L

Changes over time in the fixed-weighted index V' are entirely due to within-therapeutic class changes in drug vintage, not at all
to between-class changes, that is, shifts in the distribution of drugs by therapeutic class. In contrast, changes in the standard



= ¥ rlassth

vintage index Wi a Ve are due to between- as well as within-class changes in vintage.

We will construct fixed-weighted indexes of drug vintage using data from the Veterans Administration’s National Drug File (U.S.
Dept. of Veterans Affairs, 2007) on the therapeutic class of each product. The VA drug classification is hierarchical and
comprises more than 500 classes and subclasses. We will classify drugs at the highest level of the VA classification system,
which has thirty-two classes. Table 1 shows data on the distribution and vintage of Medicaid prescriptions in 1991 and 2004, by
major VA therapeutic class. In 2004, two classes of drugs (central nervous system medications and cardiovascular
medications) accounted for half of Medicaid prescriptions. The share of Medicaid prescriptions that were central nervous
system medications increased from 19% in 1991 to 29% in 2004. The mean vintage of central nervous system medications
increased much more than the mean vintage of cardiovascular medications (16.5 years vs. 6.5 years). However, for the nation
as a whole, the fixed-weighted vintage index increased more from 1991 to 2004 than the standard index (11.4 years vs. 9.4
years).

We will estimate models using both the standard index and the fixed-weighted index of drug vintage. Performing this sensitivity
analysis is useful, but eliminating the effects of shifts in the distribution of drugs by therapeutic class on vintage is not
necessarily appropriate. If the rate of innovation varies across diseases/drug classes, states may benefit from innovation by
changing the distribution of drugs consumed, by class, as well as by using newer drugs within drug classes.

Potential reasons for variation in the rate of increase of drug vintage

The rate of increase in drug vintage may vary across states because of both interstate differences in the types of diseases
afflicting the population and differences in the drugs used to treat given diseases. Suppose that

AV = L share, AV

wherne
AV = the increase in the mean vintage of drugs
in state i
share, = the fraction of state i's residents who have
disease d
AV =the increase in the mean vintage of drugs

d
o treat disease d

Even if the increase in the mean vintage of drugs to treat each disease is the same in every state, differences in the fractions of
state residents who have various diseases '™
drugs.[4]

«' will result in interstate variation in the increase in the mean vintage of

The relative incidence of various diseases does vary across states. This is illustrated by Figure 4, which plots the state-level
incidence rate (cases per 100,000) of colon and rectum cancer against the incidence rate of prostate cancer for males in 2002.
The correlation across states between these two incidence rates is not significantly different from zero (p-value = 0.61).

Moreover, because of medical practice variation, the increase in the mean vintage of drugs to treat any given disease is likely
to vary across states. Medical practice variation is a well-documented phenomenon: there are 2,514 citations for this term in
the PubMed database.[5] The Dartmouth Atlas of Health Care Project (Wennberg, 2006) has demonstrated “glaring variations
in how health care is delivered across the United States.”

Skinner and Staiger (2005) argue that medical practice variation may be partly due to variation in the frequency and likelihood
of informational exchanges through networks or other social activities, which may in turn be related to average educational
attainment and other measures of social capital. They compared the adoption of several important innovations during the
twentieth century, ranging from advances at mid-century in hybrid corn and tractors, with medical innovations in the treatment
of heart attacks at the end of the century. They found a very strong state-level correlation with regard to the adoption of new
and effective technology, and this correlation held across a variety of industries and time periods. These results are suggestive
of state-level factors associated with barriers to adoption. These barriers may be related to information or network flows, given



that farmers, physicians, and individual computer users often conduct their business in small and isolated groups and therefore
are most vulnerable to potential information asymmetries.

Interstate differences in government health-care policy also contribute to practice variation. In the last few years, some state
Medicaid programs and private managed-care plans have restricted access to certain drugs, especially newer, more expensive
drugs. One important type of restriction is a “prior authorization” requirement: a prescription will not be dispensed without prior
authorization by program officials. Lichtenberg (2005d) examined the effect of access restrictions on the vintage of drugs used
by Medicaid enrollees. The sample included fifty brand-name drugs in six important therapeutic classes: antidepressants,
antihypertensives, cholesterol-lowering drugs, diabetic drugs, osteoporosis/menopause drugs, and pain management
medications. The extent of access restrictions varied considerably across states. Twelve states did not restrict any of the fifty
drugs. Five states restricted over 47% of the drugs, and one—Vermont—restricted forty-three of the fifty drugs. The vintage of
Medicaid prescriptions increased more slowly in states that imposed more access restrictions.[6]

Il. Econometric Model

We will investigate the effects of drug vintage, behavioral risk factors, and other variables on life expectancy, productivity, and
medical expenditure by estimating models of the following form:
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Medicare drug treatments in weighted least squares (WLS), weighting by pop,, state

state i in year t i's population in vear L.

In principle, there is some risk of feedback, or reverse causality, from life expectancy to some of the explanatory variables,
especially mean income and education. Ceteris paribus, increases in life expectancy lead to an increase in the fraction of the
population that is elderly. As shown in Figure 5, mean income and education of elderly people are significantly lower than those
of non-elderly people. Hence unobserved shocks that increase a state’s longevity could reduce its mean income and
education, causing a downward bias in the coefficients of these variables. However, the share of the population that is elderly
need not be increasing faster in states with larger increase in life expectancy; these states could have higher birthrates or
higher net immigration rates.

In practice, the share of the population that is elderly is increasing faster in states with larger increase in life expectancy, but
the relationship is not very strong. By using estimates of this relationship and the age profiles shown in Figure 5, we obtained
estimates of the feedback effect of life expectancy on income and education, via population age structure. These calculations
indicated that the downward biases in the income and education coefficients in the longevity equations would be extremely



small.

lll. Data Sources and Descriptive Statistics

Life expectancy. The government does not publish data on life expectancy by state, so we constructed estimates using data on
the number of deaths by age group, year, and state of residence from the Multiple Cause-of-Death Mortality Data from the
National Vital Statistics System of the National Center for Health Statistics.[8] Each record in the microdata is based on
information abstracted from death certificates filed in vital-statistics offices of each state and the District of Columbia. The
average number of records (deaths) per year is about 2.3 million. We also used population data from the Centers for Disease
Control (CDC) Wonder Bridged-Race Population Estimates.[9] As shown in Figure 6, the population-weighted means of my
state estimates of life expectancy are quite similar to the National Center for Health Statistics (NCHS) national estimates.

Productivity and per-capita income. These data were obtained from two Bureau of Economic Analysis Regional Economic
Accounts databases: the Gross Domestic Product by State database;[10] and the State Annual Personal Income database.[11]

Per-capita medical expenditure. The Centers for Medicare and Medicaid Services (CMS) Health Accounts by State
database[12] provides data on the following categories of health expenditure, by state and year (1980-2005): Total Health
Care Expenditure, Hospital Care, Physician Services, Other Professional Services, Dental Services, Home Health Care,
Prescription Drugs, Other Non-Durable Medical Products, Durable Medical Products, and Nursing Home Care.

Vintage of Medicaid prescriptions. The mean vintage of Medicaid prescriptions is defined as follows:

L n_medicaid_ingred | vint
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1 Fa
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where - T . .
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n_medicaid_ingred | = the number of Medicaid o ) S - ]

I '" . o , inception of the Medicaid Drug Rebate Program. Forty-
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X . : : nine states CArizona is excluded) and the District of
in state i in year . , o
] ] . o Columbia cover drugs under the Medicaid Drug Rebate
vint, = the vintage (vear of initial FDA approvall

o ) Program. The Medicaid data disclose the number of
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prescriptions, by product (NDC code), state, and year.

The first of these variables is constructed as follows: There are currently more than 37,000 products in the
Medicaid Drug Product Data file ™
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= 0 if product p does not contain active
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Data LII--on were obtained from the ndc_denorm table in the Multum Lexicon database.[15] There are currently more than 2,100
active ingredients in this database. Table 2 shows the top twenty-five active ingredients contained in 2004 Medicaid
prescriptions, ranked by number of prescriptions.

Data on vinta were obtained from the Drugs@FDA database, produced by the FDA Center for Drug Evaluation and
Research.[16] This database includes several tables. The product table enumerates properties of the products included in each
application, including their active ingredient(s). The supplements table provides the approval history for each application,



including dates of approval. We define vinta as the earliest approval date of any product that contains active ingredient a.

Vintage of Medicare drug treatments. Medicare is a health insurance program for people aged 65 or older, people under age
65 with certain disabilities, and people of all ages with end-stage renal disease (permanent kidney failure requiring dialysis or a
kidney transplant). All Medicare enrollees are covered by Medicare Part A (hospital insurance). Most Medicare enrollees elect
to pay a monthly premium for Part B. Medicare Part B helps cover doctors’ services and outpatient care. It also covers some
other medical services that Part A doesn’t cover, such as some of the services of physical and occupational therapists, and
some home health care. Part B helps pay for these covered services and supplies when they are medically necessary. In 2004,
about 39 million Americans were enrolled in Medicare Part B.

Prior to January 1, 2006, when Medicare Part D was established, Medicare did not pay for most outpatient drugs, but the
Medicare Part B (medical insurance) program did pay for drugs administered by health-care providers, for example,
chemotherapy.

The Medicare drug vintage measure is similar to the Medicaid drug vintage measure, with one exception. For reasons
discussed below, the Medicare index is expenditure-weighted rather than quantity-weighted:
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Data on expend_medicare_drugdit were obtained from annual Physician/Supplier Procedure Summary (PSPS) Master Files
produced by CMS for each of the years from 1991 to 2004. Each file is a 100% summary of all Part B Carrier and DMERC
Claims processed through the Common Working File and stored in the National Claims History Repository. The files are large;
the 2004 file has more than 12 million records. The file enables us to compute total submitted services and charges, total
allowed services and charges, total denied services and charges, and total payment amounts, by Medicare carrier and
procedure. In most cases, there is a one-to-one correspondence between a carrier and a state, so we can measure utilization
and expenditure, by procedure and state.

As discussed in the technical documentation for the PSPS Master Files, Medicare carriers often make erroneous reports of
service counts, but not of expenditures:

Service counts for drugs should be reported using pricing units, e.g., J0120: Injection, Tetracycline up to 250 mg. In this
example, 250 mg = 1 pricing unit or service. If the injection were for 500 mg, then the pricing unit or service would be equal to



2, i.e., 500mg / 250mg = 2 pricing units or services. Many carriers are reporting the milligrams in the service count and MTUS
Fields, e.g., 250 mg instead of 1 pricing unit. As a result the number of services are inflated, thereby deflating the average
allowed charge.[17]

As shown in Figure 7, these reporting errors appear to cause spurious fluctuations in aggregate Medicare drug treatment
service counts but not in expenditures. Therefore, while we believe that a quantity-weighted vintage index is preferable to an
expenditure-weighted index, we will use an expenditure-weighted index of Medicare drug treatments because of errors in
reporting service counts.

Data on eda were obtained from the ndc_denorm table in the Multum Lexicon database.

Table 3 shows the top twenty-five active ingredients contained in 2004 Medicare drug treatments, ranked by total services
count. Comparison of Tables 2 and 3 indicates that the drugs administered by providers to Medicare beneficiaries are quite
different from outpatient drugs used by Medicaid beneficiaries.

Demographic characteristics and behavioral risk factors. Data on body mass index (BMI), current smoking participation, health
insurance coverage, and educational attainment were obtained from the Behavioral Risk Factor Surveillance System
(BRFSS),[18] which is the world’s largest telephone survey. The BRFSS was established by the CDC in 1984 and was
designed to collect state-level data. By 1994, all states, the District of Columbia, and three territories were participating in the
BRFSS.

Data on the incidence of AIDS (the number of AIDS cases reported by state and local health departments) were obtained from
the CDC’s AIDS Public Information Data Set.[19] This data set contains counts of AIDS, by demographics; location (region and
selected metropolitan areas); case definition; month/year and quarter-year of diagnosis, report, and death (if applicable); and
HIV exposure group (risk factors for AIDS). The data set covers the period 1981-2002. As noted above, the measure of AIDS
incidence that we will include in our model of life expectancy will be the number of AIDS cases reported per 100,000 population
lagged by two years. Using this measure allows us to have the sample period end in 2004 rather than 2002. Also, Lichtenberg
(2006) provides evidence that even before highly active retroviral therapy was introduced in the mid-1990s, life expectancy of
AIDS patients at time of diagnosis was 3.7 years, so overall life expectancy may depend on lagged AIDS incidence more than
it depends on contemporaneous AIDS incidence.[20]

Table 4 shows population-weighted sample means of the variables included in eq. (1), by year. Table 5 shows sample means,
by state. Figure 8 shows the increase in the fixed-weighted drug vintage index 1991-2004, by state.

IV. Empirical Results

Estimates of eq. (1) based on the standard index of Medicaid drug vintage are shown in Table 6. Estimates of eq. (1) based on
the fixed-weighted index of Medicaid drug vintage are shown in Table 7. Overall, the two sets of estimates are fairly similar. We
will discuss the estimates based on the fixed-weighted index.

The dependent variable in column 1 of Table 7 is life expectancy at birth. The coefficients on both Medicaid and Medicare drug
vintage are positive and highly significant (p-value < .0001). This indicates that states in which the vintage of both self- and
provider-administered drugs grew faster than average had above-average increases in life expectancy. The coefficients on the
three behavioral risk factors (aids, bmi_gt25, and now_smoke) are all negative and significant. Life expectancy grew more
slowly in states with larger increases (or slower declines) in AIDS, obesity, and smoking rates. The coefficients on educational
attainment and health insurance coverage are not statistically significant. The coefficient on per-capita income is negative, and
significant: states with high income growth had smaller longevity increases, ceteris paribus. This may be consistent with
findings by Ruhm (2000, 2002, 2003, 2004, 2006, and forthcoming).

The dependent variable in column 2 of Table 7 is life expectancy at age 65. The signs and significance of these coefficients are
similar to those in column 1. Below, we will use these coefficients to assess the contributions of medical innovation and
changes in risk factors and income to longevity growth from 1991 to 2004. But first, we will review the estimates of the
productivity and medical expenditure regressions in Table 7.



The dependent variable in column 3 of Table 7 is real gross state product per employee. The coefficient on Medicaid drug
vintage (but not on Medicare drug vintage) is positive and highly significant (p-value < .0001). States with larger increases in
Medicaid drug vintage had faster productivity growth, conditional on income growth and the other factors in eq. (1). The
increase in Medicaid drug vintage is estimated to have increased output per employee by about 1% per year. Much of this may
be attributable to increased hours worked per employee. Based on a study of disease-level household survey data from 1982
to 1996, Lichtenberg (2005c) concluded that pharmaceutical innovation reduced the number of work-loss days per employed
person by 1.0% per year.

Productivity growth is likely to depend on non-pharmaceutical as well as pharmaceutical innovations. Moreover, Skinner and
Staiger (2005) found a very strong state-level correlation with regard to the adoption of new and effective technologies, and this
correlation held across a variety of industries and time periods. Therefore, the coefficient on Medicaid drug vintage in the
productivity regression may be overestimated: it may be capturing the productivity effect of other, unmeasured innovations.

Measuring the adoption of most innovations by state and year is not feasible, but there is one important innovation whose
diffusion can be tracked: use of personal computers in the home. In six of the years from 1994 to 2003, respondents to the
Current Population Survey indicated whether they used a computer at home. As shown in Figure 9, the percent of people using
computers at home increased from 25% in 1994 to 62% in 2003. The rate of increase varied considerably across states.

We did not include the computer-use measure in our basic model, because doing so would require a 57% reduction in sample
size. However, we assessed the sensitivity of our estimates to controlling for computer use. We found that changes in Medicaid
drug vintage were uncorrelated across states with changes in computer use, both unconditionally and controlling for income,
education, and other factors. When computer use is included in the longevity and productivity equations, its coefficient is not
significant in any equation. Controlling for computer use increases the Medicaid drug vintage coefficient in the productivity
equation by 26%; it reduces the Medicaid drug vintage coefficient in the life expectancy at birth and at age 65 equations by
25% and 17%, respectively, but they remain highly significant. Thus at least one attempt to control for the adoption of
nonmedical innovations does not have a substantial impact on our estimates.

Now let’s consider the estimates of the per-capita medical expenditure equations. The coefficient on Medicaid drug vintage in
the drug expenditure equation is .035 and is highly significant. This suggests that a one-year increase in Medicaid drug vintage
causes drug expenditure to increase by 3.5%. This is quite consistent with Lichtenberg’s (2006) estimate of the slope of the
vintage-price profile based on cross-sectional microdata from the 2002 Medical Expenditure Panel Survey; he found that a
one-year increase in vintage was associated with a 3.0% increase in the price of a prescription. Increases in educational
attainment and the incidence of AIDS also increase drug expenditure. But states whose Medicare drug vintage is growing
rapidly have lower growth in per-capita drug expenditure.

The coefficients on the Medicaid drug vintage coefficient in the other expenditure equations (cols. 5-8) indicate that use of
newer drugs is associated with increased utilization of home health care and nursing-home care and lower expenditure on
physicians. The coefficients on both the Medicaid and Medicare drug coefficients in the total expenditure equation (col. 9) are
insignificantly different from zero. This indicates that states in which drug vintage has increased the most have not had above-
average increases in overall medical expenditure. While use of newer drugs has increased some types of medical expenditure,
it has reduced other types, and the expenditure reductions approximately offset the expenditure increases. This suggests that
pharmaceutical-embodied technological change, like equipment-embodied technical change, is non-neutral (Kopp and Smith,
1985; Bartel and Lichtenberg, 1987; Baltagi and Rich, 2005).

The other coefficients in column 9 suggest that increases in income, education, smoking, and the incidence of AIDS tend to
increase per-capita medical expenditure and that expanded health insurance coverage reduces it.

V. Implications

Now we will use our estimates to assess the effects of the various factors on changes in U.S. life expectancy and on interstate
differentials in life expectancy. The contribution of each factor to the 1991-2004 change in life expectancy is the coefficient of
that factor in column 1 or 2 of Table 7 times the 1991-2004 change in the mean of that factor in the last row of Table 4. As
shown in the middle column of Table 8, life expectancy at birth increased by 2.33 years from 1991 to 2004. The estimates
indicate that the growth in obesity and the growth in income both reduced the growth in life expectancy. If obesity and income




had not increased, life expectancy at birth would have increased by 3.88 years. The increases in Medicaid and Medicare drug
vintage account for 2.43 years (63%) of the “potential increase” in life expectancy. The declines in AIDS incidence and smoking
account for 0.23 and 0.12 year (6% and 3%), respectively, of the potential increase in life expectancy. About 1.1 years (28%) of
the potential increase in life expectancy at birth is unexplained.

As shown in the last column of Table 8, life expectancy at age 65 increased by 1.29 years from 1991 to 2004. If obesity and
income had not increased, life expectancy at age 65 would have increased by 2.15 years. The increases in Medicaid and
Medicare drug vintage account for 1.19 years (55%) of the potential increase in life expectancy at age 65. The declines in AIDS
incidence and smoking account for 0.07 and 0.12 year (3% and 5%), respectively, of the potential increase in life expectancy.
About 0.8 year (36%) of the potential increase in life expectancy at age 65 is unexplained.[21]

Although use of newer drugs does not appear to have increased annual medical expenditure, it probably has increased lifetime
medical expenditure. The increase in the latter may be approximately equal to total medical expenditure during the 2.43
additional years of life attributable to increasing drug vintage. As shown in Figure 10, in 1996 mean medical expenditure of
people aged 75-84 was $6,153—56% more than the mean medical expenditure of all Americans. This implies that the
increase in lifetime medical cost per life-year gained from using newer drugs has been about $6,153. Medical interventions that
cost this amount are generally considered to be highly cost-effective.

Differences in drug vintage explain some of the interstate variation in life expectancy, but the fraction of cross-sectional
variance explained is smaller than the fraction of aggregate time-series variance (growth) explained. For example, as shown in
Table 5, the mean value of New Jersey’s Medicaid fixed-weighted index of drug vintage is almost three years higher than the
value of Tennessee’s index. (These states used the newest and oldest drugs, respectively.) Our estimates imply that this
difference would result in about a six-month difference in life expectancy at birth. This is about 20% of the mean actual life-
expectancy differential (2.3 years) between the two states.

VI. Summary and Conclusions

The rate of increase in longevity has varied considerably across states since 1991. This paper has examined the effect of
medical innovation, behavioral risk factors (obesity, smoking, and AIDS incidence), and other variables (education, income,
and health insurance coverage) on longevity using longitudinal state-level data. This approach controls for the effects of
unobserved factors that vary across states but are relatively stable over time (e.g., climate and environmental quality) and
unobserved factors that change over time but are invariant across states (e.g., changes in federal government policies). We
also analyzed interstate variation in productivity (output per employee) growth and in the growth of per-capita medical
expenditure (total and by type, e.g., expenditure on physicians, prescription drugs, and hospital care).

We found that states in which the vintage of both self- and provider-administered drugs grew faster than average had above-
average increases in life expectancy, whether or not we adjusted for state-specific changes in the distribution of disease.
However, since we were unable to control for the vintage of non-pharmaceutical medical services—and the latter may be
correlated with drug vintage—the drug vintage coefficients that we estimated may to some extent reflect the effect of other
medical innovation as well as the effect of drug innovation.

Life expectancy grew more slowly in states with larger increases (or slower declines) in AIDS, obesity, and smoking rates.
Consistent with a number of recent studies, states with high income growth had smaller longevity increases, ceteris paribus.

States with larger increases in Medicaid drug vintage had faster productivity growth, conditional on income growth and the
other factors. The increase in Medicaid drug vintage is estimated to have increased output per employee by about 1% per
year. Much of this may be attributable to increased hours worked per employee. In principle, the coefficient on Medicaid drug
vintage in the productivity regression may be overestimated: it may be capturing the productivity effect of other, unmeasured
innovations. But controlling for a potentially important nonmedical innovation—computer use in the home—did not have a
substantial impact on our estimates.

Increases in income, education, smoking, and the incidence of AIDS tend to increase per-capita medical expenditure;
expanded health insurance coverage reduces it.



States in which drug vintage has increased the most have not had above-average increases in overall medical expenditure.
While use of newer drugs has increased some types of medical expenditure, it has reduced other types, and the expenditure
reductions approximately offset the expenditure increases. This suggests that pharmaceutical-embodied technological change,
like equipment-embodied technical change, is non-neutral. Although use of newer drugs does not appear to have increased
annual medical expenditure, it probably has increased lifetime medical expenditure. But the increase in lifetime medical cost
per life-year gained from using newer drugs has been quite low.

The estimates indicate that the growth in obesity and the growth in income both reduced the growth in life expectancy. If
obesity and income had not increased, life expectancy at birth would have increased by 3.88 years, not just 2.33 years. The
increases in Medicaid and Medicare drug vintage account for 2.43 years (63%) of the “potential increase” in life expectancy.
The declines in AIDS incidence and smoking account for 0.23 and 0.12 year (6% and 3%), respectively, of the potential
increase in life expectancy. About 1.1 years (28%) of the potential increase in life expectancy at birth is unexplained.
Differences in drug vintage explain some of the interstate variation in life expectancy, but the fraction of cross-sectional
variance explained is smaller than the fraction of aggregate time-series variance (growth) explained.

Appendix: Correlation across States between Changes in the Vintage of Medicaid and Non-Medicaid Prescriptions

This appendix describes a test of the hypothesis that the extent of utilization of new drugs in the Medicaid program is strongly
correlated with the extent of utilization of new drugs in general. We had access to data from a private company, NDCHealth, on
the number of prescriptions, by NDC code, state (and five U.S. territories), month (January 2001-December 2003), and payer
(Medicaid, other third party, and cash), for six important therapeutic classes of drugs: antidepressants, antihypertensives,
cholesterol-lowering drugs, diabetic drugs, osteoporosis/menopause drugs, and pain management medications. Here are
some summary statistics:

M Mean Std Dev. Min Max

FD& approval year

Medicaid 252 469, 702 1986.44 1.51474 1961.22 2002
Other 2,244,589 497 1986.59 1.19334 1980.47 1999
Total 2,497.,059,199 1986.58 1.18352 1980.85 1999

share of prescriptions for drugs approved after 1980

Medicaid 252,469,702 081739 0.04221 0 1
Other 2,244,589 497 0.80292 0.02936 Q.5 1
Total 2,497,059,199 Qua0azs 0.0297 0.5 1

These data were used to estimate the following equation:[22]
¥, = mVINT_MEDICAID, + o + 8 + ¢, i2)

where

VINT_WMEDICAID, = the mean vintage (FOA approval year) of Medicaid prescriptions in state i in month t
¥, =the mean vintage of all prescriptions or of non-Medicaid (third-party and cash)
prescriptions in state i in month t

o =a fixed effect for state |

& = a fixed effect for year t

g, =adisturbance
Two alternative measures of vintage were used: the mean FDA approval year; and the share of prescriptions containing active
ingredients approved after 1980. Estimates of eq. (1) are shown in Table 1. In all four equations, the estimate of is positive and
highly statistically significant (p-value <.0001). This indicates that the extent of utilization of new drugs in the Medicaid program
is strongly correlated with the extent of utilization of new drugs in general. The vintage of non-Medicaid (and all) prescriptions
tended to increase more in states with larger increases in the vintage of Medicaid prescriptions.
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Endnotes

1. Because of limitations on available data, this paper will analyze changes in longevity during the period 1991-2004.

2. Solow (1960, p. 91) argued that "many if not most innovations need to be embodied in new kinds of durable equipment before
they can be made effective. Improvements in technology affect output only to the extent that they are carried into practice either
by net capital formation or by the replacement of old-fashioned equipment by the latest models.” We hypothesize that
innovations may be embodied in nondurable goods (e.g., drugs) and services as well as in durable equipment.

3. Source: CMS, Medicare Part B Physician/Supplier Data by BETOS, calendar year 2004,
http://www.cms.hhs.gov/MedicareFeeforSvcPartsAB/Downloads/BETOS04.pdf.

4. Our econometric model will control (via state fixed effects) for the effects of permanent, or relatively stable, differences between
states in the relative incidence of various diseases.

5. http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=medical+practice+
variation&tool=QuerySuggestion.

6. Lichtenberg (2006) presents a theoretical argument that the vintage of drugs is also likely to depend on the extent of prescription

drug coverage, and empirical evidence that supports this argument.

Arizona is excluded from the sample because it does not participate in the Medicaid Drug Rebate Program.

Murray et al. (2006) also computed state and local estimates of life expectancy.

Vintage 2004, http://wonder.cdc.gov/Bridged-Race-v2004.html. We computed life expectancy using the following age

classification: under 1 year, 1-4 years, 5-9 years, 10-14 years, 15-19 years, 20-24 years, 25-29 years, 30-34 years, 35-39

years, 40-44 years, 45-49 years, 50-54 years, 55-59 years, 60-64 years, 65-69 years, 70-74 years, 75-79 years, 80-84

years, 85 years and over.

10. http://www.bea.gov/regional/gsp.

11. http://www.bea.gov/regional/spi.

12. http://www.cms.hhs.gov/NationalHealthExpendData/05 NationalHealthAccountsStateHealthAccounts.asp.

13. http://www.cms.hhs.gov/MedicaidDrugRebateProgram/SDUD/list.asp.

14. http://www.cms.hhs.gov/MedicaidDrugRebateProgram/09 DrugProdData.asp.
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. http://www.multum.com/Lexicon.htm.

. http://www.fda.gov/cder/drugsatfda/datafiles/default.htm.

. CMS, “2004 Limitations for the Physician/Supplier Procedure Summary Master File.”

. http://www.cdc.gov/BRFSS/index.htm.

. http://www.cdc.gov/hiv/software/apids.htm.

. By 2001, life expectancy of AIDS patients at time of diagnosis is estimated to have increased to about 26 years.

. The unexplained component is reflected in the year fixed effects of eq. (1).

. This equation was estimated by weighted least squares, weighting by the total number of prescriptions, or the humber of non-

Medicaid prescriptions, in state i in month t.



