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ABSTRACT

This dissertation sets out to determine if the health care sector suffers from low

productivity growth and the implications on government finances in the long run. I use

the condition treatment approach to measure utilization and price growth in the health

care sector with the Medical Expenditures Panel Survey data from 2003-2011. While

official inflation estimates are found to be biased by up to 1% per year, health care

prices were still growing much faster than other prices. However, this is only true for

certain segments of the population. Diseases and other medical conditions experience

different productivity growth rates and are distributed uniformly across the population.

I also find that much of the inflation is concentrated in ambulatory care events. I test to

see if technology is driving event-level inflation by controlling for individual procedures.

Contrary to other studies, I find little evidence to support the claim that technology is

the main reason behind health care inflation. The results suggest that the health care

sector may suffer from the Cost Disease. To study the implication on taxes, I build a

theoretical model of unbalanced growth between private and publicly provided goods. As

long as the two goods are not substitutable, the tax rate is pushed to the top of the Laffer

Curve and redistribution is crowded out in the long-run.
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CHAPTER 1

INTRODUCTION

Before the sixteenth century, price inflation was unfamiliar. The influx of gold and silver

from the New World caused an upheaval in Spain’s economy in the 1550’s, rising prices,

and perhaps the birth of economic philosophy. Though theories for the sudden existence

of inflation abounded at the time [97], Jean Bodin [26] and Martn de Azpilicueta [42]

revolutionized economics by discovering the quantity theory of money. For almost 500

years, the quantity theory of money has been one of the first principles that economics

students learn.

Despite centuries of debate, economists are still unclear why inflation is persistently

greater for some goods than others. The quantity theory of money can only explain

the general rate of inflation in the long run, not the variations in price growth between

different goods. Baumol and Bowen [21] were one of the first to investigate the phe-

nomenon. They found that the price of theatrical performances in London grew faster

than the inflation rate for more than 200 years. They attributed the cause to the lack of

labor productivity growth in performing arts coupled with positive wage growth. They

subsequently dubbed the set of conditions the Cost Disease.

The performing arts is not the only sector with continuously high inflation. Health

care prices have risen at almost twice the general rate of inflation since at least 1960. A

graph of the percentage change in the Consumer Price Index is shown in Figure 1. The

medical care component is shown as the dotted line. With the exception of a short period

in the late 1970’s and early 1980’s, the medical component rose faster in every year than

the CPI.

Understanding the trend in health care prices is particularly important for a couple

of reasons. Health care is becoming one of the largest sectors. According to the National

1



Source: Federal Reserve Economic Data.

Figure 1.1: Comparison of General Inflation to Medical Price Inflation

Health Expenditure Accounts, health care spending as a percentage of GDP was only

5.0% in 1960. By 2013, that number had risen to 17.4%. Since 1966, the government has

interceded in the health care sector to assist in providing care, a role that appears to be

expanding. The growth in health care prices places considerable strain on government

budgets.

This dissertation examines three questions. What are the implications on government

spending and taxes if publicly provided goods, such as health care, suffer from the Cost

Disease? Is health care inflation accurately measured or distributed evenly across the

population? Can technology, the prime suspect, explain health care inflation or is the

Cost Disease a more plausible explanation?

Chapter 2 investigates Baumol’s cost disease in the presence of distortionary taxation.

A model is presented in which one sector experiences low labor productivity growth

relative to the rest of the economy and draws out the implications for public spending.

Specifically, if the government takes over the provision of such goods, then the public

sector will continue to grow and the tax rate will be pushed to the top of the Laffer curve

over time. This essay also finds that the desire for redistribution will be crowded out by

the impact of unbalanced growth and Baumol’s cost disease.

The health care sector is one of the most rapidly evolving sectors in the economy.

However, the gains from technological growth are primarily experienced by a small sub-

set of health consumers. In Chapter 3, I identify the beneficiaries by estimating the

productivity-adjusted price inflation for the treatment of a variety of diseases. Utilization

2



growth is found to explain 91% of the variation in price inflation across disease treat-

ments. Furthermore, disease prevalence and the average treatment expense are found

to be negatively correlated with price inflation, suggesting the presence of directed tech-

nological change. These results are tested for robustness using a structural consumer

choice model. Since disease prevalence varies considerably across demographics, certain

subgroups of the population experience lower rates of medical care inflation. The medical

care component of the CPI may overestimate medical care inflation for African Americans

and the Elderly by as much as 2% per year, while underestimating the rate experienced

by the median health consumer by almost 1%.

Finally, Chapter 4 challenges the commonly held assumption that technology is driv-

ing health care costs. The impact of technology is tested by extending the works by Smith,

Newhouse, and Freeland (2009) and Thornton and Beilfuss (2014) to include event-level

data in ambulatory care. Rather than using a time trend, I use a variety of medical

techniques and procedures to control for technology. I find that the net impact of these

procedures on ambulatory care inflation is negative. The results in this essay suggest

that labor is the primary driver of cost growth.

In addition to the essays in Chapters 2 through 4, two appendices are attached. Each

appendix provides supplemental tables to the empirical work in Chapters 3 and 4. A

conclusion follows the last essay.
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CHAPTER 2

THE IMPACT OF BAUMOL’S DISEASE ON TAXATION

This paper investigates Baumol’s cost disease in the presence of distortionary taxation.

A model is presented in which one sector experiences low labor productivity growth

relative to the rest of the economy and draws out the implications for public spending.

Specifically, if the government takes over the provision of such goods, then the public

sector will continue to grow and the tax rate will be pushed to the top of the Laffer curve

over time. This paper also finds that the desire for redistribution will be crowded out by

the impact of unbalanced growth and Baumol’s cost disease.

2.1 Introduction

Recent trends indicate that while real government expenditures have increased more

than six-fold since 1947, this growth has been concentrated among the goods and ser-

vices that have experienced low labor productivity growth. Defense spending comprised

almost half of total U.S. government expenditures in 1950, but has steadily decreased

to approximately twenty percent. Since then, health care1and education have become

the major publicly provided goods and services.2 During this time, the labor force has

experienced a structural change with the government directly employing at least a fifty

percent greater share of the labor than it did in 1950.3,4

1Though Baumol’s recent book [19] repeatedly makes the claim that health care is a low productivity
sector, Newhouse [79] disputes the proposition and claims that the sector has experienced much tech-
nological growth. However, labor productivity in the health care sector is difficult to measure and it is
unclear whether Newhouse’s critique alters the analysis presented in this paper.

2source: http://www.usgovernmentspending.com/
3source: http://research.stlousfed.org/fred2/
4In addition, this structural change in the labor force may be understated. Minicucci and Donahue [77]

found that federal, state, and local government outsourcing began to increase significantly in the late
1970s and Light [69] estimated the labor force indirectly employed by the federal government to have
grown to be 5-6 times the official measure by the late 1990s.
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While the merits of public provision are debatable, this paper takes this provision as

given and draws out the implications by explicitly modeling the structural change in the

labor force. This paper extends the model developed by Baumol in 1967. Baumol [17]

split the economy into two sectors which differed by their rate of labor productivity

growth. He reasoned that labor mobility would lead to uniform wage growth across the

economy5 and concluded that less productive sectors were afflicted with the Cost Disease,

meaning that the cost to provide goods from these sectors will always outpace the rate of

inflation in the economy. Baumol also demonstrated that if the demand for the goods of

the less productive sector of the economy is sufficiently inelastic, then labor will migrate

from the more productive sector to the less productive sector. Recent papers by Ngai &

Pissarides [80] and Acemoglu & Guerrieri [3] generalize Baumol’s model and reach the

same conclusion.

Much of the empirical work on unbalanced growth has focused on testing the cost

disease6 and the growth of expenditures. Nordhaus [81] and Hartwig [57] performed

a panel study of Baumol’s model across different industries in the U.S. and Switzerland

respectively and found considerable support, while Bates and Santerre [16] found evidence

that the growth in government expenditures for U.S. states is due to the cost disease.7

Older studies recognized that the government tends to be a low productivity sector and

is susceptible to the cost disease with the annual relative price for government output

rising by 1.5% per year.8 Borcherding [28] also estimated the elasticity of demand for

government services before 1970 to be -0.4, meaning that the cost disease alone explains

31% of the rise in government expenditures over this period.

While Baumol’s [18, 19] analysis has been applied to the public sector, this work has

5Nordhaus [81] and Hartwig [57] find strong empirical support for this assumption in the U.S. and
Switzerland.

6Mao & Yao [72] find that differential productivity growth can explain the three- sector structural
change in South Korea.

7Health economists have also recently turned to Baumol’s cost disease as a possible explanation for
rising health care costs. Hartwig and Sturm [59] found unbalanced growth to be one of the few robust
determinants of health care expenditures. Also, [58], Colombier [39], and Bates and Santerre [15] perform
panel studies of health care expenditure growth across the OECD countries and the U.S. states and find
that unbalanced growth is a significant determinant of this growth.

8Bradford, Malt, and Oates [31] and Borcherding [27] found a 1.5% increase. Peltzman’s [86] study
found a 1.4% increase. Borcherding [29] more recently found that the relative price increase fell to only
0.8% per year in the period from 1970-1997.
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not generally taken into account the role of distortionary taxes.9 This distortion adds

a cost to providing the publicly provided good, beyond the growth resulting from the

cost disease, which limits the share of income that can be used to finance the good.

Therefore, it is not immediately obvious that Baumol’s results, and therefore his analyses

about these markets, hold in this setting.

This paper presents a model of unbalanced productivity growth between the private

sector and the public sector. The publicly provided good is financed through taxation

which distorts the labor supply. The results are similar to the previous literature on

unbalanced growth in which labor moves into the stagnant sector. Despite the even

greater cost associated with producing the publicly provided good, taxes are pushed to

the top of the Laffer curve. If taxes are allowed to vary across different income groups,

unbalanced growth eliminates redistribution in the limit as time goes to infinity. These

results hold even if the government’s preferences deviate from the socially optimal weights

on the private and publicly provided good.

The rest of this paper is organized as follows. The next section develops a model of

unbalanced growth. The following section solves the model and discusses the interactions

between tax distortions and the cost disease. Section 4 allows for the role of redistribution

and discusses the welfare implications. Finally, the last section concludes the paper.

2.2 Model

Assume that the economy can be divided into two sectors, a high productivity growth

sector that produces a privately provided good, x, and a low productivity growth sector

that produces a fully-rival, publicly provided good, g. The government purchases the pub-

licly provided good from the low productivity growth sector and allocates it accordingly.

The production functions for each sector can be expressed as follows:

Yxt = AtLxt (2.1)

9Van der Ploeg [43] uses a similar, but less general, model to study the interactions between a stagnant
public sector, labor supply elasticity, and dependency. The results in this paper differ from the results in
Van der Ploeg [43] by showing that the tax distortion has no effect on the short-run comparative statics.
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Ygt = BtLgt (2.2)

where Yxt, Ygt are the outputs for each sector at time t, Lxt and Lgt are the respective labor

hired by each sector, and At and Bt are the marginal productivities of labor of the private

and public sectors. Let At/Bt be monotonically increasing in time and lim
t→∞

At/Bt =∞.

This implies that the growth rate of labor productivity in the private sector is higher

than the growth rate of labor productivity in the public sector.

We assume that each sector is perfectly competitive and that labor is perfectly mo-

bile. Therefore, wages, w, grow uniformly across each sector at a growth rate that is

endogenously determined by the model.10 Let Cxt and Cgt be the respective marginal

costs for the privately provided good and the publicly provided good at time t. These

costs are given in equations (2.3) and (2.4) below.

Cxt =
wtLxt
Yxt

=
wtLxt
AtLxt

=
wt
At

(2.3)

Cgt =
wtLgt
Ygt

=
wtLgt
BtLgt

=
wt
Bt

(2.4)

Wages should grow no faster than the labor productivity growth rate of the private

sector. Absent other external factors, this leads to constant or falling real costs of pro-

ducing the privately provided good over time. The cost for the publicly provided good,

however, will grow over time since wages are growing faster than the productivity of the

public sector. The ratio of the costs grows without bound, reflecting Baumol’s cost dis-

ease: lim
t→∞

(Cgt/Cxt) = lim
t→∞

(At/Bt) =∞. This is because the increase in labor costs for

the private sector is offset by the continual gains in productivity, unlike the public sector

whose labor costs are at best only partially offset by productivity gains.

Baumol [17] showed that as long as elasticity of substitution between the two sectors

is less than one, labor will continually migrate to the less productive sector until labor

10While Baumol’s model assumes that wages grow at the productivity growth rate of the more pro-
ductive sector, the results in this paper only rely on uniform wage growth across both sectors.
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in the more productive sector disappears in the limit as time increases. If we applied

Baumol’s results to this model, this would imply that the government would eventually

employ the entire labor force. This prediction is highly unrealistic because it fails to take

into account the role of tax distortions. Unlike standard consumption goods, the cost

burden of publicly provided goods falls on all tax-payers regardless of whether or not

they consume the good. Therefore, we need to take into consideration each consumer’s

budget constraint

(1− τt)wtLit = pxtxit (2.5)

and the government’s budget constraint

τtwt(Lxt + Lgt) = wtLgt (2.6)

where τt is the tax rate, Lit is the amount of labor supplied by consumer i, pxt is the price

of the private good, and xit is the amount of the privately provided good that consumer i

purchases. We assume that the government chooses a tax rate each period to maintain a

balanced budget. The consumer’s after tax labor income goes toward buying the private

good. The government uses the tax revenue to pay the public sector labor to produce

good g.

Financing the publicly provided good carries an additional burden beyond Baumol’s

cost disease. Taxation distorts the behavior of economic agents, potentially leading to

socially suboptimal outcomes. We allow a twice continuously differentiable tax distortion,

δ (τt), to enter into the consumer’s labor supply so that any increase in the tax rate leads

to a reduction in the labor force. Let δ′ (τt) ≥ 0, and δ” (τt) ≥ 0 so that smaller levels

of the tax rate have a smaller marginal effect on the labor supply than larger tax rates.

This general specification of the distortion captures the deadweight loss that arises from

an income tax.11 One such function that is encapsulated by δ is the deadweight loss in

11Becker and Mulligan [22], Andersen [10], and McGuire and Olson [75] use a very similar form of
the tax distortion in their papers on government size. Van der Ploeg [43] derived a specific functional
form for δ using the Samuelson Rule and a labor-leisure choice, which is consistent with the generalized
function δ used here as long as the supply of labor is not perfectly inelastic.
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Feldstein [48], which found the loss to be proportional to τ 2/(1 − τ). While we could

explicitly model the loss arising from a labor-leisure choice, I will discuss in the next

section why this does not impact our results. Labor supply is determined by the following

equation.

(1− δ (τt))Lt = Lxt + Lgt (2.7)

Lt is the total amount of labor supplied absent tax distortions, which also represents

the total number of consumers. The amount of labor supplied by consumer i is normalized

so that without tax distortions each consumer supplies one unit of labor. With tax

distortions the amount of labor supplied by each consumer is Lit = (1− δ (τt)). Under

perfect competition the price of the privately provided good is equal to the marginal cost

of producing the good, pxt = Cxt. These expressions simplify equation (2.5) to become

At (1− τt) (1− δ (τt)) = xit. (2.8)

Substituting the labor supply from equation (2.7) into the government’s budget constraint

in equation (2.6) we obtain the following expression for the publicly employed labor

supply.

τt (1− δ (τt))Lt = Lgt (2.9)

Note that wages drop out of the government’s budget constraint. Despite the publicly

provided good growing ever more expensive due to Baumol’s Cost Disease, the government

can afford to pay for it as productivity drives wages up which in turn increases tax

revenue. However, the tax distortion limits the ability to satisfy the growing demand for

the publicly provided good resulting from the growth in income over time.

Now that we have derived expressions for production and the household and govern-

ment budget constraints, we turn our attention to consumer demand for the two goods.

Given the constraints that were derived, the government chooses a level of taxation and

a quantity of the publicly provided good to supply. By choosing a level of taxation,

9



the government is essentially choosing the quantity of the privately provided good that

each household consumes. Therefore to maximize its welfare, the government solves the

following problem for a representative household to determine optimal quantity of the

publicly provided good.

max
x,g

Ui (xit, git) = [γGx
ρ
it + (1− γG)gρit]

1
ρ (2.10)

subject to (2.1), (2.2), (2.8), (2.9)

1−γG represents the government’s relative preference for the publicly provided good.

The government may allocate resources in a manner that is suboptimal for its con-

stituents. This could come from the government acting in its own self-interest, or the

government having imperfect information about consumer preferences. We will first look

at the special case γG = γ, where 1− γ is the representative household’s true preference

for the publicly provided good, and then explore the model’s implications when γG 6= γ.

The CES utility function in (2.10) allows us to explore the dynamics of the optimal

provision of g given the degree of substitutability between the two goods as well as giving

us the ability to compare our results to Baumol’s results. Baumol found that structural

change will continue to occur as long as the elasticity of substitution between the two

goods is less than one, which is equivalent to ρ < 0 in the utility function above. In this

case, the privately provided good would be a poor substitute for the publicly provided

good. The growing productivity of the more progressive sector results in larger real

income, which drives the demand for the other product. As long as wage growth is

uniform between the sectors, the government will continue to raise taxes and labor will

move into the less productive sector to satisfy the growing demand.

In equilibrium, the supply of the publicly provided good is equal to the demand, or

Ygt = Lgit. Therefore, equation (2.10) can be further simplified by substituting in the

constraints. This results in the simplified problem below, where the government chooses

a tax rate at each time t to maximize the utility of a representative household.

10



(2.11)max
τ

Ui (τt) = [γ {At (1− τt) (1− δ (τt))} ρ + (1− γ) {Btτt (1− δ (τt))} ρ]
1
ρ

The tax rate that solves equation (2.11) at time t has no effect on the optimal tax rate

in time t+ 1, meaning that equation (2.11) in linearly separable across time. Therefore,

the government solves a static problem for each time period. The solution and resulting

insights depend on the value of the tax distortion. We will examine the solution to the

cases where δ = 0 and δ > 0 in section below.

2.3 Results

2.3.1 Case: δ = 0

Assuming that there are no tax distortions, the solution to equation (2.11) yields the

following proposition.

Proposition 2.3.1. If the elasticity of substitution between the private good and the

publicly provided good is less than one (ρ < 0) and there exists no tax distortions, (δ = 0)

, the optimal tax rate converges to one in the limit as time t approaches infinity.

Proof. Let δ = 0 in equation (2.11). Setting the first order conditions equal to zero and

solving for the tax rate yields τt = (γ/(1−γ))1/(ρ−1)

(Bt/At)
ρ/(ρ−1)+(γ/(1−γ))1/(ρ−1) . Note that the elasticity of

substitution, σ = 1
1−ρ . As long as the elasticity of substitution is less than one or ρ < 0,

Bt/At goes to zero as t goes to ∞. So, τt = (γ/(1−γ))1/(ρ−1)

(γ/(1−γ))1/(ρ−1) = 1 in the limit as t goes to

infinity.

Without tax distortions, the government’s problem becomes essentially identical to

Baumol’s problem. The publicly provided good becomes no different from the privately

provided good and the government chooses how to allocate between the two goods based

on its belief about consumer preferences. The growing productivity of the private sector

drives an increase in the demand for the publicly provided good as long as the two goods

are not highly substitutable. The public sector’s relatively low productivity growth re-

quires an ever-increasing percentage of the labor force to meet demand. Since government

spending as a percentage of GDP is wtLgt/(wtLgt + wtLxt), the structural change in the

labor force leads to the public sector taking an ever increasing share of aggregate income.

11



Government spending is discontinuous where the elasticity of substitution is equal to

one. As time increases, the ratio of productivity between the two sectors, At/Bt grows.

If the elasticity of substitution between the two goods is greater than one, the two goods

are highly substitutable. In such a case, it is suboptimal to consume the less productive

good, and optimal consumption will lead to a decline in the share of government spending.

However, if the two goods are less substitutable, the demand for the publicly provided

good, and thus government expenditures, will increase over time.

2.3.2 Case: δ > 0

The more interesting and realistic scenario is when there exists an additional cost

for the government to provide the good. Now, the ability of the government to finance

the good is limited by its ability to collect funds. Let us first look at the maximum

tax revenue the government can obtain through taxation given the existence of a tax

distortion.

Tax revenue is determined by the tax rate and the wage income from both sectors

of the economy. Since wages are uniform across both sectors, TRt = τtwt (Lxt + Lxt).

However, the aggregate amount of labor is endogenously determined by the tax rate due

to labor supply distortions. Therefore, the revenue-maximizing tax rate is the solution

to the following problem.

max
τ

TRt = τtwt (1− δ (τt))Lt (2.12)

From the first order conditions, the revenue-maximizing tax rate solves the following

equation:

1− δ (τt)− τtδ′ (τt) = 0. (2.13)

Tax revenue is a strictly concave function due to the assumptions that δ′ (τt) ≥ 0 and

δ” (τt) ≥ 0, therefore the tax rate that solves equation (2.13) is unique. Note that in

the case where δ = 0, the revenue-maximizing tax rate is equal to one. Equation (2.13)

allows us to compare how much can be spent on the publicly provided good with how

12



much is actually spent in the limit as t grows larger.

Lemma 2.3.2. As long as the tax rate is less than the revenue-maximizing tax rate and

the elasticity of substitution between the privately provided good and the publicly provided

good is less than one, the optimal tax rate is monotonically increasing with the ratio of

labor productivity of the private sector to the public sector.

Proof. Let Γ = At/Bt. Setting the first order conditions to equation (2.11) equal to zero

and solving for the tax rate yields the irreducible equation

1− δ − τtδ′

1 + δ′ − δ − τtδ′

[
τt

1− τt

]ρ−1

= Γρ
(

γ

1− γ

)
(2.14)

Totally differentiating both sides with respect to Γ and rearranging yields the follow-

ing:

∂τ

∂Γ
=

ρΓρ−1
(

γ
1−γ

)
(δ−1)δ′′−2(δ′)2

(1+δ′−δ−τtδ′)2

(
τt

1−τt

)ρ−1

+ 1−δ−τtδ′
1+δ′−δ−τtδ′

(
τt

1−τt

)ρ−2
ρ−1

(1−τt)2

Note that (1 + δ′ (τt)− δ (τt)− τtδ′ (τt)) > (1− δ (τt)− τtδ′ (τt)) ≥ 0 for τ ≤ τ ∗, where

τ ∗ is the revenue maximizing tax rate. Define C1, C2, and C3 to be the following positive

constants:


C1 = −ρΓρ−1

(
γ
γ−1

)
C2 = (τt/1−τt)ρ−1

(1+δ′(τt)−δ(τt)−τtδ′(τt))2

C3 =
−(1−ρ)/(1−τt)2(τt/1−τt)ρ−1

1+δ′(τt)−δ(τt)−τtδ′(τt) .

Then, since ρ < 0, 0 < γ < 1, and Γ > 0, the above equation can be simplified to

∂τ

∂Γ
=

C1

C2

[
2 (δ′)2 + (1− δ) δ′′

]
+ C3 (1− δ − τtδ′)

.

For τt < τ ∗, (1− δ (τt)− τtδ′ (τt)) > 0, which also implies that δ (τt) < 1. Therefore,

∂τ/∂Γ > 0.
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If private sector productivity is always growing faster than public sector productivity,

then the optimal tax rate is monotonically increasing with time. This comparative static

with respect to time may not hold in a particular year if the public sector receives a

positive productivity shock. However, the assumptions of the productivity dynamics in

the limit provide a strong indication of the direction of tax rates over time.

Tax rate ultimately depends on the ratio of At/Bt, not the actual levels of productivity.

If both productivities are growing by the same percentage, the tax rate is unchanged.

Therefore, under balanced growth the equilibrium tax rate and government size as a

percentage of GDP remain constant. Thus the income elasticity of demand for publicly

provided goods is one and Wagner’s law is not operative within the model. The growth

in government size is coming directly from the Baumol effect.

Proposition 2.3.3. If the elasticity of substitution between the privately provided good

and the publicly provided good is less than one (ρ < 0), the optimal tax rate converges to

the revenue-maximizing tax rate in the limit as time t approaches infinity.

Proof. Let Γ = At/Bt. From the earlier assumption that lim
t→∞

At/Bt = ∞ and ρ < 0,

lim
t→∞

Γρt = 0. Then in the limit as t goes to infinity, equation (2.14) reduces to

1− δ (τt)− τtδ′ (τt) = 0

which gives us the revenue-maximizing tax rate.

With a positive tax distortion, the government faces a trade-off between the growing

demand for the publicly provided good and the inevitable reduction in the labor force

that arises from paying for the good through taxation. The disparities in productivity

growth between the private sector and the public sector drive the cost of providing the

public good higher; however the government can only raise so much revenue to pay for

the good despite the rise in real wages.

Furthermore despite the growing tax distortion, the government sets the tax rate at

the revenue maximizing rate to provide the maximum possible amount of the publicly

provided good. The positive income effect generated from the growth in the private sector
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outweighs negative substitution effects from the cost disease and the tax distortion. Only

when the tax distortion becomes prohibitively high, i.e. when the top of the Laffer curve

is reached, does the provision of the publicly provided good as a percentage of output

stop growing.

However, these results do depend on the lack of substitutability between the private

good and the publicly provided good. If the two goods are substitutable, society is much

better off letting the private sector substitute toward good x to bypass the distortion.

Also, tax revenue must be split between multiple competing publicly provided goods and

services, along with various transfer payments, which have differing effects on the size of

the tax distortion. Stuart [99] finds that the size of the tax distortion strongly depends

on the use of the public funds. The revenue-maximizing tax rate is relatively lower when

government funds are redistributed instead of used for consumption.12

To get a better sense of the tax rate that solves equation 2.14 in the limit, let the tax

distortion be a modified version of the convex function found in Feldstein [48], δ (τt) =

εLτ
2
t /(1− τt), where εL is the compensated labor supply elasticity. For example, if the

elasticity of labor supply is 0.25, the revenue-maximizing tax rate and thus the optimal

tax rate in the limit is τ ∗ ≈ 0.67.13

Explicitly modeling the elasticity of labor supply through a labor-leisure choice re-

inforces proposition 2.3.3. In the current model, the marginal benefit of taxation is an

additional unit of the publicly provided good, while the cost is the reduction in the la-

bor supply. Despite this, the government is fully aggressive in pushing the tax rate to

the practical limit. The benefit to cost ratio is even greater with a leisure choice since

the marginal social loss of taxation is the difference between the market wage and the

after-tax wage. Thus the social cost would be smaller when there is a labor-leisure choice

12In Stuart’s benchmark case the revenue-maximizing tax rate is 85% when the funds are used for
lump sum redistribution. Whereas the tax rate jumped to 88% when the funds are used for government
consumption. While this tax rate seems implausibly high, a recent discussion by Diamond and Saez [44]
finds that the optimal tax rate for high income earners varies between 54% and 80% for plausible values
of the elasticity of labor supply. In contrast, Pecorino [84] accounts for human capital accumulation and
finds the revenue-maximizing tax rate to be 64% in his benchmark case.

13Estimates of the marginal cost of taxation from Browning [35] and Stuart [99] fall between 0.09

and 0.21. The marginal cost of taxation in this model is 2εLτt (1− 2 ∗ τt) /(1− τt)2. Using Brown and
Stuart’s benchmark tax rate of 0.427, this corresponds to a value of εL between 0.23 and 0.55. This
would result in a revenue-maximizing tax rate between 58% and 68%.
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because the withdrawal of labor supply is partially offset by increased utility due to higher

leisure. If the government is already pushing the tax rate to the top of the Laffer curve

over time, they will continue to do so if consumers gain additional utility from leisure.

Thus, the lack of an explicit labor leisure choice does not in any way drive the results of

the model.

An optimal tax rate derived from the preferences of a government’s constituents may

not reflect reality if these preferences do not align with those of the elected officials. Let

the government’s weight on the publicly provided good, γG, deviate from the representa-

tive household’s actual preference such that γG 6= γ and 0 < γG, γ < 1. Corollary 2.3.4

follows directly from proposition 2.3.3.

Corollary 2.3.4. As long as the government places some weight on the publicly provided

good and the tax rate is below the revenue-maximizing tax rate, the tax rate chosen by the

government is monotonically increasing over time and converges to the optimal tax rate

in the limit as time approaches infinity.

Corollary 2.3.4 is derived from equation 2.14. The monotonic result from Lemma

2.3.2 still holds and the right hand side of equation 2.14 still converges zero in the limit.

The optimal tax rate for the government becomes equal to the optimal tax rate for

the representative agent. As time passes, unbalanced growth leads to ever-increasing

demand for the publicly provided good by the consumer until it reaches a maximum

share of output. Likewise, the government is constrained in how much they can take

from the consumer. This maximum share of output is independent of the preferences of

the consumer or the government’s perception of such preferences. In the long run, the

structure of government or the preferences of politicians within the government do not

determine the level of taxation.

Corollary 2.3.5. In the limit as time approaches infinity, the ratio of nominal output of

the private sector to the public sector converges to the constant

1− τ ∗

τ ∗
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where τ ∗ is the revenue-maximizing tax rate.

The proof for corollary 2.3.5 comes directly from equation 2.6. Wages drop out of the

government’s budget constraint and the tax rate is equal to the government’s share of the

labor force. Therefore, structural change of the labor force occurs with changes in the

tax rate. As workers become richer due to the growing productivity of the private sector,

they begin to demand more of the publicly provided good. Labor must be directed to

the relatively stagnant public sector to satisfy the demand. However, the tax distortion

limits the amount of the stagnant good that can be produced. For the earlier estimate

of τ ∗ ≈ 0.67, the nominal output of privately provided goods will eventually be half that

of publicly provided goods. If the revenue-maximizing tax rate varies between 54% and

80%, as in Diamond and Saez [44], the government would eventually account for 15-75%

of nominal output.

The ratio of nominal output of each sector at any given time, pxtYxt
pgtYgt

, is the ratio of labor

employed by each sector, Lxt
Lgt

or the ratio of each sector’s share of the labor force. This

result contrasts with Baumol’s where sufficiently inelastic demand for the stagnant good

could result in the ratio of real output between the two sectors remaining constant. The

ratio of real output in this model converges to infinity as the tax distortions eventually

make the substitution of labor into the public work force too costly and private output

dominates.14

Though the real output of private sector dwarves the real output of public sector over

time, the price growth of the publicly provided good keeps pace with the output growth

of the private sector. Therefore, it may be difficult to detect the presence of Baumol’s

cost disease in many sectors with significant public intervention. The quantity of output

in industries such as education and healthcare is notoriously difficult to calculate, leaving

us to rely on measures of expenditure. However, expenditures in these industries may

grow at the same rate as the economy without any output growth.15

14This results in a positive aggregate growth rate in the economy in the limit. In Baumol [17], attempts
to maintain a constant share of output between the two sectors results in the growth rate of the economy
converging to the productivity growth rate of the stagnant sector.

15This occurs whenever the growth rate of labor productivity is zero for the publicly provided good.
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2.4 Productivity Inequality and Redistribution

In the previous section we assumed that all individuals were equally productive and

earned the same level of wages. However while wage growth appears to be uniform across

the economy, income inequality does exist. A flat tax rate would disproportionately

affect the less productive workers due to the concavity of the utility function. Therefore,

a government seeking to maximize social welfare may wish to tax individuals at different

rates.

The argument for redistribution is complicated by the presence of structural change

in this economy. Proposition 3.2 implies that the public sector is pushed to its maximum

size given the size of the tax distortions. Therefore, two opposing forces are competing to

determine the tax rates across different income groups and it is not immediately obvious

which force dominates over time. In this section we extend the previous model to allow

some individuals to be fractionally as productive as other workers and explore whether

unbalanced growth continues to push everyone’s tax rate to the revenue-maximizing rate.

Let there be two groups of individuals who differ in the labor productivity. The

first group contains N1 workers who each supply one unit of labor in the absence of

distortionary taxes. N2 workers are less productive than the first group and only supply

k units of labor, where 0 < k < 1. Otherwise, the two groups are the same; each

individual has identical preferences and identical functional forms for the tax distortion.

The production functions remain the same as in section 2 with workers in the private

sector growing more productive than those in the public sector, so Baumol’s cost disease

continues to hold. The difference is that taxes vary across the two groups and group two

only contributes kτ2twt in each time period. The budget constraint of workers in group

one remains the same as before:

At (1− τ1t) (1− δ (τ1t)) = x1it. (2.15)

Workers in group 2 only supply k units of non-distorted labor and are taxed at τ2,

where τ2 is allowed to be negative to reflect subsidies paid to the poor group.16

16To account for the negative tax rate, the tax distortion is symmetric around zero. Therefore, δ′ ≥
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(1− τ2t) (1− δ (τ2t)) kwt = pxtx2it

At (1− τ2t) (1− δ (τ2t)) k = x2it (2.16)

Since tax rates and labor supplies differ across the two groups, the government’s

budget constraint is altered to become

(2.17)N1τ1t (1− δ (τ1t))wt +N2τ2t (1− δ (τ2t)) kwt = wtLgt.

Note that wages still drop out of the government’s budget constraint. Since the

publicly provided good is fully rival, but enjoyed equally by everyone, g1it = g2it =

Ygt/(N1 +N2). Plugging this into equation (2.17), the supply of the publicly provided

good becomes:

(2.18)Bt
N1τ1t (1− δ (τ1t)) +N2τ2t (1− δ (τ2t)) k

N1 +N2

= git.

We can use equations (2.15), (2.16), and (2.18) to determine the utility function of

each group as a function of the tax rates.

(2.19)

U1i =

[
γ (At (1− τ1t) (1− δ (τ1t)))

ρ

+ (1− γ)

(
Bt
N1τ1t (1− δ (τ1t)) +N2τ2t (1− δ (τ2t)) k

N1 +N2

)ρ] 1
ρ

(2.20)

U2i =

[
γ (At (1− τ2t) (1− δ (τ2t)) k)ρ

+ (1− γ)

(
Bt
N1τ1t (1− δ (τ1t)) +N2τ2t (1− δ (τ2t)) k

N1 +N2

)ρ] 1
ρ

The utility functions above only differ by the left term in the CES function. Altering

the tax rate for any group will affect the welfare of both groups. It is clear to see that the

provision of the publicly provided good is maximized when each group is taxed at their

revenue-maximizing tax rate. However, welfare concerns could still push the tax rate for

the second group lower.

0, δ′′ ≥ 0 for τ > 0, and δ′ ≤ 0, δ′′ ≤ 0 for τ < 0.
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The government will choose the tax rates of both groups at each time to maximize

some social welfare function, W (N1U1i, N2U2i). We will assume that W has the form of a

CES function with the elasticity of substitution between the utility of both groups equal

to 1/(1− φ) and each group weighted by β and 1− β.

(2.21)max
τ1t,τ2t

W (N1U1i, N2U2i) =
[
βN1U

φ
1i + (1− β)N2U

φ
2i

] 1
φ

Proposition 2.4.1. As long as the elasticity of substitution between the privately provided

and publicly provided goods is less than one (ρ < 0), the socially optimal tax rate for each

group converges to the revenue maximizing tax rate in the limit as t goes to infinity.

Proof. To simplify the notation, let U∗ = Uρ, δ (τ1t) = δ1, and δ (τ2t) = δ2. We will also

suppress the time subscripts. The first order conditions of equation (2.21) with respect

to τ1 and τ2 are rearranged to obtain

(2.22)1− δ1 − τ1δ
′
1 =

(
A

B

)ρ
γ

1− γ
β (N1 +N2)U

∗φ−ρ
ρ

1

βN1U
∗φ−ρ

ρ

1 + (1− β)N2U
∗φ−ρ

ρ

2

(1 + δ′1 − δ1 − τ1δ
′
1)

and

(2.23)1− δ2 − τ2δ
′
2 =

(
A

B

)ρ
γ

1− γ
(1− β) (N1 +N2)U

∗φ−ρ
ρ

2 kρ

βN1U
∗φ−ρ

ρ

1 + (1− β)N2U
∗φ−ρ

ρ

2

(1 + δ′2 − δ2 − τ2δ
′
2)

Note that in the limit at t goes to ∞, U∗1/(U
∗
1 + U∗2 ) converges to a constant. This

can be seen by multiplying U∗1/(U
∗
1 + U∗2 ) by 1/βρ

1/βρ
, which results in(

Aρ

Bρ

)
γ (1− τ̄1) (1− δ (τ̄1))ρ + (1− γ)

(
N1τ̄1(1−δ(τ̄1))+N2τ̄2(1−δ(τ̄2))k

N1+N2

)ρ
(
Aρ

Bρ

)
γ [(1− τ̄1) (1− δ (τ̄1))ρ + (1− τ̄2) (1− δ (τ̄2))ρ kρ] + 2 (1− γ)

(
N1τ̄1(1−δ(τ̄1))+N2τ̄2(1−δ(τ̄2))k

N1+N2

)ρ
If ρ < 0, Aρt /B

ρ
t → 0 in the limit as t goes to ∞. Then, U∗1/(U

∗
1 + U∗2 ) converges to

1/2, i.e. U∗1 = U∗2 . Therefore it is straightforward to see that equations (2.22) and (2.23)

converge to

1− δ1 − τ1δ
′
1 = 0, 1− δ2 − τ2δ

′
2 = 0

in the limit as t goes to infinity. These are the revenue-maximizing tax rates from

equation (2.13).
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The income effect resulting from the growing productivity of the private sector pushes

the demand for the publicly provided good higher despite its growing cost. The result

from proposition 2.4.1 is independent of either the weights placed by the government on

either group or the degree of concavity of the social welfare function. The income effect

completely dominates any redistributionary effects in the limit.

Proposition 2.4.1 leads to a stronger form of corollary 2.3.4 as any choice of γ, β, or

φ by the government leads to the same outcome. Thus, redistribution of income towards

less productive workers in the form of a lower tax rate is expected to decline over time.

2.5 Conclusion

Baumol’s seminal work on unbalanced growth and the cost disease provided much in-

sight on the natural dynamics of prices and labor and inspired numerous papers. However

despite its popularity and its frequent invocation in discussions of education and health

care, few papers have examined the implications of the cost disease on the public sector.

This paper bridges the gap in the literature by introducing a simple model of unbalanced

growth with distortionary taxes.

The economy is split into two sectors; one sector produces a private good, the other

sector produces a publicly provided good and is generally less productive. The publicly

provided good is financed through taxation. Though taxation distorts the labor supply

and reduces welfare, the income effect resulting from the growing productivity of the

private sector pushes taxes to the revenue-maximizing rate, or the top of the Laffer

curve. As society becomes richer, demand for the publicly provided good grows even

though the cost of providing the good is growing larger over time. The twin effects of the

cost disease and the tax distortion are not enough to overcome the positive income effect

on demand for the publicly provided good.

The possibility of redistribution is introduced by allowing individuals to vary in their

personal labor productivities and wages. The provision of publicly provided good still

dominates over time and taxes reach the revenue-maximizing tax rate for all individuals.

As long as the demand for the publicly provided good is sufficiently inelastic, the level
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and overall trend of the provision is independent of the preferences of individuals or of

the politicians that determine spending.

As a society, we must face the trade-off between private and public good consump-

tion. While the production of publicly provided goods requires welfare-reducing taxes,

individuals do value these goods and services. While the analysis in this paper provides

little guidance in determining which government goods and services are the most valued,

it does provide the insight that the relative cost of providing these valued goods and ser-

vices is rising over time. This growing cost necessitates larger tax rates across all income

groups and suggests that, over time, the redistribution activities of the government will

be crowded out by the provision of the good subject to Baumol’s disease.
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CHAPTER 3

WHO BENEFITS FROM MEDICAL TECHNOLOGY?

The health care sector is one of the most rapidly evolving sectors in the economy. How-

ever, the gains from technological growth are primarily experienced by a small subset of

health consumers. I identify the beneficiaries by estimating the productivity-adjusted

price inflation for the treatment of a variety of diseases. Utilization growth is found to

explain 91% of the variation in price inflation across disease treatments. Furthermore,

disease prevalence and the average treatment expense are found to be negatively corre-

lated with price inflation, suggesting the presence of directed technological change. These

results are tested for robustness using a structural consumer choice model. Since disease

prevalence varies considerably across demographics, certain subgroups of the population

experience lower rates of medical care inflation. The medical care component of the CPI

may overestimate medical care inflation for African Americans and the Elderly by as

much as 2% per year, while underestimating the rate experienced by the median health

consumer by almost 1%.

3.1 Introduction

Millions of Americans are directly impacted by the Consumer Price Index (CPI). In

addition to being an economic indicator and deflator, the CPI is often used to escalate

payments. Over 50 million people receive Social Security benefits, which is tied to the

CPI for Workers. Furthermore, many labor contracts, rental contracts, child support

and alimony payments, and other payments1 grow with the CPI. The CPI needs to be

properly calculated since the welfare of so many individuals are affected. Even a bias as

1In 2013, there were 14.5 million labor union workers in the U.S., and over 6 million parents received
child support.
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small as 0.2%2 could result in thousands of dollars lost by beneficiaries over time.

A major problem with the CPI is that it only measures the cost of living for the “typ-

ical” consumer. For many individuals, the CPI will perform poorly. This is particularly

true for medical care where the level of consumption depends on factors such as genetics

and the environment which are largely out of consumers’ control. Most prior studies

have focused on the impact that these factors have on total expenditures across different

groups of the population [9, 37, 76]. Yet, it is just as important to understand how and

why total expenditures are growing over time for each group.

Social security payments are one example of the importance. Many groups argue that

these payments should be indexed to a special CPI for the Elderly that has experienced

a higher rate of inflation due to a greater emphasis on medical care [61,65,101].3 Medical

care inflation, though, is miscalculated because it assumes that prices for the elderly are

growing at the same rate as those for young adults. This essay shows that the difference in

inflation between the two groups is considerable. Medical price inflation for young adults

was more than twice as large as that for the elderly between 2003 and 2011. Similar

differences exists between many other groups in the population.

The variation in inflation across subsets of the population can be explained by two

factors. First, the prevalence of diseases and other medical conditions changes across

demographics. While children tend to seek treatment for a cold or ear infection, the

elderly are more likely to go to the doctor for hypertension or diabetes. Likewise, certain

races and ethnic groups are more likely to experience certain conditions such as pregnancy

than others [73]. The expenses for treating these conditions are not the same, nor are

they growing at the same rate over time. The reason is productivity and utilization.

The expense of treating a disease is highly correlated with the number of goods and

services used in the treatment, or the utilization. Treating cancer, for instance, is more

2Aizcorbe et al. [6] find that the miscalculation of the medical care prices may have led to real GDP
being underestimated by 0.2% per year.

3The CPI for the Elderly (CPI-E) is an experimental index published by the Bureau of Labor Statis-
tics. The difference between the CPI-E and other versions of the CPI is that the CPI-E gives a much
higher weight to medical care goods and services. In comparison, medical care only for 5.6% of the
CPI-W, but 11.3% of the CPI-E. Therefore, the CPI-E will grow faster than other versions of the CPI
if medical care inflation is above the average level of inflation.
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expensive than fixing a sprained ankle. The former requires many physician visits and

a lot of medication or chemotherapy. On the other hand, the treatment for a sprained

ankle typically involves only one trip to the doctor and maybe a prescription for swelling

or pain. The total cost of treating either condition is the sum of the prices of each good

and service utilized in the treatment.

Treatment costs change due to the growth in the prices of each good and service and

the change in number of goods and services used. I find that 91% of the difference in

treatment cost growth across 256 diseases between 2003 and 2011 was due to changes in

utilization. In other words, the price of medical goods and services grew at a similar rate

across treatments, but the number of goods and services fluctuated greatly across time

and disease. Expensive diseases to treat, particularly cardiovascular diseases, experienced

the greatest drop in utilization and lowest rates of inflation. This reflects the insights

of Acemoglu [1] on directed technological change. Since the largest benefit is gained by

improving the efficiency of treating relatively expensive diseases, technological growth

will be directed towards the treatments of these diseases.

I test the hypothesis of directed technological change by regressing utilization on the

interaction between time and expenditure and find a strong negative correlation. I correct

for endogeneity using regional variables as instruments in a two stage least squares re-

gression. I also construct an endogenous choice model with CES utility and technological

growth. I find that my estimates of utilization growth understate the level of produc-

tivity growth for many disease treatments under plausible preference parameters. These

results indicate that demographics with the highest medical expenditures are benefiting

the most from directed technological change.

The work in this paper benefits from and extends the recent literature on medical

care inflation [6, 32, 33, 46, 47]. It is widely recognized by health care economists that

the official estimates of medical care inflation are upwardly biased because productivity

growth is ignored in the BLS’s calculation method. The BLS and BEA, along with

other economists, are working on alternative methods to correct for the bias. An recent

alternative is the Medical Care Expenditure Index (MCE), which allows for productivity
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growth by calculating the disease treatment costs instead of the price of individual goods

and services. The MCE allows medical care inflation to be better analyzed across groups.

The next section discusses how the Medical Care component of the CPI is currently

calculated and why it is biased. The MCE and its merits are also discussed. A descrip-

tion of the data is in section 3 of this essay. Inflation and utilization estimates across

diseases and demographics are presented in section 4. The estimates are followed by

regressions and a structural model to determine the presence of directed technological

change. Finally, section 6 concludes the chapter.

3.2 Medical Care Inflation

3.2.1 Construction of CPI

The CPI is assembled by the Bureau of Labor Statistics (BLS) from monthly surveys

on consumer expenditures. The goal of the CPI is to track the average change in prices for

the “typical” consumer over time. Accurate measurement allows consumer expenditures

to be decomposed into its respective price and quantity components, thus providing a a

general measure of price movements in the economy. Calculations of many real variables

such as real wage growth depend upon an accurate measurement of price inflation. In

addition, the CPI is used as an index for adjusting income payments, such as social

security and food stamps, and directly affects the incomes of over 80 million people

within the U.S.

The CPI is constructed in two parts. The BLS first computes individual price indexes

for 212 different product categories across 38 geographical areas, or 8,018 category-area

indexes. The CPI is then computed by taking a weighted average of each of the indexes.

The weights are typically updated on January of every even-numbered year. The many

versions of the price index that are released by the BLS differ by the weights that are

placed on the category-area indexes. Two notable measures are the CPI-U and the CPI-

W. The CPI-U measures prices of goods typically bought by the urban population, which

represents approximately 80% of the United States. The CPI-W is the CPI for urban

and clerical workers which account for about 32% of the population. A Chained CPI
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(C-CPI-U) is also published that updates the weights each month.

The Medical Care component of the CPI (CPI-Med) is comprised of two main cat-

egories: medical care commodities and medical care services. Medical care commodi-

ties contains prices on medicinal drugs (prescription and nonprescription) and medical

equipment and supplies. Medical care services includes professional services like visits to

doctor’s office or dentist, hospital services, and health insurance. The relative weights of

each are shown in the Appendix as a percentage of the total share of expenditure.

The data to calculate the CPI-Med is found via a two-step process. The BLS be-

gins by conducting a telephone point-of-purchase survey (TPOPS) of randomly selected

households to determine where they purchased their medical goods and services and how

much was spent at each location. Then, the BLS randomly selects medical locations and

goods and services to further survey where the probability of being selected is based on

the expenditure share in the TPOPS. Once location and items have been decided, they

stay fixed in the sample for four years. A BLS representative visits the location every one

to two months to determine the price of the particular item given a detailed description

of the characteristics for the good or service. Song et al. [96] describe the process in more

detail.

With the exception of pharmaceuticals, the price index of each subcomponent of the

CPI-Med is found by the following Laspeyres price index for year t:

Pt =
n∑
i=1

ω0
i

pti
p0
i

(3.1)

where n is the number of goods and services in the subcomponent, ωi is product i’s share

of consumer expenditures, pti is the price of good i in year t, and p0
i is the price of good i

in the base year. For the pharmaceutical components a geometric mean, or Fisher Index,

is used to calculate price. This is because the geometric mean responds more quickly to

changes in market shares [7]. The Fisher Index is given by

P F
t =

[
n∑
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ω0
i

pti
p0
i

/
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ωti
p0
i

pti

]1/2

. (3.2)
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The CPI-Med is found by taking the weighted mean of each of these subindexes.

3.2.2 Bias in the CPI

All price indexes contain measurement bias. For example, the Laspeyres price index

in equation (3.1) is well known to be upwardly biased. When price of a good rises,

consumers change their consumption habits towards relatively less expensive goods and

services. However, quantities in the Laspeyres index are fixed at the base year quantities,

so the substitution effect is washed away and the calculated price level is higher than the

price level of goods and services actually bought by the consumer. Alternatively, prices

can be calculated using the Paasche index, where quantities are fixed at year t, but then

the substitution effect is overstated and the price estimate will be downwardly biased.

The Fisher index in equation (3.2) attempts to cancel out the substitution bias be-

tween the two. However, there is no guarantee that the Fisher Index is better than the

Laspeyres Index since the magnitude of the substitution effect is not directly measur-

able. Though some papers have worried about the substitution bias [41,92], there is little

evidence that it is significant within the medical care component [34]. The substitution

bias is likely to be more significant for pharmaceuticals since inexpensive, generic drugs

frequently enter the market as patents expire.

New drugs and medical technologies and procedures are constantly entering the mar-

ket also. These are factored in to the CPI-Med very slowly since items and weights are

only revised every 2-4 years. The direction of this bias is uncertain ex-ante. For instance,

if the new drugs are more effective at a lower cost than existing drugs on the market,

the CPI-Med will overstate inflation. The Chained CPI can alleviate this bias by in-

corporating new products and weights every month. The Chained CPI is calculated by

PC
t = P0,1×P1,2×P2,3× ...×Pt−1,t where Pt−1,t is the Laspeyres Index in equation (3.1)

and t− 1 is the base year.

Another concern with the CPI-Med is the measure of quality. The BLS takes great

care to ensure that the change in price does not reflect a change in quality. If the quality

of a good or service rises, then the utility received from consuming the good or service

rises as well. Therefore an increase in price will not necessarily decrease welfare if quality
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is also rising. Health care quality is much less quantifiable than other the quality of

other goods and services. The quality of health care depends on the skills and demeanor

of the physician, the attention the patient receives, the care for the patient’s pain, etc.

Therefore, some of the increase in the price level may be due to improvements in quality

that are unaccounted for and may be overestimated [66].

On the other hand, it is unclear why health care quality should remain fixed while

calculating price. Consumers don’t purchase medical care because they directly receive

utility from visiting the doctor. Consumers purchase medical care to improve their health,

which affects their utility.4 If the quality of care rises, then less care is needed to obtain

a particular level of health.5 In other words, if the quality of medical care is rising while

cost of the service stays the same, the price level should fall. If doctors are providing

better quality care, then you are receiving more “health” from each visit.

Keeping the quantity of medical goods and services fixed and looking at total medical

expenditures, as is done in the CPI-Med, hides other substitution effects that are not

discussed above. For example, suppose that improved medication for hypertension results

in fewer necessary doctor’s visits. The patient may decide that now is a good time to

receive treatment for other problems. The total number of physician visits made by the

patient or his total health expenditure share may not have changed, but the total amount

of “health” that he purchased with his expenditures has risen.

An accurate measure of medical care prices relies on measuring a unit or quantity of

“health”, but it is unclear what a unit of “health” is. Cutler, McClellan, Newhouse, and

Remler [41] make the case for quality-adjusted life expectancy, though incorporating it

into CPI or other price indexes is infeasible [33]. Many health economists believe a more

accurate measure of quantity is the full treatment of a disease. For example, suppose that

a person catches the flu. Treating the disease may involve the use of medications, doctor

4This argument follows directly from Grossman [56]. In the iconic paper, utility depends on the stock
of health and other consumption. The stock of health changes with depreciation and investment, which
depends on medical care.

5I am assuming that quality improvements correspond to better health. This may not hold if im-
provements are made to the quality of the visit instead of the quality of the treatment. For example,
patients may prefer additional time to talk with the doctor, but the extra time may not impact the
diagnosis or the outcome of the treatment. Therefore, the additional time will increase the quality of
the visit, but not the quality of the treatment.
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visits, and other medical procedures. All of these should be included as inputs used in

the treatment of the flu. In this case, a decrease in the utilization of medical inputs to

treat the disease will lead to a decrease in the price all other things constant. While this

method is not perfect, it does address many of the biases listed above. Though, it is still

unclear how to measure the complete treatment of chronic diseases such as diabetes or

arthritis.

Many researchers have used to treatment approach to measure medical inflation. Sc-

itovsky [91] was the first to look at price inflation in the treatment of specific diseases.

She studied the treatment price of acute appendicitis, maternity care, otitis media in chil-

dren, forearm fractures, and breast cancer over a 14 year period at the Palo Alto Medical

Clinic. She found that the cost of treatment for these diseases actually rose faster than

the rate of inflation reported by the CPI-Med. Similarly, Shapiro and Wilcox [92] studied

the price of cataract treatment, but instead argued that CPI-Med overstated inflation.

They found that the treatment for cataracts had changed from being a hospital inpatient

procedure to a lower cost outpatient procedure. However, the method used to calculate

the CPI hid this substitution effect. Studies by Berndt et al. [23–25] on depression and

Cutler et al. [41] on heart attack treatments revealed a similar upward bias in official

medical care price inflation.

3.2.3 Bias Correction

In response to the results in those papers and the well-known biases inherent in the

CPI-Med, the Committee on National Statistics (CNSTAT) recommended that the BLS

create an experimental, disease-based price index.

“BLS should select between 15-40 diagnoses from the ICD (International

Classification of Diseases), chosen randomly in proportion to their direct

medical treatment expenditures and use information from respective claims

databases to identify and quantify the inputs used in their treatment and to

estimate their cost. On a monthly basis, the BLS could reprice the current set

of specific items (e.g., anesthesia, surgery, and medications), keeping quantity

weights temporarily fixed. Then, at appropriate intervals, perhaps every year
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or two, the BLS should reconstruct the medical price index by pricing the

treatment episodes of the 15-40 diagnoses− including the effects of changed

inputs on the overall cost of those treatments. The frequency with which

those diagnoses adjustments should be made will depend in part on the cost

to BLS of doing so. The resulting MCPI [medical consumer] price indexes

should initially be published on an experimental basis. The panel also recom-

mends that the BLS appoint a study group to consider, among other things,

the possibility that the index will “jump” at the linkage points and whether

a prospective smoothing technique should be used.”

CNSTAT also recommended that MCPI be computed from reimbursements from insur-

ance claims data. Economists at the BLS and BEA answered this request, starting with

Song et al. [96]. Song et al. [96] found very little evidence that the CNSTAT recommen-

dation would improve upon the CPI-Med. Insurance claims data tended to be incomplete

and failed to provide a good representation of the U.S. population since uninsured and

publicly insured individuals were excluded. Also, the random selection of 15-40 diseases

was too restrictive and did not provide a good measure for how medical prices were

generally changing.

Despite the initial setback, other researchers adapted the CNSTAT framework and

found that the CPI-Med was indeed upwardly biased by 1.0-1.5% per year. These results

are shown in Table 3.1. In general, these studies estimate the “Medical Care Expenditure

Index” (MCE) which was introduced by a National Academies Panel [90]. The MCE

index is given by

MCEt =
D∑
d=1

ωd

(∑
s p

t
s,dq

t
s,d∑

s p
0
s,dq

0
s,d

N0
d

N t
d

)
(3.3)

where pts,d is the price of medical service s used in treating disease d at time t, qts,d is the

quantity of service s, N t
d is the total number of individuals in the sample with disease

d at time t, D is the total number of diseases, and ωd is the weight on disease d. The

main way in which the MCE differs from the CPI is that the quantity of each service is
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Table 3.1: Bias Estimates in Medical Care Prices†

Study Period Source Estimated Bias

Song et al. [96] 1999-2002 MarketScan Statistically Insignificant
Bradley et al. [33] 1999-2004 MEPS/BLS data 1.2-1.4
Aizcorbe & Nestoriak [8] 2003-2005 Pharmetrics 1.5
Aizcorbe et al. [6] 2001-2005 MEPS 1.0
Dunn et al. [46] 2003-2005 MarketScan 0.9
Bradley [32] 2005-2010 MEPS/BLS data 1.0

†Reprinted from Aizcorbe [5].

allowed to change over time. The term in parentheses in equation (3.3) is the average

expenditure of treating a particular disease at time t divided by the average expenditure

of treating the disease in the base year.

Bradley et al. [33] built upon the study in Song et al. [96] by using a combination of

MEPS and BLS data and aggregated all diseases into their larger ICD-9 categories. In

other words, a heart attack would be placed in the category “Diseases of the circulatory

system” along with heart failure and others, while the common cold would be placed in

the category “Diseases of the respiratory system” along with ailments such as pneumonia.

They found that the difference between the MCE and the CPI-Med was large and statis-

tically significant. Aizcorbe et al. [6] used different, less aggregated disease classifications

and found a slightly smaller, but significant bias. Similar results were found by Aizcorbe

and Nestoriak [8], Bradley [32], and Dunn et al. [46].

Despite agreement among health economists that the MCE does a better job of esti-

mating medical care inflation than the CPI, numerous difficulties in calculating a disease-

based index still exist. One challenge discussed by Rosen and Cutler [88] is the classifi-

cation of the diseases and how they are attributed to each medical encounter. The 10th

edition of the International Classification of Diseases allows for up to 16,000 different

disease codes. These must be combined on some level to generate a meaningful estimate,

but there is no accepted method of aggregation. Some researchers use commercial soft-

ware to group disease categories according to risk and costs. However, the algorithms in

these software differ considerably and lead to wide variations in the estimated inflation

rate [47]. In addition, each medical encounter may have multiple disease diagnoses asso-
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ciated with it and the literature is divided on how to handle this. Yet another concern is

how to aggregate the individual disease indexes into an aggregate price index.

Perhaps the biggest challenge is obtaining data. Disease-based indexes require signifi-

cantly more data due to the wide range of diseases and the differences in their treatments.

Furthermore, this data is typically not available at a monthly frequency. Therefore, BLS

data and methods must supplement the MCE to estimate monthly inflation, as was done

in Bradley et al. [33] and Bradley [32]. However, I am focused on average, annual prices.

So, this is not a problem for this study. The next section describes the data that I use

to construct the MCE across diseases.

3.3 Description of the Data

Most studies of medical care price inflation use either insurance claims data or the

Medical Expenditures Panel Survey (MEPS). While insurance claims data has the benefit

of a large sample size, it can only include data on patients with the particular insurance

which can bias the results. Therefore I use the MEPS, which is a high quality, nationally

representative survey and one of the only sources for data on uninsured patients [38].

The MEPS is an overlapping panel survey conducted by AHRQ of approximately

35,000 individuals each year where the answers are double-checked with the health care

providers. The primary benefit of the MEPS is that medical events are linked to a disease

episode. For example, if an individual is treated for a disease, such as a common cold, it is

possible to determine which events are associated with the treatment of the disease. These

events are divided into the categories: office-based visits, inpatient procedures, outpatient

procedures, emergency room visits, prescription drug expenditures, home health care, and

dental visits. Following the MEPS studies in Table 3.1, I will be restricting my analysis

to the first five and ignoring home health care and dental visits. While this does not

perfectly match the categories used to construct the CPI-Med, the estimates for the

CPI-Med that I present in section 4 come close.

The major disadvantage of the MEPS is the relatively small sample size. Rarer

diseases and high expense treatments tend to be under-represented, leading to a high
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Table 3.2: Summary Statistics

Variable N Mean St. Dev Min Max Definition
XP 480,936 1,906.54 8,048.76 -56 966,529.00 Total Expenditure
S.XP 480,936 193.05 866.02 -112 113,511.90 Total Expenditure - Self
OB 480,936 486.16 2,111.83 -13 335,859.80 Total Exp. - Office Visits
OP 480,936 178.63 1,695.23 -56 308,766.70 Total Exp. - Outpatient
IP 480,936 815.26 7,052.07 0 966,504.10 Total Exp. - Inpatient
ER 480,936 90.12 678.19 0 142,985.90 Total Exp. - Emergency Room
RX 480,936 336.37 1,638.55 0 351,900.00 Total Exp. - Medicine
Q.OB 480,936 3.05 6.29 0 305 # of Office Visits
Q.OP 480,936 0.26 2.14 0 206 # of Outpatient Procedures
Q.IP 480,936 0.07 0.30 0 12 # of Inpatient Procedures
Q.ER 480,936 0.13 0.42 0 20 # of Emergency Room Visits
Q.RX 480,936 4.83 14.45 0 1008 # of Medicine Prescriptions
NN 480,936 0.43 3.91 0 365 # of nights stayed in hospital
AGE 480,936 45.6 24.5 0 85 Patient Age
FEM 480,936 0.60 0.49 0 1 Dummy for Female
HISP 480,936 0.19 0.39 0 1 Dummy for Hispanic
BLACK 480,936 0.15 0.36 0 1 Dummy for Black, non-Hispanic
ASIAN 480,936 0.03 0.18 0 1 Dummy for Asian, non-Hispanic
INS.PV 480,936 0.59 0.49 0 1 Dummy for Private Insurance
INS.PUB 480,936 0.34 0.47 0 1 Dummy for only Public Insurance

sensitivity to outliers. All of the estimates I provide in this paper have also been calculated

across various quantiles including the median. The core results still hold so I do not believe

outlier sensitivity is a concern in this study. Another problem is that the MEPS does not

contain information on the institutionalized population, which represent a large share of

medical expenditures [87]. This presumably explains why national cost estimates derived

from MEPS data in 2002 were only 70% of the NHEA total [88].

Disease treatment must be defined to calculate the inflation rate of the MCE from

equation (3.3). Due to the limitations within the data, treatment costs for a particular

medical episode can only be measured for a year. Therefore, the cost of treating an

episode may be censored from the left and the right. This is unlikely to be a problem

for most conditions. However, the complete treatment cost of chronic diseases, such as

diabetes and hypertension, will be underestimated. Though, the growth rate of treatment

costs from year to year for these diseases will not be biased. Therefore, a unit of output

will be measured as the treatment of a disease over a one year period.

This study covers the period from 2003-2011, a wider range than the previous studies

shown in Table 3.1. 480,936 medical episodes were counted over this period. The number
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of diseases that were treated depends on the method of classification. Using the 9th

edition of the International Classification of Diseases (ICD-9), 669 different conditions

were treated. Only 256 different conditions were treated if diseases are classified using the

Clinical Classification Code (CCC). Both classification systems are used in the results

of this paper, though some results will only be shown with the CCC. The CCC is a

disease classification system developed by AHRQ that groups diseases that are similar in

treatment and cost. The summary statistics for the treatment of each episode are shown

in Table 3.2.

The sample contains a large amount of variation in treatment costs and demographics.

The large variation persists within the treatments for identical diseases. For example,

a heart attack for some patients was treated with only a few medications, while other

patients stayed in the hospital for multiple months. The variation reflects disease severity

to some degree. However, it also reflects the choices made by the patient and the physi-

cians. Both possibilities could lead to a biased estimate of inflation, which I will discuss

later in the paper.

Non-Hispanic, white patients account for approximately 63% of treatments. How-

ever, this does not mean that 63% of the patients in the sample are non-Hispanic and

white. That would only be the case if the number of treatments per patient is uniformly

distributed across race, which is not the case. Disease prevalence varies considerably

across race, ethnicity, gender, and age. The prevalence of common diseases for different

demographics is shown in Tables A.2 and A.3 in the Appendix.

The tables show the percentage of treatments for each group that are associated

with the particular disease. These numbers may not accurately reflect disease prevalence

across individuals since some individuals do not seek medical treatment within a year

and others seek treatment for multiple medical episodes. Instead, these tables reveal the

relative prevalence of each disease within the treatment data.

The prevalence of many diseases is similar across race and ethnicity, particularly

musculoskeletal disorders such as strains and sprains or other injuries. This is to be

expected since the probability of injury is unlikely to vary by race and ethnicity. However,
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many diseases are heavily influenced by genetics and environment which do vary across

race. Many studies have linked diabetes and hypertension to race [52], a result that is

evident from Table A.2. These are two of the most common diseases in the sample, but

black individuals are almost twice as likely to receive treatment for them than white

people.

Respiratory diseases are the most common in the sample. Upper respiratory infections

are acute and include the common cold, sinusitis, pharyngitis, tonsillitis, and laryngitis.

Upper respiratory diseases are chronic variations of the infections and also include treat-

ments for allergies, nasal polyps, and deviated septums. The Hispanic population is more

likely to be treated for these conditions, which tend to be relatively inexpensive to treat.

The other major respiratory conditions are asthma and chronic obstructive pulmonary

disease (COPD). While non-Hispanic whites are more likely to be treated for COPD, the

black population is more likely to seek treatment for asthma.

The variation in disease prevalence is less striking between genders. The notable

exceptions are thyroid disorders and urinary tract infections. Men are rarely affected by

these disorders, yet they are some of the most common diseases for women. Though it

is not a disease, pregnancy is a condition that only affects women and it accounts for

over 20% of hospital expenditures within the sample. The other conditions in Table A.2

appear to be more prevalent among men, but this is partly due to the way the numbers are

calculated. Since women are more likely to suffer from certain conditions, the treatment

share of other diseases is pushed down. However, the data shows that the average woman

was treated for approximately 38% more conditions than the average man. Therefore,

a slightly smaller treatment share does not indicate that fewer women receive treatment

for the particular disease.

The largest variation in disease prevalence occurs between age groups. The four most

common diseases for the elderly (ages 65 and over) are hypertension, lipid metabolism

disorders, diabetes, and joint disorders. However, these conditions are almost impossible

to find in children and uncommon for young adults. Nearly a fourth of all children’s

treatments are for respiratory infections or otitis media (inner ear infection). Other
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Table 3.3: Average Utilization in Treatment of Common Medical Conditions

CCC Name Obs. XP Q.OB Q.OP Q.IP Q.ER Q.RX NN
7 Viral Infection 5,705 578.52 1.52 0.05 0.04 0.14 1.16 0.14
23 Non-Epithelial Skin Cancer 2,697 1,000.16 2.47 0.18 0.01 0.00 0.72 0.11
48 Thyroid Disorders 6,086 989.54 2.52 0.21 0.01 0.01 7.50 0.13
49 Diabetes Mellitus 15,242 2,077.97 3.99 0.26 0.05 0.05 13.07 0.37
53 Disorders of Lipid Metabolism 17,018 1,134.94 2.53 0.16 0.00 0.01 9.84 0.03
84 Headache 4,897 1,115.77 2.84 0.15 0.02 0.24 4.53 0.09
86 Cataracts 3,810 1,368.03 2.64 0.30 0.01 0.00 1.37 0.01
88 Glaucoma 2,519 842.78 2.60 0.10 0.00 0.00 3.25 0.02
90 Eye Infections & Inflammation 3,235 389.07 1.37 0.04 0.01 0.09 1.36 0.08
92 Otitis Media 9,438 362.57 1.59 0.06 0.01 0.13 1.76 0.02
98 Essential Hypertension 26,420 1,374.92 2.82 0.12 0.03 0.04 11.06 0.17
101 Coronary Atherosclerosis 4,863 3,761.03 3.19 0.36 0.14 0.09 9.63 0.71
104 Other Heart Disease 2,717 4,241.05 3.65 0.39 0.17 0.11 10.11 1.46
106 Cardiac Dysrhythmias 3,218 3,201.29 3.37 0.42 0.15 0.18 5.84 0.63
123 Influenza 3,420 352.00 1.17 0.03 0.02 0.13 1.51 0.06
126 Other Upper Respiratory Infections 27,642 297.86 1.34 0.03 0.00 0.07 1.67 0.02
127 COPD & Bronchiectasis 8,683 1,452.07 2.03 0.13 0.07 0.17 5.70 0.51
128 Asthma 7,507 1,524.43 2.61 0.13 0.06 0.22 7.61 0.34
133 Other Lower Respiratory Disease 6,873 1,507.96 1.80 0.19 0.09 0.16 2.93 0.60
134 Other Upper Respiratory Disease 12,011 704.79 2.87 0.08 0.01 0.06 3.42 0.04
135 Intestinal Infection 7,574 580.32 1.11 0.03 0.04 0.21 1.26 0.19
159 Urinary Tract Infections 6,081 1,192.93 1.58 0.10 0.07 0.22 2.27 0.41
196 Normal Pregnancy 7,616 4,494.16 5.44 0.30 0.52 0.16 1.32 1.46
200 Other Skin Disorders 11,454 571.39 1.79 0.09 0.01 0.04 1.49 0.04
204 Other Non-traumatic Joint Disorders 17,189 1,612.86 3.71 0.26 0.03 0.05 6.12 0.19
205 Spondylosis 16,342 1,872.20 6.36 0.33 0.03 0.10 4.46 0.14
211 Other Connective Tissue Disease 11,179 1,414.01 3.81 0.30 0.03 0.08 3.75 0.18
232 Sprains & Strains 8,189 1,321.34 4.09 0.39 0.02 0.28 1.35 0.04
244 Other Injuries due to External Causes 6,811 1,985.11 4.02 0.29 0.06 0.38 1.68 0.46
246 Fever 2,309 660.02 1.13 0.04 0.05 0.29 1.33 0.23
651 Anxiety Disorders 6,835 1,700.64 5.39 0.21 0.05 0.10 8.34 0.33
652 Attention-Deficit & Behavioral Disorders 3,152 1,552.36 5.16 0.11 0.02 0.01 6.65 0.22
657 Mood Disorders 7,987 2,261.33 6.32 0.25 0.05 0.05 10.03 0.56

common diseases for children include bacterial infections, fever, and asthma.

The disease share of treatments slowly changes as patients become older. While

working age individuals are the most likely to become pregnant or suffer from anxiety

attacks, the prevalence of almost all other diseases and conditions peaks for either young

children or the elderly. The composition of disease treatments changes slightly for the

very old (ages 75 and over). This group has a slightly lower prevalence of diabetes and

hypertension than individuals between 65 and 75. This is partly explained by the higher

probability that individuals that suffer from these conditions will permanently leave the

sample before reaching this age.

Average medical expenditures will vary considerably across demographics due to the

diversity in disease treatments. Some diseases require a multitude of different prescrip-

tions to treat, while some may only require surgery. Table 3.3 shows the average ex-
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penditure and the quantity of different services utilized in the average treatment of the

common diseases and conditions in a year. The different service types are office-based

visits (OB), outpatient procedures (OP), inpatient procedures (IP), emergency room vis-

its (ER), pharmaceutical prescriptions (RX), and the number of nights stayed at the

hospital (NN).

The most expensive condition to treat on average is pregnancy. The average pregnancy

without complications utilized 5-6 physician visits, 1-2 prescriptions, and a procedure.

Heart and other cardiovascular diseases were almost as expensive to treat despite rarely

needing a procedure. This is due to the large number of prescription medications and the

large relative expense of a hospital procedure when needed. However, the full treatment

cost of cardiovascular diseases will be considerably greater than the cost of a normal

pregnancy since cardiovascular diseases tend to be chronic and require many years of

treatment.

Many of the most common diseases utilize few services in their treatment. The most

common diseases in the sample are acute respiratory infections. The treatment for these

infections typically involve a single trip to the physician and 1-2 prescription medications.

The same is true for other, relatively inexpensive diseases to treat such as viral and

bacterial infections. Since these diseases are more greatly associated with younger and

Hispanic individuals, these groups have lower average treatment costs than other groups.

Insurance coverage could be one explanation for the variation in either disease preva-

lence or the utilization of the different services in the treatment of diseases. Table 3.4

describes the rates of insurance coverage for each group in the sample. Only individu-

als who only had public insurance are listed in the Public column. Otherwise, they are

counted as either having had private insurance or having been uninsured.

The rates of insurance coverage were similar for non-Hispanic whites and Asians.

Black and Hispanic individuals were much more likely to rely on public insurance or be

uninsured. This is also generally true for women, though the difference from men is not

large. As anticipated, children and the elderly had very high rates of public coverage

and were very unlikely to be uninsured. However, a significant portion of the middle age
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Table 3.4: Insurance Coverage Across Demographics

Group Private Public Uninsured

Race/Ethnicity
White 68.98% 25.92% 5.10%
Black 44.66% 47.93% 7.41%
Hispanic 35.62% 51.05% 13.33%
Asian 69.02% 25.93% 5.05%

Gender
Male 60.94% 31.81% 7.25%
Female 57.02% 36.06% 6.92%

Age
0-18 50.41% 45.71% 3.88%
19-44 64.37% 22.54% 13.09%
45-54 65.07% 24.29% 10.64%
55-64 66.35% 24.15% 9.50%
65-74 52.97% 46.76% 0.27%
75+ 48.43% 51.42% 0.15%

population was uninsured in the sample.

The lack of insurance coverage may explain why respiratory diseases and infections

comprised a larger share of treatments for Hispanic individuals. These diseases are rela-

tively inexpensive to treat. However, if that was the reason, then the prevalence of more

expensive conditions would be relatively lower among the Hispanic population. The re-

verse is true. Hispanic individuals were more likely to be treated for hypertension or

become pregnant, common and expensive conditions, than their white counterparts. In-

surance coverage, though, may explain the variations in service utilization across groups.

This is explored in greater detail in the next section.

If the cost of each medical service rose at the same rate, then the inflation rate of

treating each disease, and thus the inflation rate experienced by the average individual

in each demographic, would be the same. This has not been the case though. The cost

of medical services over time depends on the growth rate of productivity and the cost

of inputs, among others. For example, the cost of certain medications have fallen as

the capability of producing the drugs has increased and the patents expired. Lipitor, a

common drug for treating high cholesterol, lost its patent in 2011. According to Pharma-
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Table 3.5: Average Annual Price Inflation of Medical Treatments, by ICD-9 Category

Name Obs. MCE Q
Infectious & Parasitic Diseases 22,445 4.47 (0.42) 0.36 (0.31)
Neoplasms 13,642 3.40 (0.72) -1.92 (0.57)
Endocrine & Related Diseases 42,717 1.40 (0.34) -2.30 (0.26)
Blood Diseases 2,484 4.63 (1.67) -2.87 (1.30)
Mental Disorders 23,214 3.25 (0.46) -0.02 (0.38)
Nervous System Diseases 8,988 1.86 (0.79) -1.99 (0.62)
Sensory Organ Diseases 31,314 4.61 (0.35) 0.13 (0.22)
Circulatory System Diseases 46,401 -0.17 (0.36) -3.25 (0.30)
Respiratory System Diseases 59,616 4.94 (0.27) 1.50 (0.21)
Digestive System Diseases 19,687 2.83 (0.59) -0.98 (0.46)
Genitourinary System Diseases 18,743 2.75 (0.58) -1.09 (0.43)
Skin & Subcutaneous Tissue Diseases 15,834 3.58 (0.50) -0.45 (0.36)
Musculoskeletal System Diseases 53,094 2.99 (0.31) -0.83 (0.25)
Symptoms 36,141 1.93 (0.39) -1.29 (0.31)
Injury & Poisoning 33,466 4.24 (0.41) -0.40 (0.32)
Supplemental Classifications 23,280 3.65 (0.55) -0.65 (0.47)

Standard errors are shown in parentheses .
MCE is the average annual growth rate in the price of treating the disease.
Q is the average annual growth rate in utilization .

cyChecker.com, the average, online price of Lipitor was $500.30, prior to the expiration

of its patent. The generic versions that entered the market after the patent expired sold

for $36.00, or 7.2% of the price of Lipitor. The savings only affected a small segment of

the population and resulted in a lower inflation rate for treating cardiovascular diseases.

3.4 Estimation of Inflation and Utilization

3.4.1 Inflation Across Medical Conditions

I will be using the Medical Care Expenditure Index (MCE) in equation (3.3) to

calculate the inflation rate for the cost of treating each disease. The MCE compares the

average cost of treating a specific disease in a particular period to the average cost in the

previous period, while allowing the quantities of each service input to vary across time.

I use two different aggregation methods to classify diseases, the broad ICD-9 categories6

and the smaller CCC categories7.

6This was the method used by Bradley et al. [33] to estimate the bias in the CPI for Medical Care.
7Many recent studies by Aizcorbe et al. [6], Bradley [32], and Dunn et al. [46,47] have used an identical

or similar approach to estimating medical care inflation
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The estimates for the average annual inflation rates using the broad ICD-9 categories

are shown in Table 3.5. The inflation rate is positive for all of the disease categories

except for Circulatory System Diseases. The declining cost of treating heart disease is

due to the numerous technological advances that have been made. The treatment of

heart disease frequently required invasive surgery; however, relatively recent technologies

in surgery and medication have not only decreased the mortality rate of the disease, they

have increased the efficiency with which physicians can treat the conditions [62].

The inflation rate varied considerably across disease treatments. Many of the most

common disease categories experienced very high rates of inflation, far exceeding the av-

erage, annual headline inflation rate of 2.50% over the period. Only four of the sixteen

categories experienced inflation rates lower than the headline rate. These four categories

include many diseases that are commonly associated with older individuals, such as di-

abetes which is included in Endocrine Diseases. The treatments for these diseases tend

to utilize more service inputs and have a higher cost. These treatments have room for

productivity growth that others might not have. Compare the treatments for these dis-

eases to the treatments for Infectious Diseases, Respiratory Diseases, and Injuries, the

costs for which grew by over 4% per year on average. Treatments in those categories

typically required only a few trips to a physician’s office and maybe a prescription. The

greatest growth in the productivity of treatment for these diseases is for the medication to

become available over-the-counter, a relatively small gain. Furthermore, many patients

may still visit the physician when an over-the-counter medication is available since the

patient may be unsure about the proper diagnosis or which medication is best. Also,

patients may be unable to provide proper care for injuries even with the availability of

over-the-counter remedies. Therefore, it is much more difficult for those treatments to

experience significant productivity growth.

The average growth rate of total factor productivity in disease treatment can be

approximated by the change in service input utilization, which is given in the equation

below.
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pts is the price of service s in time t and qts is the quantity of service s utilized in time

t. Qt is a Paasche Quantity Index that estimates the change in the weight average of the

quantities used in treatment. It is straightforward to show that the growth rate of the

MCE is approximately equal to the growth rate of utilization plus the weighted average

growth rate of service prices. If the productivity of each treatment is growing, then fewer

service inputs are needed in the treatment and utilization or Q will fall.8

The last column in Table 3.5 shows the utilization growth rates of each disease. The

disease categories with low levels of inflation experienced strong declines in utilization,

or positive productivity growth. The treatment for circulatory diseases experienced the

largest gains with an average annual productivity growth rate of 3.25%, significantly

exceeding the average growth rate of the economy over the time period of the study. On

the other hand, the productivity for treating respiratory diseases, infectious diseases, and

sensory organ diseases actually fell, resulting in extremely high rates of inflation. The

decline in productivity within these categories is due to the change in the prevalence of

diseases within the category.

The ICD-9 categories are too broad to draw too many conclusions. For example, both

the common cold and asthma are placed in the same category, despite their considerable

difference in utilization as shown in Table 3.3. The price of treating asthma is five times

higher on average than treating an upper respiratory infection. To cope with this, I

estimated the inflation rates for treating each of the 256 Clinical Classification Codes of

diseases. The inflation rates and utilization growth rates for the most common diseases

and conditions are shown in Table 3.6. The disease weights are also shown. The weights

calculate each disease’s share of total treatments or total expenditures. The diseases

shown in the table account for 59.6% of all treatments in the sample.

8Productivity is defined as total output divided by total inputs. Output is fixed at unity since
output is the treatment of the disease. Therefore, productivity is the inverse of utilization. This ignores
treatment outcome. Though outcome is important, this study is primarily focused on the cost of the
current treatment, which is mostly independent of outcome.
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Table 3.6: Average Inflation Rates of Common Medical Treatments, by CCC

CCC Name MCE Q ωF ωX
7 Viral Infection 4.22% (0.76) 0.18% (0.57) 1.19% 0.34%
23 Non-Epithelial Skin Cancer 6.21% (1.07) 1.27% (0.70) 0.56% 0.26%
48 Thyroid Disorders 2.12% (0.86) -2.28% (0.65) 1.27% 0.69%
49 Diabetes Mellitus 0.50% (0.58) -2.91% (0.46) 3.17% 3.33%
53 Disorders of Lipid Metabolism 2.52% (0.52) -0.65% (0.38) 3.54% 1.95%
84 Headache 3.00% (1.03) -1.16% (0.75) 1.02% 0.60%
86 Cataracts 5.88% (1.14) 0.12% (0.77) 0.79% 0.59%
88 Glaucoma -0.53% (1.14) -4.37% (0.78) 0.52% 0.21%
90 Eye Infections & Inflammation 5.81% (0.96) 0.21% (0.57) 0.67% 0.14%
92 Otitis Media 4.40% (0.55) 1.28% (0.39) 1.96% 0.39%
98 Essential Hypertension 0.48% (0.41) -1.59% (0.32) 5.49% 3.63%
101 Coronary Atherosclerosis 1.78% (1.39) -1.53% (1.16) 1.01% 2.03%
104 Other Heart Disease -1.73% (1.68) -7.30% (1.42) 0.56% 1.22%
106 Cardiac Dysrhythmias -0.01% (1.34) -3.82% (1.15) 0.67% 1.09%
123 Influenza 6.54% (0.97) 1.27% (0.68) 0.71% 0.14%
126 Other Upper Respiratory Infections 3.89% (0.29) 1.01% (1.89) 5.75% 0.92%
127 COPD & Bronchiectasis 5.73% (0.76) 2.27% (0.63) 1.81% 1.31%
128 Asthma 1.95% (0.79) -2.78% (0.67) 1.56% 1.14%
133 Other Lower Respiratory Disease 1.30% (0.92) -1.75% (0.74) 1.43% 1.19%
134 Other Upper Respiratory Disease 2.60% (0.58) 0.01% (0.46) 2.50% 1.01%
135 Intestinal Infection 3.85% (0.75) -0.70% (0.56) 1.57% 0.51%
159 Urinary Tract Infections 1.82% (0.95) 0.24% (0.70) 1.26% 0.77%
196 Normal Pregnancy 6.96% (1.01) 1.42% (0.97) 1.58% 4.01%
200 Other Skin Disorders 3.92% (0.53) -0.50% (0.35) 2.38% 0.72%
204 Other Non-traumatic Joint Disorders 1.71% (0.56) -1.48% (0.43) 3.57% 3.13%
205 Spondylosis 2.86% (0.57) -0.55% (0.45) 3.40% 3.23%
211 Other Connective Tissue Disease 5.12% (0.72) 0.44% (0.57) 2.32% 1.81%
232 Sprains & Strains 4.67% (0.81) 0.11% (0.61) 1.70% 1.25%
244 Other Injuries due to External Causes 4.68% (0.91) -0.20% (0.71) 1.42% 1.45%
246 Fever 3.02% (1.36) -2.04% (1.13) 0.48% 0.17%
651 Anxiety Disorders 4.72% (0.97) 1.81% (0.80) 1.42% 1.22%
652 Attention-Deficit & Behavioral Disorders 3.42% (1.29) -0.21% (1.01) 0.66% 0.51%
657 Mood Disorders 2.77% (0.99) 0.56% (0.82) 1.66% 1.95%

Standard errors are shown in parentheses .
MCE is the average annual growth rate in the price of treating the disease .
Q is the average annual growth rate in utilization .
ω is the diseases weight either by frequency, F , or total expenditures, X .

Inflation rates range from almost 7% for treating normal pregnancies to -1.73% for

treating heart disease. Inflation varies considerably within each broader ICD-9 category.

For example, the annual growth in the cost of disease treatments within the respiratory

disease category varied between 1.30% and 6.54%. The difference between the inflation

rates can be explained by either two phenomenon. One explanation is that the quantity

of medical services utilized in the average treatment of each disease is changing. The

other explanation is that the price of medical services is changing at different rates for
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each treatment type.

To test which explanation is having a greater influence, I regressed the inflation rate

of each of the 256 disease treatments on the growth rate of utilization. The results

are shown in the Appendix. A strong positive relationship was found between the two

and the change in utilization over time explains 91.38% of the variation in the inflation

rates of different treatments. This means that price of different medical services grew

at approximately the same rate and any difference in the inflation rates is likely due to

changes in the quantity of services used in the treatment. In other words, hospital stays

and surgeries did not become relatively more expensive than doctor visits.

Since the inflation and utilization growth rates shown in Table 3.6 were estimated

from the MEPS data, I also used the Lewbel [68] method to correct for measurement

error. The Lewbel method uses higher moments of the variables as instruments. This

method is particularly useful when outside data does not exist. The correction had no

effect on the results and utilization growth was still found to explain over 91% of the

variation.

3.4.2 Aggregate Medical Care Inflation

The overall medical care inflation rate can be found by summing the weighted inflation

rates of each disease. Weights can be determined by the relative frequency of the disease

or each diseases share of total medical care expenditures. I use the latter for the results in

this paper. Weighting the diseases by frequency results in a slightly higher overall inflation

rate that is insignificantly different from the rate found using expenditure weights. The

results are shown in Table 3.7.

The first model in Table 3.7 estimates the Laspeyres price index in equation (3.1).

This estimate holds the quantities of each service fixed and is analogous to the CPI-Med.

The CPI-Med averaged 3.79% between 2003 and 2011. The estimates of the SPI from

the MEPS data are insignificantly different from the CPI-Med by 0.07% per year.

The MCE and utilization growth are calculated in three different ways in the table.

The first method uses diseases defined by the Clinical Classification Code. This method

reveals that the CPI-Med is biased by almost exactly 1% per year, the same as recent
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Table 3.7: Medical Price Inflation and Utilization Growth

Model Percent Change INS.PV INS.PUB Uninsured

SPI 3.72% (0.06) - - -

MCE1 2.77% (0.10) 3.30% (0.13) 1.28% (0.20) 1.97% (0.42)
MCE2 3.03% (0.11) 3.50% (0.13) 1.55% (0.20) 2.22% (0.42)
MCE3 3.62% (0.11) 4.00% (0.14) 2.15% (0.21) 3.00% (0.43)

Q1 -0.99% (0.08) -1.03% (0.10) -1.87% (0.16) -0.55% (0.31)
Q2 -0.82% (0.08) -0.89% (0.10) -1.80% (0.16) -0.47% (0.32)
Q3 -0.35% (0.09) -0.47% (0.11) -1.42% (0.17) 0.06% (0.33)

Standard errors are reported in parentheses .
(1) Disease weights are calculated using Clinical Classification Codes .
(2) Disease weights are calculated using International Classification of Disease Codes .
(3) Disease weights are changing each period .

studies by Aizcorbe et al. [6], Dunn et al. [46], and Bradley [32]. Bradley [33] estimated

medical price inflation using the broad ICD-9 categories that are shown in Table 3.5. The

second method uses these same categories as Bradley et al., but finds that the bias in the

CPI-Med was only 0.75% per year. The bias estimate from Bradley et al. [33] is much

higher, but this may be due to the years in the study. Bradley et al. used data from

1999-2004, which only overlaps the period in this study by two years.

The bias in the CPI-Med arises because labor productivity is being allowed to fluctuate

over time in the MCE. However, the estimated bias depends on which disease weights

are used. If disease weights are allowed to change each period, as they do in method

three of Table 3.7, then the bias almost completely goes away. This means that the

relative prevalence of diseases that receive treatment is changing considerably over time.

In 2003, 2.5% and 4.4% of treatments were associated with diabetes and hypertension

respectively. By 2011, these diseases represented over 3.6% and 6.1% of all treatments.

The reason for the change in disease prevalence amongst treatments is beyond the scope

of this paper, but it could be due either to the growing incidence of these diseases or

due to the reduction in the relative cost of treating these diseases. Most of the disease

treatments that experienced a fall in relative prevalence also experienced the largest rates

of inflation.

Note that the growth rate in the MCE minus the growth rate in utilization is ap-

proximately equal to the growth rate in medical care prices for a fixed level of services.
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Medical care price growth ranged from 3.76% - 3.97%, which is approximately equal to

the growth rate of CPI-Med during this period. This suggests that the full bias of the

CPI-Med is due to incorrectly accounting for productivity growth.

The rates of inflation for each model were also calculated across individuals with

private, public, or no insurance. In general, treatments by patients with only public

insurance experienced the lower rate of inflation. This does not necessarily mean that

the government is more successful at keeping medical inflation low. The type of insurance

coverage varies considerably across demographics and different groups tend to be afflicted

by different diseases. Furthermore, the health status of each individual is not directly

observable. Unhealthy individuals may be more likely to supplement public insurance

with a private plan. If so, the lower medical care inflation rate for individuals with public

insurance is capturing a lower severity of the average medical condition.9

The variation in treatment inflation may also be due to the individual service types

utilized during treatment. The cost of pharmaceutical drugs is unlikely to grow at the

same rate as a visit to a physician or an overnight stay at the hospital. Table A.5 in

the Appendix decomposes the inflation rate across the five services. Most of the inflation

in treatment costs is concentrated in ambulatory care, or office-based visits, emergency

room visits, and outpatient procedures. Though inpatient procedures account for 43% of

total expenditures, they contributed only 31% to the inflation rate.

3.4.3 Inflation Across Demographics

The average rates of inflation for each demographic group are shown in Table 3.8.

Black individuals experienced the lowest rates of medical care inflation, even after con-

trolling for insurance. The lower average rate is due to higher prevalence of diabetes and

hypertension, whose treatments had large drops in utilization and price. The Hispanic

population, while also suffering from diabetes and hypertension, experienced higher rates

of inflation due to pregnancies and upper respiratory diseases. Similar reasons explain the

difference in the inflation rates between men and women. Men are more likely to develop

cardiovascular disease, while many women in the sample were pregnant or suffered from

9The discussion on the lower inflation rate for individuals with only public insurance assumes that
more severe conditions experience higher treatment inflation rates.
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Table 3.8: Medical Price Inflation and Utilization Growth Across Demographics

Group MCE Q MCE†

Race/Ethnicity
White 3.13% (0.13) -0.88% (0.10) 3.08% (0.11)
Black 1.37% (0.28) -1.59% (0.22) 1.41% (0.24)
Hisp 2.58% (0.25) -0.69% (0.20) 2.55% (0.20)
Asian 3.50% (0.53) -1.17% (0.40) 3.45% (0.45)

Gender
Male 2.31% (0.17) -1.23% (0.13) 2.29% (0.14)
Female 3.09% (0.13) -0.82% (0.11) 3.04% (0.11)

Age
0− 18 3.87% (0.21) 0.10% (0.17) 3.97% (0.17)
19− 44 3.50% (0.21) -0.42% (0.16) 3.50% (0.17)
45− 54 3.26% (0.27) -0.55% (0.20) 3.10% (0.22)
55− 64 2.39% (0.26) -1.11% (0.21) 2.36% (0.22)
65− 74 1.53% (0.30) -2.09% (0.24) 1.42% (0.25)
75+ 0.83% (0.30) -2.85% (0.24) 0.75% (0.26)

† The MCE in the last column controls for insurance across groups.
Standard errors are reported in parentheses.

joint or connective tissue disorders. It is difficult to pinpoint the cause for the high rate

of inflation from the Asian population. The difficulty may be a remnant of the relatively

small sample of Asian people.

The most striking differences in the inflation rates are between age groups. Young

adults spend less than half the amount on the average treatment as the elderly. This

is because they tend to be afflicted with acute diseases that require very few services to

treat compared to the chronic diseases of the elderly. However, the efficiency of treating

acute diseases has barely changed over time, whereas the average number of services used

in the treatment of most chronic diseases has fallen.

While it is tempting to argue that Medicare can explain the decline in utilization

for the elderly, the downward trend is correlated with higher age across all age groups.

If Medicare and public insurance were primarily responsible, we would expect to see a

large drop in utilization or inflation after the age of 65. While there is a small drop, an

even larger drop occurs after 55, suggesting a disease prevalence explanation instead of

insurance.
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The last column in the table presents the estimates for inflation after controlling

for insurance coverage and type. The point estimates decline slightly for all groups

except the black population, though the ordering is preserved. The type of insurance

coverage appears to make almost no difference in the estimates, further suggesting that

any difference in the inflation rates experienced by different policy holders is due to the

types of treatments.

3.5 Directed Technological Change

Since the variation in medical care inflation is driven by utilization, it is imperative

to understand why utilization is falling for some diseases. One reason may be directed

technological change [1, 2]. The return for developing technologies that improve treat-

ment efficiency will vary across diseases, thus making technological change an endogenous

choice in medical care. The treatment for the common cold, for example, has very little

room for efficiency improvement. If someone comes down with a cold, they can either take

over-the-counter medication or go to the doctor and receive a prescription. The largest

efficiency improvement that can be made is to increase the probability that person obtains

the over-the-counter medicine instead of visiting the doctor.

The treatment for an acute myocardial infarction (heart attack), on the other hand,

has a lot of room for productivity growth. According to the MEPS, in 2003 the average

heart attack patient visited the doctor almost 3 times, spent 3.5 nights in the hospital,

had 1.25 outpatient operations, and took 9 prescription medications. The average cost of

treatment was $13,053. The benefit from spending resources to improve the efficiency of

heart attack treatment greatly outweighed the benefit from improving the treatment of

a cold, despite the greater prevalence of the cold. Medical researchers apparently agreed

and by 2011 the average cost had fallen to $5,565. The reduction in cost was primarily

due to a change in services as the probability of receiving an outpatient procedure was

less than a quarter of what it was 8 years earlier and the average number of nights at the

hospital had fallen to 1.13.

However, heart attack treatments are only one example. To determine whether di-
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Table 3.9: Regression on Medical Care Utilization

Variable (1) (2) (3)

ln (XP ) 0.6748*** (0.0021) 0.6414*** (0.0020) 0.6411*** (0.0021)
ln (XP )× Time -0.0067*** (0.0004) -0.0058*** (0.0004) -0.0057*** (0.0004)
Time 0.0127*** (0.0023) 0.0051** (0.0022) 0.0048** (0.0022)
Age - 0.0004*** (0.0001) 0.0006*** (0.0001)
Ins.Pv - -0.2520*** (0.0064) -0.2502*** (0.0064)
Ins.Pub - -0.0122* (0.0066) -0.0098 (0.0067)
Female - 0.0181*** (0.0027) 0.0174*** (0.0027)
Black - 0.0710*** (0.0039) 0.0708*** (0.0039)
Hisp - 0.0365*** (0.0038) 0.0363*** (0.0038)
Age 19− 44× Time - - 0.0027*** (0.0009)
Age 45− 54× Time - - 0.0001 (0.0011)
Age 55− 64× Time - - -0.0025** (0.0012)
Age 65− 74× Time - - -0.0024* (0.0013)
Age 75 + ×Time - - 0.0001 (0.0015)

CCC No Yes Yes
Region No Yes Yes
R2 0.66 0.69 0.69

Robust standard errors in parentheses. Significance Levels: (*) 10%, (**) 5%, (***) 1%

rected technological change holds for disease treatments in general, we can estimate the

following regression.

ln (Qi) = α + β1ln (XPi) + β2Timei + β3Xi + γln (XPi)× Timei + εi (3.5)

In equation (3.5), Qi is the quantity index of services used in the treatment of medical

episode i. XPi is the total expenditure of the treatment, Timei is the year that the episode

took place, and Xi is a vector of control variables that include the age, race, and gender

of the patient, whether the patient had insurance, and dummies that indicate the disease

diagnosis of the medical episode. β1 is the expenditure elasticity of demand, while β2

provides an estimate of the geometric average growth rate of utilization across diseases.

γ estimates the expenditure elasticity of utilization growth, or XP
Q

(
∂Q

∂T ime

)
/∂XP , and is

the coefficient of interest. If γ < 0, then higher medical expenditures are correlated with

fewer medical services over time.
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3.5.1 Estimation

The results from the regression are shown in Table 3.9. The regression in the first

column only includes the variables of interest. The three variables explain most of the

variation in utilization across medical episodes, which is to be expected since utilization

growth explains 91% of the variation in inflation across diseases. The coefficient on

the interaction term is negative and significant, confirming the anticipated correlation

between medical expenditures and utilization growth. The second column adds controls

into the regression, first by holding the disease and region constant and then by adding

the demographic controls. The controls have only a minor impact on the point estimate

of the coefficients and do not affect the significance or the sign.

These results suggest that technological change is directed towards relatively expen-

sive procedures. However, other factors may also explain the negative correlation between

expenditures and utilization growth. One reason may be early diagnosis. Doctors are dis-

covering diseases earlier, which impacts medical utilization and its growth rate. Though,

this should cause average utilization to be rising over time instead of falling. Therefore,

changes in utilization should understate productivity growth and directed technological

change.

To examine the impact of early diagnosis and other age-related concerns, column three

in Table 3.9 adds an interaction between patient age and time. Age categories are used

to better identify the marginal impact of age on utilization growth across age groups.

When age is interacted with time instead, the coefficient is negative, implying that age

increases utilization but the growth rate is declining with respect to age. That result

mirrors the implications from Table 3.8. Interesting results emerge when age categories

are used. Compared to adolescents, working age adults experience greater utilization

growth after controlling for numerous factors. This may indicate that individuals within

this age group are being diagnosed earlier for treatment-intensive conditions or are taking

greater precautions. Early diagnosis will have a smaller impact for older individuals,

so the negative coefficient is more likely to suggest positive productivity growth in the

treatments for these groups. Note that since the marginal impact is the same for the 55-
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64 and 65-74 age groups, the decline is utilization growth is unlikely to reflect Medicare

caps. Another interesting anomaly is that the utilization growth rate of the 75 and older

group is the same as children under 18 after the controls. This may be due to the fact

that the average elderly individual is healthier than the average individual between 55-74

since the unhealthy members of those groups are much more likely to have permanently

exited the sample. Therefore, productivity has less room for growth.

The endogeneity of expenditures is also major concern in interpreting the results.

Consumers might reduce the quantity of medical services if the total expenditure on the

treatment rises. Since the price of medical care services, as given by the CPI-Med, has

risen twice as quickly as the headline rate of inflation, consumers can expect the total

treatment expenditure to rapidly rise over time. In response, consumers will reduce the

quantity of medical services that they consume in each treatment. They have a greater

incentive to reduce services if the treatment is more expensive and requires a greater

share of income.

To account for endogeneity, I use regional dummies as instruments for treatment

expenditure in a two stage least squares regression. The price of medical services is well

documented to vary considerably across geographic regions in the United States [49, 93,

106]. However, the average quantity of services utilized in the treatment of particular

diseases is constant from one region to the next. Therefore, region dummies satisfy the

exclusion restriction. The results are shown in Table 3.10.

The magnitudes of the coefficients are greatly impacted, but the signs are the same

for all variables except for age. The coefficient on the interaction of expenditures and

time is still significant. Therefore, the change in service quantity is at least partially due

to technological change.

3.5.2 Consumer Choice Model

An alternative method of examining technological growth in the presence of endo-

geneity is to estimate a structural choice model. This allows us to determine whether

the observed change in utilization over time is consistent with technological growth over

a wide range of preference parameters and the observed change in medical care prices. A
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Table 3.10: 2 Stage Least Squares Regression

First Stage Second Stage

Variable ln (XP ) ln (XP )× Time ln (Q)

ln (XP ) - - 1.0998*** (0.1034)
ln (XP )× Time - - -0.0531** (0.0208)
Time 0.0274*** (0.0010) 6.1048*** (0.0070) 0.2813** (0.1244)
Age 0.0063*** (0.0001) 0.0292*** (0.0008) -0.0011*** (0.0001)
Ins.Pv 0.2483*** (0.0114) 1.3504*** (0.0680) -0.2984*** (0.0087)
Ins.Pub 0.2836*** (0.0120) 1.4822*** (0.0717) -0.0695*** (0.0089)
Female -0.0490*** (0.0056) -0.2095*** (0.0338) 0.0308*** (0.0031)
Black 0.1089*** (0.0081) 0.4591*** (0.0465) 0.0406*** (0.0049)
Hisp 0.0331*** (0.0076) 0.0937** (0.0471) 0.0177*** (0.0043)
Northeast -1.1616*** (0.0461) -5.4788*** (0.2803) -
Midwest -1.2015*** (0.0459) -5.8924*** (0.2794) -
South -1.1901*** (0.0458) -5.7467*** (0.2786) -
West -1.2259*** (0.0460) -5.9006*** (0.2797) -

CCC Yes Yes Yes
R2 0.15 0.78 0.60

Robust standard errors in parentheses. Significance Levels: (*) 10%, (**) 5%, (***) 1%

description of the model follows.

Let consumer i’s utility be given by the following CES utility function,

Ui (hi, xi) = γhφi + (1− γ)xφi (3.6)

where hi is person i’s level of health, xi is the consumption of a numéraire good, γ

is the consumer’s relative preference for health, and φ is the elasticity of substitution

between h and x. The CES utility function is convenient because it allows for a wide

range of preferences and can easily accommodate the inelastic demand for health care.

Furthermore, the CES utility function exhibits constant relative risk aversion with a

coefficient of relative risk aversion equal to 1− φ.

Consumer i suffers from a particular disease and must decide how much medical care,

qi, to purchase. If Mi is consumer i’s normalized income and p is the relative price of

medical care, then his or her budget constraint is given by Mi ≥ xi+pqi. The production

of health depends on quantity of medical care and its stochastic productivity, Ã.

hi = Ã× qi (3.7)
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The consumer’s problem is to choose the quantity of medical services to maximize ex-

pected utility, or

Max
q,x

E (Ui) = γE

[(
Ãqi

)φ]
+ (1− γ)xφi s.t. Mi = xi + pqi. (3.8)

By introducing a relative risk premium, π∗i = π/qi, and taking a first order Taylor expan-

sion10 around the first term on the right hand side, the expected utility can be rewritten

as

E (Ui) = γAφ
(
qφi + πφqφ−1

i

)
+ (1− γ)xφi (3.9)

where A is the expected level of medical care productivity. Without uncertainty, utility

is the standard CES function where the medical services are weighted by productivity.

As productivity rises, the marginal utility of each quantity of medical services rises and

less is desired. When uncertainty is added, the preference for medical services is artifi-

cially increased by the risk premium and marginal productivity. The optimal quantity of

medical services is found by solving the first order conditions and is given below.

q∗i = Mi

[
p+

(
1− γ
γ

) 1
1−φ
(

p

Aφ − π (1− φ)

) 1
1−φ
]−1

(3.10)

In equation (3.10), the quantity of medical services that each patient consumes, the rel-

ative price of medical services in each time period, and an approximation of the patient’s

income level is known. The level of productivity growth and the preference parameters, γ

and φ, are unknown. Let productivity depend on time and be given by A = A0e
−ηt +A1,

where −η is the average growth rate of productivity, t is time, and A1 are external factors

that effect the impact of medical services on health. I will use indicators for diabetes,

high blood pressure, and demographics to control for the level of health. To estimate

the level of productivity growth based on the data, I will make assumptions about the

preference parameters, φ and γ. The nonlinear regression is estimated by

10Expected utility becomes E (Ui) = γ [(A+ π/qi) qi]
φ

+ (1− γ)xφi . The first term is approximated to

γAφqφi + πφqφ−1i .
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ln (Qi) = α0 + ln (POVi)− ln

(
pI,i + pk1I,ik2

((
e−ηti − βXi

)φ − πk−1
1

)−k1)
Ii + εi (3.11)

where k1 = 1/(1 − φ) and k2 = [(1− γ)/γ]k1 . POV is the poverty category of the

patient’s family and ranges from 1 if the person’s family is poor to 5 if the family earns

a high income. The external factors that affect health productivity, Xi, include whether

the patient suffers from diabetes and high blood pressure, and the patient’s age, race,

and gender. I is variable that indicates whether the individual has insurance or not. The

price that the consumer faces, pI,i, depends on whether or not he or she has insurance.

The average out-of-pocket price for a service was approximately 2.5 times as large for

uninsured patients.

The coefficient of interest is η. If health care consumers do not alter their consump-

tion behavior in response to technological or price growth, then η will be equal to the

utilization growth numbers in Table 3.6. If the drop in utilization is due to consumers’

response to higher prices instead of productivity growth, then η will be larger than the

utilization growth rate in the table. The nonlinear regression in equation (3.11) was

performed for each of the clinical classification codes of diseases, but I only report η

for three of the most common diseases. Those diseases are hypertension, diabetes, and

chronic obstructive pulmonary disease (COPD). The estimates are shown in Table 3.11.

The first column of the table is the elasticity of substitution between health and the

numéraire good. Note that the elasticity of substitution is equal to 1/1−φ, and an elasticity

of substitution less than one means that the two goods are not good substitutes and the

demand for both goods is inelastic. γ is approximately the share of income spent on

medical treatment.

For the full sample, η is less than utilization growth rate in Table 3.7 for all but

the highest levels of elasticity. Utilization growth was found to average -0.82 to -0.99%.

These results suggest that productivity growth was greater than the treatment quantities

indicate. It is possible that the growth exceeded the economy-wide average since real

GDP growth averaged only 1.72% over the sample period, but this is only the case for

54



Table 3.11: Structural Estimates of Inverse Productivity Growth†

σ φ γ ηfull ηhyper ηdiab ηcopd
0.5 -1 0.05 -0.70% (0.10) -1.71% (0.45) -4.32% (0.69) 2.66% (0.68)
0.5 -1 0.10 -0.78% (0.11) -1.82% (0.46) -4.68% (0.74) 2.59% (0.69)
0.5 -1 0.15 -0.83% (0.10) -1.88% (0.47) -4.96% (0.78) 2.47% (0.64)
0.5 -1 0.20 -0.86% (0.10) -1.92% (0.48) -5.21% (0.82) 2.28% (0.59)
0.5 -1 0.25 -0.87% (0.10) -1.93% (0.48) -5.44% (0.85) 1.93% (0.49)

0.25 -3 0.05 -1.20% (0.11) -2.45% (0.45) -4.82% (0.62) 2.35% (0.77)
0.25 -3 0.10 -1.32% (0.12) -2.65% (0.47) -5.17% (0.65) 2.37% (0.74)
0.25 -3 0.15 -1.40% (0.12) -2.78% (0.49) -5.41% (0.68) 2.12% (0.56)
0.25 -3 0.20 -1.46% (0.12) -2.88% (0.50) -5.60% (0.70) 2.06% (0.56)
0.25 -3 0.25 -1.50% (0.12) -2.97% (0.51) -5.78% (0.71) 2.09% (0.63)

0.1 -9 0.05 -1.74% (0.12) -3.16% (0.46) -5.46% (0.61) 1.76% (0.76)
0.1 -9 0.10 -1.82% (0.12) -3.28% (0.47) -5.64% (0.62) 1.66% (0.77)
0.1 -9 0.15 -1.87% (0.12) -3.36% (0.48) -5.76% (0.63) 1.59% (0.82)
0.1 -9 0.20 -1.91% (0.13) -3.42% (0.48) -5.85% (0.64) 1.54% (0.84)
0.1 -9 0.25 -1.94% (0.13) -3.48% (0.49) -5.93% (0.64) 1.50% (0.84)

Standard errors are reported in parentheses .
† Productivity growth is given by −η. The numbers in the table are presented as the

negative of productivity growth to better align with the numbers in Tables 3.6 and 3.7.

extremely low levels of elasticity.

Productivity growth exceeded utilization for the treatment of hypertension and dia-

betes also. Both diseases experienced the large declines in utilization over the sample.11

However, there is no evidence that the decline in utilization is due to a substitution effect

since productivity growth is so large. These results are being driven by the inelasticity

of demand for health.

The relative price of medical care goods and services is rising over time, which would

normally cause the substitution effect to rise and lead to a drop in utilization. However,

medical care services are becoming more efficient for the treatment of most diseases.

This leads to a growing income effect. Which is bigger depends on the elasticity of

demand. If demand for both goods is elastic, then utilization growth is positive as

long as productivity is growing faster than prices. If medical prices grow faster than

productivity, the consumer spend a greater share of resources on the numéraire good

11In estimating equation (3.11) for diabetes and hypertension, I dropped the indicator for diabetes
and high blood pressure respectively.
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instead. When demand is inelastic, the opposite case holds. A fall in utilization will only

occur if productivity growth is greater than price growth.

The decline in utilization will be smaller in magnitude than the increase in produc-

tivity. The result is a variant of the Jevons paradox [64] which states that an increase in

efficiency of a production input leads to greater use of the input. In this case, the grow-

ing efficiency of the doctor leads the patient to seek more care from the doctor in the

treatment of the disease. The effect is not complete, though, since the price of medical

care is growing relative to other goods in the economy.

The addition of the external factors that affect health and medical care productivity

and the uncertainty reduce the total factor productivity which can alter the signs of the

effect. This can be seen in the treatment for COPD. Utilization growth is positive, which

occurs if productivity growth is less than price growth under inelastic demand. But,

the magnitude of productivity growth is estimated to be greater than utilization growth

(2.27%) when the elasticity of substitution is 0.5. This occurs because the presence of

diabetes and high blood pressure reduces productivity by between 0.3 and 0.5. This

means that patients with diabetes or high blood pressure use approximately 60-100%

more medical services to treat COPD. Therefore, productivity falls for those individuals

even if the growth rate is unaffected, allowing for the disconnect between the theory

and results. At lower levels of elasticity, that effect goes away and the results behave as

anticipated.

While the model may not perfectly represent reality, it does provide insights that

align with directed technological change. The decline in medical care utilization per

treatment is likely reflecting productivity growth in the treatment of certain diseases.

Thus, the groups of the population that tend to suffer from the particular diseases that

have experienced drops in Q are benefiting the greatest.

3.6 Conclusion

The medical care component of the Consumer Price Index is widely acknowledged

by health care economists to be upwardly biased by as much as 1.5% per year. While
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some of the bias is due to the substitution effect that affects the entire CPI, the most

important factor is that productivity growth is not counted. The reason is simple. The

BLS calculates the price of medical inputs rather than the price of treatment. The

quantity of inputs falls as treatments become better.

Many economists have been working on an alternative index of medical care prices.

The MCE Index calculates the change in the expenditures used in the entire treatment

of a disease. This formulation captures the change in treatment price that arises from a

change in the number of doctor visits, hospital procedures, medication, etc. While many

issues with the MCE remain to be solved, most agree that the results are promising.

Accuracy in the index is critical as COLA payments and economic aggregates depend

on inflation estimates. The problems that plague the medical care component of the

CPI also impact other measures such as the GDP Deflator. For example, Aizcorbe et

al. [6] find that the miscalculation in medical care inflation may have led to real GDP

being underestimated by as much as 0.2% per year. Furthermore, if the medical care

component in the CPI is upwardly biased, then real wages have grown considerably more

than has been reported.

Decomposing the MCE into a change in pure prices and a change in utilization, I find

that the treatments for diseases associated with the elderly and black populations have

experienced much larger declines in utilization than others. The inflation rate experienced

by the average member of these groups is 2-3% lower than others due to these groups’

tendencies to contract chronic diseases. The results in this paper reveal that chronic

diseases benefited from directed technological change during the period of 2003-2011. In

other words, resources were directed towards improving the efficiency in treating relatively

expensive disease episodes.

I used two methods to correct for endogeneity. In the first, I used a two-stage least

squares regression and found a negative and significant relationship between treatment

expenditures and utilization growth. I also constructed a structural choice model and

found that the decline in utilization understated the level of productivity growth in treat-

ing many diseases for a variety of preference parameters. The productivity growth rate
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of the medical sector was also found to be higher than previously thought and perhaps

as large as the rest of the economy.

It is important to understand why health expenditures are growing and who they

effect the most. One of the many compelling reasons is for Cost of Living adjustments.

The Bureau of Labor Statistics calculates an experimental price index, the CPI-E or Con-

sumer Price Index for the Elderly. Many groups have called for social security payments

to depend on the CPI-E instead of the CPI-W since the basket of goods and services con-

sumed by the average elderly individual differs considerably from the basket consumed

by the average worker. For example, in 2011 medical care made up 11.3% of the CPI-E

compared to only 5.6% of the CPI-W. If social security payments were made based on

the CPI-E, then beneficiaries would have received 0.2% more each year between 1985 and

2012.

By splitting the medical care component of the CPI into different age categories,

I find that price of the basket of goods and services purchased by the elderly rose by

approximately 0.18% less than that of urban workers. This would imply that social

security recipients were overpaid by about 0.71%.12 This work calls into question the

idea that the social security payments should be tied to the current formulation of the

CPI-E, especially since doing so would cause the social security trust fund to become

insolvent much sooner [61].

12These calculations are made with the growth rate in total expenditures, not out-of-pocket expen-
ditures. If out-of-pocket expenditures were growing faster than the calculated inflation rate, then the
earlier inflation rate underestimates the growth in prices that the elderly are actually paying. However,
results not shown in this paper suggest that out-of-pocket expenses per treatment are actually growing
less quickly than total expenditures, meaning that this number is likely upwardly biased.
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CHAPTER 4

THE IMPACT OF TECHNOLOGY ON AMBULATORY CARE COSTS

This essay challenges the commonly held assumption that technology is driving health

care costs. The impact of technology is tested by extending the works by Smith, New-

house, and Freeland (2009) and Thornton and Beilfuss (2014) to include event-level data

in ambulatory care. Rather than using a time trend, I use a variety of medical techniques

and procedures to control for technology. I find that the net impact of these procedures

on ambulatory care inflation is negative. The results in this paper suggest that labor is

the primary driver of cost growth.

4.1 Introduction

For almost a century the Bureau of Labor Statistics has collected data on prices

and consumer habits. One of the most consistent and important trends has occurred

in medical care, whose inflation rate has averaged almost twice the rate of all other

sectors and whose expenditures have grown much faster than GDP. This alarming trend

has worried both politicians, who race to enact policy to correct the “problem”, and

economists who struggle to determine the underlying cause.

One of the most pressing concerns is that the growing expense of health care reduces

accessibility for much of the population. Various universal health care schemes have been

enacted around the world to ensure that medical care is available to everyone. The United

States passed the Social Security Amendments in 1965 and the Patient Protection and

Affordable Care Act (ACA) in 2010 with the purpose of providing low cost insurance

to the poor, elderly, and those who otherwise would be unable to purchase it. However,

many professionals fear that these policies do not do enough to contain costs and may

place insurmountable pressure on government budgets in the long run.
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The ACA attempts to contain costs by setting up the Independent Payment Advisory

Board (IPAB). The IPAB is a fifteen-member agency tasked with reducing Medicare

spending. Whenever the growth rate for Medicare payments per enrollee exceeds the

GDP per capita growth rate, the IPAB must provide suggestions to Congress to reduce

future spending. Congress can ignore these suggestions and adopt an alternative policy

if both houses vote to do so.

The IPAB’s task, and the task other countries that attempt to reduce health expen-

ditures face, is particularly difficult because health care inflation is not well understood.

Even the BLS recognizes that its calculation is biased.1 The problem arises due to the

inability to perfectly decompose expenditures into price and quantity. Rising quantity

could reflect either choices made by health consumers and providers or a decline in health.

Yet, optimal policy differs between the two and contrasts sharply with policy designed

to reduce health care prices. Therefore, understanding the cause of expenditure growth

is critical.

Jonathan Skinner [94] wrote in the MIT Technology Review that most economists

agree that technology is the primary culprit behind the growth of health care prices.

Technology typically takes the form of research and development, new drugs, assistive

equipment, and medical techniques. Techniques such as hand washing or tools such as

examination gloves can also be considered technology, but these are broadly applied and

cost effective [36]. Researchers have found it challenging to isolate the effect that tech-

nology may have on the sector’s costs because technology is neither easy to measure nor

clearly understood [4]. Estimates for the contribution of technology towards expenditure

growth range from 27% [95] to over 70% [85].

Newhouse [79] was the first to provide an estimate of technology’s contribution to

health care expenditure growth by using a residual-based method. He determined that

the effect of the most common explanations for rising costs, including the aging of the

population and income, could account for less than half of the overall rise. He conjectured

that the rest was due to technology. Peden and Freeland [85] used a similar approach and

1See Mann [71] for a review of the literature on health care inflation.
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found that the residual explained almost 75% of expenditure growth. These estimates

can only be considered an upper bound, though, since they fail to take into consideration

other explanations such as differential productivity growth proposed by Baumol [17].

The more common approach is to use a proxy variable for technology. Okunade and

Murthy [83] use expenditure on research and development to proxy for technology. They

find that technology is cointegrated with per capital health care expenditures, but they

could not determine the size of the effect. Similarly, Hartwig and Sturm [59] use extreme

bounds analysis and find that research and development is one of only a few variables

that significantly explain health care expenditure growth across the OECD, but they

also do not estimate its contribution. Other researchers have found a positive correlation

between technology and expenditures when using the number of MRIs [13] or surgical

procedures [104] as a proxy.

Time has been found by many researchers to offer the best explanation for health care

expenditure growth, which the literature typically interprets as the impact of technology.

Smith, Newhouse, and Freeland [95] decomposes health care spending and finds that

the time trend contributed 27-48% towards expenditure growth, while Thornton and

Beilfuss [100] control for more variables and find an estimate of 30%. Older research

by Gerdtham and Jonsson [53] and Di Matteo [74] also provide estimates within this

range. These estimates are upwardly biased in explaining the impact of technology. The

time trend also encapsulates changes in labor productivity growth that are unrelated to

technology.

In this paper, I extend Smith et al. [95] and Thornton and Beilfuss [100] by using

micro-level and focusing on ambulatory care visits between 2003 and 2011. This allows

me to better account for technology by controlling for the various services and procedures

used during an event, rather than relying on a time trend as a proxy. I am also able to

precisely fix the quantity of medical care so that my estimates reflect the impact of

technology on price. While technology may lead to an increase in the quantity of health

care consumed, I find little evidence to support this since the quantity of each procedure

changes very little over time in my sample. This paper focuses on ambulatory care due to
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data availability. However, I believe that the results in this paper can be generalized to

the health sector as a whole since previous research has shown that although ambulatory

care accounted for only 39.6% of expenditures over this time period, it contributed over

62.5% to the inflation rate of medical treatments [71]. Also, the Health Care Cost and

Utilization Report [63] put out by the Health Care Cost Institute reveal that the expense

of ambulatory care visits grew about twice as quickly as inpatient events and prescription

medicine between 2007 and 2010.2

The results in this paper suggest that technology had a minimal and likely negative

impact on the cost of ambulatory care. Though the cost of technologically-intensive

visits was higher over the period in this study, the rate of inflation was actually lower

than “standard” visits, indicating that technology in the health care sector is similar to

other sectors and other factors are responsible for rising costs. Furthermore, the share of

technologically-intensive visits remained relatively constant throughout the period. The

relatively small role of technology is unsurprising since prescription drugs experienced

decreasing prices over the period and medical devices and equipment have accounted for

only 3-5% of total health care expenditures for more than 20 years [45].

My findings hint that labor may be the prime culprit for expenditure growth. Labor

accounts for more than half of all hospital costs according to the AHA Annual Survey [12]

and an even greater share of office costs [105]. The OECD reports that total labor

hours in the health care sector grew not only faster than other sectors in the economy,

but also faster than ambulatory care admissions. This echoes the prediction made by

Baumol [17] that the labor force would experience a structural change towards the health

care sector and medical care inflation would exceed general inflation. Though Newhouse

[79] dismissed Baumol’s argument in favor of technology, this paper supports Baumol’s

conclusion that the health care sector may suffer from a chronic lack of labor productivity

growth.

The rest of the paper is organized as follows. The next section discusses the empirical

2HCCI groups expenditures into four categories: inpatient admissions, prescriptions, outpatient visits,
and professional procedures. Expenditures for each category grew on average 3.8%, 4.5%, 8.1%, and 3.9%
respectively. Overall, visits grew expensive relative to the actual procedures performed during the visit.
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methodology employed in this paper and the data. Section 3 presents and interprets the

results. Finally, sections 4 and 5 discuss the results and conclude the paper.

4.2 Empirical Methodology & Data

This work modifies and extends the research by Smith et al. [95] and Thornton and

Beilfuss [100]. Smith et al. [95] estimate a health spending equation using country level,

OECD panel data from 1960 to 2006. They use the estimated elasticities as weights

to determine the contribution of each factor towards expenditure growth. They find

that common explanations, such as insurance coverage and the aging of the population,

contribute little. Instead, they find that expenditure growth is driven primarily by income

and the time trend. The time trend is interpreted as medical technology since it represents

factors that are changing over time and are common to all countries in the OECD.

Thornton and Beilfuss [100] extend Smith et al. [95] by using a panel of U.S. states

from 1993-2009 and including more explanatory variables. They find that although alco-

hol consumption and demographics have large marginal effects3, these variables change

very little over time and have a negligible impact on expenditure growth. Like Smith et

al. [95], they find the time trend, which they also interpret as technology, and income to

be the most important contributors to the growth of health care spending. However, their

estimates of the contributions are significantly smaller. They also find that the number of

physicians is second only to the time trend in its contribution towards spending growth.

Rather than estimating country or state level data, I modify their approaches by

using individual event level data. Each observation represents a visit to a physician,

emergency room, or an outpatient procedure. This approach has benefits and limitations

over previous papers in the literature. First, the results may not hold for the entire

health care sector since I am not looking at prescription drugs, inpatient procedures, or

research and development. Though, I am able to account for some prescription drugs as

many of the observations include drug administration. Since many inpatient procedures

3Numerous studies have found that demographics and behavior have a strong effect on the risk for
various diseases and lead to higher health expenditures [11, 30, 54, 55, 60, 78, 102]. However to effect
expenditure growth, these factors must be changing significantly over time.
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overlap with outpatient procedures, the impact of technology on ambulatory care inflation

should be similar to its impact on other hospital expenditures. Therefore, the results may

generalize to the entire sector.

Since I am unable to take advantage of panel data techniques, the regressions are

more susceptible to omitted variable bias. I am also unable to account for environmental

factors such as crime or pollution that may affect health care spending. However, I believe

that the benefits outweigh these concerns. Since my focus is on ambulatory care events,

I can control for various service and procedures and determine how they impact the price

of the event over time.

Finally, another advantage to this approach is that quantity is held fixed. Most

studies on health care expenditures tend to focus on the quantity side. While quantity is

important, the more relevant concern is price since price determines both the affordability

of care and the feasibility of providing sufficient care to the populace. Furthermore, if

technology is driving expenditure growth, it is likely doing it through the price channel

by propelling the cost of a medical event upward. The average number of medical events

per treatment has declined over time, implying that medical technology is, if anything,

reducing expenditure growth through quantity [32,71].4

I estimate the following reduced-form equation

XPi = α + ρTi + βsSi + βdDi + βpPi + βxXi + γXiTi + εi (4.1)

where XPi is the natural logarithm of expenditures on visit i, T is the time trend,

S is a vector of socioeconomic variables that include the patient’s education, poverty

level, and insurance status. D is a vector of demographic and health variables that

include age, gender, race, whether the patient is Hispanic, indicators for diabetes and

high blood pressure, and location, including an indicator for whether the patient lives in

a metropolitan statistical area (MSA) and an indicator for region. MSA is a proxy for

whether or not the patient received care in a rural setting since studies have shown that

4Table B.7 in the Appendix shows that the MEPS data supports this claim. While some services
may have become more frequent, the average number of procedures utilized per ambulatory care visit
fell over the sample period.
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rural area are approximately ten years behind metropolitan areas in regards to medical

technology.5 P is a vector of provider related variables that include whether the visit

took place in a medical clinic, outpatient center, or the emergency room, an indicator

for whether the patient saw the doctor during the visit, and whether the doctor was a

specialist.

X is the vector of indicators for services and procedures utilized during the visit. For

the sake of brevity, I have grouped many of the services and procedures into variables

based on category and relative expense. These groups and their contents are shown in

Table 4.1. Throughout the paper, I will use either the individual variables or the aggre-

gated groups. However, all regressions have been conducted using both and the results are

similar. The Therapy variable involves labor-intensive physical therapy and other related

therapy sessions. I have divided the administration of pharmaceuticals into two variables

based on the relative expense of the procedure, Drugs and Drugs.x. Drugs.x includes

relatively expensive drug treatments such as chemotherapy and anesthesia, while Drugs

includes relatively inexpensive treatments such as vaccines and other shots. Similarly, I

have divided procedures involving medical equipment into two variables, tech and tech.x.

The variables were grouped subjectively, but the results are robust to other groupings.

In addition to these categories, I also include whether lab tests were conducted, surg-

eries were performed, and whether other, non-specified services were utilized during the

event. In addition to grouping individual procedures into those categories, I will also

perform some of the regressions using the variable Serv instead, which specifies whether

any procedures were utilized during the visit.

One important deviation of equation (4.1) from other studies is the inclusion of the

interaction between the variables of interest, X, and the time trend. This allows the

elasticities to change over time, which is important for identifying the impact that these

variables have on costs over time. The other studies rely on the estimated elasticities and

the change in the variable over time to determine the variable’s impact on expenditure

growth. This is shown in the equation below, which is found by differentiating the

5Cite Dr. Higginbotham’s studies.
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Table 4.1: Service & Procedure Variable Groups

Variable Services

Therapy physical therapy occupational therapy speech therapy
psycho therapy

Drugs drug treatment receive shot received vaccine

Drugs.x chemotherapy anesthesia IV therapy

Tech x-rays EKG EEG
sonogram mammogram kidney dialysis

Tech.x MRI radiation therapy

regression with respect to time.

Impact of X = β̂x ×∆X (4.2)

β̂x is the estimated elasticity of variable X and ∆X is the average annual change in X.

If β̂x > 0, then X’s impact on the inflation rate depends on whether the relative number

of the procedures is growing or not. While this approach works well when technology is

proxied with a time trend, it underestimates the contribution of other variables.6 The

problem is that the share of ambulatory care events involving different services and pro-

cedures does not change significantly from year to year. Therefore, I must rely on the

change in elasticity over time to identify the impact of X. Otherwise, the effect would be

close to zero.

Impact of X = β̂x ×∆X + γ̂ × X̄ (4.3)

In equation (4.3), γ̂ is the estimated coefficient on the interaction between X and time,

while X̄ is the average level of X. The impact is found by totally differentiating equation

(4.1) with respect to time.7 Recall that γ =
(
∂XP
∂T

)
∂
∂X

, or service X’s impact on the

6When technology is proxied with a time trend, ∆X = 1. No other variable changes as much over
time as the time trend.

7Another term should be included into equation (4.3): γ × T ×∆X. However, this term is negligible
compared to the others.
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inflation rate. γ > 0 suggests that the cost of the technology is growing faster than the

cost of a standard visit, while γ < 0 suggests otherwise. Therefore, in order for the service

to have a positive and significant impact on cost growth, γ should be positive and the

service must comprise a relatively large share of the visits.

Another way to understand equation (4.3) is to break down the meaning of each term

on the right-hand side. The first term, β̂x ×∆X, represents the pressure on ambulatory

care inflation due the growth in the number of procedures and services utilized during a

visit. Since additional services are expensive, if the number of services is rising, inflation

will grow. The second term, γ̂ × X̄, measures how the cost of the service is growing

compared to the cost of the visit. An MRI machine may be expensive, but if its cost is

growing slowly over time, then it will place downward pressure on the inflation rate.

The data in this study comes from the Medical Expenditures Panel Survey (MEPS)

for 2003 - 2011. The MEPS is a nationally-representative, overlapping survey of approx-

imately 35,000 individuals per year. Data is collected on each of the individual’s medical

events and placed into one of seven categories: office-based visits, outpatient procedures,

emergency room visits, inpatient procedures, prescription medicine, home health care,

and dental visits. I will be using data from the first three categories in this study. While

I could also use inpatient procedures, the observations are relatively sparse and do not

contain detailed information about the procedures conducted during the stay.

The summary statistics are shown in Table 4.2, while Table B.1 in the Appendix

provides summary statistics for the individual procedures conducted during the event.

Approximately 40.5% of the events were “standard” visits, meaning that no procedures

or services were conducted during the visit. These events include standard check-ups and

may or may not include a pharmaceutical prescription. The most common service is a lab

test, used in almost 22% of ambulatory care events. One drawback of the data is that it

is impossible to determine how many lab tests were ordered in each visit. However since

I estimate how the elasticities are changing over time, my results can be interpreted as a

change in the average number of tests per visit over time.

While medical equipment is utilized in 17% of events, relatively expensive equipment
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Table 4.2: Summary Statistics

Variable Number Mean St. Dev Min Max Definition
XP 1,485,402 226.45 836.38 0 184,370.60 Total expenditure
Ins.pv 1,485,402 0.61 0.49 0 1 Dummy for private insurance
Ins.pub 1,485,402 0.33 0.47 0 1 Dummy for only public insurance
MSA 1,485,402 0.82 0.38 0 1 Dummy for Metropolitan Statistical Area
Age 1,485,402 45.80 23.71 0 85 Patient age
Male 1,485,402 0.39 0.49 0 1 Male
Black 1,485,402 0.15 0.36 0 1 Race indicator
Hisp 1,485,402 0.17 0.38 0 1 Ethnicity indicator
Pov 1,485,402 3.50 1.47 1 5 Poverty category
Hibp 1,485,402 0.40 0.49 0 1 Suffers from high blood pressure
Diab 1,485,402 0.15 0.36 0 1 Suffers from diabetes
Doctor 1,485,402 0.66 0.47 0 1 Saw the doctor during visit
Spec 1,485,402 0.43 0.49 0 1 Specialist physician
Clinic 1,485,402 0.37 0.48 0 1 Visit at a clinic
OP 1,485,402 0.08 0.27 0 1 Outpatient procedure
ER 1,485,402 0.04 0.19 0 1 Emergency room visit
Serv 1,485,401 0.45 0.50 0 1 Dummy for non-therapy services
Therapy 1,485,402 0.16 0.38 0 4 Therapy sessions
Drugs 1,485,402 0.03 0.18 0 3 Drug treatments
Drugs.x 1,485,402 0.02 0.16 0 3 Drug treatments - relatively expensive
Tech 1,485,402 0.14 0.38 0 6 Technological services
Tech.x 1,485,402 0.03 0.16 0 2 Tech services - relatively expensive
Lab 1,485,402 0.22 0.42 0 1 Laboratory tests
Surg 1,485,402 0.03 0.17 0 1 Surgery
Other 1,485,402 0.12 0.33 0 1 Other procedures

such as MRI machines are only used in approximately 3% of events. Likewise, expensive

drugs and surgeries are utilized in only 2% and 3% of events, respectively. In order for

these procedures to have positively impacted inflation, either their costs must have risen

more quickly than average or they were used in more events over time.

The impact of technology on the price of an ambulatory care event is determined by

seven variables: Drugs, Drugs.x, Tech, Tech.x, Lab, Surg, and Other. Though therapy

sessions may involve technology, they tend to be lower cost events and I found no evidence

that their cost rose faster than standard office visits. Other may also include a mix of

technologically-intense and labor-intensive procedures, but these procedures cannot be

distinguished from the data. Therefore, we will consider Other a proxy for technology,

but also recognize that its impact may not accurately reflect technology.

These seven variables account for Skinner’s [94] definition of technology, which in-

cludes the development and use of new equipment, drugs, and surgical techniques. The

marginal effects should incorporate the change in cost that arises from the purchase of

the equipment or drugs and the employment of specialized technicians to operate the

technology. Consequently, the time trend does not reflect technology in contrast with
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Table 4.3: Dependent Variable: Log(Expenditure), Restricted Sample†

No Services Services Tech Drugs
T ime 0.0647*** (0.0007) 0.0570*** (0.0009) 0.0574*** (0.0017) 0.0551*** (0.0028)
Ins.Pv 0.5603*** (0.0104) 0.6753*** (0.0140) 0.7738*** (0.0277) 0.5526*** (0.0456)
Ins.Pub 0.4197*** (0.0106) 0.4378*** (0.0141) 0.5640*** (0.0278) 0.3815*** (0.04555)
MSA 0.0232*** (0.0050) 0.0380*** (0.0062) 0.0134*** (0.0121) 0.0364* (0.0215)
Doctor 0.3376*** (0.0053) 0.2621*** (0.0062) -0.0226* (0.0136) 0.5734*** (0.0225)
Spec 0.1371*** (0.0046) 0.3173*** (0.0052) 0.1965*** (0.0123) 0.0698*** (0.0224)
Clinic -0.1002*** (0.0044) 0.2603*** (0.0054) 0.2510*** (0.0114) 0.1496*** (0.0179)
OP 0.4752*** (0.0112) 1.2366*** (0.0086) 0.8445*** (0.0141) 1.4906*** (0.0311)
ER 0.9881*** (0.0195) 1.4348*** (0.0132) 1.3251*** (0.0195) 0.9480*** (0.0726)
Therapy 0.1962*** (0.0046) -0.2309*** (0.0132) -0.3780*** (0.0228) 0.1850*** (0.0588)
Tech.X - - 0.3175*** (0.0130) -
Drugs.X - - - 1.0971*** (0.0235)
Region Yes Yes Yes Yes
Demographics Yes Yes Yes Yes
R2 0.06 0.11 0.09 0.30
N 780,983 645,594 199,053 62,473

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

other studies; it describes the growth in the cost of a standard medical event without

additional services or procedures. This includes how the normal costs of business are

growing, such as employment, rent, administrative costs, malpractice insurance, or the

cost of maintaining a medical license. Technology could contribute to cost growth if

employees must go through additional training and this cost is passed along to medical

consumers or if medical practices adopt a universal technology, such as electronic record

keeping. However, these most likely affect the expense level and are unlikely to be picked

up by the time trend.

4.3 Results

Let us begin by comparing expenses between ambulatory care visits with and without

technological services. This is done by estimating equation (4.1) for each subset of data.

Since the data is derived from surveys, the observations must be weighted accordingly.

I have used the survey weights provided by the MEPS in each of the regressions. The

results are shown in Table 4.3.

The first column in the table lists the results from the events without technological

services or procedures. The standard errors are shown in parentheses and are robust to

heteroskedasticity using White’s correction. In addition to the explanatory variables that

are shown, I controlled for the demographic variables that are listed in the section 2.
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The second column in the table lists the results from events involving technological

services. After controlling for a variety of variables, the total expense of technologically-

intensive events grew more slowly than the expense of standard medical events. The

overall cost for those events was much larger, though. Another interesting observation

is that standard events were less expensive at a medical clinic, yet technological events

were approximately 26% more expensive on average at a clinic. Since I am controlling

for insurance, income, and race, this difference should not be due to the lack of payment

by some individuals. I run the same regressions in Table B.2 in the Appendix with total

charge as the dependent variable. Total charge is the amount that was billed for the

event instead of the amount paid. In those regressions, technological events are growing

more costly compared to standard events. Therefore, further analysis is needed. Since

total charge is not the price that is actually paid for the event, those results may not

accurately reflect how the cost of technological events is growing.

The third and fourth columns restrict the events to only those that use technological

equipment and devices (Tech) and those that involve drug treatments (Drugs), including

their expensive counterparts. The regressions in those columns provide a cursory glance

at how expensive equipment and drugs services are growing. These results suggest that

equipment costs are growing insignificantly faster than pharmaceutical costs, but still

slower than the cost of a standard visit. For a detailed breakdown of expenditures across

each of the service types, see Table B.3 in the Appendix. Most technological services are

growing relatively inexpensive, though chemotherapy and kidney dialysis appear to be

exception.8

The results from the full sample are shown in Table 4.4. Without the time interactions,

the largest effect comes from ER. Being treated at the emergency room more than doubles

the event’s expense compared to an office visit, all other things constant. Outpatient

procedures and clinic visits are also more expensive. Likewise, the cost in metropolitan

areas is higher. Actually seeing the doctor is associated with a 26% increase in costs, while

8The price growth of chemotherapy and kidney dialysis may be due to a change in the type of
treatment. For example, the type of chemotherapy utilized in a treatment depends on the type of
cancer, yet the incidence of the different types of cancers changes throughout the period.
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Table 4.4: Dependent Variable: Log(Expenditure), Full Sample†

(1) (2)

Time 0.0604*** (0.0005) 0.0686*** (0.0015)
Ins.Pv 0.6079*** (0.0084) 0.6075*** (0.0084)
Ins.Pub 0.4256*** (0.0085) 0.4259*** (0.0085)
MSA 0.0321*** (0.0039) 0.0831*** (0.0076)
Doctor 0.2617*** (0.0041) 0.2613*** (0.0041)
Spec 0.1643*** (0.0035) 0.1911*** (0.0064)
Clinic 0.0343*** (0.0034) -0.0351*** (0.0069)
OP 0.8081*** (0.0067) 0.7367*** (0.0134)
ER 1.0200*** (0.0112) 1.0374*** (0.0224)
Therapy 0.0504*** (0.0041) 0.0591*** (0.0082)
Drugs -0.1595*** (0.0076) -0.1302*** (0.0157)
Drugs.X 0.6177*** (0.0157) 0.6171*** (0.0366)
Tech 0.2906*** (0.0046) 0.3253*** (0.0092)
Tech.X 0.6212*** (0.0124) 0.6922*** (0.0263)
Lab 0.0576*** (0.0036) 0.0421*** (0.0074)
Surg 0.8565*** (0.0105) 0.9688*** (0.0222)
Other 0.1844*** (0.0044) 0.2377*** (0.0091)
T ∗MSA - -0.0105*** (0.0014)
T ∗ Spec - -0.0060*** (0.0011)
T ∗ Clinic - 0.0138*** (0.0012)
T ∗OP - 0.0146*** (0.0025)
T ∗ ER - -0.0034 (0.0042)
T ∗ Therapy - -0.0018 (0.0014)
T ∗Drugs - -0.0058** (0.0029)
T ∗DrugsX - 0.0006 (0.0064)
T ∗ Tech - -0.0069*** (0.0017)
T ∗ TechX - -0.0139*** (0.0047)
T ∗ Lab - 0.0031*** (0.0014)
T ∗ Surg - -0.0223*** (0.0042)
T ∗Other - -0.0108*** (0.0017)

Region Yes Yes
Demographics Yes Yes
R2 0.12 0.12
N 1,426,577 1,426,577

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

seeing a specialist adds an additional 16%. With the exception of drug administration,

additional services also lead to an increase in costs. Drug administration includes shots

and vaccinations which are relatively inexpensive. These regressions were also run with

the individual procedures, but the fit does not improve and the implications are similar.

Despite the fact that the procedures and services are more expensive, they may not be

causing prices to rise. This would be the case if either relatively fewer services are being
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Table 4.5: Average Annual Impact on Expenditure Growth

x̄ ∆x β ×∆x γ × x̄ Contribution

MSA 0.8234 0.0040 0.0334% -0.8651% -0.832%
Spec 0.4257 0.0010 0.0189% -0.2247% -0.206%
Clinic 0.3733 0.0014 -0.0050% 0.5152% 0.510%
OP 0.0797 -0.0022 -0.1602% 0.1160% -0.044%
ER 0.0384 -0.0001 -0.0095% -0.0130% -0.023%
Therapy 0.1567 0.0018 0.0105% -0.0284% -0.018%
Drugs 0.0313 0.0005 -0.0062% -0.0180% -0.024%
Drugs.X 0.0164 0.0006 0.0392% 0.0010% 0.040%
Tech 0.1405 -0.0021 -0.0686% -0.0964% -0.165%
Tech.X 0.0258 -0.0000 -0.0003% -0.0358% -0.036%
Lab 0.2228 -0.0011 -0.0048% 0.0701% 0.065%
Surg 0.0314 0.0002 0.0234% -0.0701% -0.047%
Other 0.1208 -0.0022 -0.0518% -0.1309% -0.183%

used or the costs of the services are not growing as quickly as the medical practice’s other

costs. I test the latter by interacting the variables with time. Many of the coefficients

are negative, implying that the cost of the service is growing relatively less expensive

over time. This includes all of the technological variables except for Drugs.X, which is

insignificantly different from zero, and Lab which is positive and growing about 0.3%

faster than standard visits. The cost of metropolitan visits also appear to be growing

slower than their rural counterparts, who tend to utilize fewer technologies. Though, the

cost of outpatient procedures and clinical visits is growing significantly faster than the

cost of an office visit.

To determine the net effect of each variable on ambulatory care costs, I use equation

(4.3). The results are shown in Table 4.5. The impact of each variable is given by its

estimated expenditure elasticity multiplied by its average annual change plus its mean

times its impact on cost growth. Most of the variables are not changing greatly over

time. Therefore, the expense level of the procedure or service does not matter as much

as the growth rate. This can be seen most clearly for metropolitan statistical areas.

Metropolitan events were more expensive than rural events, but rural events were growing

relatively more expensive over time. The result is that metropolitan events have a strong,

negative impact on the inflation rate. A similar story arises with specialist physicians.
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More patients saw expensive specialists over time, but the cost grew relatively slowly.

However, this is not the case for outpatient procedures. Despite the rapidly growing cost,

outpatient procedures had a negative impact on the growth of ambulatory care expenses

because relatively fewer procedures took place.

Laboratory test and drugs like chemotherapy were the only technological variables

with a positive influence on ambulatory care inflation. However, their effect is relatively

small compared to the other technological variables. The combined effect of the seven

technological variables reduced cost growth by an average of almost 0.35% per year, with

only 0.07% coming from the decrease in the relative quantity of the procedures. The

effect is still negative if Other does not represent technology. Another way to express

this is to look at the counterfactual. Between 2003 and 2011, the average, annual expense

of an ambulatory care event grew by 6.20%. The column γ × x̄ shows that the cost of

technological procedures grew at a slower rate than the cost of the visit, pushing the

inflation rate down by 0.28% per year. If the cost of technologically-intensive events grew

at the same rate as the cost of labor-intensive events, the average expense would have

grown by 6.48% per year instead.

The results are unsurprising for a number of reasons. Medical equipment and phar-

maceutical research are very expensive, but the marginal costs are very low. Therefore,

average costs should be declining over time and are unlikely to positively impact price.

The development and implementation of new technologies could put upward pressure

on costs if their initial adoption is sufficiently widespread and does not greatly improve

productivity. Many new technologies, though, may improve the productivity of the pro-

cedure enough to offset the large cost. For example, robotic surgery is associated shorter

operative times, a smaller learning curve, and shortened inpatient visits [14, 67]. Fur-

thermore, the number of procedures fell by an average of 0.72% per year over the sample

period.9

Though very few studies in the literature address the potential for endogeneity, it may

still be a concern. I addressed this by estimating equation (4.1) with a two-stage least

9See Table B.7 in the Appendix for more details.

73



squares regression. I used disease prevalence based on the three digit Clinical Classifi-

cation Code (CCC) developed by AHRQ as instruments for the procedure and service

variables. The ten most common conditions were chosen, including diabetes, hyperten-

sion, and pregnancy. A patient’s infliction will determine the total expenditures on the

office visit. However, the affliction does so by affecting the number and types of services

utilized during the visit. For example, a pregnancy check-up is often more expensive than

a trip to the doctor for a common cold. The reason is that the pregnancy check-up is

typically associated with visiting a physician specialist and a sonogram.

While the disease variables pass the Stock & Yogo test for weak instruments [98],

they do not satisfy the exclusion restriction. This is likely due to the large number of

observations in the sample; I cannot find any variables that are strong instruments and

exogenous. Nonetheless, the results from the two-stage least squares procedure are shown

in the appendix. Since expenditures appear to be correlated with disease, I have also used

the Conley, Hansen, and Rossi procedure [40] for plausibly exogenous instruments. This

procedure involves removing the instruments’ impact on the dependent variable and then

using their variance to construct confidence intervals around the endogenous variables.

The downside to this approach is that the resulting confidence intervals tend to be rather

large. Therefore, the coefficient on the interaction between time and the service indicator

is insignificant using the procedure. Though, the point estimate is still negative. This

suggests that technology continues to put downward pressure on ambulatory care inflation

even after correcting for endogeneity.

4.4 Discussion

Between 2003 and 2011, the price of the average ambulatory care event rose 2.5 times

faster than the general inflation rate. While many economists argue that technology is

the primary cause, this paper’s results suggest that even though some procedures may

be growing more expensive, the net effect of technology has been minimal and may drive

down ambulatory care inflation. These results are unsurprising since medical equipment

comprises less than 5% of the average physician’s office expenses [105].
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Technology may impact cost in ways that are not captured in the data. The regressions

could only explain about 12% of the variation in expenses, meaning that the variation

among providers is significant. A commonly cited technology that I am unable to control

for is electronic medical records (EMR). A study by Wang et al. [103] found that the

expected cost of adopting an EMR system was $27,400 in the first year with $11,200

due to productivity loss. They also found that productivity improved greatly after the

first year so that the expected cost over five years would be $46,200. Though the cost

appears to be large at first, it represents less than one-fifth the cost of hiring an additional

nurse. Furthermore, Wang et al. [103] found that the benefits exceeded over $150,000

after five years. The reduction in billing errors alone pays for the annual cost, nevermind

the savings from pulling charts, transcriptions, and other benefits.

Other significant costs include rent and malpractice insurance. Weis’s survey [105]

found that these account for 5% and 4% of expenses respectively, though these numbers

largely depend on the type of practice. Housing rent grew at almost the same rate as

general inflation, 2.67% per year. Though business rent may have grown more quickly, it

is unlikely to explain the meteoric rise in ambulatory care costs. The price of malpractice

insurance actually fell during the sample period.

Labor is the largest expense for a practice and comprises approximately 70% of its

costs.10 Labor costs also grew significantly over sample period. According to Occupa-

tional Employment Statistics (OES), ambulatory care employment grew by 28.4%, or

approximately 3.1% per year. Considering that total employment across all sectors in

the economy only grew by an average of 0.5% per year, there has been a structural shift

in employment towards the health care sector. Furthermore, labor hours per worker in

ambulatory care grew by almost 3.9% from 2007 to 2011.11

Employment growth was spread throughout the industry. Production workers, in-

cluding many types of laboratory technicians, experienced a 16% decline over the period.

However, business and financial workers and service workers grew by approximately 60%.

10I am counting profit as a labor income for the physician, which is necessary in order to account for
physician salaries recorded by the OES.

11The OES does not release earlier data on labor hours in the sector.
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Table 4.6: Employment Trends in the Health Care Sector, 2003-2011†

Group
Share of
Industry,
2003

% Change
in Employ-
ment

Wage Growth

Management 3.0% 17.2% 33.7%
Business & Financial Operations 0.8% 59.4% 21.6%
Computer & Mathematical 0.3% 91.7% 33.8%
Life, Physical, & Social Sciences 0.8% 0.4% 31.4%
Community & Social Services 2.7% 54.1% 22.1%
Education, Training, & Library 0.2% 7.4% 51.6%
Health Care Practitioners 36.6% 29.4% 23.5%
Health Care Support 20.4% 40.3% 20.0%
Maintenance 0.7% -6.3% 25.7%
Personal Care & Service 3.6% 60.6% 29.0%
Sales 0.3% 81.8% 34.1%
Office & Administrative Support 29.1% 14.5% 21.8%
Production 0.4% -16.0% 24.9%
Transportation 0.5% 7.5% 23.5%

Industry Total 28.4% 23.0%
† Source: Occupational Employment Statistics

The number of computer-related jobs in the industry almost doubled over the period,

likely due to the adoption of electronic records. However, they comprise a very small

share of health care employment and their employment is assuredly cost effective.

More than half of all employment in the sector was related to health care practitioners

and their support and the share rose significantly over the period. Much of this was due to

registered nurses and physician assistants whose employment grew by 34.6% and 49.8%

respectively. The hourly wages of those two groups also grew by 4.25% per year. In

contrast, physician salaries grew at approximately 2.6% per year, similar to the national

and industry average. Nurse wages can be explained by the growing number of nurse

practitioners and the decline in the share of nurses with less than four-year degrees [82].

Though technician and technologists jobs12 also rose, their overall share of the health

care sector declined.

These labor trends would not be shocking if the population was receiving more treat-

ments. However, that does not appear to the case. The number of ambulatory care events

12These jobs include medical equipment preparers, medical and clinical laboratory technologists, med-
ical and clinical technicians, cardiovascular technologists and technicians, diagnostic medical sonogra-
phers, nuclear medicine technologists, and radiologic technologists and technicians.
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per person was unchanged in the MEPS data and the National Ambulatory Medical Care

Survey [50,51] finds that the total number of visits only rose 3% between 2003 and 2010.

Average labor hours grew more than enough to compensate for the increase in patients.

Therefore, the employment growth represents a pure decrease in labor productivity.13

Hospitals experienced a similar trend. The AHA Annual Survey [12] from 2002-2009

revealed that more than half of all hospital expenses can be attributed to labor cost and

while employment grew by 10.1%, admissions only grew by 2.1%.

If labor accounts for 50-70% of ambulatory care expenses, then given wage growth

and the decline in productivity, labor is responsible for 55-76% of the rise in costs. While

some of this may be due to technology, the earlier results and discussion suggest other-

wise. Instead, these labor costs are likely associated with administrative costs and the

expanding role of nurses and physician assistants. While these jobs would normally be

seen as an inexpensive substitute for physicians, physicians are still required in many

states to supervise nurse practitioners and physician assistants. Since more health care

practitioners observe the patient, quality may rise. However, costs must rise as well.

The lack of labor productivity growth aligns with Baumol’s [17–20] argument that

the health care sector suffers from the Cost Disease. The Cost Disease arises when labor

productivity in one sector is unable to grow at the same rate as wages in the long run.

Labor mobility in the long run ensures that wages grow uniformly across all sectors, a

result that has been tested and confirmed by Nordhaus [81] and Hartwig [57]. However,

labor-intensive sectors such as service industries cannot match the productivity growth of

capital-intensive sectors such as manufacturing. Therefore, the price of goods produced

by the labor-intensive sectors must rise faster than the rate of inflation over time.

Several recent studies by Hartwig [58], Colombier [39], Hartwig and Sturm [59], and

Bates and Santerre [15] have indicated that the health care sector does suffer from the

Cost Disease. Many economists have ignored the Cost Disease argument in favor of

technology [79], partly due to its dismal implications. If the health care sector does suffer

13Labor productivity measures output, ambulatory care events, per unit of labor. Since I am interested
in the cost of the event, this discussion of productivity ignores the patient’s outcome and the quality of
care.

77



from the Cost Disease, then there is no way to contain the costs in the long run without

sacrificing quality. While measures such as the IPAB in the Affordable Care Act may be

able to reduce costs in the near future by eliminating wasteful spending, they are likely

to fail at reducing the expenditure growth rate over time. In this case, if governments

intervene to provide health care, taxes must rise over the long run or the quality of care

will decline [70].

Another important question that must be faced is whether or not productivity growth

is even desirable in the health care sector. Consumers value one-on-one interactions with

physicians and other health care professionals. Even though the marginal benefit of

additional health care spending is extremely low [89], most of the population values the

peace of mind that arises from consulting a medical doctor. As nations become richer and

better at producing other consumption goods, it is only natural that we desire to spend

more on health care quality. The result is that labor productivity falls and costs increase.

If we want health care costs to fall, we must invest in more health care technology. If the

health care sector does suffer from the Cost Disease, though, costs will always grow faster

than the inflation rate. The only way to solve that issue is if we are willing to substitute

technology for labor by letting computers diagnose and treat us.

4.5 Conclusion

In 1992 Newhouse [79] published his seminal paper indicting technology as the cul-

prit behind exploding health care costs. Numerous studies have supported Newhouse’s

conjecture, but few explicitly define technology or rigorously test the claim. The most

common empirical method is to proclaim either a time trend or the residual as a proxy

for technology, while deemphasizing other potential explanations.

In this essay, I exploit event-level ambulatory care data to determine how different

procedures impact the cost of the event over time. I estimate a standard health spend-

ing equation, controlling for the procedures utilized during the event. I also allow the

elasticities to change across time so that the variable’s impact on inflation can be cal-

culated. The results suggest that ambulatory events that do not involve any procedures
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are less expensive than technologically-intensive events, but are growing relatively more

expensive over time. In other words, labor-intensive medical events are responsible for

ambulatory care inflation. Though some types of medical technology may put positive

pressure on health care costs, the net effect is negative.

Though this essay calls much of the literature into question, it does lend support to

the idea that labor productivity can explain the exploding costs. Employment trends in

the health care sector, along with wage growth, may explain up to 76% of ambulatory care

inflation. However, further analysis with practice-level data is necessary to accurately pin

down this contribution.
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CHAPTER 5

CONCLUSION

The essays in this dissertation focus on the unifying theme of price growth in the health

care and public sectors. The two empirical essays approach health care inflation by

looking at event level and episode level data. Neither essay supports the claim that

technology, the widely accepted reason, is to blame for the high rates of inflation in the

sector. This was found by examining technological procedures at the event level and

diseases at the episode level. The price of ambulatory care events involving technological

services grew more slowly than other events. Likewise, the cost of treating simple diseases

like the common cold grew more quickly than the price of treating complex diseases like

a heart attack.

Understanding why health care prices are rising so quickly is critical. Sound policy,

which affects accessibility and quality of care, relies on this understanding. This can be

seen most clearly from the essay in Chapter 2. The reason for inflation affects optimal

taxation and spending. In that essay, relatively slow labor productivity growth necessi-

tated greater taxes over time or else consumption of the publicly-provided good would

fall. In a similar way, policy aimed at lowering the long-run inflation rate of medical

care or restricting funding may be harmful if the sector does suffer from Baumol’s cost

disease.

While the results in the dissertation are not fully conclusive, they do suggest that slow

labor productivity growth is a significant factor in explaining health care inflation. This

dissertation opens up new avenues of research in the fields of labor and health economics.
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Table A.1: Relative Importance of CPI-U Components as of December 2013

Component Weight
Medical Care 7.551

Medical care commodities 1.704

Medicinal drugs 1.628
Prescription drugs 1.274
Nonprescription drugs 0.354

Medical equipment and supplies 0.076

Medical care services 5.847

Professional services 3.003
Physician services 1.579
Dental services 0.795
Eyeglasses and eye care 0.279
Services by other medical professionals 0.350

Hospital and related services 2.081
Hospital services 1.780
Nursing homes and adult day services 0.170
Care of invalids and elderly at home 0.131

Health insurance 0.763

Food and beverages 14.901
Housing 41.448
Apparel 3.437
Transportation 16.418
Recreation 5.793
Education and communication 7.087
Other goods and services 3.365

Source: Bureau of Labor Statistics.

This table describes the CPI-U weights for each category and selected subcategories. For

example, Medical Care accounts for 7.551% of all consumer expenditures.
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Table A.2: Prevalence of Common Medical Conditions Across Race and Gender

CCC Name White Black Hispanic Asian Female Male
7 Viral Infection 1.35% 0.73% 1.02% 0.96% 1.10% 1.32%
23 Non-Epithelial Skin Cancer 0.90% 0.03% 0.07% 0.00% 0.42% 0.78%
48 Thyroid Disorders 1.42% 0.80% 1.17% 1.38% 1.73% 0.56%
49 Diabetes Mellitus 2.47% 4.72% 4.02% 3.93% 2.98% 3.46%
53 Disorders of Lipid Metabolism 3.52% 3.55% 3.31% 5.96% 3.15% 4.14%
84 Headache 0.94% 1.06% 1.24% 1.05% 1.29% 0.61%
86 Cataracts 0.93% 0.72% 0.43% 0.86% 0.82% 0.75%
88 Glaucoma 0.53% 0.75% 0.34% 0.55% 0.52% 0.53%
90 Eye Infections & Inflammation 0.65% 0.59% 0.80% 0.69% 0.66% 0.69%
92 Otitis Media 1.83% 1.39% 2.83% 1.31% 1.69% 2.37%
98 Essential Hypertension 4.69% 8.84% 5.23% 7.39% 5.27% 5.84%
101 Coronary Atherosclerosis 1.13% 0.98% 0.68% 1.04% 0.75% 1.41%
104 Other Heart Disease 0.58% 0.63% 0.48% 0.38% 0.50% 0.66%
106 Cardiac Dysrhythmias 0.82% 0.53% 0.33% 0.62% 0.66% 0.68%
123 Influenza 0.53% 0.41% 1.50% 0.79% 0.63% 0.83%
126 Other Upper Respiratory Infections 5.80% 4.81% 6.19% 5.61% 5.56% 6.04%
127 COPD & Bronchiectasis 2.10% 1.45% 1.29% 0.90% 1.79% 1.83%
128 Asthma 1.15% 2.58% 2.00% 1.54% 1.49% 1.67%
133 Other Lower Respiratory Disease 1.23% 1.13% 2.15% 2.14% 1.28% 1.65%
134 Other Upper Respiratory Disease 2.17% 2.17% 3.76% 2.82% 2.37% 2.69%
135 Intestinal Infection 1.13% 1.51% 2.88% 2.35% 1.46% 1.75%
159 Urinary Tract Infections 1.32% 0.96% 1.42% 0.85% 1.83% 0.40%
196 Normal Pregnancy 1.07% 1.89% 2.88% 2.29% 2.62% 0.00%
200 Other Skin Disorders 2.53% 1.93% 2.21% 2.91% 2.38% 2.39%
204 Other Non-traumatic Joint Disorders 3.47% 4.35% 3.30% 4.12% 3.76% 3.28%
205 Spondylosis 3.85% 2.75% 2.54% 3.26% 3.36% 3.46%
211 Other Connective Tissue Disease 2.50% 2.21% 1.94% 2.01% 2.59% 1.93%
232 Sprains & Strains 1.85% 1.77% 1.15% 1.47% 1.53% 1.97%
244 Other Injuries due to External Causes 1.36% 1.48% 1.52% 1.36% 1.25% 1.67%
246 Fever 0.23% 0.32% 1.32% 0.92% 0.41% 0.59%
651 Anxiety Disorders 1.55% 1.04% 1.32% 0.90% 1.59% 1.17%
652 Attention-Deficit & Behavioral Disorders 0.63% 0.77% 0.65% 0.31% 0.32% 1.17%
657 Mood Disorders 1.76% 1.40% 1.63% 0.81% 1.84% 1.38%

The most common medical conditions, by Clinical Classification Code, are shown. To-

gether, they account for more than 59% of all treatments in the data. The numbers in the

table reflect the percentage of treatments by the demographic group that are associated

with the particular condition. For example, 1.35% of all treatments for White individuals

were for viral infections.
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Table A.3: Prevalence of Common Medical Conditions Across Age

CCC Name 0-18 19-44 45-54 55-64 65-74 75+
7 Viral Infection 3.12% 1.09% 0.68% 0.54% 0.52% 0.49%
23 Non-Epithelial Skin Cancer 0.02% 0.12% 0.36% 0.73% 1.17% 1.63%
48 Thyroid Disorders 0.19% 1.26% 1.60% 1.64% 1.63% 1.67%
49 Diabetes Mellitus 0.40% 1.76% 4.02% 5.25% 5.41% 4.15%
53 Disorders of Lipid Metabolism 0.19% 1.67% 4.20% 6.19% 6.34% 5.22%
84 Headache 0.79% 1.90% 1.42% 0.70% 0.41% 0.26%
86 Cataracts 0.05% 0.06% 0.27% 0.78% 2.00% 2.70%
88 Glaucoma 0.04% 0.09% 0.41% 0.62% 1.06% 1.53%
90 Eye Infections & Inflammation 1.61% 0.72% 0.42% 0.35% 0.25% 0.27%
92 Otitis Media 7.50% 1.07% 0.66% 0.47% 0.31% 0.24%
98 Essential Hypertension 0.34% 2.80% 7.02% 8.68% 9.13% 8.91%
101 Coronary Atherosclerosis 0.09% 0.17% 0.72% 1.43% 2.10% 2.72%
104 Other Heart Disease 0.18% 0.14% 0.41% 0.70% 1.01% 1.52%
106 Cardiac Dysrhythmias 0.14% 0.36% 0.54% 0.74% 1.15% 1.63%
123 Influenza 1.86% 0.75% 0.46% 0.32% 0.24% 0.16%
126 Other Upper Respiratory Infections 14.73% 6.35% 3.81% 2.62% 1.84% 1.06%
127 COPD & Bronchiectasis 1.89% 1.58% 1.82% 1.99% 1.94% 1.70%
128 Asthma 3.43% 1.28% 1.30% 1.09% 0.96% 0.73%
133 Other Lower Respiratory Disease 2.77% 0.92% 0.90% 1.11% 1.39% 1.40%
134 Other Upper Respiratory Disease 4.92% 2.60% 2.13% 1.70% 1.46% 1.08%
135 Intestinal Infection 4.20% 1.66% 0.93% 0.66% 0.49% 0.41%
159 Urinary Tract Infections 1.10% 1.91% 1.02% 0.99% 1.06% 1.15%
196 Normal Pregnancy 0.43% 6.31% 0.01% 0.00% 0.00% 0.00%
200 Other Skin Disorders 3.17% 2.62% 1.92% 1.87% 2.03% 2.28%
204 Other Non-traumatic Joint Disorders 0.78% 2.62% 4.59% 5.00% 4.98% 5.20%
205 Spondylosis 0.60% 4.77% 5.17% 4.24% 3.06% 2.29%
211 Other Connective Tissue Disease 0.77% 2.41% 3.46% 3.15% 2.41% 2.07%
232 Sprains & Strains 1.67% 2.78% 2.00% 1.42% 0.85% 0.61%
244 Other Injuries due to External Causes 1.58% 1.99% 1.51% 1.16% 0.81% 0.92%
246 Fever 2.04% 0.18% 0.10% 0.07% 0.05% 0.06%
651 Anxiety Disorders 0.72% 2.45% 2.00% 1.45% 0.70% 0.58%
652 Attention-Deficit & Behavioral Disorders 2.68% 0.42% 0.13% 0.07% 0.02% 0.01%
657 Mood Disorders 0.87% 2.65% 2.51% 1.85% 0.86% 0.57%

The most common medical conditions, by Clinical Classification Code, are shown. To-

gether, they account for more than 59% of all treatments in the data. The numbers in

the table reflect the percentage of treatments by the age group that are associated with

the particular condition. For example, 3.12% of all treatments for individuals between

the ages of 0 and 18 were for viral infections.
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Table A.4: Dependent Variable: Treatment Inflation

(1) (2) (3) (4)
Q 1.2695*** (0.0626) 1.0626*** (0.0109) 1.2674*** (0.0654) 1.3563*** (0.0807)
OB 0.0867 (0.0792) 0.0846 (0.0817)
RX -0.0679 (0.0668) -0.0664 (0.0694)
N -0.0000 (0.0000) 0.0000 (0.0000)
Constant 0.0418*** (0.0056) 0.0376*** (0.0001) 0.0017 (0.0444) 0.0055 (0.0443)
Weights No Yes No No
R2 0.91 0.78 0.92 0.91
N 258 480,936 258 258

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

Each observation is the treatment for a particular condition. The dependent variable is

the average inflation rate over the sample period. Q is the average utilization growth

rate, OB is the average share of expenditures on office-based visits, RX is the average

share of expenditures on prescription drugs, and N is the number of treatments in the

sample for the condition.

In columns (1) and (2), the only independent variable is utilization growth. The

difference is that column (2) is weighted by the number of treatments for each condition.

Columns (3) and (4) add service-expenditure shares to determine which service has

the strongest affect on inflation. Column (4) uses the Lewbel [68] method to correct for

potential measurement error in utilization. Instruments were constructed using ln (N), a

positive, nonlinear transformation of N .

From column (4), a 1% increase in utilization is associated with a 1.3563% increase

in the inflation rate. On average, a 1% greater share of office expenditures will lead to

a 0.08% increase in the inflation rate of treatment, though the estimate is insignificantly

different from 0.
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Table A.5: Share of Expenditure and Inflation, by Service

Service Share of
Inflation Expenditures

OB Office-based Visits 0.44 0.26
IP Inpatient Procedures 0.31 0.43
OP Outpatient Procedures 0.06 0.09
ER Emergency Room Visits 0.13 0.05
RX Prescription Medicine 0.06 0.18

Each services’ share of inflation is determined by the following equation:

∂MCEt
∂XPs,t

∂XPs,t
∂T

=
N0/Nt∑
s ps,0qs,0

(
qs,t

∂ps,t
∂T

+ ps,t
∂qs,t
∂T

)
(A.1)

Equation (A.1) sums to across all services. In other words, each services’ share of inflation

depends on the change in price and utilization weighted by total treatment inflation.
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APPENDIX B

SUPPLEMENTARY TABLES FOR ESSAY THREE

Table B.1: Summary Statistics of Medical Services

Service Number Mean XP St. Dev Category

physical therapy 133,033 132.21 429.28 therapy
occupational therapy 9,197 160.55 576.70 therapy
speech therapy 10,748 116.30 283.22 therapy
psycho therapy 79,762 112.84 242.66 therapy

drug treatment 4,273 145.64 705.01 drugs
receive shot 15,183 91.37 312.27 drugs
receive vaccine 27,083 153.67 516.11 drugs

chemotherapy 7,532 931.74 2,248.54 drugs.x
IV therapy 5,599 1,012.09 2,457.56 drugs.x
anesthesia 11,176 1,812.75 3,748.17 drugs.x

x-rays 84,879 436.45 1,245.17 tech
EKG 32,501 541.01 1,836.70 tech
EEG 2,656 646.82 2,636.66 tech
sonogram 34,026 395.07 1,074.58 tech
mammogram 18,073 273.23 768.47 tech
kidney dialysis 36,563 261.92 602.34 tech

MRI 28,303 755.66 1,707.40 tech.x
radiation therapy 10,003 501.42 1678.56 tech.x

lab test 330,941 281.73 1,033.81 lab
surgery 46,602 1,218.99 2,849.11 surg
other service 179,502 316.05 1,131.37 other

outpatient 118,393 684.63 1,831.04 op
emergency room 57,075 689.73 1,671.37 er
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Table B.2: Dependent Variable: Log(Total Charge), Restricted Sample†

No Services Services Tech Drugs
Time 0.0693*** (0.0005) 0.0757*** (0.0007) 0.0800*** (0.0013) 0.0741*** (0.0023)
Ins.Pv 0.2485*** (0.0055) 0.2513*** (0.0084) 0.1866*** (0.0150) 0.1945*** (0.0310)
Ins.Pub 0.2282*** (0.0058) 0.1870*** (0.0086) 0.1391*** (0.0154) 0.2103*** (0.0316)
MSA 0.0640*** (0.0035) 0.0465*** (0.0049) 0.0505*** (0.0089) 0.0686*** (0.0178)
Doctor 0.3273*** (0.0037) 0.1114*** (0.0052) -0.2169*** (0.0107) 0.5101*** (0.0189)
Spec 0.3143*** (0.0033) 0.5428*** (0.0044) 0.4601*** (0.0099) 0.1441*** (0.0189)
Clinic 0.1669*** (0.0029) 0.4053*** (0.0044) 0.3872*** (0.0087) 0.2623*** (0.0145)
OP 1.0113*** (0.0085) 1.6136*** (0.0074) 1.0849*** (0.0114) 1.5783*** (0.0265)
ER 1.7865*** (0.0114) 2.3650*** (0.0081) 2.1108*** (0.0131) 1.6024*** (0.0425)
Therapy 0.0843*** (0.0031) -0.2924*** (0.0132) -0.5270*** (0.0153) 0.0738*** (0.0396)
Tech.X - - 0.4333*** (0.0095) -
Drugs.X - - - 1.5211*** (0.0194)
Region Yes Yes Yes Yes
R2 0.17 0.25 0.25 0.48
N 780,983 645,594 199,053 62,473

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

The first two columns split the sample between events that contain technological services

and procedures (Tech, Tech.X, Drugs, Drugs.X, Lab, Surg, Other) and those that do

not. The third and fourth columns contain only technical services (those involving Tech

or Tech.X) or pharmaceutical services (those involving Drugs or Drugs.X).

This table is similar to Table 4.3. The difference is that the dependent variable is

Total Charge instead of Total Expenditure.
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Table B.3: Regression on Expenditure across Services†

Physical Therapy Occup. Therapy Speech Therapy Pyscho Therapy Drug Treatment
T ime 0.056*** (0.002) 0.135*** (0.007) 0.195*** (0.008) 0.049*** (0.002) 0.028*** (0.011)
Ins.Pv 0.821*** (0.023) 0.522*** (0.105) 0.863*** (0.194) 0.608*** (0.028) 0.802*** (0.087)
Ins.Pub 0.556*** (0.025) 0.302*** (0.111) 0.826*** (0.195) 0.452*** (0.028) 0.453*** (0.084)
MSA -0.046*** (0.012) -0.128** (0.065) -0.061 (0.073) 0.001 (0.016) -0.524*** (0.098)
Doctor 0.163*** (0.035) 0.307** (0.138) 1.143*** (0.318) 0.090** (0.043) 0.266*** (0.098)
Spec 0.152*** (0.037) -0.102 (0.139) -0.837*** (0.326) 0.096** (0.043) 0.187** (0.095)
Clinic 0.228*** (0.010) -0.226*** (0.045) -0.679*** (0.051) -0.139*** (0.0176) -0.028 (0.080)
OP 0.504*** (0.017) 0.388*** (0.059) 0.199*** (0.073) 1.7763*** (0.012) -0.463*** (0.152)
R2 0.05 0.13 0.22 0.05 0.14
N 130,121 8,978 10,262 76,943 4,013

Shots Vaccinations Chemotherapy IV Therapy Anesthesia
T ime 0.069*** (0.004) 0.051*** (0.004) 0.084*** (0.011) 0.054*** (0.012) 0.040*** (0.008)
Ins.Pv 0.262** (0.120) 0.554*** (0.060) 1.233*** (0.166) 0.500*** (0.180) 0.707*** (0.149)
Ins.Pub -0.124 (0.124) 0.200*** (0.061) 1.137*** (0.168) 0.0385** (0.185) 0.152 (0.153)
MSA 0.145*** (0.033) 0.112*** (0.028) -0.148** (0.069) -0.139 (0.085) 0.062 (0.054)
Doctor 0.482*** (0.044) 0.700*** (0.031) -0.832*** (0.201) -0.156 (0.104) 0.050 (0.122)
Spec -0.163*** (0.044) 0.173*** (0.023) 0.680*** (0.193) 0.382*** (0.085) 0.487*** (0.087)
Clinic 0.018 (0.029) -0.097*** (0.022) 0.206*** (0.068) 0.163** (0.081) 0.414*** (0.064)
OP 0.447*** (0.123) 0.359*** (0.090) 0.643*** (0.069) 1.006*** (0.083) 2.065*** (0.051)
ER - - - - 1.212*** (0.130)
R2 0.09 0.15 0.12 0.20 0.25
N 15,085 26,019 7,428 5,391 10,951

X-Rays EKG EEG Sonogram Mammogram
T ime 0.040*** (0.002) 0.044*** (0.004) 0.029*** (0.017) 0.042*** (0.004) 0.048*** (0.004)
Ins.Pv 0.890** (0.037) 1.019*** (0.081) 1.582*** (0.278) 0.776*** (0.065) 0.916*** (0.078)
Ins.Pub 0.552*** (0.038) 0.640*** (0.082) 1.298*** (0.283) 0.337*** (0.068) 0.585*** (0.082)
MSA -0.007 (0.017) -0.005 (0.032) 0.075 (0.110) 0.171 (0.035) 0.032 (0.026)
Doctor 0.176*** (0.021) -0.047 (0.042) 0.329* (0.173) -0.020 (0.041) -0.188*** (0.047)
Spec 0.207*** (0.017) 0.196*** (0.024) 0.350*** (0.111) 0.092** (0.038) 0.275*** (0.047)
Clinic 0.214*** (0.016) 0.057*** (0.029) 0.159** (0.096) 0.353** (0.028) 0.105*** (0.033)
OP 1.013*** (0.025) 0.920*** (0.046) 0.797*** (0.174) 1.016*** (0.033) 0.345*** (0.035)
ER 1.281*** (0.022) 1.072*** (0.040) 1.222*** (0.156) 1.348*** (0.061) 0.354 (0.560)
R2 0.13 0.12 0.11 0.11 0.07
N 83,023 31,901 2,612 32,638 17,894

Kidney Dialysis MRI Radiation Therapy Surgery Lab Test
T ime 0.127*** (0.004) 0.043*** (0.005) 0.039*** (0.008) 0.048*** (0.004) 0.063*** (0.001)
Ins.Pv 0.146 (0.093) 1.185*** (0.077) 0.839*** (0.133) 0.822*** (0.073) 0.691*** (0.019)
Ins.Pub 0.346*** (0.090) 0.719*** (0.080) 0.471*** (0.133) 0.379*** (0.074) 0.421*** (0.019)
MSA 0.173 (0.045) -0.084** (0.033) 0.038 (0.061) -0.022 (0.024) 0.018** (0.008)
Doctor -1.066*** (0.122) -0.404*** (0.048) -0.560*** (0.086) 0.148*** (0.039) 0.271*** (0.009)
Spec 1.245*** (0.123) 0.250*** (0.047) 0.702*** (0.085) 0.430*** (0.028) 0.159*** (0.006)
Clinic 0.021 (0.041) 0.176*** (0.039) 0.064 (0.053) 0.489*** (0.027) 0.109*** (0.007)
OP 0.327*** (0.046) 0.984*** (0.042) 0.488*** (0.052) 2.200*** (0.023) 0.691*** (0.014)
ER - 1.072*** (0.040) - 1.169*** (0.052) 1.098 (0.019)
R2 0.06 0.12 0.10 0.26 0.11
N 34,976 27,676 9,809 45,658 322,638

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

These are the same regressions as in Table 4.3, except each regression contains only

observations involving the particular procedure.
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Table B.4: Dependent Variable: Log(Total Charge), Full Sample†

(1) (2)

Time 0.0712*** (0.0004) 0.0713*** (0.0012)
Ins.Pv 0.2526*** (0.0046) 0.2534*** (0.0046)
Ins.Pub 0.2160*** (0.0048) 0.2162*** (0.0048)
MSA 0.0597*** (0.0029) 0.0720*** (0.0055)
Doctor 0.1898*** (0.0031) 0.1896*** (0.0031)
Spec 0.3567*** (0.0027) 0.3387*** (0.0048)
Clinic 0.2452*** (0.0024) 0.2637*** (0.0049)
OP 1.2155*** (0.0054) 1.1698*** (0.0105)
ER 1.8296*** (0.0068) 1.6857*** (0.0137)
Therapy -0.0607*** (0.0029) -0.0412*** (0.0054)
Drugs -0.2557*** (0.0065) -0.2832*** (0.0130)
Drugs.X 0.7247*** (0.0132) 0.8109*** (0.0289)
Tech 0.4200*** (0.0037) 0.4037*** (0.0072)
Tech.X 0.8266*** (0.0095) 0.8594*** (0.0191)
Lab 0.0908*** (0.0028) 0.0506*** (0.0057)
Surg 0.9345*** (0.0085) 0.9598*** (0.0175)
Other 0.1669*** (0.0035) 0.2056*** (0.0071)
T ∗MSA - -0.0026** (0.0011)
T ∗ Spec - 0.0036*** (0.0009)
T ∗ Clinic - -0.0036*** (0.0009)
T ∗OP - 0.0094*** (0.0020)
T ∗ ER - 0.0290*** (0.0026)
T ∗ Therapy - -0.0037*** (0.0010)
T ∗Drugs - 0.0053** (0.0025)
T ∗DrugsX - -0.0165*** (0.0051)
T ∗ Tech - 0.0034** (0.0014)
T ∗ TechX - -0.0070* (0.0036)
T ∗ Lab - 0.0081*** (0.0011)
T ∗ Surg - -0.0048 (0.0033)
T ∗Other - -0.0079*** (0.0014)

Region Yes Yes
Demographics Yes Yes
R2 0.30 0.30
N 1,426,577 1,426,577

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

This table is identical to Table 4.4, except that the dependent variable is Total Charge

instead of Total Expenditures. The second column includes the interaction with Time,

whereas the first column does not.
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Table B.5: Dependent Variable: Log(Expenditure), Services Grouped, Full Sample†

(1) (2)

Time 0.0612*** (0.0005) 0.0703*** (0.0015)
Ins.Pv 0.6103*** (0.0084) 0.6099*** (0.0084)
Ins.Pub 0.4219*** (0.0085) 0.4222*** (0.0085)
MSA 0.0304*** (0.0039) 0.0908*** (0.0077)
Doctor 0.2784*** (0.0040) 0.2782*** (0.0040)
Spec 0.2261*** (0.0034) 0.2524*** (0.0065)
Clinic 0.0528*** (0.0034) -0.0174** (0.0069)
OP 0.9519*** (0.0068) 0.8704*** (0.0135)
ER 1.2306*** (0.0109) 1.2416*** (0.0220)
Therapy 0.0966*** (0.0042) 0.1142*** (0.0083)
Serv 0.3354*** (0.0031) 0.3893*** (0.0064)
T ∗MSA - -0.0124*** (0.0015)
T ∗ Spec - -0.0053*** (0.0012)
T ∗ Clinic - 0.0139*** (0.0012)
T ∗OP - 0.0166*** (0.0025)
T ∗ ER - -0.0022 (0.0041)
T ∗ Therapy - -0.0036** (0.0014)
T ∗ Serv - -0.0107*** (0.0012)

Region Yes Yes
Demographics Yes Yes
R2 0.10 0.10
N 1,426,577 1,426,577

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

This table is identical to Table 4.4, except that the seven technological variables (Tech,

Tech.X, Drugs, Drugs.X, Lab, Surg, Other) have been grouped into one variable Serv.

Serv is a dummy variable that indicates if a service or procedure was performed during

the visit. The second column includes the interaction with Time, whereas the first column

does not. A service or procedure increases the cost of the visit by approximately 33.5%,

but the annual inflation rate of the service is about 1% lower than the inflation of the

visit.
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Table B.6: Dependent Variable: Log(Expenditures), Regression on Procedures†

(1) (2)
Chemotherapy 0.7438*** (0.0305) 0.6006*** (0.0735)
Radiation Therapy 0.3253*** (0.0225) 0.2869*** (0.0411)
Kidney Dialysis 0.4137*** (0.0138) 0.0250 (0.0302)
IV Therapy 0.6479*** (0.0312) 0.5232*** (0.0738)
Drug Treatment -0.0019 (0.0273) 0.2322*** (0.0570)
Receive Shot -0.3971*** (0.0108) -0.4062*** (0.0215)
Lab 0.0596*** (0.0036) 0.0453*** (0.0075)
Sonogram 0.2776*** (0.0119) 0.3692*** (0.0232)
X − rays 0.2545*** (0.0071) 0.3443*** (0.0140)
Mammogram 0.5197*** (0.0112) 0.6247*** (0.0228)
MRI 0.7553*** (0.0141) 0.8888*** (0.0303)
EKG 0.1958*** (0.0111) 0.2326*** (0.0226)
EEG 0.1044** (0.0415) 0.2145** (0.0850)
Receive V accine 0.0250** (0.0110) 0.0156 (0.0223)
Anesthesia 0.5417*** (0.0240) 0.6828*** (0.0514)
Other 0.1869*** (0.0044) 0.2360*** (0.0091)
Surgery 0.8707*** (0.0108) 0.9487*** (0.0227)
T ∗ Chemo - 0.0303** (0.0133)
T ∗Radiat - 0.0081 (0.0077)
T ∗Kidney - 0.0843*** (0.0047)
T ∗ IV - 0.0222* (0.0126)
T ∗DrugTrt - -0.0429*** (0.0091)
T ∗RcvShot - 0.0016 (0.0042)
T ∗ Lab - 0.0031** (0.0014)
T ∗ Sono - -0.0188*** (0.0045)
T ∗Mamm - -0.0211*** (0.0044)
T ∗MRI - -0.0262*** (0.0056)
T ∗ EKG - -0.0075* (0.0042)
T ∗ EEG - -0.0209 (0.0161)
T ∗RcvV ac - 0.0020 (0.0041)
T ∗Anesth - -0.0253*** (0.0092)
T ∗Other - -0.0101*** (0.0017)
T ∗ Surg - -0.0155*** (0.0043)
Region Yes Yes
Demographics Yes Yes
R2 0.12 0.12
N 1,426,577 1,426,577

† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

This table is similar to Table 4.4. The independent procedural variables have been split

into their individual services.
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Table B.7: Average Annual Growth Rate in the Frequency of Services†

Service Growth Rate

Chemotherapy -3.06%*** (0.44)
Radiation Therapy -3.18%*** (0.43)
Kidney Dialysis -4.16%*** (0.20)
IV Therapy 17.91%*** (1.20)
Drug Treatment 9.82%*** (1.16)
Receive Shot 3.73%*** (0.43)
Lab -0.54%*** (0.07)
Sonogram -1.12%*** (0.25)
X − rays -1.45%*** (0.15)
Mammogram -0.61%* (0.33)
MRI 1.52%*** (0.29)
EKG -0.56%** (0.25)
EEG 3.51%*** (1.08)
Receive V accine -0.45% (0.29)
Anesthesia 7.74%*** (0.61)
Other -1.63%*** (0.10)
Surgery 0.74%*** (0.22)

Total -0.72%*** (0.04)
† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%
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Table B.8: Description of Instrumental Variables

Variable Mean Description

CCC 49 0.0292 Diabetes mellitus without complication
CCC 98 0.0392 Essential hypertension
CCC 134 0.0190 Other upper respiratory disease
CCC 196 0.0294 Normal pregnancy and/or delivery
CCC 204 0.0302 Other non-traumatic joint disorders
CCC 205 0.0558 Spondylosis; intervertebral disc disorders; other back problems
CCC 211 0.0218 Other connective tissue disease
CCC 232 0.0221 Sprains and strains
CCC 244 0.0179 Other injuries and conditions due to external causes
CCC 657 0.0244 Mood disorders

Each of the instruments are indicator variables with values of either 0 or 1. Therefore,

the mean describes the percentage of events associated with these medical conditions.

These 10 conditions represent about 28.9% of all events.
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Table B.9: Two Stage Least Squares†

First Stage Second Stage

Services T*Services ln (XP )

Serv - - 2.0050*** (0.1661)
T ∗ Serv - - -0.4324*** (0.0317)

Time -0.0027*** (0.0005) 0.3986*** (0.0034) 0.2462*** (0.0132)
Ins.Pv 0.0191*** (0.0021) 0.1088*** (0.0118) 0.6342*** (0.0087)
Ins.Pub 0.0059*** (0.0021) 0.0462*** (0.0123) 0.4437*** (0.0089)
MSA 0.0017 (0.0023) -0.0811*** (0.0104) 0.0564*** (0.0087)
Doctor -0.0292*** (0.0015) -0.1311*** (0.0088) 0.2829*** (0.0045)
Spec 0.0569*** (0.0023) 0.0762*** (0.0103) 0.1883*** (0.0101)
Clinic 0.0880*** (0.0022) 0.0198*** (0.0092) -0.1459*** (0.0159)
OP 0.3179*** (0.0032) 0.0133 (0.0147) 0.3730*** (0.0542)
ER 0.3246*** (0.0053) 0.0627*** (0.0215) 0.7351*** (0.0567)
Therapy -0.3425*** (0.0024) 0.2953*** (0.0102) 0.7574*** (0.0671)
T ∗MSA 0.0019*** (0.0005) 0.0287*** (0.0031) -0.0031* (0.0018)
T ∗ Spec -0.0006 (0.0004) 0.0366*** (0.0025) 0.0103*** (0.0018)
T ∗ Clinic -0.0019*** (0.0004) 0.0724*** (0.0025) 0.0471*** (0.0029)
T ∗OP -0.0062*** (0.0006) 0.2735*** (0.0044) 0.1414*** (0.0101)
T ∗ ER 0.0041*** (0.0009) 0.3530*** (0.0059) 0.1353*** (0.0110)
T ∗ Therapy 0.0041*** (0.0004) -0.3732*** (0.0029) -0.1699*** (0.0127)

CCC 49 0.1006*** (0.0032) 0.4072*** (0.0182) -
CCC 98 0.0849*** (0.0027) 0.5872*** (0.0169) -
CCC 134 0.1723*** (0.0034) 0.9604*** (0.0200) -
CCC 196 0.1313*** (0.0031) 0.6467*** (0.0180) -
CCC 204 -0.1218*** (0.0025) -0.6773*** (0.0152) -
CCC 205 -0.1974*** (0.0017) -0.9733*** (0.0101) -
CCC 211 -0.1361*** (0.0029) -0.6857*** (0.0168) -
CCC 232 -0.1160*** (0.0027) -0.5386*** (0.0154) -
CCC 244 -0.1136*** (0.0032) -0.5668*** (0.0188) -
CCC 657 -0.1970*** (0.0021) -1.1165*** (0.0137) -

Region Yes Yes
Demographics Yes Yes
R2 0.18 0.28
N 1,426,577 1,426,577
† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

The regression is a two-stage least squares estimation of column (2) of Table 4.4. Serv

and T ∗Serv are treated as endogenous variables using the Clinical Classification variables

in Table B.8 as instruments.
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Table B.10: Two Stage Least Squares, Plausibly Exogenous†

First Stage Second Stage

Services T*Services ln (XP )

Serv - - 0.4018** (0.1645)
T ∗ Serv - - -0.0098 (0.0310)

Time -0.0026*** (0.0005) 0.3989*** (0.0034) 0.0729*** (0.0129)
Ins.Pv 0.0224*** (0.0021) 0.1281*** (0.0118) 0.6129*** (0.0084)
Ins.Pub 0.0121*** (0.0021) 0.0792*** (0.0123) 0.4258*** (0.0085)
MSA 0.0030 (0.0024) -0.0751*** (0.0104) 0.0958*** (0.0082)
Doctor -0.0319*** (0.0015) -0.1432*** (0.0088) 0.2740*** (0.0041)
Spec 0.0556*** (0.0023) 0.0685*** (0.0103) 0.2635*** (0.0096)
Clinic 0.0923*** (0.0022) 0.0391*** (0.0092) -0.0182 (0.0156)
OP 0.3296*** (0.0032) 0.0717*** (0.0147) 0.8496*** (0.0538)
ER 0.3224*** (0.0053) 0.0501** (0.0215) 1.218*** (0.0559)
Therapy -0.3600*** (0.0024) 0.2047*** (0.0104) 0.0855 (0.0664)
T ∗MSA 0.0019*** (0.0005) 0.0298*** (0.0031) -0.0129*** (0.0016)
T ∗ Spec -0.0006 (0.0004) 0.0366*** (0.0025) -0.0063*** (0.0017)
T ∗ Clinic -0.0024*** (0.0004) 0.0697*** (0.0026) 0.0138*** (0.0028)
T ∗OP -0.0079*** (0.0006) 0.2654*** (0.0044) 0.0168* (0.0098)
T ∗ ER 0.0036*** (0.0009) 0.3506*** (0.0059) -0.0028 (0.0107)
T ∗ Therapy 0.0041*** (0.0004) -0.3761*** (0.0030) -0.0036 (0.0124)

CCC 49 0.0854*** (0.0031) 0.3301*** (0.0182) -
CCC 98 0.0777*** (0.0027) 0.5497*** (0.0168) -
CCC 134 0.1751*** (0.0034) 0.9724*** (0.0200) -
CCC 196 0.1338*** (0.0031) 0.6580*** (0.0180) -
CCC 204 -0.1186*** (0.0025) -0.6609*** (0.0152) -
CCC 205 -0.1935*** (0.0017) -0.9526*** (0.0100) -
CCC 211 -0.1323*** (0.0029) -0.6663*** (0.0167) -
CCC 232 -0.1103*** (0.0026) -0.5087*** (0.0153) -
CCC 244 -0.1077*** (0.0032) -0.5366*** (0.0188) -
CCC 657 -0.1845*** (0.0021) -1.0509*** (0.0136) -

Region Yes Yes Yes
Demographics Yes Yes Yes
R2 0.17 0.27 0.10
N 1,426,577 1,426,577 1,426,577
† Robust standard errors are shown in parentheses. Significance Level: (∗): 10%, (∗∗): 5%, (∗ ∗ ∗): 1%

This is the same regression as in Table B.9, except the instruments are treated as only

plausibly exogenous. This was performed using the Conley, Hansen, and Rossi proce-

dure [40]. The OLS regression was calculated with the instruments in the main equation.

The effect of the instruments were subtracted from the dependent variable. The regres-

sion proceeded as in Table B.9. The standard errors for the endogenous variables were

calculated by incorporating the variance from the OLS regression.
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