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Three Essays in Health Economics

Publication No.

Touchanun Komonpaisarn, Ph.D.

The University of Texas at Austin, 2011

Supervisor: Richard Dusansky

This dissertation consists of three studies in the field of health eco-

nomics. The first chapter studies the market situation of the U.S. nursing

home industry. It uses the most recent data available from the Annual Survey

of Nursing Homes conducted in Wisconsin. In this study, we derive theo-

retical predictions from an optimization problem of a representative nursing

home under various assumptions. We introduce a new measure, a home’s

bed-utilization rate, in our empirical strategy and find evidence of excess de-

mand from Medicaid patients in Wisconsin. A positive relationship between

Medicaid payment rates and private-pay prices is found in homes with high

bed utilization. Additionally, we find strong adverse effects of higher reim-

bursement rates on quality measures. These findings prove there is an excess

demand from Medicaid patients in Wisconsin. This conclusion has direct im-

plications for the quality of care that a nursing home provides for its patients.

The second study takes advantage of the “natural experiment” features

of the major health care reform in Thailand in 2002 in order to estimate
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the price elasticity of health care demand among Thai citizens. We use the

difference-in-difference technique to capture the pure effect of the reform on

the health care utilization behavior of those who were directly affected by the

reform. In order to capture any secular trend in health care utilization, we

use data from a group of people who were not affected by the reform. We

find that the reduction in health care price immediately induced those who

lacked health insurance coverage to increase their visits to a public health

care facility, although similar trends were not found a few years after the

reform. The estimated change in visits is used to calculate the price elasticity

of demand, which falls in the range of -1.36 to -0.58.

The last study examines the relationship between risky behaviors among

Americans aged 50-65 and their health insurance coverage. Despite the fact

that moral hazard behaviors are predicted by economic theory, the study finds

that health insurance has no significant effect on certain risky behaviors such

as smoking. Surprisingly, we find a significantly positive relationship between

health insurance coverage and healthy behaviors such as exercising regularly.

This finding reflects the importance of health insurance companies in provid-

ing its customers with more health information that could encourage health-

oriented attitudes.
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Chapter 1

Excess Medicaid Demand in The Nursing

Home Market: Does It Still Exist?

Introduction

The nursing home market in the US has primarily been analyzed in the

Economics literature as a market with excess demand by Medicaid patients,

due to the presence of both Certificate-of Need (CON) and construction mora-

torium laws. CON laws are intended to limit the number of beds available in

nursing home markets, and they are used as an instrument to contain costs

associated with nursing home care provided to Medicaid-eligible residents.1

Based on these assumptions, studies conclude that cost-controlling measures

might be inefficient due to the fact that the quality of nursing homes would

be compromised when increasing Medicaid reimbursement rates acts as a dis-

incentive for a nursing home to increase quality. For example, Nyman (1985)

finds that there is a significantly negative relationship between the variable

used to measure quality and state Medicaid reimbursement rates using data

from Wisconsin.2 Both Dusansky (1989) and Gertler (1989) find a significantly

1See Scanlon (1980), Nyman (1985), Dusansky (1989), Gertler and Waldman (1992),
Nyman (1994), Cohen and Spector (1996), and Grabowski (2004) for examples.

2In this study, Nyman uses the number of Medicaid code violations weighted by severity
of the violation as quality measure.
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negative relationship between private-patient charges and the level of public

reimbursement rates using data from Wisconsin and Georgia, and New York,

respectively. Moreover, in the same study Gertler reaches the conclusion that

higher public reimbursement rates have an unfavorable effect on quality.3

However, recent studies have found weaker findings in support of the

excess Medicaid demand hypothesis. For example, Nyman (1993) applies a

three-part test on data from three states and finds no evidence of excess Medi-

caid demand in two of the states—a result that contrasts with his findings from

an earlier study in which excess Medicaid demand was detected. Moreover,

a study by Cohen and Spector (1996) finds that although the level of reim-

bursement rates has a positive impact on staffing intensity within a home, its

effects are not large enough to have a measurable impact on residents’ health

outcomes. Grabowski (2004) finds counter-intuitive results if the excess de-

mand assumption is actually true, i.e., he finds a significantly positive impact

of Medicaid rates on nursing home quality.4 These authors point to the fact

that excess demand may no longer be a universal problem in the US nursing

home market due to declining occupancy rates and lower nursing home utiliza-

tion rates. The increasing availability of home- and community-based services

and home health care could provide long-term care patients with alternatives

3This study confirms Dusansky’s finding if one interprets his alpha penetration variable
as being tantamount to quality. Also see Gertler and Waldman (1992).

4In this study, he uses proportion of residents with pressure sores, catheters, feeding
tubes, physical restraints, and number of facility level deficiencies assigned in certification
process as measures of quality.
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to institutionalization.5

This study is intended to provide an explicit theoretical analysis when

different excess Medicaid demand assumptions are used. Different bed capac-

ity utilization assumptions are employed to give straightforward theoretical

predictions. Despite an extensive number of studies on the relationship be-

tween nursing home quality and public-patient reimbursement rates, very few

of these look at the question from every dimension. In order to draw any con-

clusions about the current market environment, we study the Medicaid rate

relationship with both private-pay prices and quality.

Results from our empirical study give a different picture from those

found in recent studies: we find a significantly positive relationship between

Medicaid reimbursement rates and private-pay prices among Wisconsin nurs-

ing homes. Moreover, we find an adverse relationship between public-pay

rates and the quality of the homes. These findings lead us to believe that ex-

cess Medicaid demand continues to characterizing the Wisconsin nursing home

market.

We begin with the theoretical framework in which different theoreti-

cal predictions are proposed. Econometric testing is discussed in the second

section. The data used for the testing are clarified, and some of the institu-

tional features of the long-term care market and Medicaid program are then

addressed. Results from empirical testing are reported in the fifth section.

5See Miller et al. (1999), U.S. GAO Report (1994).

3



Directions for future research and conclusions are discussed in the last part of

the chapter.

1.1 Theoretical Framework

We can characterize a representative nursing home’s optimization prob-

lem as a firm’s profit maximization problem. The theoretical setting is an

extension of the theoretical model proposed in Dusansky (1989), and here we

interpret the expenditures a home uses to achieve market identification as the

quality level it provides its patients.

1.1.1 With Excess Medicaid Demand

If we assume a constant Medicaid reimbursement rate of r per public-

patient day and Medicaid excess demand, the firm (a nursing home) takes

Medicaid patient demand as given, and any remaining beds after private-

pay patient demand is met are allocated to Medicaid patients; that is, if full

4



capacity number of beds is B, firm’s objective function is 6

max
p,α

π = R(p, α; γ) + r(B −X(p, α; γ))

−BC(B,α; β)

FOC

πp = Rp − rXp

= 0 (1.1)

πα = Rα − rXα −BCα

= 0 (1.2)

where R(·, ·; ·) is revenue function from private-pay patients, C(·, ·; ·) is av-

erage cost function, X(·, ·; ·) is demand function from private-pay patients,

p is private-pay price, α is quality level of a nursing home, β is a vector of

cost-related factors that parameterize the average cost function, γ represents a

vector of demand-related factors that parameterize the demand function, and

B is a facility’s bed capacity.

The nursing home chooses the mix between private-pay and public-pay

patients, the private-pay price and the level of quality such as to equalize

marginal profit from the two patient populations. Given a single cost function

6This analysis is very similar to that found in Norton (2000).
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for a single facility, this is tantamount to equating marginal revenues.7

Rp =
∂R(p, α; γ)

∂p

= pXp +X(p, α; γ)

Rα =
∂R(p, α; γ)

∂α

= pXα

Xp =
∂X

∂p
< 0

Xα =
∂X

∂α
> 0

After some mathematical arrangement, we know that if πpα > 0 then we have

the sign of both ∂p
∂r
, ∂α
∂r

indeterminate, but if πpα < 0 then ∂p
∂r
> 0, ∂α

∂r
< 0.8 If

πpα > 0, it means that an increase in quality raises marginal profit with respect

to private-pay price, so it is profitable for a home to increase its quality level.

However, an increase in quality level would also increase the home’s operating

cost, thus the benefit of raising quality is therefore unclear. This explains

the indeterminate relationship between α and r. Since quality response and

private-pay price response are determined simultaneously in this environment,

this explains why we have both relationship undetermined. When πpα < 0,

an increase in quality level lowers marginal profit with respect to private-pay

price. This means that lower quality response would benefit a home by both

reducing operating cost and raising marginal profit with respect to private-pay

7Notice that Rp is the marginal revenue (with respect to private-pay price) from private-
pay patients and rXp is the marginal revenue (with respect to private-pay price) from
public-pay patients.

8See Appendix A.1.1 for details.
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price. Since the lower level quality would not have any effect on the number of

Medicaid residents (due to the existence of excess Medicaid demand), a home

would therefore respond to higher reimbursement rates by lowering its quality

level. Since lowering quality raises marginal profit with respect to private-pay

price in this case, a home would raise its private-pay price after the quality

level is reduced. With excess demand, a home knows that there are always

Medicaid patients to fill its beds whatever level of quality it provides. A lower

quality could benefit a home by reducing its overall operating cost, although

it might drive away some of the private-pay residents. Higher Medicaid rates

help to compensate homes for the reduced revenue from private-pay patients,

which explains why a nursing home would respond adversely in terms of quality

to higher reimbursement rates if there is excess Medicaid demand.

1.1.2 Without Excess Demand

Without excess Medicaid demand, we allow for the possibility that

quality influences Medicaid patient demand as well as private-pay patient de-

mand;9 that is, a home solves

max
p,α

π̃ = R(p, α; γ) + rM(α; γ′)

−C(X(p, α; γ) +M(α; γ′), α; β)(X(p, α; γ) +M(α; γ′)) (1.3)

s.t. : X(p, α; γ) +M(α; γ′) ≤ B

9See Nyman (1985).
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where M(·; ·) is Medicaid patient demand, γ′ is a vector of demand-related fac-

tors that parameterize the Medicaid patient demand function and M ′(α; γ′) =

dM(α;γ′)
dα

> 0.10

1.1.2.1 Binding Bed Capacity

If we assume a binding bed capacity constraint (a nursing home fully

utilizes its capacity), then the firm solves

max
p,α,µ

L = R(p, α; γ) + rM(α; γ′)

−C(X(p, α; γ) +M(α; γ′), α; β)(X(p, α; γ) +M(α; γ′))

−µ(X(p, α; γ) +M(α; γ′)−B) (1.4)

= π̃ − µ(X(p, α; γ) +M(α; γ′)−B)

FOC

Lp = π̃p − µXp

= 0 (1.5)

Lα = π̃α − µ(Xα +M ′(α; γ′))

= 0 (1.6)

Lµ = −(X(p, α; γ) +M(α; γ′)−B)

= 0 (1.7)

The first order conditions indicate an attempt by a nursing home to equate

its marginal profit with respect to different choice variables (p, α) on the con-

10We assume γ = γ′ in the empirical testing.
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straint that it fully utilizes its bed capacity,11 and a new constraint that Med-

icaid patients would no longer accept low level of quality a home provides but

they would only choose a home with high quality.12

Using Cramer’s rule and Second Order Conditions, we have ∂p
∂r

>

0, ∂α
∂r
> 0.13 An increase in Medicaid reimbursement rates would make Med-

icaid patients more attractive, and the only way to attract more Medicaid

patients is by raising the overall quality. For a home with full bed utilization,

an increase in Medicaid reimbursement rate leads to a different mix of patients

(fewer private-pay patients, more public-pay patients) and private-pay price is

increased.

11This means that it would require patient trade-off if a home wants to increase one group
of patient.

12As illustrated in equation (1.6), the marginal profit with respect to quality is now a
function of the derivative of Medicaid patient demand with respect to quality. From (1.5)
and (1.6),

π̃p = Rp − C(X(p, α; γ) +M(α; γ′), α;β)Xp

−X(p, α; γ)C1Xp −M(α; γ′)C1Xp

π̃α = Rα + rM ′(α; γ′)

−C(X(p, α; γ) +M(α; γ′), α;β)Xα

−X(p, α; γ)C1Xα −X(p, α; γ)C1M
′(α; γ′)

−X(p, α; γ)C2 − C(X(p, α; γ) +M(α; γ′), α;β)M ′(α; γ′)

−M(α; γ)C1Xα −M(α; γ′)C1M
′(α; γ′)−M(α; γ′)C2

where

C1 =
∂C

∂(X(p, α; γ) +M(α; γ′))
> 0

C2 =
∂C

∂α
> 0

.
13See Appendix A.1.2.1 for details.
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1.1.2.2 Non-Binding Bed Capacity

However, if we assume an inequality constraint for bed capacity (a

nursing home does not fully utilize its bed capacity), then we only have an

unconstrained optimization problem, i.e.,

max
p,α

π̃ = R(p, α; γ) + rM(α; γ′)

−C(X(p, α; γ) +M(α; γ′), α; β)(X(p, α; γ) +M(α; γ′))

FOC

π̃p = Rp − C(X(p, α; γ) +M(α; γ′), α; β)Xp

−X(p, α; γ)C1Xp −M(α; γ′)C1Xp

= 0 (1.8)

π̃α = Rα + rM ′(α; γ′)

−C(X(p, α; γ) +M(α; γ′), α; β)Xα

−X(p, α; γ)C1Xα −X(p, α; γ)C1M
′(α; γ′)

−X(p, α; γ)C2 − C(X(p, α; γ) +M(α; γ′), α; β)M ′(α; γ′)

−M(α; γ′)C1Xα −M(α; γ)C1M
′(α; γ′)−M(α; γ′)C2

= 0 (1.9)

Again, from equations (1.8) and (1.9), a home has to choose the private-

pay price and the level of quality that equalize marginal profit across patient

groups given that it might not use all of its beds. However, a home has to

provide sufficiently high quality level to maintain the optimal patient mix, as

we can see from equations (1.8) and (1.9) that Medicaid patient demand and

10



its derivative with respect to quality level enter the first order conditions in

many places, compared to equations (1.1) and (1.2).

From comparative statics analysis, a home would always increase its

quality level in response to higher Medicaid reimbursement rates, however, we

arrive at two possible cases for the private-pay price relationship. Specifically,

we have ∂p
∂r
> 0, ∂α

∂r
> 0 if π̃pα > 0, but we have ∂p

∂r
< 0, ∂α

∂r
> 0 if we know that

π̃pα < 0.14 Without full bed utilization, if π̃pα is positive, it means that an

increase in quality would lead to an increase in marginal profit with respect to

private-pay price. Thus it is lucrative for a home to also raise its private-pay

charges since this would raise its profit.15 However, if π̃pα < 0, marginal profit

with respect to private price actually falls when quality increases, so it is not

advantageous for a home to raise quality and private-pay rates at the same

time, because an increase in private-pay price following an increase in quality

would lead to a fall in profit.

14See Appendix A.1.2.2 for details.
15This result means that any increase in revenue from private-pay patients would outweigh

any increase in cost of higher quality. In other words, a decrease in demand from private-pay
patients due to higher prices is not very large.
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Table 1.1 summarizes these results:

Table 1.1: Comparative Statics of Changes in Medicaid Reimbursement Rate

Market Conditions/Assumptions ∂p
∂r

∂α
∂r

If excess demand exists:
πpα > 0 (?) (?)
πpα < 0 (+) (−)
If excess demand does not exist:
-With empty bed availability
π̃pα > 0 (+) (+)
π̃pα < 0 (−) (+)
-With full bed utilization (+) (+)

From Table 1.1, when Medicaid patient demand is a function of quality,

the impact of Medicaid rates on private-pay prices depends on the cross partial

derivative of the profit function. An increase in Medicaid reimbursement rates

would make Medicaid patients more attractive, and it would induce a home

to raise its overall quality in every case.

In conclusion, with excess Medicaid demand, the relationship between

public-pay rates and private-pay prices or quality is ambiguous. In the absence

of excess demand (when Medicaid patient demand depends on quality), the

impact of reimbursement rate changes on nursing home quality has a clear

prediction (whether beds are filled or not).16 In the case of no excess demand,

and full bed utilization, higher public-pay rates would lead to higher prices

charged to private-pay patients and an increase in quality. The relationship

16See Cohen and Spector (1996), Grabowski (2004).
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between Medicaid payment rates and private-pay prices or quality can be

used to test different assumptions. Thus, the econometric specifications to

determine the situation in the WI nursing home market are introduced in the

next section.
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1.2 Empirical Testing

In order to observe the relationships predicted in the previous section,

we estimate

Pij = θ0 +Xijθ + λ0Wij + λ1Forprofij

+λ2BEDij + λ3BEDij ∗ Forprofij

+λ4rij + λ5rij ∗ Forprofij

+λ6rij ∗BEDij + λ7rij ∗BEDij ∗ Forprofij (1.10)

Qij = θ0 +Xijθ + τ0Wij + τ1Forprofij

+τ2BEDij + τ3BEDij ∗ Forprofij

+τ4rij + τ5rj ∗ Forprofij

+τ6rij ∗BEDij + τ7rj ∗BEDj ∗ Forprofij (1.11)

where

Pij = Private-pay per diem rate charged by nursing home i in county j,

Qij = Quality level nursing home i in county j provides (equivalent to α),

Xij = exogenous demand variables of nursing home i in county j,

Wij = exogenous supply variables of nursing home i in county j,

rij = Medicaid reimbursement of nursing home i in county j,

BEDij = Indicator of high bed-utilization rate of

nursing home i in county j,

Forprofij = Indicator of for-profit ownership.

14



We divide homes into 2 groups: for-profit and non-profit. In order to minimize

restrictions with respect to the responses of homes with different ownership

and different bed utilization levels to higher Medicaid reimbursement rates,

we interact relevant independent variables with the for-profit indicator. We

also include the for-profit indicator in the equation to capture the fixed (level)

effect of for-profit homes.

Table 1.2: Interpretation of Estimating Equations

Type of homes/Equations Partial Effect

Non-profit home with high bed utilization
Pij = θ0 +Xijθ + λ0Wij + λ2 + λ4rij ∴ ∂p

∂r
=λ4 + λ6+λ6rij

Qij = θ0 +Xijθ + τ0Wij + τ2 + τ4rij ∴ ∂α
∂r

=τ4 + τ6+τ6rij
Non-profit home with low bed utilization

Pij = θ0 +Xijθ + λ0Wij + λ4rij ∴ ∂p
∂r

=λ4

Qij = θ0 +Xijθ + τ0Wij + τ4rij ∴ ∂α
∂r

=τ4

For-profit home with high bed utilization
Pij = θ0 +Xijθ + λ0Wij + λ1 + λ2

∴ ∂p
∂r

=λ4 + λ5 + λ6 + λ7+λ3 + λ4rij + λ5rij
+λ6rij + λ7rij
Qij = θ0 +Xijθ + τ0Wij + τ1 + τ2

∴ ∂α
∂r

=τ4 + τ5 + τ6 + τ7+τ3 + τ4rij + τ5rij
+τ6rij + τ7rij
For-profit home with low bed utilization
Pij = θ0 +Xijθ + λ0Wij + λ1 + λ4rij ∴ ∂p

∂r
= λ4 + λ5+λ5rij

Qij = θ0 +Xijθ + τ0Wij + τ1 + τ4rij ∴ ∂α
∂r

= τ4 + τ5+τ5rij

From Table 1.1 and 1.2, the sign prediction of λ4 + λ5 is not restricted
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when excess Medicaid demand is assumed; however, we should expect τ4+τ5 >

0 and λ4 + λ5 + λ6 + λ7 > 0, τ4 + τ5 + τ6 + τ7 > 0 if excess demand no longer

exists.17 To handle the issue of endogeneity, we try the specification with

different lagged values of both individual home- and county-averaged Medicaid

rates; the findings are consistent for these alternate specifications.18

Following a study by Morris et. al. (2003), our study uses 2 types

of chronic-care quality indicators among those recommended as having the

highest level of validity. We employ the proportion of residents with decubitus

ulcer or pressure sores and the proportion of residents with indwelling catheter.

Because higher values of these measures represent poorer quality, the sign

prediction discussed for the quality equation has to be reversed. Since the

value of Qij is between 0 and 1, and many homes reported no residents with

pressure sores (10 %) or catheter (7 %), rather than transforming proportion

into log-odds ratio and model it as a linear function, we use the Bernoulli

quasi-likelihood methods proposed by Papke and Wooldridge (1996), in which

the logistic function is chosen as a function that defines values of predicted

dependent variables.19

Demand variables included in this study are as follows: the number

17A high bed-utilization indicator is constructed by identifying those homes that have
their occupancy rates higher than the 90th percentile in a particular year. We also try
different cut-offs (90 %, 95 %, and 98 % occupancy rates); findings are similar.

18We also try using different lagged values of county-averaged rates only with a subsample
that has many homes in a county; findings remain robust. Results are not reported but
available upon request.

19In STATA R©, it is a glm command with option logit link and binomial family. See
www.stata.com.
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of people over 65 years of age within a nursing home market (at a county

level), the number of elderly individuals over the age of 85 within a county,

the average per capita income of people in the market, the female labor force

participation rates, home health agency utilization rates, and the Herfindahl-

Hirschmann Index (HHI).20 Exogenous supply variables include nursing home

input prices such as the weekly wage rates of registered nurses (RNs), licensed

practical nurses (LPNs), and nurse aides (NAs).21

The population over 65 and 85 years old represent elderly individuals

who are important determinants of nursing home care demand. They are ex-

pected to have a positive relationship with the private-pay prices, although

their relationship with homes’ quality is unclear a priori. We expect areas

with higher per capita income to have higher private-pay prices and also higher

home quality. Female labor force participation rates represent the availabil-

ity of informal care, and home health agency utilization rates represent the

prevalence of nursing home substitutes in a market. Higher female labor force

participation rates imply higher demand for nursing home services; this could

drive private-pay patient charges to go up if the majority of higher demand

20These are γ, γ′ from the theoretical section. The Herfindahl-Hirschmann Index is com-
puted from the following formula:

HHIj =

N∑
i=1

MS2
ij

where HHIj= HHI of a county j, N= Total number of nursing facilities in county j, MSij=
Market share of a nursing home i in county j. See Scherer (1980).

21These are β from the theoretical section.
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comes from those who pay the full cost out of their pockets. However, if

higher female labor force participation rates imply higher demand from Medi-

caid patients, the relationship with private-pay prices or quality is ambiguous.

A market with high home health care utilization would have low demand for

institutionalization, and this should have a negative impact on private-pay

prices of a nursing home. HHI represents the degree of market concentration

in a particular market. High values of HHI indicate a less competitive mar-

ket environment; thus we should expect a higher private-pay price and lower

quality provided.

From a study by Norton et al. (2006), there is a substantial cross sub-

sidization between Medicare patients and Medicaid patients in a nursing home

due to the fact that Medicare pays a higher rate for its patients. Therefore

we include the proportion of Medicare beds a home holds in our estimation in

order to control for its possible effect on private-pay prices and quality.22

In order to control for varying case mixes among nursing homes, we

also include in our empirical analysis the proportion of residents with different

needed care levels; namely, those requiring skilled care, intermediate care, or

residential care, those with developmental disabilities, and those with severe

conditions.23 A higher proportion of intensive care patients is expected to raise

22Number of beds reserved for Medicare patients had been increasing in the 1990s. This
situation reflects an attempt by a nursing home to use revenue from different sources, in-
cluding revenue from private-pay patients, to cover cost for all residents. See Norton et al.
(2006).

23We categorize patients into 6 groups: 1. those who require skilled nursing (SNF), 2.
those who require intermediate care (ICF), 3. those requiring residential care (Res.), 4. those
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the price a home charges. Similarly, a home experiencing higher weekly wages

for its nurses would have higher costs, leading to higher prices.

1.3 Data

The data for the present study were taken from the Wisconsin Annual

Survey of Nursing Homes, which was conducted between 1996-2005 (2005 is

the last available year of the survey). This survey was conducted annually by

the Wisconsin Department of Health and Family Services, Division of Public

Health, and Bureau of Health Information and Policy. This survey provides the

characteristics of every nursing home in Wisconsin that renewed its license for

the year in question in each year. Examples of information included in the sur-

vey are as follows: geographic location (county), the number of licensed beds,

the number of residents, the residents’ characteristics, and Medicare/Medicaid

or private-pay per diem rates for each type of resident.24

The data regarding the number of elderly in each county comes from

the Wisconsin Interactive Statistics on Health (WISH) data query system,

Wisconsin Department of Health Services. The information for the average

income at a county level comes from the Bureau of Economic Analysis, U.S.

Department of Commerce. We obtained home health utilization rates from the

with severe developmental disabilities (Ddhigh), 5. those with moderate developmental
disabilities (Ddlow), and 6. those who are under severe medical conditions (Traumatic
Brain Injury or Ventilator Dependent).

24Private-pay prices and Medicaid reimbursement rates used in equations (1.10) and (1.11)
are a weighted average of the corresponding per diem rates where weights are the number
of residents in each category.
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Annual Survey of Home Health Agencies conducted by the same agency that

provides the Annual Survey of Nursing Homes. The female labor force partici-

pation rates come from the employment status of the civilian non-institutional

population tables provided in the Geographic Profile of Employment and Un-

employment, Bureau of Labor Statistics, U.S. Department of Labor.25 The

county-level data for the nurses’ weekly wages comes from the weekly wage

annual estimates of the nursing and residential care facilities industry provided

by the Quarterly Census of Employment and Wages program, Bureau of Labor

Statistics.26

From Tables 1.3 and 1.4, we can see that the predominant type of nurs-

ing home in Wisconsin is operated by for-profit corporations (50 %), and this

justifies our setting in the theoretical section. Average Medicaid reimburse-

ment rates are strictly lower than those of private-pay residents. Moreover,

there had been an increasing trend in the private-pay prices over a 10-year pe-

riod, a situation that could have expedited a “spend-down” obligation among

private-pay patients.27 Surprisingly, we can see from figure 1.1 that private-pay

prices charged by non-profit homes have been higher than those of for-profit

homes since 1999. These homes also have higher occupancy rates, a higher

number of licensed beds, and a higher total number of inpatient days. These

25National unemployment estimates come from the Current Population Survey (CPS),
and because the sample size of the CPS is very small at a county level, we can only obtain
female labor force participation rates at the state level.

26Wage data are available only in some counties from 1997-2005. All values are adjusted
by regional CPI.

27All prices used in this study are adjusted for inflation by regional CPI.
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findings reflect the fact that non-profit homes in Wisconsin are more crowded

than for-profit homes.

The average percentage of patients who needed skilled nursing care

level had been on a rise during the same period, while an opposite trend was

observed for those who needed an intermediate level of care. The majority of

nursing home residents are those who require a skilled level of nursing care.

Occupancy rates had been constant at around 90 %, indicating high demand

for nursing home services. Despite an attempt by the state to promote Home

and Community-Based Services (HCBS) among Medicaid beneficiaries, home

health agency utilization rates had been declining.28 The statistics of different

exogenous demand factors in each county in Wisconsin had not changed much

over time.

1.4 Medicaid Program and Long-Term Care Services

The Medicaid program (Title 19) was established in 1965 with the ob-

jective to provide health coverage for low-income children and families. Med-

icaid also provides health care benefits to low-income elderly and non-elderly

with disabilities. Low-income individuals eligible for Medicare benefits could

be eligible for Medicaid assistance on premiums, cost-sharing, and some medi-

cal services not covered by Medicare such as certain long-term care services.29

28See Miller et. al (1999) and GAO Report (1994).
29They are called the “dual eligibles.” For long-term care services not covered by Medicare,

see Norton et al. (2006).
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The program is generally administered by the state agencies under the broad

supervision of the Center for Medicare and Medicaid Services (CMS). Each

state has authority in defining eligibility, benefits, and various aspects of the

program; this makes Medicaid programs widely different across states. The

federal government uses matching funds to finance state spending for the pro-

gram.

The elderly and those with disabilities must meet financial restrictions;

specifically, they must have income less than a threshold set by the state and

meet asset limits to receive Medicaid benefits.30 Moreover, those who “spend

down” their financial resources because of high medical bills and reach the

state-approved level can also become eligible for its coverage.

Over 10 million Americans need long-term care services to support their

daily living activities. Estimation indicates that Medicaid covers about 70 %

of nursing home residents.31 Medicaid is the primary payer for long-term care,

including both nursing homes and home health and personal care. In 2009,

Medicaid accounted for 43 % of total long-term care spending, where 58 % of

those receiving care were 65 years old and above. Only 19 % of individuals

using long-term care services pay the cost out of their pockets. The recent

health care reform of the Medicaid program, however, encourages the use of

Home and Community-Based Services (HCBS) in lieu of institutionalization

30Most states tie this income threshold to the Supplemental Security Income (SSI) eli-
gibility standards. An examination of any asset transfer is conducted for each Medicaid
application to prevent fraud.

31See a report by the Kaiser Commission on Medicaid and the Uninsured (2010).
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(nursing homes) except for medically required cases.32

1.4.1 Wisconsin Medicaid

Wisconsin nursing homes participating in Wisconsin Medicaid are paid

by a prospective rate-setting methodology. The Division of Health Care Fi-

nancing (DHCF) within the Wisconsin Department of Health and Family

Services has primary responsibility in setting rates. The DHCF issues the

rate-setting methodology annually to participating homes. Normally, nursing

homes do not know about the method before their operating periods. Al-

though there are nursing home associations that try to inform their members

of changes in reimbursement methods, nursing homes must rely on previously

set rates. Effective Medicaid patient reimbursement rates are usually set based

on the previous year’s cost report, so we can argue that a home would take the

rate as given at the time of its operation.33 It is a state requirement that all

certified nursing home providers must annually submit a “Medicaid Nursing

Home Cost Report” and the completed Annual Survey of Nursing Homes in a

timely manner, otherwise the responsible authority has the right to withhold

payment to a provider, or decrease or freeze payment rates.

32See a report by the US GAO (1994), and by the Kaiser Commission on Medicaid and
the Uninsured (2011).

33The methods are published at least 9 months after the operating periods used for the
rate formula.
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1.5 Results

1.5.1 Private-Pay Price

Column 3 of Table 1.5, in which we use the individual home reimburse-

ment rates, shows that the first summation of coefficients is marginally signifi-

cant and positive. We also find statistically significant and positive summation

when we use the county-averaged reimbursement rates in column 7. This in-

dicates that for-profit homes with unoccupied beds normally charge higher

private-pay rates in response to higher Medicaid rates. Similar findings are

also found for highly occupied homes when we look at the second summation

in column 8. Although not statistically significant, columns 1, 2, and 3 of

Table 1.5 tell us that an increase in Medicaid reimbursement rates leads to a

decrease in per diem private-patient charges of the for-profit nursing homes

having a high bed-utilization rate. This result is similar to that of Dusan-

sky (1989) and Gertler (1989) when excess Medicaid demand was prevalent.

Since the findings for private-pay price equation are not fully consistent in sign

across specifications, we cannot yet draw a conclusive finding regarding excess

demand in this market.

The coefficient of the income variable is statistically significant and

positive as expected; homes in a county with average per capita income higher

by $1,000 normally charge higher private-pay prices by $1.1-$1.2 per day. In-

terestingly, the coefficient of the Herfindahl Hirschmann Index is negative and

significant, which implies that homes in a market with less competition charge

lower private-pay prices than comparable homes in a highly competitive mar-
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ket. A possible explanation for this is that homes in counties with few com-

petitors are generally those in areas with low demand. These homes usually

have lower cost of living and can charge lower prices. Coefficients of the female

labor force participation variable are also negative and significant in all specifi-

cations, which means that in a year with high female labor force participation,

private-pay charges are lower.34 This finding could result from the fact that

higher female labor force participation rates lead to higher demand from both

private-pay and Medicaid patients, which results in economies of scale that

allow homes to charge lower private-pay rates.

The sign of case mix variables are all positive and significant in some

categories. For instance, a home with a proportion of severe residents higher

by 1 % charges approximately $3-$4 higher private-pay prices; this is expected

if we believe that severe residents require higher service costs. A higher weekly

wage for nurses also leads to higher private-pay charges as shown by the sta-

tistically significant positive coefficients of the wage variable in every specifi-

cation.

The sign of Medicare bed proportion implies that homes with a higher

number of beds for Medicare patients charge higher private-pay prices (the

coefficients are not statistically significant). This finding could be due to

the fact that those homes are using revenue from both Medicare patients

and private-pay residents to subsidize Medicaid patients (they may have a lot

34Female Labor Force Participation rates are available at a state level in each year.
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of under-subsidized Medicaid patients and need other sources of revenue to

support this group of patients).

In every specification, the coefficients of the For-profit indicator, which

captures a fixed difference in per diem private-pay prices between a for-profit

home with low bed utilization and a non-profit home with low bed utilization,

are positive and significant. This finding means that among those with low

bed utilization, for-profit homes generally charge higher prices than non-profit

homes, which makes economic sense because for-profit homes’ objective is to

maximize profit.

The sign of the r variable is positive and statistically significant, which

means that a non-profit home with low bed utilization responds positively to

higher reimbursement rates. The sign of the interaction term between the For-

profit indicator and r is negative, implying that a for-profit home with low

bed utilization responds to higher reimbursement rates on a smaller magnitude

compared to a non-profit home. We could say that among those with low bed-

utilization rates, Medicaid patients might not be a target group for for-profit

homes, so they respond weakly to higher Medicaid reimbursement rates.

The sign of the BED indicator is positive, meaning that among non-

profit homes, those with high bed utilization normally charge higher private-

pay prices than those with low bed utilization. This finding is reasonable if

we believe that among non-profit homes, those with high bed utilization are

those with higher quality and those which receive higher demand, so they have

market power to charge higher prices. From column 8 of Table 1.5, the sign of
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the interaction term between the BED indicator and the For-profit indicator is

negative and significant, which means that among for-profit homes, the price

difference between those with high bed utilization and those with low bed

utilization is lower than similar differences found among non-profit homes by

$56.35.

The coefficients of the interaction term between the BED indicator and

r are all insignificant; they represent the difference in responsiveness to higher

reimbursement rates among non-profit homes with different bed-utilization

rates. Similarly, the summations of coefficients of the interaction term among

the three variables r, the BED indicator, and the For-profit indicator and the

interaction term between r and the BED indicator, reveal the difference in

responsiveness between for-profit homes with high bed-utilization rates and

those with low bed utilization. A large positive value of the coefficient of the

triple interaction term in column 8 of Table 1.5 implies that for-profit homes

with high bed-utilization rates are more responsive to higher reimbursement

rates than comparable for-profit homes with low bed utilization. This finding

could reflect the fact that for-profit homes which have high bed-utilization

rates are generally crowded with Medicaid patients, and that they have to be

more responsive to changes in reimbursement rates.

If endogeneity is an issue here, we should not obtain negative summa-

tions of coefficients in equation (1.10), since homes with higher reimbursement

rates would have to charge higher prices due to higher operating costs. We

can also say that any positive summations found could be upward biased due
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to endogeniety.35

1.5.2 Pressure Sores Rate

Table 1.6 shows that homes respond adversely to higher reimbursement

rates, as we can see from coefficient summations which are positive.36 Using

the individual home reimbursement rates in equation (1.11), the findings are

similar for various lagged values of reimbursement.

The first summations, which represent the effect of higher Medicaid

reimbursement rates on for-profit homes with low bed utilization, are positive

and highly significant. This indicates that for a home with unoccupied beds, a

higher public-pay rate is associated with lower quality. This finding contradicts

the prediction that; in the absence of excess demand, a higher public-pay

rate should always lead to higher quality because Medicaid patient demand

is upward sloping in quality. The second summations, which represents a

for-profit home with high bed utilization response to higher reimbursement

rates, are all positive indicating low quality responses, although they are not

statistically significant. The findings do not change, although they become

35The argument for the endogeneity issue is that public reimbursement rates are largely
manipulated by individual home behavior (mainly through manipulation of operating costs).
Endogeneity would cause the observed response to be higher than the actual response.

36Note that results for quality measures come from a generalized linear model in which
the logistic distribution is assumed, so the coefficients reported should not be directly inter-
preted as partial effects. The partial effect of each independent variable on the conditional

expectation of the dependent variable can be calculated from ∂E(Y/X)
∂xi

= g(Xβ)βi where

g(z) = exp(z)
(1+exp(z))2 , the probability density function of the logistic function. See Papke and

Wooldridge (1996).
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less strong, when we use county-averaged rates in place of individual home

rates.

The coefficients of income are all positive and significant, which means

that in the areas with high per capita income, there is a greater proportion of

residents with pressure sores, which is the opposite of what we would expect.

In Table 1.6, columns 5 and 6 indicate that a home with a larger proportion

of residents with severe medical conditions also has a higher proportion of

residents with pressure sores, which is not surprising.

In column 2 of Table 1.6, the coefficient of r is negative and significant,

implying better quality response to higher reimbursement rates among non-

profit homes with low bed utilization. However, the positive summation of

coefficients of r and the interaction term between the For-profit indicator and

r in the same column indicates that although a non-profit home responds with

better quality, lower quality response is found in a for-profit home.37 This

result reflects different objective functions between the two types of homes.

Moreover, columns 2 and 8 show significantly negative coefficients of the For-

profit indicator, meaning that among homes with low bed utilization, for-profit

homes provide higher quality.

37The summation of coefficients of r and the interaction term between the For-profit
indicator and r represents quality response to higher reimbursement rates among for-profit
homes with low bed utilization, as shown in Table 1.2.
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1.5.3 Indwelling or External Catheter Rate

The results from Table 1.7 show a stronger contradiction to what has

been found in recent literature: the summations of the relevant coefficients

are statistically significant and positive for for-profit homes regardless of bed

utilization level. This result indicates that higher Medicaid reimbursement

rates actually give nursing homes a disincentive to improve their quality. These

findings are similar to those found in early literature when excess Medicaid

demand is assumed.38 The degree of significance varies when we vary the level

of reimbursement rates and the number of lagged years; however, our findings

are consistent across specifications.

In almost all specifications, the first summations of coefficients are pos-

itive and statistically significant, which illustrates that for-profit homes with

low bed utilization respond adversely to higher reimbursement rates. When

we look at the second summations of coefficients, all but one specification im-

ply that there is a lower quality response to higher Medicaid rates even for a

highly occupied home. The specification for which the sign is different is not

statistically significant.39 These results are the opposite of what the theory

predicts when there is no excess demand. Additionally, column 1 of Table 1.7

gives marginally significant and positive coefficient of r, which means that non-

profit homes with low bed utilization also respond to higher Medicaid rates

with poorer quality.

38See Scanlon (1980), Nyman (1985), Dusansky (1989), and Gertler (1989).
39Column 4 in Table 1.7.
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In column 4 of Table 1.7, the significantly negative coefficient of the

For-profit indicator tells us that among homes with low bed utilization , a for-

profit home provides higher quality than a non-profit home. The coefficient

of the interaction term between the For-profit indicator and r is statistically

significant and positive, implying an adverse quality response to higher reim-

bursement rates among for-profit homes (with low bed utilization), compared

to their non-profit counterparts. Different objective functions could be an ex-

planation for this result. A negative coefficient of the BED indicator shows us

that among non-profit homes, those with high bed utilization generally have

better quality than those that are less crowded. In contrast, the summation of

the coefficients of the the For-profit indicator and the BED indicator interac-

tion term and the BED indicator coefficient is positive, which suggests that

among for-profit homes, those with high bed utilization provide lower quality

than those that are less crowded.

The summation of r and the interaction term between r and the BED

indicator tells us the quality response among non-profit homes with high bed

utilization to higher reimbursement rates. A significantly positive value of

the coefficient of the interaction term between r and the BED indicator in

column 4 implies poorer quality response among highly occupied non-profit

homes compared to non-profit homes with few beds occupied.

Moreover, the highly significant positive coefficients of the severe case

proportion indicate that nursing homes with a larger number of residents with

severe medical conditions normally have a higher proportion of residents with
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indwelling or external catheter. Again, such a finding is not surprising.

One similarity between both quality equations is that the coefficients

of Medicare bed proportion are statistically significant and positive.40 This

finding means that homes which allocate a larger proportion of their licensed

beds to Medicare patients are normally those with poorer quality. This sit-

uation could result from the fact that those homes are generally crowded by

Medicaid patients and are therefore more likely to provide poor quality.41

It is unlikely that the endogeneity of reimbursement rates is an issue

in the quality equations. We would expect homes with higher Medicaid rates

to be those with higher operating costs, which should have a direct positive

effect on quality and not the negative effect that we obtain.42

1.6 Future Research

The results found in this study come from the data of only one state. It

would be interesting to conduct a similar analysis (in which both private-pay

prices and quality are considered and different bed-utilization rates are taken

into account) using data at the national level. Any conclusion about excess

demand would be stronger with a comprehensive empirical test.

We know from the findings in this study that a higher reimbursement

40See every column of Table 1.6 and column 4-8 of Table 1.7.
41See Norton et al. (2006).
42In every specification, we include the year indicators to capture any common unobserved

trend in a particular year. Detailed results are available upon request.
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rate has a large enough impact on a home’s revenue that it is still profitable

for a home to lower its overall quality. This finding implies two possibilities:

either private-pay patient demand is quite inelastic with respect to quality,

or nursing home cost functions are very responsive to quality level, or both.

A study that investigates this situation would have policy implication for the

optimal Medicaid reimbursement rates.

Moreover, the relationship of variables other than reimbursement rate

indicates the possibility of economies of scale in this industry, which provides

a direction for future research. A study that measures the degree of economies

of scale in this industry could yield implications on how to reduce operating

costs in this health care sector.

1.7 Conclusion

The US nursing home industry has been largely financed by public

programs such as Medicaid for a long time. In an attempt to control the rising

costs in this industry, the Medicaid program makes use of the Certificate-

of-Need (CON) and construction moratorium laws to limit the number of

beds the industry can provide within a state. It is widely believed that with

low Medicaid reimbursement rates and a limited supply of beds, there exists

excess Medicaid patient demand in the market where Medicaid patients have

no choice but to accept any service available to them. Early literature finds

adverse effects of higher Medicaid reimbursement rates on quality of nursing
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homes.43

Recent studies, however, find an opposite conclusion: higher public-

pay rates lead to higher quality provided by homes. This study proposes a

theoretical extension to a model used by Dusansky (1989). Different excess

demand assumptions are used and nursing home data from Wisconsin are

employed to find the relationship between public-patient rates and nursing

home behavior. We find that a higher Medicaid reimbursement rate leads

to higher private-pay prices, and also lower quality—findings that contradict

an “absence of excess demand.” We conclude that at least in the state of

Wisconsin, excess Medicaid demand still prevails, even in recent years. Since

private-pay patients who exhaust their financial resources would eventually

become a Medicaid burden, a state authority may want to step in and monitor

both the quality a home provides and the private-pay prices it charges.

43See Scanlon (1980), Nyman (1985), Dusansky (1989), and Gertler (1989).
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Table 1.3: Descriptive Statistics

Year T19rate1 PPrate1 Pop652 Pop852 Income3 HHI4 Occupancy Wage5

1997 57.41 77.17 107.89 13.85 15.30 0.14 89.03 205.87
(3.60) (16.09) (185.87) (23.87) (2.22) (0.09) (10.17) (22.92)

1998 59.70 79.28 108.12 14.51 16.37 0.13 87.39 212.69
(3.34) (15.07) (183.31) (24.63) (2.40) (0.08) (11.05) (23.12)

1999 59.81 80.70 101.41 13.82 16.50 0.13 86.38 218.20
(3.39) (15.14) (176.05) (24.03) (2.40) (0.08) (11.41) (29.63)

2000 59.36 82.25 98.68 13.39 16.86 0.14 86.18 219.95
(3.56) (15.67) (173.90) (23.58) (2.53) (0.08) (11.99) (27.17)

2001 59.88 83.28 82.66 11.74 16.72 0.18 86.31 209.16
(3.19) (14.23) (159.82) (22.76) (2.63) (0.14) (11.38) (23.43)

2002 63.98 86.18 80.97 11.90 16.88 0.19 87.00 213.25
(4.42) (15.24) (156.76) (23.15) (2.66) (0.14) (11.19) (22.89)

2003 67.10 91.22 79.57 12.04 17.02 0.18 89.50 212.80
(4.02) (27.29) (153.84) (23.44) (2.61) (0.14) (9.15) (22.87)

2004 68.11 93.26 77.61 12.28 17.16 0.18 89.53 213.09
(3.89) (26.45) (150.81) (24.10) (2.65) (0.14) (9.28) (22.25)

2005 68.08 93.45 76.69 12.58 17.13 0.18 88.52 210.44
(5.75) (17.40) (148.66) (24.67) (2.72) (0.13) (10.08) (22.69)

Source: Wisconsin Annual Survey of Nursing Homes 1996-2005
Standard Deviations are in parentheses. All rates are in percent.
1 Adjusted by regional CPI.
2 Number of population at certain age per square mile.
3 County Averaged income in thousand dollars.
4 Herfindahl Hirchmann Index.
5 County-averaged weekly wage of nursing and residential care facilities industry.
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Table 1.4: Descriptive Statistics

Year HHA6 Forprof SNF7 ICF8 Res.9 Severe Catheter Sores

1997 16.90 47.97 84.76 14.71 0.07 0.14 5.70 4.82
(5.00) (50.04) (11.47) (11.33) (0.51) (1.51) (3.81) (3.68)

1998 15.52 51.59 86.35 13.11 0.06 0.09 5.93 5.01
(5.75) (50.05) (11.89) (11.66) (0.65) (0.84) (4.02) (3.46)

1999 13.57 50.16 88.05 11.50 0.09 0.02 5.92 5.13
(4.30) (50.08) (10.70) (10.41) (1.03) (0.19) (3.54) (3.70)

2000 12.85 50.47 89.65 9.77 0.08 0.14 5.82 5.37
(3.56) (50.08) (9.84) (9.47) (0.94) (1.40) (3.65) (3.83)

2001 12.45 48.90 92.00 7.48 0.03 0.12 6.03 5.16
(3.57) (50.06) (7.11) (6.79) (0.25) (1.45) (3.45) (3.64)

2002 12.07 48.90 92.76 6.76 0.04 0.09 6.25 5.51
(3.51) (50.06) (8.80) (8.41) (0.43) (1.14) (3.79) (3.79)

2003 12.05 47.66 93.60 5.66 0.04 0.38 6.62 5.71
(3.58) (50.01) (9.33) (7.61) (0.53) (5.38) (5.61) (4.62)

2004 12.00 49.29 95.26 4.03 0.02 0.37 6.90 5.67
(3.80) (50.07) (7.20) (4.74) (0.28) (5.43) (6.23) (4.51)

2005 12.05 49.57 96.48 3.07 0.04 0.13 6.79 5.76
(3.54) (50.07) (5.22) (4.42) (0.67) (1.52) (4.33) (4.08)

Source: Wisconsin Annual Survey of Nursing Homes 1996-2005
Standard Deviations are in parentheses. All rates are in percent.
6 Home Health Agency Utilization rate.
7 Skilled Nursing Facilities Care.
8 Intermediate Care Facilities Care.
9 Residential Level Care.
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Figure 1.1: Trend in different variables in the nursing home industry.
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Table 1.5: Private-Pay Price Equation

(1) (2) (3) (4) (5) (6) (7) (8)

Pop65 0.01 0.01 0.02 0.02 0.03 0.03 0.05 0.04
(0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03)

Pop85 0.02 0.02 -0.05 -0.008 -0.07 -0.09 -0.20 -0.15
(0.22) (0.21) (0.23) (0.24) (0.21) (0.21) (0.22) (0.23)

Income 1.18*** 1.17*** 1.17*** 1.12*** 1.32*** 1.25*** 1.19*** 1.17***
(0.20) (0.21) (0.22) (0.23) (0.22) (0.22) (0.23) (0.26)

HHI -9.26** -9.84** -10.18** -11.25*** -9.22** -9.71** -10.16** -11.29***
(4.14) (4.14) (4.06) (4.11) (4.22) (4.21) (4.11) (4.22)

FLP rate -2.34*** -2.24*** -2.55*** -1.99*** -1.81*** -1.61*** -1.62*** -1.38***
(0.37) (0.37) (0.38) (0.25) (0.43) (0.50) (0.45) (0.30)

Medicarebed 0.009 0.008 0.01 0.02 0.01 0.01 0.02 0.02
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

SNF 1.02*** 0.76** 0.86*** 0.93*** 0.27 0.25 0.24 0.30
(0.37) (0.36) (0.30) (0.35) (0.31) (0.31) (0.29) (0.25)

ICF 0.92** 0.65* 0.76** 0.82** 0.07 0.06 0.05 0.09
(0.38) (0.37) (0.31) (0.37) (0.32) (0.32) (0.30) (0.26)

Residential - - - - -0.12 -0.16 -0.19 -0.11
- - - - (0.40) (0.40) (0.39) (0.37)

Ddhigh 0.75 0.52 0.59 0.57 - - - -
(0.46) (0.45) (0.38) (0.41) - - - -

Ddlow 0.05 -0.16 -0.24 0.05 -0.85 -0.82 -1.03 -0.87
(0.72) (0.70) (0.71) (0.69) (0.77) (0.77) (0.81) (0.77)

Severecase 4.009*** 3.66*** 4.41*** 4.70*** 3.92*** 3.89*** 4.001*** 4.08***
(0.46) (0.43) (0.38) (0.55) (0.40) (0.40) (0.35) (0.30)

HHA 0.04 0.05 0.03 0.12 -0.01 -0.005 0.004 0.02
(0.10) (0.10) (0.10) (0.13) (0.12) (0.12) (0.13) (0.16)

Nurse Wage 0.15*** 0.15*** 0.14*** 0.13*** 0.13*** 0.13*** 0.11*** 0.10***
(0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.03)

r 0.46*** 0.55*** 0.49** 0.67*** 0.62*** 0.84*** 1.05*** 1.25***
(0.12) (0.14) (0.20) (0.13) (0.15) (0.18) (0.18) (0.21)

Forprof ∗ r -0.50*** -0.70*** -0.40** -0.52*** -0.61*** -0.80*** -0.74*** -0.88***
(0.15) (0.16) (0.19) (0.15) (0.14) (0.15) (0.16) (0.21)

Period Current 1 Lagged 2 Lagged 3 Lagged Current 1 Lagged 2 Lagged 3 Lagged
r Level Individual Individual Individual Individual County County County County
Observations 3,039 3,034 2,730 2,410 3,143 3,143 2,836 2,509
R-squared 0.62 0.63 0.65 0.60 0.58 0.58 0.61 0.62
Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 1.5 – Continued

(1) (2) (3) (4) (5) (6) (7) (8)

BED ∗ r 0.04 0.001 0.24 0.21 0.20 -0.10 -0.18 -0.46
(0.17) (0.21) (0.25) (0.22) (0.24) (0.27) (0.31) (0.36)

r ∗BED ∗ Forprof -0.50 0.13 -0.36 -0.28 -0.39 0.28 0.28 0.88**
(0.46) (0.31) (0.35) (0.45) (0.47) (0.37) (0.48) (0.41)

Forprof ∗BED 28.97 -10.96 18.39 12.91 21.57 -20.31 -19.69 -56.35**
(28.98) (19.28) (21.22) (26.04) (28.67) (21.95) (28.28) (24.27)

Forprof 29.37*** 40.97*** 21.75* 28.80*** 35.01*** 45.83*** 41.34*** 48.73***
(9.06) (9.69) (11.36) (9.03) (8.92) (9.12) (9.36) (12.17)

BED 0.29 2.92 -11.67 -9.50 -9.76 8.96 13.20 29.88
(11.02) (12.63) (15.13) (12.70) (14.68) (16.12) (18.26) (21.15)

r + r ∗ Forprof -0.05 -0.16 0.09* 0.15 0.01 0.04 0.31** 0.36**
(0.09) (0.12) (0.05) (0.10) (0.17) (0.20) (0.15) (0.18)

r + Forprof ∗ r
-0.51 -0.02 -0.03 0.08 -0.18 0.22 0.41 0.78***

+BED ∗ r + r ∗BED ∗ Forprof
(0.42) (0.23) (0.25) (0.40) (0.42) (0.25) (0.38) (0.18)

Constant 60.97 75.86 91.40** 40.35 95.30** 72.34 65.50 36.33
(47.90) (47.88) (46.03) (40.64) (44.71) (48.64) (43.08) (34.64)

Year Dummies Yes Yes Yes Yes Yes Yes Yes Yes
Period Current 1 Lagged 2 Lagged 3 Lagged Current 1 Lagged 2 Lagged 3 Lagged
r Level Individual Individual Individual Individual County County County County
Observations 3,039 3,034 2,730 2,410 3,143 3,143 2,836 2,509
R-squared 0.62 0.63 0.65 0.60 0.58 0.58 0.61 0.62
Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 1.6: Sores Rate Equation

(1) (2) (3) (4) (5) (6) (7) (8)

Pop65 -9.48e-05 -0.0003 -0.0003 0.0005 -0.0001 4.83e-05 -0.0002 0.0004
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Pop85 0.005 0.006 0.006 0.001 0.005 0.004 0.006 0.002
(0.008) (0.008) (0.008) (0.008) (0.007) (0.007) (0.008) (0.008)

income 0.03*** 0.03*** 0.03*** 0.03*** 0.02*** 0.02** 0.03*** 0.02**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

HHI 0.28 0.30 0.30 0.26 0.21 0.22 0.22 0.22
(0.26) (0.26) (0.27) (0.27) (0.26) (0.26) (0.27) (0.27)

FLP rate -0.004 -0.006 0.005 -0.01 0.02 0.03 0.02 0.007
(0.02) (0.02) (0.02) (0.01) (0.02) (0.02) (0.02) (0.02)

Medicarebed 0.002** 0.001** 0.002** 0.002** 0.002*** 0.002*** 0.002*** 0.002***
(0.0006) (0.0006) (0.0007) (0.0007) (0.0006) (0.0006) (0.0007) (0.0007)

SNF 0.01 0.03 0.03 0.02 0.02 0.02 -0.03 -0.04
(0.04) (0.05) (0.05) (0.04) (0.01) (0.01) (0.04) (0.04)

ICF 0.006 0.02 0.02 0.01 0.01 0.01 -0.04 -0.05
(0.04) (0.05) (0.05) (0.04) (0.01) (0.01) (0.04) (0.04)

residenlevel - - - - 0.04* 0.03* -0.007 -0.01
- - - - (0.02) (0.02) (0.04) (0.04)

Ddhigh -0.006 0.01 0.009 -0.01 - - -0.05 -0.07
(0.04) (0.05) (0.05) (0.04) - - (0.05) (0.05)

Ddlow 0.06 0.07 0.07 0.06 0.06 0.06 - -
(0.06) (0.06) (0.06) (0.06) (0.04) (0.04) - -

Severecase 0.03 0.05 0.05 0.04 0.04*** 0.04*** -0.004 -0.02
(0.04) (0.05) (0.05) (0.04) (0.01) (0.01) (0.04) (0.04)

HHA 0.005 0.007 0.006 0.007 0.005 0.005 0.004 0.007
(0.006) (0.006) (0.006) (0.008) (0.006) (0.006) (0.007) (0.008)

Nurse Wage -0.0002 -0.0001 -0.0007 -0.0007 -0.0003 -0.0006 -0.0009 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

r 0.001 -0.004*** 0.005 -0.0003 0.002 0.01 0.004 0.003
(0.002) (0.001) (0.003) (0.003) (0.006) (0.007) (0.008) (0.009)

Forprof ∗ r 0.001 0.009*** -0.001 0.005 0.004 0.002 0.006 0.02**
(0.004) (0.002) (0.003) (0.003) (0.006) (0.007) (0.008) (0.009)

BED ∗ r -0.01 -0.001 -0.01 0.003 0.009 0.008 0.01 0.009
Period Current 1 Lagged 2 Lagged 3 Lagged Current 1 Lagged 2 Lagged 3 Lagged
r Level Individual Individual Individual Individual County County County County
Observations 3,074 3,069 2,756 2,434 3,231 3,231 2,912 2,577
Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 1.6 – Continued

(1) (2) (3) (4) (5) (6) (7) (8)

(0.008) (0.008) (0.009) (0.01) (0.01) (0.01) (0.01) (0.01)
r ∗BED ∗ Forprof 0.009 0.005 0.02 0.003 0.002 -0.002 -0.008 -0.03

(0.02) (0.02) (0.02) (0.03) (0.03) (0.03) (0.04) (0.04)
Forprof ∗BED -0.57 -0.30 -1.05 -0.20 -0.11 0.13 0.49 1.69

(1.04) (0.99) (0.97) (1.51) (1.94) (1.62) (2.33) (2.40)
Forprof -0.004 -0.46*** 0.13 -0.28 -0.16 -0.07 -0.32 -1.09*

(0.23) (0.12) (0.21) (0.20) (0.40) (0.41) (0.46) (0.56)
BED 0.37 -0.18 0.41 -0.48 -0.86 -0.77 -0.91 -0.88

(0.52) (0.48) (0.56) (0.71) (0.73) (0.64) (0.73) (0.81)
r + r ∗ Forprof 0.003 0.005*** 0.004** 0.005** 0.006 0.01* 0.01 0.02**

(0.004) (0.001) (0.002) (0.002) (0.007) (0.007) (0.008) (0.009)
r + Forprof ∗ r

0.002 0.008 0.01 0.01 0.02 0.02 0.01 0.003
+BED ∗ r + r ∗BED ∗ Forprof

(0.01) (0.01) (0.01) (0.02) (0.03) (0.02) (0.04) (0.04)
Constant -4.47 -5.71 -7.20 -4.46 -6.59*** -7.97*** -2.49 -0.19

(4.27) (4.92) (5.15) (4.25) (1.98) (1.99) (4.41) (4.71)
Year Dummies Yes Yes Yes Yes Yes Yes Yes Yes
Period Current 1 Lagged 2 Lagged 3 Lagged Current 1 Lagged 2 Lagged 3 Lagged
r Level Individual Individual Individual Individual County County County County
Observations 3,074 3,069 2,756 2,434 3,231 3,231 2,912 2,577
Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 1.7: Catheter Rate Equation

(1) (2) (3) (4) (5) (6) (7) (8)

Pop65 0.0005 0.0008 0.0006 0.0003 0.001 0.001 0.001 0.0004
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002)

Pop85 -0.002 -0.004 -0.002 9.10e-05 -0.005 -0.005 -0.005 -0.001
(0.007) (0.007) (0.008) (0.008) (0.008) (0.008) (0.01) (0.01)

Income 0.02** 0.03*** 0.03*** 0.03*** 0.02* 0.02* 0.02* 0.02*
(0.01) (0.01) (0.01) (0.01) (0.009) (0.009) (0.01) (0.01)

HHI -0.07 -0.10 -0.06 -0.06 -0.05 -0.05 -0.02 0.009
(0.24) (0.24) (0.24) (0.24) (0.26) (0.26) (0.27) (0.27)

FLP rate 0.005 -0.01 0.003 -0.007 0.03 0.03 0.04* 0.02
(0.02) (0.02) (0.02) (0.01) (0.02) (0.02) (0.03) (0.02)

Medicarebed 0.0006 0.0006 0.0009 0.001* 0.001* 0.001* 0.001** 0.002**
(0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007)

SNF 0.009 0.006 0.02* 0.02 0.02 0.01 0.002 -0.002
(0.009) (0.009) (0.009) (0.01) (0.02) (0.02) (0.02) (0.02)

ICF 0.0007 -0.003 0.006 0.005 0.002 0.001 -0.01 -0.016
(0.01) (0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.022)

Residential - - - - 0.03 0.03 0.01 0.009
- - - - (0.02) (0.02) (0.02) (0.02)

Ddhigh -0.003 -0.005 0.002 0.0009 - - -0.01 -0.02
(0.02) (0.02) (0.02) (0.02) - - (0.03) (0.04)

Ddlow 0.02 0.01 0.02 0.02 0.02 0.02 - -
(0.02) (0.02) (0.02) (0.03) (0.03) (0.03) - -

Severecase 0.04*** 0.06*** 0.07*** 0.07*** 0.06*** 0.05*** 0.04** 0.04*
(0.009) (0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.02)

HHA 0.001 0.001 0.002 0.002 0.0009 0.001 0.0009 -0.0002
(0.006) (0.006) (0.006) (0.007) (0.007) (0.007) (0.007) (0.009)

Nurse Wage 0.001 0.001 0.0004 0.0004 0.002 0.001 0.0009 0.0008
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

r 0.009* -0.003 0.0004 -0.006 0.01 0.01 0.01 0.01
(0.005) (0.003) (0.004) (0.005) (0.007) (0.008) (0.008) (0.01)

Forprof ∗ r -0.003 0.004 0.01** 0.02*** 0.0005 0.001 0.01 0.02
(0.005) (0.003) (0.005) (0.005) (0.006) (0.006) (0.008) (0.01)

BED ∗ r -0.007 0.008 0.007 0.02** 0.006 0.0003 0.006 0.006
Period Current 1 Lagged 2 Lagged 3 Lagged Current 1 Lagged 2 Lagged 3 Lagged
r Level Individual Individual Individual Individual County County County County
Observations 3,074 3,069 2,756 2,434 3,231 3,231 2,912 2,577
Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 1.7 – Continued

(1) (2) (3) (4) (5) (6) (7) (8)

(0.009) (0.007) (0.008) (0.009) (0.01) (0.01) (0.01) (0.02)
r ∗BED ∗ Forprof 0.02* 0.002 -0.01 -0.04** 0.03 0.02 0.003 -0.02

(0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.04) (0.04)
Forprof ∗BED -1.30** -0.25 0.57 2.34** -2.24 -1.58 -0.20 1.18

(0.65) (0.59) (0.65) (1.12) (1.50) (1.39) (2.16) (2.22)
Forprof 0.30 -0.17 -0.48 -0.95*** 0.01 -0.02 -0.57 -1.07

(0.32) (0.20) (0.29) (0.31) (0.38) (0.40) (0.50) (0.73)
BED 0.35 -0.56 -0.56 -1.38*** -0.55 -0.19 -0.57 -0.57

(0.59) (0.48) (0.50) (0.53) (0.93) (0.78) (0.83) (1.06)
r + r ∗ Forprof 0.006** 0.001 0.01*** 0.01*** 0.01* 0.01** 0.02* 0.03**

(0.002) (0.001) (0.001) (0.002) (0.007) (0.006) (0.01) (0.02)
r + Forprof ∗ r

0.02*** 0.01 0.007 -0.008 0.05*** 0.04** 0.03 0.02
+BED ∗ r + r ∗BED ∗ Forprof

(0.004) (0.007) (0.007) (0.02) (0.02) (0.02) (0.03) (0.03)
Constant -5.20*** -3.19** -5.06*** -4.07*** -7.52*** -7.48*** -7.01** -5.20*

(1.51) (1.46) (1.53) (1.48) (2.17) (2.12) (2.92) (2.87)
Year Dummies Yes Yes Yes Yes Yes Yes Yes Yes
Period Current 1 Lagged 2 Lagged 3 Lagged Current 1 Lagged 2 Lagged 3 Lagged
r Level Individual Individual Individual Individual County County County County
Observations 3,074 3,069 2,756 2,434 3,231 3,231 2,912 2,577
Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 1.8: Variables Definition

Variable Definition
Pop65 Number of population over 65 years old in a county per square mile.

Pop85 Number of population over 85 years old in a county per square mile.

Income Average per capita income in a county, adjusted by regional CPI

HHI Hirfindahl Hirchmann Index, concentration index

FLP rate Female Labor Force Participation rate

Medicarebed Proportion of licensed bed approved for Medcicare patients

SNF Percent of residents requiring Skilled Nursing care level

ICF Percent of residents requiring Intermediate care level

Residential Percent of residents requiring residential care level

Ddhigh Percent of residents categorized as having severe developmentally disabilities

Ddlow Percent of residents categorized as having low level developmentally disabilities

Severecase Percent of residents in either Traumatic Brain Injury or Ventilator Dependent department

HHA County Home Health Agency Utilization rate

Nurse Wage County nursing and residential facilities industry weekly wage, adjusted by regional CPI

r Medicaid reimbursement rate
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Chapter 2

The Effect of a Universal Coverage Scheme on

Primary Health Care Utilization in Thailand

Introduction

In 2001, there was a major change in the Health Security System in

Thailand, where a large number of people who work in an informal sector

of the economy still lack any form of health insurance. The “30 Baht Cure

All Policy” introduced during the election campaign in 2001 by the Thai Rak

Thai party led to the launch of the Universal Health Care Scheme which has

covered approximately 73 % of the Thai population.1

The reform issued a Universal Coverage (UC) card to three groups

of people in the society. The health insurance status of a person prior to

the reform determined the type of card he would be issued, and different card

types required different co-payments for health care services. Among the three

groups, only one group experienced no change in the way they accessed health

care, while the other two did. Since the reform was planned and implemented

solely by the government, it could be considered a change in health care pricing

that was “exogenous” to a person’s behavior. This change constitutes what is

1This scheme covered around 78.6 % of population in 2009.
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called a natural experiment in which one group of people receives an exogenous

treatment and the other group does not. This type of situation allows us to

employ a difference-in-differences analysis to examine the policy effect. The

purpose of this study is to measure the degree of incentive distortion introduced

by a reduction in health care price among (uninsured) Thai citizens after the

reform. Using a national survey of health care utilization conducted by the

National Statistical Office of Thailand, we also want to explore implications for

the size of the price elasticity of demand for health care services at a primary

care facility.

There are various studies that try to find the relationship between

health care prices or health insurance and health care utilization. For ex-

ample, a study by Lichtenberg (2002) reveals that there is a sudden increase

in the utilization of ambulatory care and inpatient care among American citi-

zens at the age of 65 when they become eligible for Medicare benefits.2 Card et

al. (2008) obtain similar findings, specifically that availability of health insur-

ance (Medicare) reduces the probability of delaying or not receiving medical

care and increases the probability of routine doctor visits among those with no

coverage before the age of 65; additionally, health insurance increases hospital

admission rates of people at the age of 65. Decker (2005) finds that the use

of certain health services including mammographies increases discontinuously

2Medicare Part A provides hospital insurance to American citizens over 65 years of age
or those with certain disabilities. This insurance requires no premium and covers inpatient
care in skilled nursing facilities, critical access hospitals, and hospitals, etc. A person could
enroll in other types of insurance (outpatient care, doctor’s services, or prescription drug),
but these require additional premiums. See http://www.medicare.gov/.
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at age 65, especially for women with low education and women in minority

groups. Riphahn et al. (2003) apply a bivariate panel log normal Poisson

model to the German Socioeconomic Panel (GSOEP) dataset and find that

the presence of add-on insurance is correlated with higher demand for hospital

visits.

The Rand Health Insurance Experiment (HIE) randomly assigned par-

ticipating families to different insurance plans. Their medical services uti-

lization was observed over a period of time and shows that there were sig-

nificantly higher outpatient visit rates and expenses associated with families

under plans with greater insurance generosity, although no significant differ-

ences were found in the use of inpatient services (including the probability of

any inpatient use, total admission rates, and inpatient expenses). The study

estimates price elasticities for various types of care in the range of -0.1 to -0.2.3

The difference-in-differences (DID) methodology used in this study is

widely employed in empirical economic literature. For example, a study by

Hamermesh and Trejo (2000) uses the difference-in-differences method to study

the effect of the extension of the overtime penalty law to cover male workers in

California. Using male workers in other states and female workers in California

as control groups, they derive an estimate of the price elasticity of demand for

overtime hours. Gruber and Poterba (1994) estimate the effect of the Tax

Reform Act of 1986 (TRA86), which changed the tax treatment of insurance

3Price elasticities for outpatient care vary from -0.13 to -0.21. See Manning (1987).
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purchases by self-employed individuals. In this study, Gruber and Poterba use

the limited dependent variable model (probit model) and the difference-in-

differences method, and use employed workers and high income self-employed

workers as control groups to estimate the semi-elasticity of insurance coverage

with respect to the after-tax price of insurance.4

An analysis that treats two groups directly affected by a UC card is-

suance as a single treatment group shows that there is either no significant

effect or a small positive effect of the reform on the utilization rate. This

finding implies a possibility of two countervailing forces yielding the results.

This study, in turn, investigates the issue in more detail.

When we treat the two groups differently, the findings from the DID

analysis show that the post-reform reduction in the price of health care induces

Thai people (UC card holders who used to be uninsured) to increase their

treatment rate at a primary care facility by around 9-12 %. This result depends

on the non-treatment groups used to control for secular trends in the use

of primary care facilities and the degree of flexibility allowed in the control

variables, but does not differ based on the inclusion of the severity of illness in

the estimation. Demand elasticity is estimated to be between -1.36 and -0.58.

Clearly, econometric separation of the two groups matters.

The reform also induces UC card holders who used to possess a gov-

ernment Voluntary Health Card to decrease their utilization rate at a primary

4Also see Dave and Kaestner (2009), Finkelstein (2008), Gruber (1994).
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care facility. This utilization rate decreases because prior to the reform, this

card required zero marginal cost of doctor visits and treatment,5 but since the

reform, the marginal cost is no longer zero.

This chapter is divided into 7 sections. The first section gives a general

idea about the health care system in Thailand, followed by a description of

the data used in the analysis. The third section discusses the modelling of

the health care utilization of the Thai people. The Difference-in-Differences

strategy is explored in the fourth section. Empirical results are reported and

interpreted in the fifth section. A check for spurious results is examined in the

sixth section. The last section concludes the chapter.

2.1 Overview of the Health Care System in Thailand

2.1.1 Pre-Universal Coverage Period: Pre-2002

According to the Thailand Health Profile Report 2005-2007, Thailand

had five major health insurance schemes that covered its population before

2002.

2.1.1.1 Medical Services for the Poor Project

The Medical Services for the Poor project was initiated in 1975 with

the objective of providing medical services to the poor and the underprivi-

leged in Thai society. Those with an income under the poverty level obtained

5A card costs around $34 and provides medical services free of charge to every member
of a household for one year.
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free medical service cards that were valid for a three-year period. The project

underwent many changes over time including changes in the criteria for enroll-

ment used and changes in provider choices. However, the major noteworthy

changes include its extension to cover the following populations: the elderly

(60 years of age and above) in 1989; children under 15 years of age, the dis-

abled, veterans6, and religious leaders7 in 1992; and community leaders and

village health volunteers8 in 1994.

The services covered include outpatient and inpatient medical services

at health care facilities under the Ministry of Public Health with some excep-

tions for certain services.9 The scheme was initially managed at the central

level, while a further allocation of budget funds to health facilities was made by

the provincial authorities. Beginning in 1997, the capitation payment system

was adopted under which provinces were allotted an annual budget according

to the number of people registered under the project. At around the same time,

a pilot financial management project was launched in 6 provinces in which a

capitation rate was used for outpatient services, while a DRG-weighted global

budget10 governed inpatient services.11 This model was later adopted as the

6and their family members.
7including priests and Buddhist monks.
8including their family members.
9There had been changes over time in the type of facilities a cardholder could use. See

Wibulpolprasert (2008).
10Diagnosis Related Group payment system with global budget constraints.
11Thailand had to take loans from the World Bank under the Social Investment Project

(SIP) to manage its public health system due to an ongoing economic crisis during that
time.
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Universal Coverage Scheme in 2002. This insurance project covered approxi-

mately 30 % of the population in 2001.

2.1.1.2 Voluntary Health Card Project

The Voluntary Health Card project was launched in 1983, and in its

initial phase, an individual or a household could buy a low-priced health card

that would give them access to almost all of the medical care services similar to

those provided by the Medical Service for the Poor Project, with a limitation

on the number of visits and a ceiling on coverage. The project relied heavily

on a referral system.12 Community funds were used to support the project

during this time. In its second phase (until 2001), the government stepped

in to subsidize half the price of a card, which was valid for one year for a

household with no more than five family members.13 The project was run

under the national and provincial health insurance fund during this phase. In

2001, the scheme covered 23.40 % of the Thai population.

This scheme, despite its popularity among the rural population, suffered

from the problem of adverse selection.

12This scheme was a system in which a patient had to obtain a referral from a primary
health center before going to a hospital to get further medical care.

13In its last phase, the government subsidized two-thirds of the card price and there was
no limitation on the number of visits.
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2.1.1.3 Civil Servants Medical Benefits Scheme (CSMBS)

The Civil Servant Medical Benefits scheme was launched in 1978, as

one of the fringe benefits for those working in government or state enter-

prises to compensate for their lower-than-normal income.14 This program

continues to cover those working as central government civil servants or per-

manent employees in a state enterprise, their spouses, their parents and two

children under the age of 18 years old.15 The program also covers those under

a government-/state-enterprise sponsored pension plan. A person under the

central or provincial administration agencies who seeks outpatient (OP) ser-

vices at any public health facility can obtain a full cost reimbursement from the

Comptroller General Department (CGD), Ministry of Finance whose respon-

sibility is to manage the government budget for this scheme.16 For inpatient

(IP) services, a hospital is required to submit the claims directly to the CGD

in order to get full cost reimbursement, and the payment is made on a Fee-

For-Services basis.17 Meanwhile, those under local administration agencies or

state enterprises obtain their benefits from their own organizations. In 2001,

this scheme covered around 8.50 % of the Thai population.

14As compared to those working in the private sector.
15Benefits for those under state enterprises are said to have had fewer exceptions compared

to those under central government, however.
16In 2007, beneficiaries could register with their preferred providers and no payment was

needed at the point of service, as the CGD would pay all the OP cost to the providers
directly.

17Due to a continuous escalation of health care costs under this scheme, the CGD has
applied the Diagnosis Related Group (DRG) system for IP services since 2007. This change
is similar to that made in the Medicare program in 1983.
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2.1.1.4 Private Sector Compulsory Health Insurance Scheme

The Private Sector Compulsory Health Insurance scheme consists of

two schemes that provide health insurance coverage to those working in the

private sector in Thailand. The Social Security Scheme (SSS) provides

social health insurance to all private employees and government temporary

employees. This scheme was established in 1990 under the Social Security

Act.18 SSS covers employees’ non-work related illnesses, including disability

and deaths. This scheme covers OP and IP services, medication, dental care,

maternity care, and physical check-up expenses at the scheme’s contracted

providers. Beneficiaries19 have to register at a public or private hospital that

satisfies the contracted provider conditions of the scheme. The financing of

the scheme is managed by the Social Security Office (SSO) of the Ministry of

Labor where a tripartite contribution system is used; namely, the employee,

employer and the government each contribute 1.50 % (a total of 4.50 %) of

the employee’s insurable earnings to the fund.20 The scheme uses an inclusive

capitation payment system, where providers receive a capitation amount for all

medical services provided including both OP and IP services, for the purpose

of cost containment with some risk-/utilization-adjusted incremental payments

and a fee for services for some specific treatments; see Sakunphanit (2008). In

2001, it covered 7.60 % of the Thai population.

18Initially, it applied to workplaces with 20 employees or more. In subsequent years, there
was an extension to cover businesses with 10 employees, 5 employees, and 1 employee.

19excluding family members.
20With the ceiling on insurable earning, the SSS contribution structure results in less

progressivity over time. See Tangcharoensathien (2010).
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The second scheme is the Workmen’s Compensation Fund which

provides coverage for all work-related illnesses, injuries, disability or death.

The contribution comes solely from the employers based on the industrial

classification of their establishments and their experience rating adjustment.21

2.1.1.5 Private Voluntary Health Insurance

Private Voluntary Health Insurance in Thailand is not popular and is

normally concentrated among those with high income. This type of insurance

is usually combined with a life insurance or accident insurance package where

the premiums depend on the risk rating of buyers; the use of pre-existing

conditions is prevalent. The types of services covered depends primarily on

the type of plan a person purchases. A retrospective reimbursement system

is commonly observed. In 2001, only 1.2 % of the Thai population reported

having private health insurance.

2.1.2 Post-Universal Coverage Period: Post-2002

Beginning in April 2001, the “30 Baht Cure All Policy”22 was launched

as a pilot project in 6 provinces across various regions. An additional 15

provinces were added to the project in June of 2001. The policy began provid-

ing nationwide coverage in April of 2002. The National Health Security Act of

2002 became effective in November of 2002 when the National Health Security

21See Tangcharoensathien (2010).
2230 Baht=$0.70 at that time.
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Office (NHSO) was established as the organization responsible for the entire

operation of the Universal Coverage Scheme. This act provides a comprehen-

sive medical insurance package to those citizens who are neither CSMBS nor

SSS beneficiaries.

After April of 2002, a Thai citizen would be covered by one of the

three public health insurance schemes, either the Civil Servants Medical Ben-

efits (CSMBS), the Social Security Scheme (SSS) or the Universal Coverage

Scheme (UCS). Those individuals under the UCS (i.e., those with the “gold

card”) could access inpatient and outpatient services,23 maternity services and

dental care,24 annual check-ups, disease prevention, health promotion, and pre-

scription drugs.25 There are basically two types of gold cards, the first being

“exempted gold card”, which is one with no co-payment required. This type

of card was issued to those previously under the Medical Services for the Poor

Project, while those previously uninsured or those previously under the Vol-

untary Health Card Project would be issued a non-exempted gold card.26 If

someone had a non-exempted gold card, they paid 30 Baht per visit/episode27

to the registered provider network (including Contracted Units of Primary

Care (CUPs) and the secondary/tertiary healthcare providers in the same

23These include costly treatments such as radiotherapy or chemotherapy for patients with
cancer or the Renal Replacement Therapy (RRT) for those with End Stage Renal Disease
(ESRD), a service added into the package recently.

24These services have exceptions for some special conditions.
25Prescription drugs are restricted to those under the Essential Drug list.
26This method created problems because the assignment relied too much on the previous

schemes, which have suffered from the problems of inaccurate card issuance.
27In November of 2006, the National Health Security Board approved the termination of

the 30 Baht co-payment so as to reduce administrative costs associated with its collection.
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network).28

The UC Scheme is financed mainly by general tax revenue—the same

source that finances the CSMBS program. A study by Tangcharoensathien

(2010) concludes that this financing mechanism, which relies heavily on per-

sonal/corporate income tax, results in an overall progressive health security

system.

The Universal Coverage Scheme uses an exclusive capitation payment

system in which the Contracted Unit of Primary Care (CUP) receives ambula-

tory care compensation on a capitation basis and pays for referred outpatient

cases. The inpatient services are paid by the Diagnosis Related Group (DRG)

using a weighted global budget mechanism; see Srithamrongsawat (2004).

2.2 Data

Health and Welfare Survey (HWS)

The Health and Welfare Survey is a household survey that was con-

ducted every 5 years from 1981 to 2001 by the National Statistical Office of

Thailand (NSO). Due to the launch of the Universal Coverage Program in 2002,

the Ministry of Public Health and the National Statistical Office of Thailand

have worked together to conduct the survey every two years since 2001. The

survey is an interview survey that obtains information from each member in a

household regarding health care utilization, including outpatient and inpatient

28For further details, see Appendix B.1.
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services. The survey also asks questions about medical care expenses, health

insurance status, illness conditions requiring treatment(s), and health-related

behaviors such as smoking or drinking. Basic socioeconomic characteristics are

also provided. Around 26,000 households are surveyed across the country each

year. Using a stratified two-stage sampling method, NSO obtains information

from approximately 70,000 nationally representative individuals in each sur-

vey. In this study, I will use the data before and after the reform took place

in 2002, specifically the data from 1996, 2003, and 2006.

From Table 2.1, we can see that those under the CSMBS program are

mostly highly educated people. Those under the SSS scheme are the youngest

group. Both groups normally live in urban areas, which is expected since their

workplaces are likely located in metro areas. SSS beneficiaries are the least

likely to be married, although family size is quite similar across groups. Those

under the Welfare Card program have the lowest level of education, and if the

number of days off from sickness is used as a measure of health status, these

Welfare Card holders are also the least healthy. We can see that those directly

treated by the reform are largely comparable to those under the Welfare Card

program.

Since the variable of interest is health care utilization at a primary

health care facility, we restrict our sample to those who reported having some

kind of illness during the month immediately before the date of the survey.

Moreover, those younger than 15 years old and older than 60 years old are

omitted from the analysis because the majority of people in these two groups
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reported themselves in different health insurance categories, despite the fact

that they should have been under the Welfare Card program.

2.3 Primary Care Facility Demand

Thai people have many choices for the treatment of illness. Their

choices vary from using traditional medicine, herbal medicine, self care, or go-

ing to public or private health care providers.29 In order to gauge the impact

of the Universal Coverage Scheme on people’s decision to treat their illnesses

at public health care facilities, we use a latent model of individual health care

demand at (primary) public health providers as a function of various charac-

teristics:

PH∗i = Xiδ + εi

where PH∗i= latent variable of primary health care facility demand, Xi =

control variables and εi = unobserved disturbance term

In reality, we cannot observe PH∗i, we only observe the actual decision

of whether a person chooses to treat his or her illness at a primary care facility.

That is, we observe PHi = 1 if PH∗i > 0, and we observe PHi=0 if PH∗i < 0.

29The cost differences are quite large between public and private facilities because those
who choose to go to less costly public providers usually experience long wait times and an
unfriendly environment.
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If we assume a standard normal distribution for ε then we obtain

Pr(PHi = 1) = Pr(PH∗i > 0)

= Pr(εi > −(Xiδ))

= Φ(Xiδ),

where Φ is the cumulative distribution function of a standard normal random

variable. Therefore, we can use the probit model to estimate a decision to

treat illnesses at a primary health care facility.30

2.4 The Effect of the Universal Coverage Scheme

2.4.1 Difference-in-Differences Estimation

In order to identify the effect of the establishment of the Universal

Coverage Scheme in 2002 on public health care utilization among the Thais,

we will calculate a difference-in-differences estimator.31 There are two possible

impacts in which we are interested.

Those previously uninsured and those previously covered under the

Voluntary Health Card program were assigned into the non-exempted gold

card group (co-payment is required), and thus, these groups could be used as

the treatment group. In this case, the effect of the reform could be different

between the two groups, and they are going to be estimated in the following

30See Wooldridge (2001).
31See Hamermesh and Trejo (2000), Gruber (1994), Gruber and Poterba (1994), Dave

and Kaestner (2009), Finkelstein (2007, 2008).
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analysis. However, those who were under the Medical Service for the Poor

program before 2002 would be assigned into the exempted gold card group

(services are free of charge), and thus they were not affected by the Universal

Coverage Scheme and could be used as a control group. Moreover, those under

the CSMBS and SSS who are not eligible for the benefits from the reform are

also potential secondary control groups.

This study uses both a linear probability model and a probit model

to estimate individual health care demand at primary (public) health care

providers, i.e., Y is a 0/1 indicator of whether a person had his or her most

recent illness treated at a primary care facility.32

Treated VS. Control, Pre- and Post-Universal Coverage Scheme

The estimator for the effect of the scheme can be represented by the

following equation:

DID = [Y postUC
t − Y preUC

t ]− [Y postUC
c − Y preUC

c ]

where Y= outcome variable of interest, t= treated group, and c= control

group.

The underlying assumption we use here is that absent the reform, any

post-2002 changes in utilization rate of those in treated groups would be similar

32The control variables used in this study include gender, age, marital status, education,
occupation, region of residence, degree of urbanness, and the interaction term of these
variables with age.

60



to those of the control groups. Any change in excess of general trend could be

contributed to the reform.

2.4.1.1 One Treatment Group

In this analysis, we treat those who reported themselves as having a

“non-exempted gold card” as one treatment group without distinguishing the

two possibly different effects. The double-difference indicators are the differ-

ences between the coefficients of different interaction terms, i.e.,33

PH∗it = Xitδ + α1treatedit + α2G3it

+α3G4it + α4G5it + β1treatedit ∗ postUC

+β2G3it ∗ postUC + β3G4it ∗ postUC

+β4G5it ∗ postUC + β5postUC

+
D∑
p=1

κp +
R∑
q=1

φq + εit

Pr(PHit = 1) = Φ[Xitδ + α1treatedit + α2G3it

+α3G4it + α4G5it + β1treatedit ∗ postUC

+β2G3it ∗ postUC + β3G4it ∗ postUC

+β4G5it ∗ postUC + β5postUC

+
D∑
p=1

κp +
R∑
q=1

φq] (2.1)

33In the actual regression, the treated group is omitted from the equation to prevent the
multicollinearity problem.
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where

Xit = Socio-economic variables,

treatedit = indicator variable for those

directly treated by the reform (group 1 and 2),

G3it = indicator variable for those

under the Welfare Card program (group 3),

G4it = indicator variable for those

under the CSMBS program (group 4),

G5it = indicator variable for those

under the SSS program (group 5),

postUC = 1 if it is post UC reform

0 otherwise,

α1 = latent fixed effect of those in the treated groups,

α2 = latent fixed effect of those under the Welfare Card program,

α3 = latent fixed effect of those under the CSMBS program,

α4 = latent fixed effect of those under the SSS program,

κp = disease fixed effect,

D = total number of diseases,

φq = region fixed effect,

R = total number of regions,
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and,

β1 − β2 = DID effect of the reform on the treatment group

compared to control group 3,

β1 − β3 = DID effect of the reform on the treatment group

compared to control group 4,

β1 − β4 = DID effect of the reform on the treatment group

compared to control group 5.

2.4.1.2 Two Treatment Groups

Those who were uninsured before the reform experienced a drop in

health care price from the reform, thus we should expect an increase in health

care utilization among this group (ex post moral hazard). However, those

who were under the Voluntary Health Card program experienced an increase

in marginal cost of health care at a primary care facility, so we should expect a

reduction in utilization rate among this group. The estimating equation that

controls for an individual’s characteristics and allows for a different effect on
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each group can be written as34

Yit = Xitδ + α1G1it + α2G2it + α3G3it + α4G4it + α5G5it

+β1G1it ∗ postUC + β2G2it ∗ postUC + β3G3it ∗ postUC

+β4G4it ∗ postUC + β5G5it ∗ postUC

+β6postUC +
D∑
p=1

κp +
R∑
q=1

φq + ηit (2.2)

where

G1it = indicator variable for those uninsured (group 1),

G2it = indicator variable for those under

the Voluntary Health Card program (group 2),

αj = fixed effect of insurance group j,

βj = general trend in utilization within group j over time,

j = 1, ..., 5

ηit = unobserved disturbances.

Similarly,

β1 − βk = DID effect of the reform on Group 1

compared to control group kth, k=3, 4, 5

β2 − βk = DID effect of the reform on Group 2

compared to control group kth, k=3, 4, 5

34Yit = Pr(PHit = 1) in this case. In the actual regression, group 5 is omitted from the
equation to prevent the multicollinearity problem.
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However, as the identification of the pre-reform status of those under the non-

exempted gold card group is unclear, we replace the group status with the

predicted probability that a person was uninsured (G1) or under the Voluntary

Health Card group (G2) before the reform;35 that is, the actual estimating

equation is

Yit = Xitδ + α1(p̂i∈G1
it ) + α2(1− p̂i∈G1

it ) + α3G3it + α4G4it + α5G5it

+β1p̂
i∈G1
it ∗ postUC + β2(1− p̂i∈G1

it ) ∗ postUC + β3G3it ∗ postUC

+β4G4it ∗ postUC + β5G5it ∗ postUC

+β6postUC +
D∑
p=1

κp +
R∑
q=1

φq + ηit (2.3)

p̂i∈G1
it = predicted probability that a person was in group 1,

1− p̂i∈G1
it = predicted probability that a person was in group 2. (2.4)

To take into account the over-precision resulting from imputed values,

this study reports the bootstrapped standard errors in all the tables. See

Appendix B.3.

2.5 Results

2.5.1 One Treatment Group

When no observable variables are included, the left panel of Table 2.2

gives a statistically significant, negative double-difference estimate of utiliza-

tion rate among the combined treated groups; however, the signs switch when

35See Appendix B.2.
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different control groups are used. The two treated groups have a combined

utilization rate of 25 % before 2002, and after the reform an increase of 10

percentage points occurred for this group. The control group (those under

the Welfare Card program) also increased their utilization rate, by about 16

percentage points, which implies that the reform actually caused a reduction

in primary health care facility utilization among the combined treated group

of around six percentage points, or 24 %, relative to their initial utilization

rate.36

In Table 2.3, we add different control variables in the estimation and

find that the most carefully controlled specification yields the difference-in-

differences estimator that is statistically insignificant and positive. A small

effect may be expected since one group experienced an increase in utilization

rate, while the other group experienced an opposite change. This finding also

reflects the fact that a large proportion of the treatment group consisted of

those without insurance before the reform, because this group is expected to

increase their utilization.37 When those under CSMBS and SSS are used as

the control groups, the relevant coefficients become statistically significant and

positive at 5 % and 1 % respectively. This result is not surprising given the

underlying differences in the features of different schemes and also the distinct

36The magnitude of utilization rate reduction among the Voluntary Health Card holders
is quite large compared to the estimated induced increase. This finding will be discussed in
the following section.

37Before 2002, the proportion was 72 % uninsured, 28 % health card. After the reform,
predicted probabilities indicate 84 % uninsured, 16 % health card among those under the
“non-exempted gold card” group.
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characteristics of people in the different groups.

Those under CSMBS are normally highly educated and older than the

uninsured. They typically live in an urban area and usually treat their illnesses

at secondary or tertiary level health care facilities, due to the Fee-For-Services

scheme employed by their program. Their program is notable for making

excessive use of advanced medical procedures, having longer stays at hospitals

and utilizing expensive prescriptions; thus it is very unlikely for those under

CSMBS to address their medical needs at a primary care facility. Similarly,

those under the SSS program are largely of working age and healthier. The SSS

program also uses the contractor restriction, which only allows public/private

hospitals with capacity of more than 100 beds to compete for a contract.38

This feature emphasizes the fact that those under SSS are even less likely

than those under CSMBS to use primary care facilities given their access to

larger (and possibly more advanced) facilities.

When covariates are allowed to have different coefficients before and

after the reform, as illustrated in Table 2.4, the difference-in-differences es-

timates imply an increase in one’s propensity to treat his or her illness at a

primary care facility of about 5 %.39 The magnitude of coefficients increases

as control groups are varied.

38The majority of community hospitals (primary care facilities) are sub-contractors for a
MoPH contract under the SSS program.

39This is done to allow for possible changes in the composition of the sample in different
surveys.
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2.5.2 Two Treatment Groups

2.5.2.1 Treated who used to be Uninsured

The Law of Demand leads one to expect an increase in utilization rate

among this group due to a price drop. Table 2.5 indicates that before the

reform, about 37 % of those who were under the Welfare Card program chose

a primary care facility as their first choice to treat their illness, while only 22

% of those who lacked any kind of insurance made a similar choice.40 After

the reform, both groups increased their primary care facility utilization rates.

The double-difference estimate implies an increase in utilization rate of 4.50

percentage points, representing a 21 % increase compared to the uninsured’s

utilization rate before the reform. When we change the control group, the cor-

responding double-difference estimates increase and become more significant

as expected.

Table 2.6, which includes control variables, shows that when the effects

of demographic factors are not allowed to vary before and after the year of re-

form, those who were uninsured are induced to increase their illness treatment

at a primary care facility by about 12 % when those most similar to them, i.e.,

those under the Welfare Card program, are used as a control group.41 How-

ever, when we use those under CSMBS or SSS as control groups, the figures

40Since the predicted probabilities used in the analysis of the two treatment groups come
from a linear probability model, as illustrated in Appendix B.2, all coefficients interpreted
in this section come from a linear probability model estimation.

41This restricts the sample used in the calculation in contrast to that used in Table 2.5
due to missing data on some control variables.
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increase. The results from varying control groups yield an estimated increase

in utilization rate of 16 % and 24 %, respectively.42

When we allow demographic variables to affect the utilization rate dif-

ferently across years, the estimates decrease in magnitude to 9 %-17 % de-

pending, again, on the control groups used.

2.5.2.2 Treated who used to have the Voluntary Health Card

We expect to observe a reduction in utilization rate for this second

group due to an increase in marginal cost. In Table 2.7, we find that when

the effects of demographic factors are restricted to have similar effects over

time, those under the Voluntary Health Card program decrease their illness

treatment at a primary care facility by about 33 % when the Welfare Card

members are used as control group. The magnitude of the reduction falls

slightly when we change control groups.

After the restriction on the effect of demographic variables is removed,

the reduction in the utilization rate becomes statistically insignificant, while

the direction of the effect remains negative.43

42We base all interpretations on the specifications with every type of control variable.
43This could be caused by the fact that the predicted probability of being in the Voluntary

Health Card group has small mean value, i.e., only a small number of observations are
predicted to be in group 2 after the reform. This raises standard errors of the estimates
considerably, especially when covariate coefficients are allowed to vary by year.
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2.5.3 Implication on Health Care Price Elasticity of Demand

From the estimates obtained in the lower panel of Table 2.6, if we

assume a range of 30-70 % change in the price of health care for those treated

by the reform,44 the implied elasticity for those who used to have no insurance

is between -1.36 and -0.58.45

2.6 Results Check

In order to be certain that the results of this study are not spurious, we

also calculate the primary care utilization rate from HWS 2003 and 2006 when

no major changes in policy occurred. If similar trends are found, the validity

of the whole study could be suspect. However, from data presented in the

right panel of Table 2.2, we find that there is actually a statistically significant

decreasing trend in utilization rate during those years. Additionally, all the

difference-in-differences estimates are of opposite sign to those found between

1996 and 2003, confirming that the reported results are credible.46

44We assume an average price reduction of 50 % here. The reduction depends on the type
of treatment a person has; the cost of health care could reduce by as much as 70 % if a
person had an expensive treatment, but it could represent a small reduction of 30 % if a
person required a simple treatment. Percentage change in price for those with the Voluntary
Health Card is not clear as they have a zero pay rate to begin with.

45This assumes that the increase/decrease in health care services utilization rate represents
the change in quantity demanded for health care services at a primary care facility. The
initial utilization rate among those directly treated by the reform was 0.25 (0.43), while
of those uninsured was 0.22 (0.41), and of those with the Voluntary Health Card was 0.33
(0.47).

46Regression results when control variables are used are not reported in Table 2.2; however,
similar findings prevail.
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Moreover, one might suspect that the reform could affect the primary

care facility utilization behavior of those in the control groups;47 if this is the

case, the estimates found in this study could establish an upper bound of the

size of behavioral distortion (i.e., moral hazard) induced by the reform.

2.7 Conclusion

Since 2002, everyone in Thailand has been covered by at least one type

of health insurance. Achieving this universal health coverage scheme is a major

accomplishment by the Thai government.

This is the first study that uses large survey data at an individual level

to study the behavior of people in Thailand. This study utilizes the fact that

the reform in 2001-2002 resulted in two groups of people, i.e., those who were

directly affected by the policy and those who were not impacted at all, to study

the degree of behavioral distortion created by a change in the price of health

care. This pseudo-experimental event yields an exogenous source of variation

in the price of health care that can be used to infer the magnitude of the price

elasticity of demand for health care among the Thai people. This method has

been widely used in empirical economic literature that tries to overcome the

issue of endogenous prices in a demand equation.

The findings from the difference-in-differences analysis show that the

47For example, the reform might cause these facilities to be crowded, and the increasing
waiting time and inconvenience could drive people in the control groups from using these
services.
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reduction in the price of health care after the reform induces the (previously)

uninsured Thais to increase their treatment rate at a primary care facility by

about 9 %-24 %, which implies an elasticity of demand between -1.36 and

-0.58.
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Table 2.1: Descriptive Statistics: HWS

Group1 Treated2 Control group 33 Control group 44 Control group 55

Variables/Year 1996:G1 1996:G2 2003 1996 2003 1996 2003 1996 2003

Highest Education obtained

No more than secondary 0.26 0.19 0.31 0.13 0.24 0.18 0.13 0.39 0.35
(0.44) (0.39) (0.46) (0.34) (0.43) (0.39) (0.34) (0.49) 0.48)

No more than diploma 0.05 0.03 0.08 0.01 0.04 0.17 0.23 0.20 0.26
(0.22) (0.17) (0.27) (0.12) (0.20) (0.37) (0.42) (0.40) (0.44)

College degree up 0.01 0.003 0.007 0.001 0.007 0.30 0.42 0.08 0.15
(0.11) (0.06) (0.08) (0.04) (0.08) (0.46) (0.49) (0.27) (0.36)

Age 38.47 40.77 40.64 41.85 43.67 43.00 44.68 31.61 33.73
(11.29) (11.12) (10.64) (10.82) (9.56) (9.71) (8.79) (9.88) (9.41)

Urban 0.45 0.29 0.47 0.29 0.41 0.70 0.77 0.73 0.73
(0.50) (0.45) (0.50) (0.46) (0.49) (0.46) (0.42) (0.44) (0.44)

Male 0.43 0.42 0.40 0.42 0.39 0.48 0.40 0.48 0.42
(0.50) (0.49) (0.49) (0.49) (0.49) (0.50) (0.49) (0.50) (0.49)

Married 0.78 0.83 0.76 0.82 0.83 0.84 0.80 0.64 0.65
(0.41) (0.37) (0.43) (0.39) (0.38) (0.37) (0.40) (0.48) (0.48)

Primary Care use 0.23 0.34 0.45 0.38 0.53 0.15 0.22 0.11 0.14
(0.42) (0.47) (0.50) (0.49) (0.50) (0.35) (0.42) (0.31) (0.35)

Number of Day-off 6.42 7.28 5.86 7.82 6.11 6.02 4.23 4.96 3.67
(11.46 ) (15.01) (11.18 ) (13.10) (9.20 ) (12.77 ) (5.08) ( 11.12) (7.55)

Household size 4.21 4.32 3.93 4.15 3.72 3.79 3.31 3.81 3.57
(1.91 ) (1.74) (1.76) (1.77) (1.51) (1.72) (1.52) (2.01) (1.85)

Source: HWS 1996-2003
Standard deviations are in parentheses.
1Sample is restricted to those used in DID regressions.
2Those either uninsured or under VHC program.
3Those under Welfare Card program.
4Those under CSMBS program.
5Those under SSS program.
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Table 2.2: Outpatient Utilization rate at Primary Care Facilities: No Control

UC launch No Policy Changes
Group/Year 1996 2003 Time Difference 2003 2006 Time Difference

Treatment Group
Those who were directly treated by the reform 0.25 0.35 0.10 0.35 0.27 -0.08

(0.007) (0.008) (0.01) (0.008) (0.007) (0.01)
Control Group: Those who are under Welfare Card program
Those under Welfare Card program 0.37 0.53 0.16 0.53 0.38 -0.15

(0.02) (0.01) (0.02) (0.01) (0.02) (0.02)
Group difference at a point in time -0.12 -0.18 -0.18 -0.11

(0.02) (0.02) (0.02) (0.02)
Difference-in-Differences -0.06 0.07

(0.02) (0.02)
Control Group: Those who were under CSMBS program
Those under CSMBS program 0.15 0.22 0.07 0.22 0.17 -0.05

(0.01) (0.01) (0.02) (0.01) (0.01) (0.02)
Group difference at a point in time 0.10 0.13 0.13 0.10

(0.02) (0.02) (0.02) (0.01)
Difference-in-Differences 0.03 -0.03

(0.02) (0.02)
Control Group: Those who are under SSS program
Those under SSS program 0.11 0.14 0.03 0.14 0.11 -0.03

(0.02) (0.01) (0.02) (0.01) (0.01) (0.02)
Group difference at a point in time 0.13 0.21 0.21 0.16

(0.02) (0.02) (0.02) (0.01)
Difference-in-Differences 0.07 -0.05

(0.02) (0.02)
Standard errors are in parentheses.
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Table 2.3: Probit estimation of outpatient utilization rate at Primary Care Facilities from equation (2.1)

Variable Coefficient Marginal Probability6 Coefficient Marginal Probability6 Coefficient Marginal Probability6

Group 3 as Control
G3 ∗ PostUC 0.14* 0.04 0.17** 0.05 0.14 0.04

(0.08) (0.03) (0.08) (0.03) (0.09) (0.03)
Group 4 as Control
G4 ∗ PostUC 0.22** 0.07 0.21** 0.07 0.15 0.05

(0.10) (0.03) (0.11) (0.03) (0.11) (0.03)
Group 5 as Control
G5 ∗ PostUC 0.34*** 0.10 0.46*** 0.13 0.41*** 0.12

(0.12) (0.03) (0.13) (0.03) (0.13) (0.03)
Demographic No No Yes Yes Yes Yes
Illness Type No No No No Yes Yes
N 7,749 7,749 7,749 7,749 7,749 7,749
6Marginal probability is calculated at mean value of control variables.
Robust standard errors are in parentheses. *** significant at 1 % ** significant at 5 % * significant at 10 %.

Table 2.4: Probit estimation of outpatient utilization rate at Primary Care Facilities from equation (2.1)
when β are allowed to vary by year

Variable Coefficient Marginal Probability Coefficient Marginal Probability Coefficient Marginal Probability

Group 3 as Control
G3 ∗ PostUC 0.14* 0.05 0.18** 0.06 0.17** 0.05

(0.08) (0.03) (0.09) (0.03) (0.09) (0.03)
Group 4 as Control
G4 ∗ PostUC 0.21** 0.07 0.26** 0.08 0.25* 0.07

(0.10) (0.03) (0.13) (0.04) (0.13) (0.04)
Group 5 as Control
G5 ∗ PostUC 0.33*** 0.10 0.47*** 0.13 0.42*** 0.12

(0.12) (0.03) (0.14) (0.03) (0.15) (0.03)
Demographic No No Yes Yes Yes Yes
Illness Type No No No No Yes Yes
N 7,704 7,704 7,704 7,704 7,704 7,704
Robust standard errors are in parentheses. *** significant at 1 % ** significant at 5 % * significant at 10 %.

75



Table 2.5: Outpatient Utilization rate at Primary Care Facilities: No Control

UC launch
Group/Year 1996 2003 Time Difference

Treatment Group: Those who used to be uninsured
Those used to be uninsured 0.22 0.42 0.20

(0.008) (0.04) (0.04)
Control Group: Those who are under Welfare Card program
Those under Welfare Card program 0.37 0.53 0.16

(0.02) (0.01) (0.02)
Group difference at a point in time -0.16 -0.11

(0.02) (0.04)
Difference-in-Differences 0.04

(0.04)
Control Group: Those who were under CSMBS program
Those under CSMBS program 0.15 0.22 0.07

(0.01) (0.01) (0.02)
Group difference at a point in time 0.06 0.20

(0.02) (0.04)
Difference-in-Differences 0.13

(0.04)
Control Group: Those who are under SSS program
Those under SSS program 0.11 0.14 0.03

(0.02) (0.01) (0.02)
Group difference at a point in time 0.10 0.27

(0.02) (0.04)
Difference-in-Differences 0.17

(0.04)

Standard errors are in parentheses. Predicted probabilities are used as treatment variable in the calculation.
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Table 2.6: Change in Outpatient Utilization rate at Primary Care Facilities of Group 1: Double differences
from equation (2.2)

Variable Coefficient Coefficient Coefficient

Group 3 as Control
DID 0.04 0.13*** 0.12***

(0.04) (0.04) (0.04)
[0.04] [0.04] [0.04]

Group 4 as Control
DID 0.11*** 0.19*** 0.16***

(0.04) (0.04) (0.04)
[0.04] [0.04] [0.04]

Group 5 as Control
DID 0.16*** 0.26*** 0.24***

(0.04) (0.04) (0.04)
[0.04] [0.04] [0.04]

When covariate effects are allowed to vary by year
Group 3 as Control
DID 0.04 0.09* 0.09**

(0.04) (0.05) (0.05)
[0.04] [0.05] [0.05]

Group 4 as Control
DID 0.11*** 0.13*** 0.12***

(0.04) (0.05) (0.05)
[0.04] [0.05] [0.05]

Group 5 as Control
DID 0.16*** 0.19*** 0.17***

(0.04) (0.05) (0.05)
[0.04] [0.05] [0.05]

Demographic No Yes Yes
Illness Type No No Yes
N 7,860 7,860 7,860
Robust standard errors are in parentheses. Bootstrapped standard errors are in square brackets.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 2.7: Change in Outpatient Utilization rate at Primary Care Facilities of Group 2: Double differences
from equation (2.2)

Variable Coefficient Coefficient Coefficient

Group 3 as Control
DID 0.10 -0.32** -0.33**

(0.15) (0.15) (0.15)
[0.16] [0.16] [0.16]

Group 4 as Control
DID 0.17 -0.26* -0.29*

(0.15) (0.15) (0.15)
[0.16] [0.16] [0.16]

Group 5 as Control
DID 0.21 -0.19 -0.21

(0.15) (0.15) (0.15)
[0.16] [0.16] [0.16]

When covariate effects are allowed to vary by year
Group 3 as Control
DID 0.10 -0.07 -0.12

(0.15) (0.17) (0.17)
[0.16] [0.17] [0.17]

Group 4 as Control
DID 0.17 -0.03 -0.09

(0.15) (0.17) (0.17)
[0.16] [0.17] [0.18]

Group 5 as Control
DID 0.21 0.03 -0.04

(0.15) (0.17) (0.17)
[0.16] [0.17] [0.17]

Demographic No Yes Yes
Illness Type No No Yes
N 7,860 7,860 7,860
Robust standard errors are in parentheses. Bootstrapped standard errors are in square brackets.
*** significant at 1 % ** significant at 5 % * significant at 10 %.

78



Chapter 3

The Effect of Health Insurance on Preventive

Care Decisions: An Instrumental Variable

Approach

As of 2008, health care spending in the United States reached $2.4 tril-

lion despite the fact that 46 million Americans were still uninsured (National

Coalition of Health Care, 2009). The United States generally spends more

than other OECD countries on health care.

In the absence of a universal health care system, the U.S. government

enacted its Medicare and Medicaid program in 1965. Medicare covers health

care expenditure for those aged 65 and over while Medicaid covers low-income

individuals and families who fit into the eligibility group determined by federal

and state law (U.S. Department of Health and Human Services). Those not

covered by public health insurance programs could be covered by employer-

provided health insurance benefits, which are encouraged by the current federal

tax system.1 The ever-rising cost of health care spending may be due to an

excess demand effect caused by the cumulative effect of these programs.

1Specifically, income in the form of health insurance premiums paid by employers is not
counted as taxable income. We can consider this as a tax subsidy for employer-provided
health insurance.
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There are large bodies of literature that study the effect of insurance

schemes on health care utilization both theoretically and empirically. Feldstien

(1973) proposes a theoretical model that explains the interdependence between

insurance markets and health care utilization. He finds that the welfare gain

from a reduction in levels of health insurance could exceed the welfare loss

from an increasing health expenditure risk associated with lower insurance

coverage. A study by Card et al. (2008) finds a reduction in the probability of

delaying medical treatment among people over 65 years of age who are eligible

for Medicare benefits, but finds no other effect on the health behavior of people

in that group. Finkelstien and McKnight (2008) analyze the same issue using

time series aggregate data at the hospital level and find a substantial reduction

in Out-Of-Pocket expenditure risk among the old, but find no significant health

benefits of Medicare. They conclude that welfare gain from risk reduction

could possibly cover the cost of the Medicare program.

While most of the literature focuses on the effect of health insurance

on health benefits or increasing health care utilization (otherwise known as

the ex post moral hazard problem), one could extend this prior literature by

studying the composition of these ex post effects in a more detailed manner.

For example, Dusansky and Koc (2006) show that the ex post moral hazard

effect is composed of both a price effect and a contract choice effect.2 In

this study, we will focus on the ex ante moral hazard, or the effect of health

2In their later manuscript, they extend the contract choice effect to incorporate preventive
actions.
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insurance on preventive behavior. Health insurance may induce more or less

preventive activities,3 which could affect the final health care demand by the

insured. The analysis of self-protection by the insured dates back to work

done by Ehrlich and Becker (1972). In their study, behavioral models are

developed for individuals who face the options of market insurance and self-

insurance (while they can also affect the probability of events by conducting

self-protection). The prediction of the model is that as long as the price of

market insurance is independent of preventive action,4 even though prevention

can affect the probability of future states, prevention is discouraged as the

difference in outcomes between different states is reduced due to the existence

of market insurance.5

The objective of this chapter is to identify both the direction and the

responsiveness of preventive behavior to health insurance status. Dave and

Kaestner (2009) use Medicare eligibility at age 65 as the exogenous source

of reduction in health care cost together with the difference-in-differences ap-

proach to identify the effects of health insurance on health behaviors such as

smoking, dieting and exercise. They find that health insurance coverage re-

duces health prevention behavior and promotes unhealthy behaviors such as

smoking and drinking. Card et al. (2008) find the effects of health insurance

on preventive behavior using cross-sectional data (National Health Interview

3Due to a larger health care information set and the medical care price reduction, re-
spectively.

4Self-prevention is assumed to be associated with cost.
5Also see Pauly (1974).
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Survey and Behavioral Risk Factor Surveillance System) to be insignificant.

They therefore conclude that there is no clear conclusion.

Our primary concern is the issue of endogeneity of health insurance

status. Setting aside Part A coverage under the Medicare program, health

insurance coverage is a matter of choice. Including insurance status in the

estimating equation will result in a downward bias in the coefficient of interest.6

An attempt was made by Courbage and Coulon (2004), who use cross-sectional

data from a UK household survey, to measure the relationship between private

health insurance coverage and self-protection behavior. No evidence of moral

hazard was found. The authors employ “political view” as an instrument for

private health insurance status in the estimation. Our approach, however,

makes use of a new set of prospective Instrumental Variables (IVs) thought

to have a high correlation with health insurance status.7 The Health and

Retirement Study (HRS), which is a longitudinal dataset studying health care

behavior and retirement decisions of old Americans, is the source of our data.

Most papers that study ex ante moral hazard focus on exogenous variation in

health insurance status at age 65; see Card et. al (2008), Decker (2005),Dave

and Kaestner (2009) and Finkelstein (2007, 2008). We extend the literature

by focusing on the ex ante moral hazard behavior of those ranging in age from

their early 50s to age 65, and by using longitudinal data to control for possible

unobserved preferences toward unhealthy behavior of individuals over time.

6For example, if those with insurance are those who are more educated, then they tend
to exercise more preventive behaviors.

7See Olson (2002).
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The findings show that the use of different sets of IVs result in an

insignificant effect of health insurance on smoking behavior. However, we also

find that health insurance has a statistically significant, positive impact on

regular exercise. The results remain robust even when the number of doctor

visits is controlled for, which is contrary to what Dave and Kaestner (2009)

find for those eligible for the Medicare program using the same dataset. Our

results confirm the strength of smoking addiction and the importance of health-

related information that a consumer might receive from more access to health

care services.

Section 1 discusses the data used, Section 2 gives the empirical strategy.

Section 3 reports and interprets the empirical results, and then Section 4

discusses problems and possible directions for future research. The last section

represents the conclusion of the study.

3.1 Data

The Health and Retirement Study (HRS) is used in this study. The

HRS was designed to follow age-eligible individuals and their spouses as they

make the transition from active worker to retired person. The survey obtains

detailed information in different domains: demographics, health status, hous-

ing, family structure, employment of respondent, work history and current

employment, disability, retirement plan, net worth, income, health insurance,

and life insurance.

The data used in this chapter comes from seven waves of the survey
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(1996-2008). The focus is placed on those whose behaviors were observed when

they were younger than 65 in order to exclude the effect of compulsory health

insurance such as Medicare.8 In order to avoid the problem of measurement

errors, which is well known in questions regarding alcohol consumption, two

measures of prevention are exploited: smoking and exercise behavior.9

In Table 3.1, we can see that most people in the sample are in their 50s,

and the majority of them are white (90 %) high school graduates. Although

around 90 % of the sample reported having good health status over the years,

there is a decreasing trend in the proportion of people doing regular exercise

weekly. The proportion of people who smoke decreased between 1996 and

2002; however, this proportion increased again in 2004. From 2004 on, smoking

behavior among the sample seems to dissipate.

3.2 Empirical Strategy

Our goal here is to estimate the effect of health insurance status on

prevention decisions. Including health insurance status in a simple regression

(e.g., OLS) will give inconsistent estimates due to the endogeneity problem.

That is, if the estimating regression is expressed as

PPit = γ0 +Xitβ + γ1HIit + εit (3.1)

8Basically, those in the AHEAD group are not included in this study due to the fact that
in 1996 all of them were already over 65.

9These are called primary prevention. See Kenkel (2000).
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where

PPit = Primary Prevention decision of a person i at time t

= a 0/1 indicator of exercise decision, smoking decision,

Xit = Demographic variables of a person i at time t,

γ1 = the parameter of interest

HIit = Health Insurance status of a person i at time t

= 1 if a person is covered, 0 otherwise,

εit = unobserved disturbance term,

then it is possible that Cov(HIit, εit) 6= 0, which makes γ̂1
OLS 6= γ1.

In order to obtain efficient and consistent estimates without having to

make any assumptions regarding the covariance structure of the disturbance

term,10 we employ the Generalized Method of Moment (GMM) estima-

tion. The GMM estimation is based on the minimization of a quadratic form

in the orthogonality conditions between the unobserved disturbances and the

chosen IVs.11

There are typically two necessary properties for good IVs. The IVs need

to be highly correlated with the endogenous variables, while being uncorrelated

to the unobserved disturbance term (εi). To lessen the severity of bias from

10Under the assumption of conditional homoskedasticity, 2SLS and GMM estimators are
the same. See Wooldridge (2001) and Baum et al. (2003).

11See Baum et al. (2003), Hansen (1982), and Wooldridge (2001).
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the selection issue in the job market process, we use the job characteristics of

one’s spouse as the prospective IVs.

Union status of one’s spouse

Those whose spouses are covered by union contracts should be more

likely to be offered health insurance and to be covered by some sort of health

insurance plan (through their spouse’s employer). One’s decision to invest in

primary preventive activities (i.e., to smoke less or to exercise) could hardly

be influenced directly by whether one’s spouse is in a union or not. The union

status of one’s spouse would more likely affect one’s financial concern more

than his or her health behavior concern.

Fringe benefit of one’s spouse

Those who work in firms that provide generous fringe benefits tend

to be offered employer-provided health insurance, and that coverage would

extend to their spouse.12 A person would hardly use the fact that his or her

spouse has a good set of workplace fringe benefits to decide whether or not

to smoke cigarettes or to exercise regularly; these behaviors generally have a

direct effect on one’s own health (or utility).

The fringe benefits considered in the present study include:

• The number of days with fully paid sick leave of one’s spouse.

12Olson (2002) claims that a husband’s health insurance benefits can affect his wife’s
demand for health insurance through her own job.
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• The long-term disability coverage of one’s spouse.

In the case for which the job market process is non-random (a worker

with a healthy lifestyle tends to work in a company that has union organiza-

tion/generous fringe benefits) and for which there is positive matching in the

marriage market (one tends to marry someone with a similar lifestyle), use

of these variables could lead to a downward bias in the parameter estimates.

That is, it is possible that proposed instruments are still endogenous.

However, because there are more instrumental variables than necessary

to identify the parameters in the original equation, an overidentification test

is performed to test the validity of the IVs and model specifications. These

are reported in the tables below.13

3.2.1 Fixed Effect Model

In order to control for possible unobserved heterogeneity in preferences

toward risky behavior or preventive behavior, the longitudinal nature of HRS

data allows us to control for the individual specific preferences. Suppose

PPit = Xitβ + γHIit + αi + εit (3.2)

where αi = (time invariant) individual specific effect that represents (unob-

served) individual preferences toward preventive behavior, we estimate the

13The test statistic (Hansen J statistic) has a distribution with degree of freedom equal
to the number of overidentifying restrictions. See Baum et al. (2003), Hansen (1982), and
Wooldridge (2001).
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fixed effect model where the unobserved heterogeneity is eliminated from the

model, i.e.,

(PPit − ¯PPi) = (Xit − X̄i)β + γ(HIit − H̄Ii) + (εit − ε̄i) (3.3)

where

¯PPi = 1
T

∑T
t=1 PPit, X̄i = 1

T

∑T
t=1 Xit, H̄Ii = 1

T

∑T
t=1HIit, ε̄i = 1

T

∑T
t=1 εit

; T= total number of survey waves a person participates when younger than

65.

3.3 Results

Tables 3.2-3.9 give the results using different estimation methodolo-

gies.14 These tables show that the impact of health insurance on behavior

that is obtained from an OLS regression differs from that implied by other

methodologies. Moral hazard predicts that people will become more involved

in risky behavior as soon as they become insured.15 In almost all cases, the sign

of the coefficient of health insurance status from OLS estimation is opposite

to what the (moral hazard) theory predicts.

14Specifications include year fixed effects and the interaction of age and race, age and
education, age and sex, age and income, race and education, race and sex, and education and
health status to allow for the non-linear relationship between these variables and preventive
behavior.

15See Ehrlich and Becker (1972).
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3.3.1 OLS

The OLS results in Table 3.2 show that those younger than 65 with

health insurance of any type tend to smoke less.16 The coefficient of health

insurance status is statistically significant and negative. This coefficient indi-

cates that those with health insurance coverage are 10 % less likely to smoke

compared to a similar person without insurance. This finding shows evidence

of downward bias introduced in an OLS estimation. If we believe that those

who have health insurance are generally those with healthy lifestyles, not ac-

counting for endogeneity of health insurance would cause negative bias of the

estimated coefficients.17 A negative relationship is also found in exercise be-

havior, although the coefficient is not statistically significant at the 5 % level.

3.3.2 IV

From the first stage regression results in Tables 3.4 and 3.8, we know

that an individual whose spouse works in a place with good fringe benefits

is more likely to be covered by some kind of health insurance. Specifically,

a person whose spouse is in a labor union has a 4 % higher chance of being

covered by health insurance than a similar person whose spouse is not in a

union. Individuals whose spouse works in a place that offers long-term dis-

ability coverage to its employees also have a 4 % higher possibility of having

16The sample restricts to those with employer-provided health insurance or spouse’s
employer-provided health insurance.

17For example, those who are highly risk averse would buy insurance and be very con-
cerned about their health.
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some kind of health insurance. In Tables 3.4 and 3.8, we can see that the F

test statistics of excluded instruments range between 27-47, which are very

large, signifying strong association between the three chosen instruments and

a person’s health insurance status. Moreover, when we look at weak identifi-

cation statistics, we obtain similar conclusions that the chosen instruments are

sufficiently strong.18 Coefficients on other controls in the first stage regressions

are as expected, i.e., Hispanic people are less likely to have health insurance,

and those with higher income tend to be covered by some kind of insurance.

The coefficient on health insurance in the exercise equation becomes

statistically significant. Although standard errors are high, which is a com-

mon issue in instrumental variable estimation, the magnitude of the health

insurance impact in the exercise equation is sufficiently large to remain sig-

nificant. All else being equal, the results in Table 3.7 indicate that a person

with health insurance coverage is 33 % more likely to participate in vigorous

activities/exercise at least once a week. This finding is comparable to the

estimates found in Courbage and Coulon (2004) (34.5 %). For smoking be-

havior, while the use of instruments yields the same signs of the coefficients

as those from OLS, they become statistically insignificant.1920 Moreover, the

coefficients of other variable are as expected. For example, those with higher

income or higher education are less likely to smoke while men are more likely

18The Cragg-Donald Wald F statistics are of similar magnitude to the F test of excluded
instruments. See Tables 3.4 and 3.8.

19This result partly attests to the resilience of addiction behavior.
20Estimates from a two-stage least squares (2SLS) regression yield similar findings. The

results are available upon request.
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to smoke.

One might be concerned that the spousal instruments have a direct

effect on lifestyle only because they are correlated with income, which is corre-

lated with lifestyle. It is important to note here that we account for education

and income. If we had not included these two measures in our second stage

regression, one might argue that spousal fringe benefits have direct effects

on lifestyles because those with a spouse working in a generous company are

normally those with high education and income who tend to have healthy

lifestyles. However, since we control for education and income, it is plausible

that the excluded instruments have direct effects on individuals’ lifestyles.21

An overidentification test is also implemented and reported; the Hansen

J statistics, which test the null hypotheses that all of the instruments are ex-

ogenous, are not large enough that we can reject the null, and all the corre-

sponding p-values are larger than 0.05. This result confirms our belief that

the chosen instruments are exogenous.

3.3.3 FE

After controlling for the time invariant individual specific effect, we find

that the effect of health insurance on primary preventive behavior is undeter-

mined in the case of doing regular exercise. However, when year dummies are

21The results are robust to the inclusion of number of doctor visits (in order to control
for a larger health care information set of those who have frequent visits to the health care
providers). See Dave and Kaestner (2009).
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included, the fixed-effect model suggests that, ceteris paribus, a person with

health insurance is 6 % more likely to smoke. This finding is opposite to what

OLS suggests; see Table 3.5.

It is also noteworthy that when we control for individual heterogeneity,

we find that those reporting having good health are more likely to smoke

cigarettes, as shown by significantly positive coefficients of the good health

indicator. This result means that all else being equal, those experiencing

health problems would choose to protect their health from getting worse by

not smoking. This finding partly reflects careless behavior among individuals

who think they are in good health.22

We acknowledge that in the fixed effect model the effects that we ob-

serve are identified by changes in health insurance status, and those changes

could either be caused by measurement errors or they could be endogenous.

If those changes are from measurement errors, our findings might result from

noise in the data; there is nothing we can do in that case. If the changes we

observe are endogenous, we need to find instruments for them, but with the

given dataset, no promising instruments are found to exogenously predict the

changes in one’s health insurance status.

22Similar findings are found in the IV estimation when year fixed effects are accounted
for, as shown in Table 3.3.
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3.4 Problems and Direction for Future Research

The large standard errors of the health insurance status coefficients

suggest that the chosen IVs might not be strong enough.23 Additionally, the

use of linear probability models create well-known flaws in the results, i.e., the

estimates could yield predicted value over the 0-1 range. Moreover, the 0-1

indicator used to identify health insurance coverage could also be a source of

measurement error because there is large variation in the type of plan under

which a person is covered—the binary indicator may not be able to capture

that variation. Since different plan types can have different effects on the

degree of moral hazard, the use of more specific plan characteristics may be a

better tool in this case.24

At this point, spousal job variables are the most promising instruments

available in the HRS dataset. The above analysis should be re-visited when

variables that better satisfy the criteria of valid instruments become avail-

able in the survey, or when a new dataset with a more complete variable list

emerges. For example, a dataset with information on co-payment level, pre-

miums, or services covered under a health insurance plan bought by a person

would be very useful.

23Positive matching could also invalidate the chosen instruments.
24An attempt to control for this variation is made by using the prescription drug coverage

indicator for those with some kind of health insurance, but there is not enough variation in
the prescription drug coverage, i.e., people normally have prescription drug coverage if they
have health insurance.
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3.5 Conclusion

This chapter seeks to estimate the effect of health insurance on primary

preventive care practices. Since the use of OLS regression with health insur-

ance status as one regressor invokes endogeneity issues that result in biased

and inconsistent estimates, we take an instrumental variable (IV) estimation

approach and employ a set of instruments, using various spousal variables as

IVs. We also deal with the problem of unobserved heterogeneity by making

use of a longitudinal dataset.

Moral hazard behaviors are generally not observed among those in the

Health and Retirement Study (HRS) who have not yet reached the eligible age

for public health insurance provision (Medicare). While we find that health

insurance does not affect addictive behaviors such as smoking, it does promote

healthy behaviors such as regular exercise. Economic theory predicts that

people tend to begin smoking, exercise less, etc. as they become insured,

because they know that if they experience a negative health outcome, they

don’t have to bear the full financial responsibility of medical care services.

However, any and all health problems create a health cost that affects the

individual directly (even though this cost is non-financial). This force could

reduce the size of moral hazard predicted in the theory.

There are two overall findings in this chapter. First, health insurance

has an insignificant effect on addictive behavior when we employ spousal vari-

ables in our instrumental variable estimation. However, a small magnitude

of moral hazard is observed when we control for unobserved heterogeneity.
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Secondly, health insurance has a positive and statistically significant effect on

healthy behavior.
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Table 3.1: Descriptive Statistics of population by survey year

Year Age White Hispanic Male School Health Status1 LTC2

1996 58.17 0.89 0.08 0.61 12.53 0.90 0.37
(3.49) (0.31) (0.28) (0.49) (2.88) (0.30) (0.48)

1998 54.45 0.90 0.08 0.57 12.97 0.90 0.51
(3.61) (0.31) (0.27) (0.50) (2.74) (0.36) (0.50)

2000 56.80 0.90 0.07 0.54 13.05 0.88 0.48
(3.60) (0.30) (0.26) (0.50) (2.75) (0.33) (0.50)

2002 58.04 0.88 0.07 0.520 13.17 0.89 0.39
(3.49) (0.32) (0.26) (0.50) (2.71) (0.31) (0.49)

2004 54.29 0.86 0.08 0.574 13.56 0.86 0.48
(3.20) (0.35) (0.27) (0.50) (2.72) (0.35) (0.50)

2006 58.28 0.87 0.08 0.471 13.48 0.87 0.44
(3.32) (0.34) (0.27) (0.50) (2.65) (0.33) (0.50)

2008 58.60 0.89 0.07 0.505 13.67 0.86 0.47
(2.83) (0.32) (0.25) (0.50) (2.62) (0.35) (0.50)

Year Income3 Day4 Week5 Smoking6 Exercise7 Daydrink8 Drinks9

1996 30.41 2.94 1.42 0.34 0.59 2.07 2.25
(23.39) (4.14) (1.71) (0.47) (0.49) (2.35) (1.49)

1998 38.59 4.11 2.78 0.31 0.54 1.98 2.41
(29.85) (4.60) (5.31) (0.46) (0.50) (2.34) (1.78)

2000 37.21 4.23 2.56 0.19 0.53 1.99 2.15
(30.77) (4.66) (3.85) (0.39) (0.50) (2.31) (1.66)

2002 34.03 3.05 1.67 0.20 0.51 2.12 2.12
(27.97) (4.14) (3.63) (0.40) (0.50) (2.27) (1.46)

2004 18.24 4.08 2.56 0.35 0.320 2.13 2.44
(37.71) (4.56) (4.66) (0.48) (0.47) (2.30) (1.78)

2006 38.93 3.55 2.29 0.29 0.30 2.12 2.04
(41.28) (4.35) (4.03) (0.45) (0.46) (2.20) (1.46)

2008 43.84 4.03 2.41 0.28 0.28 2.19 2.24
(60.49) (4.46) (3.56) (0.45) (0.45) (2.24) (1.69)

Source: Health and Retirement Study 1996-2008.
Weights from HRS 2008 tracker file are used in the statistics calculation.
Standard deviations are in parentheses.
2 Long Term Disability provision.
3 In thousand dollars unit. Income is adjusted by National All Urban Consumers CPI.
4 Number of days with full paid sick leave.
5 Number of weeks with full paid vacation.
6 1 if a person is a current smoker, 0 otherwise.
7 Vigorous Exercise at least 3 times a week for observations from 1996-2002,
more than once a week for observations from 2004-2008.
8 Number of days drinking per week. 9 Number of drinks per day.

96



Smoking

Table 3.2: Smoking : OLS Estimation

Smoking Coefficient Coefficient Coefficient Coefficient

Age -0.001 -0.04* 0.002 -0.03*
(0.02) (0.02) (0.02) (0.02)

Agesq -0.0001 0.00001 -0.0001 -0.00002
(0.0002) (0.0002) (0.0002) (0.0002)

White 0.02 -0.03 0.01 -0.01
(0.02) (0.26) (0.02) (0.26)

School -0.02*** -0.08*** -0.02*** -0.08***
(0.003) (0.03) (0.003) (0.03)

Hispanic -0.15*** -0.14*** -0.15*** -0.14***
(0.03) (0.03) (0.03) (0.03)

Male 0.05*** 0.51*** 0.05*** 0.49***
(0.02) (0.17) (0.02) (0.17)

Good health -0.08*** 0.20*** -0.09*** 0.19**
(0.02) (0.07) (0.02) (0.08)

Doctor visit - - -0.0005 -0.0008*
- - (0.0004) (0.0004)

Income -0.0007*** -0.003*** -0.0007*** -0.003***
(0.0002) (0.001) (0.0002) (0.001)

Health Insurance -0.10*** -0.10*** -0.10*** -0.09***
(0.03) (0.03) (0.03) (0.03)

Intercept 1.06** 2.33*** 0.99* 2.29***
(0.51) (0.65) (0.51) (0.66)

Doctor visits No Yes Yes Yes
Year dummies No No No Yes
N 4,924 4,924 4,852 4,852

Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.

97



Table 3.3: Smoking : IV Estimation

Smoking Coefficient Coefficient Coefficient Coefficient

Health Insurance -0.23 -0.15 -0.22 -0.12
(0.18) (0.19) (0.19) (0.20)

Age 0.004 -0.04 0.007 -0.03
(0.02) (0.02) (0.02) (0.02)

Agesq -0.0002 -2.81e-06 -0.0002 -0.00002
(0.0002) (0.0002) (0.0002) (0.0002)

White 0.02 -0.02 0.02 -0.01
(0.02) (0.26) (0.02) (0.26)

School -0.02*** -0.08** -0.02*** -0.08***
(0.004) (0.03) (0.004) (0.03)

Hispanic -0.17*** -0.15*** -0.17*** -0.14***
(0.03) (0.03) (0.03) (0.03)

Male 0.05*** 0.51*** 0.05*** 0.50***
(0.02) (0.17) (0.02) (0.17)

Good health -0.07*** 0.21*** -0.08*** 0.20**
(0.02) (0.08) (0.03) (0.08)

Doctor visit - - -0.0004 -0.0008
- - (0.0005) (0.0005)

Income -0.0005** -0.003*** -0.0005** -0.003***
(0.0002) (0.001) (0.0002) (0.001)

Intercept 0.97* 2.33*** 0.91* 2.30***
(0.53) (0.68) (0.53) (0.69)

Weak identification test 33.352 29.39 30.96 27.39
Under identification test 94.29 84.31 88.30 79.35
P-val (Chi-sq (3)) (0.000) (0.000) (0.000) (0.000)

Overidentification test of all instruments 2.20 1.57 1.86 1.32
P-value(Chi-sq(2)) (0.333) (0.456) (0.394) (0.518)
Doctor visits No No Yes Yes
Year dummies No Yes No Yes
N 4,924 4,924 4,852 4,852

Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 3.4: Smoking : First Stage Regression

Health Insurance Coefficient Coefficient Coefficient Coefficient

Age 0.04*** 0.04** 0.04*** 0.04***
(0.01) (0.02) (0.01) (0.02)

Agesq -0.0003*** -0.0003** -0.0004*** -0.0003**
(0.0001) (0.0001) (0.0001) (0.0001)

White 0.04*** 0.10 0.04*** 0.09
(0.02) (0.20) (0.02) (0.20)

School 0.01*** 0.02 0.01*** 0.02
(0.002) (0.03) (0.002) (0.03)

Hispanic -0.11*** -0.11*** -0.11*** -0.10***
(0.02) (0.02) (0.02) (0.02)

Male -0.02 0.08 -0.01 0.10
(0.01) (0.13) (0.01) (0.12)

Good health 0.06*** 0.17** 0.07*** 0.14**
(0.02) (0.07) (0.02) (0.07)

Doctor visit - - 0.001*** 0.001***
- - (0.0003) (0.0003)

Income 0.0007*** 0.002* 0.0007*** 0.002*
(0.0001) (0.001) (0.0002) (0.001)

Spouse day 0.005*** 0.005*** 0.005*** 0.005***
(0.001) (0.0009) (0.001) (0.0009)

Spouse union 0.04*** 0.04*** 0.04*** 0.04***
(0.01) (0.01) (0.01) (0.01)

Spouse ltdcoverage 0.04*** 0.04*** 0.04*** 0.04***
(0.009) (0.009) (0.009) (0.009)

Intercept -0.62 -0.74 -0.67* -0.74
(0.40) (0.52) (0.40) (0.52)

F test of excluded instruments 33.15 29.47 31.03 27.71
P-value( F(3,3246)) - - (0.000) (0.000)
P-value( F(3,3278) (0.000) (0.000) - -
Doctor visits No No Yes Yes
Year dummies No Yes No Yes
N 4,924 4,924 4,852 4,852

Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 3.5: Smoking : Fixed Effect Estimation

Smoking Coefficient Coefficient Coefficient Coefficient

Age 0.04 0.04 0.04 0.04
(0.02) (0.03) (0.02) (0.03)

Agesq -0.0004** -0.0004** -0.0004** -0.0004**
(0.0002) (0.0002) (0.0002) (0.0002)

White - - - -
- - - -

School - - - -
- - - -

Hispanic - - - -
- - - -

Male - - - -
- - - -

Good health 0.07*** 0.27** 0.06** 0.24**
(0.03) (0.11) (0.03) (0.11)

Doctor visit - - -0.0006 -0.0006
- - (0.0004) (0.0004)

Income 0.0002 -1.05e-05 0.0002 0.0002
(0.0001) (0.001) (0.0001) (0.001)

Health Insurance 0.05 0.06 0.06* 0.06**
(0.03) (0.03) (0.03) (0.03)

Intercept -0.62 -1.24 -0.58 -0.85
(0.66) (1.27) (0.66) (1.10)

Doctor visits No No Yes Yes
Year dummies No Yes No Yes
N 4,924 4,924 4,852 4,852

Robust standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Vigorous Exercise

Table 3.6: Vigorous Exercise : OLS Estimation

Vigorous Exercise Coefficient Coefficient Coefficient Coefficient

Age -0.008 -0.016 -0.008 -0.016
(0.02) (0.02) (0.02) (0.02)

Agesq 0.00002 0.00009 0.00002 0.00008
(0.0001) (0.0001) (0.0001) (0.0001)

White 0.02 0.02 0.02 0.07
(0.02) (0.21) (0.02) (0.21)

School -0.003 -0.02 -0.003 -0.02
(0.003) (0.03) (0.003) (0.03)

Hispanic -0.02 0.009 -0.01 0.01
(0.02) (0.02) (0.03) (0.02)

Male 0.10*** 0.14 0.10*** 0.12
(0.01) (0.16) (0.01) (0.16)

Good health 0.17*** 0.03 0.16*** 0.02
(0.017) (0.07) (0.02) (0.07)

Doctor visit - - -0.001** -0.001**
- - (0.0005) (0.0004)

Income 0.0003** 0.001 0.0003* 0.001
(0.0002) (0.002) (0.0002) (0.002)

Health Insurance 0.01 0.003 0.02 0.006
(0.02) (0.02) (0.02) (0.02)

Intercept 0.61 0.96 0.63 0.82
(0.41) (0.54) (0.41) (0.55)

Doctor visits No No Yes Yes
Year dummies No Yes No Yes
N 6,559 6,559 6,464 6,464

Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 3.7: Vigorous Exercise : IV Estimation

Vigorous Exercise Coefficient Coefficient Coefficient Coefficient

Health Insurance 0.30* 0.27* 0.33** 0.30*
(0.16) (0.16) (0.16) (0.17)

Age -0.02 -0.03 -0.02 -0.03
(0.02) (0.02) (0.02) (0.02)

Agesq 0.0001 0.0002 0.0001 0.0002
(0.0002) (0.0001) (0.0002) (0.0002)

White 0.009 0.04 0.008 0.10
(0.02) (0.21) (0.02) (0.22)

School -0.007** -0.04 -0.007** -0.04
(0.004) (0.03) (0.004) (0.03)

Hispanic 0.03 0.04 0.03 0.05
(0.03) (0.03) (0.03) (0.03)

Male 0.10*** 0.15 0.10*** 0.13
(0.02) (0.16) (0.02) (0.16)

Good health 0.15*** -0.04 0.13*** -0.05
(0.02) (0.08) (0.02) (0.08)

Doctor visit - - -0.001*** -0.001***
- - (0.0006) (0.0005)

Income 0.0001 0.0006 0.0001 0.0004
(0.0002) (0.002) (0.0002) (0.002)

Intercept 0.73* 1.01* 0.77* 1.02*
(0.44) (0.57) (0.44) (0.57)

Weak identification test 49.58 44.55 47.06 42.47
Under identification test 133.55 120.60 127.99 116.21
P-val (Chi-sq (3)) (0.000) (0.000) (0.000) (0.000)

Overidentification test of all instruments 2.25 0.61 1.89 0.42
P-value(Chi-sq(2)) (0.324) (0.737) (0.388) (0.809)
Doctor visits No No Yes Yes
Year dummies No No No Yes
N 6,559 6,559 6,464 6,464

Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 3.8: Vigorous Exercise : First Stage Regression

Health Insurance Coefficient Coefficient Coefficient Coefficient

Age 0.03** 0.03** 0.03** 0.03**
(0.01) (0.01) (0.01) (0.01)

Agesq -0.0002* -0.0002* -0.0002* -0.0002*
(0.0001) (0.0001) (0.0001) (0.0001)

White 0.04*** -0.10 0.04*** -0.10
(0.01) (0.16) (0.01) (0.16)

School 0.01*** 0.04** 0.01*** 0.04*
(0.002) (0.02) (0.002) (0.02)

Hispanic -0.14*** -0.13*** -0.14*** -0.13***
(0.02) (0.02) (0.02) (0.02)

Male -0.02** 0.02 -0.02* 0.04
(0.01) (0.11) (0.01) (0.11)

Good health 0.07*** 0.25*** 0.09*** 0.24***
(0.01) (0.06) (0.01) (0.06)

Doctor visit - - 0.001*** 0.001***
- - (0.0003) (0.0003)

Income 0.0006*** 0.002* 0.0006*** 0.002*
(0.0001) (0.001) (0.0001) (0.001)

Spouse day 0.005*** 0.005*** 0.005*** 0.005***
(0.0008) (0.0008) (0.0008) (0.0008)

Spouse union 0.05*** 0.04*** 0.05*** 0.04***
(0.009) (0.009) (0.009) (0.009)

Spouse ltdcoverage 0.04*** 0.04*** 0.04*** 0.04***
(0.008) (0.008) (0.008) (0.008)

Intercept -0.26 -0.63 -0.29 -0.61
(0.34) (0.44) (0.34) (0.44)

F test of excluded instruments 47.72 42.82 45.69 41.21
P-value( F(3,4067)) - - (0.000) (0.000)
P-value( F(3,4107)) (0.000) (0.000) - -
Doctor visits No No Yes Yes
Year dummies No Yes No Yes
N 6,559 6,559 6,464 6,464

Clustered standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Table 3.9: Vigorous Exercise : Fixed Effect Estimation

Vigorous Exercise Coefficient Coefficient Coefficient Coefficient

Age -0.03 -0.07 -0.03 -0.07
(0.03) (0.04) (0.03) (0.04)

Agesq -0.00004 0.00002 -9.66e-06 0.00004
(0.0003) (0.0003) (0.0003) (0.0003)

White - - - -
- -

School - - - -
- - - -

Hispanic - - - -
- - - -

Male - - - -
- - - -

Good health 0.08** -0.11 0.07** -0.14
(0.03) (0.17) (0.03) (0.18)

Doctor visit - - 0.0002 0.0004
- - (0.0004) (0.0004)

Income 0.0003 -0.004 0.0002 -0.004
(0.0002) (0.004) (0.0002) (0.004)

Health Insurance 0.03 0.02 0.03 0.03
(0.04) (0.04) (0.04) (0.04)

Intercept 1.97** 1.26 2.08** 1.28
(0.89) (1.51) (0.89) (1.53)

Doctor visits No No Yes Yes
Year dummies No Yes No Yes
N 6,559 6,559 6,464 6,464

Robust standard errors are in parentheses.
*** significant at 1 % ** significant at 5 % * significant at 10 %.
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Appendix A

Appendix to Chapter 1

A.1 Mathematical Analysis of Different Assumptions

A.1.1 With Excess Demand

From second order sufficient condition, we know that D2π(p, α; γ, β) =

H =

[
πpp πpα
παp παα

]
is negative definite and it implies

πpp < 0, |H| = πppπαα − πpαπαp > 0

To do a comparative static analysis, we total differentiate all first order con-

ditions and obtain,

0 = πppdp+ πpαdα + (−Xp)dr

0 = παpdp+ πααdα + (−Xα)dr
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Using Cramer’s rule, we have

∂p

∂r
=

∣∣∣∣Xp πpα
Xα παα

∣∣∣∣∣∣∣∣πpp πpα
παp παα

∣∣∣∣
∂p

∂r
=

Xpπαα −Xαπpα
|H|

=
(−)(−)− (+)(?)

(+)

∂α

∂r
=

∣∣∣∣πpp Xp

παp Xα

∣∣∣∣∣∣∣∣πpp πpα
παp παα

∣∣∣∣
∂α

∂r
=

Xαπpp −Xpπαp
|H|

=
(+)(−)− (−)(?)

(+)

A.1.2 Without Excess Demand

A.1.2.1 Binding Bed Constraint

From Second Order sufficient Condition, we know that

D̄2π̃(p, α; γ, γ′, β) =

 0 Xp Xα +M ′(α; γ′)
Xp Lpp Lpα

Xα +M ′(α; γ′) Lαp Lαα


is negative definite.1 This condition implies

1See Simon and Blume (1994).
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|D̄2π̃(p, α; γ, γ′, β)| = −Xp

∣∣∣∣ Xp Lpα
Xα +M ′(α; γ′) Lαα

∣∣∣∣
+(Xα +M ′(α))

∣∣∣∣ Xp Lpp
Xα +M ′(α; γ′) Lαp

∣∣∣∣
= −Xp[XpLαα − Lpα(Xα +M ′(α; γ′))]

+(Xα +M ′(α; γ′))[XpLαp − Lpp(Xα +M ′(α; γ′))]

> 0

We total differentiate all first order conditions,

dLp = Lppdp+ Lpαdα + Lpµdµ+ Lprdr

dLα = Lαpdp+ Lααdα + Lαµdµ+ Lαrdr

dLµ = Lµpdp+ Lµαdα + Lµµdµ+ Lµrdr

Equivalently,

0 = Lppdp+ Lpαdα + Lpµdµ

−M ′(α; γ′)dr = Lαpdp+ Lααdα + Lαµdµ

0 = Lµpdp+ Lµαdα + Lµµdµ

where

Lpµ = −Xp

Lαµ = −(Xα +M ′(α; γ′))

Lµµ = 0
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This system of equations yields,

∂p

∂r
=

∣∣∣∣∣∣
0 Lpα Lpµ

−M ′(α; γ′) Lαα Lαµ
0 Lµα Lµµ

∣∣∣∣∣∣∣∣∣∣∣∣
Lpp Lpα Lpµ
Lαp Lαα Lαµ
Lµp Lµα Lµµ

∣∣∣∣∣∣
=

M ′(α; γ′)(LpαLµµ − LpµLµα)

A

=
−M ′(α; γ′)Xp(Xα +M ′(α))

A

=
(−)(+)(−)(+)

(+)

> 0 (A.1)

∂α

∂r
=

∣∣∣∣∣∣
Lpp 0 Lpµ
Lαp −M ′(α; γ′) Lαµ
Lµp 0 Lµµ

∣∣∣∣∣∣∣∣∣∣∣∣
Lpp Lpα Lpµ
Lαp Lαα Lαµ
Lµp Lµα Lµµ

∣∣∣∣∣∣
=
−M ′(α; γ′)(LppLµµ − LµpLpµ)

A

=
−M ′(α; γ′)(−X2

p )

A

=
(−)(+)(−)

(+)

> 0 (A.2)
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where

A = Lpp[LααLµµ − LµαLαµ]

−Lpα[LαpLµµ − LαµLµp] + Lpµ[LαpLµα − LµpLαα]

= Lpp[−(Xα +M ′(α; γ′))2]− Lpα[−(Xα +M ′(α; γ′))Xp]

−Xp[−Lαp(Xα +M ′(α; γ′)) +XpLαα]

> 0 (S.O.C.)

A.1.2.2 Non-Binding Bed Constraint

From second order sufficient condition, we know that

H =

[
π̃pp π̃pα
π̃αp π̃αα

]
is negative definite. This condition implies

π̃pp < 0, π̃ppπ̃αα − π̃pαπ̃αp > 0

Again, we total differentiate all first order conditions,

dπ̃p = π̃ppdp+ π̃pαdα + π̃prdr

dπ̃α = π̃αpdp+ π̃ααdα + π̃αrdr

Equivalently,

0 = π̃ppdp+ π̃pαdα

−M ′(α; γ′)dr = π̃αpdp+ π̃ααdα
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We obtain,

∂p

∂r
=

∣∣∣∣ 0 π̃pα
−M ′(α; γ′) π̃αα

∣∣∣∣∣∣∣∣π̃pp π̃pα
π̃αp π̃αα

∣∣∣∣
=

M ′(α; γ′)π̃pα
π̃ppπ̃αα − π̃pαπ̃αp

=
(+)(?)

(+)
(A.3)

∂α

∂r
=

∣∣∣∣π̃pp 0
π̃αp −M ′(α; γ′)

∣∣∣∣∣∣∣∣π̃pp π̃pα
π̃αp π̃αα

∣∣∣∣
=

−M ′(α; γ′)π̃pp
π̃ppπ̃αα − π̃pαπ̃αp

=
(−)(+)(−)

(+)

> 0 (A.4)
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Appendix B

Appendix to Chapter 2

B.1 Features of the Universal Coverage Scheme

State health care services in Thailand are those provided by the Min-

istry of Public Health (MoPH) at specialized hospitals, regional hospitals,

general hospitals, community hospitals, and subdistrict health centers, and

by other ministries such as the Ministry of Education (medical schools), the

Ministry of Defence, the Ministry of Interior, state enterprises, and local ad-

ministrative organizations. After the introduction of the UC Scheme, a person

is required to register with his or her preferred public or private primary con-

tractor which then provides the services in the benefit package free of charge

(a 30 Baht co-pay was required for some groups before 2007).

The primary contractor is responsible for any cost incurred at an upper-

level facility if a referral is needed. In the case of an accident or an emergency,

a person is allowed to obtain services at non-registered facilities in which case

payment is made by the National Health Security Office (NHSO). The primary

contractor is mostly a District Health System in rural areas (This system con-

sists of a community hospital and 10-12 health centers within one district).1

1A typical health center is staffed by a team of three to five nurses and paramedics while
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Inpatient services are available at a community hospital but not at a health

center, and the size of a community (district) hospital varies from 10 to 150

beds. A steady increase in bed capacities has been observed over time. Ben-

eficiaries are allowed to change their registered provider a maximum of two

times per year, and the primary care facility is selected mainly based on the

person’s residential proximity.

According to many studies, most of the UC beneficiaries belonged to

the poorest two quintiles, while those belonging to the richest two quintiles

are generally under either the CSMSB or the SSS.2 This finding emphasizes

the importance of the primary care facilities under the UC Scheme, which are

available through the District Health System that allows poor, rural benefi-

ciaries access to quality health care services.

B.2 First Stage Probability Prediction

To identify the counter-factual of Group 1 (the uninsured group) and

Group 2 (the Voluntary Health Card group) to be used in equation (2.2), we

estimate a Linear Probability Model (LPM) in which the health status of a

person and the number of his or her household members are used to identify

a 30-bed community hospital is staffed by three to four general physicians, 30 nurses, two
to three pharmacists, one to two dentists, and paramedics as noted in IHP study (2010).

2See, for example, Wibulpolprasert (2008).
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the group to which the person belongs.3

Pr(G1it = 1) = Zit ∗ θ + ηit

Pr(G2it = 1) = 1− Pr(G1it = 1) (B.1)

3Those with the Voluntary Health Card are normally less healthy compared to the unin-
sured and also have a larger household size due to the card’s generous coverage. The number
of days off from sickness is used as a proxy here. The sample is also restricted only to those
who reported having a “non-exempted gold card.”
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Table B.1: First Stage Regression Results

Variable Coefficient

Male 0.009
(0.005)

Number of family members -0.004***
(0.001)

Married -0.02***
(0.006)

Region 2 0.08***
(0.03)

Region 3 0.11***
(0.03)

Region 4 0.16***
(0.03)

Region 5 0.20***
(0.03)

Age 0.004*
(0.002)

Urban 0.04*
(0.02)

High Education -0.06*
(0.03)

Number of days off -0.002**
(0.001)

Intercept 0.70***
(0.07)

N 23,632
F( 58, 23,573) 102.19
p-value (0.000)
R2 0.08
Robust Standard errors are in parentheses.
Region 1 (Bangkok) is omitted, Region 2 is the Central Plain, Region 3 is the Northern region,
Region 4 is the North Eastern region, Region 5 is the Southern region.
Other controls included are gender, marital status, education, age, age squared, occupation, urban indicator,
region of residence, interaction between education and age, interaction between region of residence and age,
interaction between urban indicator and age, and interaction between occupation and age.
*** significant at 1 % ** significant at 5% * significant at 10 %.
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B.3 Bootstrapped Standard Errors

In order to obtain empirical standard errors for all the coefficients , we

use a two-step non-parametric bootstrapping method, which consists of the

following methods:

1. Draw a random sample from the 1996 observations and use it to obtain

a LPM model of being in either the uninsured group or the Voluntary

Health Card group, using equation (B.1).

2. Draw another random sample from the 2003 observations and calculate

the fitted probabilities of being uninsured or having a Voluntary Health

Card for those with a non-exempted gold card.

3. Pool the sample from 1996 and the sample from 2003 (with predicted

probabilities). Estimate equation (2.3) to obtain all the coefficients.

4. Obtain a test of the linear combination of the relevant coefficients.

5. Repeat step 1.-4. 1000 times using re-sampling with replacement to

obtain non-parametric bootstrapped standard errors of the test.

116



Bibliography

[1] Academic Technology Services, Statistical Consulting Group: “Stata

FAQ: How does one do regression when the dependent variable is a pro-

portion ?,” University of California at Los Angeles, from http://www.

ats.ucla.edu/stat/stata/faq/proportion.htm (accessed March 23,

2011), California.

[2] Baum C. F., M. E. Schaffer and S. Stillman (2003): “Instrumental vari-

ables and GMM: Estimation and Testing,” Working Paper No. 545,

Department of Economics, Boston College.

[3] Baum C. F., M. E. Schaffer, and S.Stillman (2010): “ivreg2:Stata mod-

ule for extended instrumental variables/2SLS,GMM and AC/HAC,LIML

and k-class regression,” http://ideas.repec.org/c/boc/bocode/s425401.

html

[4] Card, D., C. Dobkin, and N. Maestas (2008): “The Impact of Nearly

Universal Insurance Coverage on Health Care Utilization: Evidence from

Medicare,” American Economic Review, 98(5), 2242 - 2258.

[5] Cohen, J. W., and W. D. Spector (1996): “The Effect of Medicaid

Reimburse- ment on Quality of Care in Nursing Homes,” Journal of

Health Economics, 15(1), 23-48.

117



[6] Courbage, C. and A. Coulon. (2004):“Prevention and Private Health

Insurance in the U.K.,” Geneva Papers on Risk and Insurance: Issues

and Practice, 29(4), 719 - 727.

[7] Dave D., and R. Kaestner (2009): “Health Insurance and Ex ante Moral

Hazard: Evidence from Medicare,” International Journal of Health Care

Finance and Economics, 9(4), 367 - 390.

[8] Decker, S. L. (2005): “Medicare and the Health of Women with Breast

Cancer,” Journal of Human Resources, 40(4), 948 - 968.

[9] Department of Health and Family Services (various years): “Method of

Implementation for Wisconsin Medicaid Nursing Home Payment Rates,”

Wisconsin Medicaid Program, Wisconsin.

[10] Dusansky, R. (1989): “On the Economics of Institutional Care of the

Elderly in the U.S.: The Effects of a Change in Government Reimburse-

ment,”Review of Economic Studies, 56(1), 141-150.

[11] Dusansky, R. and C. Koc (2006): “Health Care, Insurance and the Con-

tract Choice Effect,” Economic Inquiry, 44(1), 121-127.

[12] Ehrlich, I. and G. Becker (1972): “Market Insurance, Self Insurance and

Self Protection,” Journal of Political Economy, 80(4), 623 - 648.

[13] Feldstein, M. (1973): “The Welfare Loss of Excess Health Insurance,”

Journal of Political Economy, 81(2), 251 - 280.

118



[14] Finkelstein, A. (2007): “The Aggregate Effects of Health Insurance: Ev-

idence from the Introduction of Medicare,” Quarterly Journal of Eco-

nomics, 122(1), 1 - 37.

[15] Finkelstein, A., and R. McKnight (2008): “What did Medicare do? The

Initial Impact of Medicare on Mortality and Out of Pocket Medical

Spending,” Journal of Public Economics, 92(7), 1644 - 1668.

[16] Gertler, P. J. (1989): “Subsidies, Quality, and the Regulation of Nursing

Homes,” Journal of Public Economics, 38(1), 33-52.

[17] Gertler, P. J., and D. M. Waldman (1992): “Quality-Adjusted Cost

Functions and Policy Evaluation in the Nursing Home Industry,” Journal

of Political Economy, 100(6), 1232-1256.

[18] Grabowski, D. C. (2000): “A Longitudinal Study of Medicaid Payment,

Private- Pay Price and Nursing Home Quality,” International Journal

of Health Care Finance and Economics, 4(1), 5-26.

[19] Gruber, J. (1994): “The Incidence of Mandated Maternity Benefits,”

American Economic Review, 84(3), 622 - 641.

[20] Gruber, J. (1994): “State-Mandated Benefits and Employer-Provided

Health Insurance,” Journal of Public Economics, 55(3), 433 - 464.

[21] Gruber, J., and J. Poterba (1994): “Tax Incentives and the Decision to

Purchase Health Insurance: Evidence from the Self-Employed,” Quar-

terly Journal of Economics, 109(3), 701 - 733.

119



[22] Hamermesh, D. S., and S. J. Trejo (2000): “The Demand for Hours

of Labor: Direct Evidence from california,” Review of Economics and

Statistics, 82(1), 38 - 47.

[23] Hansen, L. P. (1982): “Large Sample Properties of Generalized Method

of Moments Estimators,” Econometrica, 50(4), 1029 - 1054.

[24] IHP Program (2010): How Thailand Achieves Pro-Poor Health Service

Utilization and Government Subsidies.

[25] Kaiser Commission on Medicaid and the Uninsured (2010):“Medicaid

Financial Eligibility: Primary Pathways for the Elderly and People with

Disabilities,” The Harry J. Kaiser Family Foundation, from www.kff.

org/medicaid (accessed March 10, 2011), Washington DC.

[26] Kaiser Commission on Medicaid and the Uninsured (2010):“Medicaid :

A Primer,” The Harry J. Kaiser Family Foundation, from www.kff.org/

medicaid (accessed March 10, 2011), Washington DC.

[27] Kaiser Commission on Medicaid and the Uninsured (2011): “Medicaid

and Long-Term Care Services and Supports: Fact Sheet,” The Harry

J. Kaiser Family Foundation, from www.kff.org/kcmu (accessed March

10, 2011), Washington DC.

[28] Kenkel D. S. (2000): “Ch.31: Prevention,” In The Handbook of Health

Economics, Vol.1B, edited by Joseph P. Newhouse and Anthony J.Culyer.

Elsevier,Amsterdam, The Netherlands.

120



[29] Lichtenberg, F. R. (2002): “The Effects of Medicare on Health Care

Utilization and Outcomes,” In Frontiers in Health Policy Research, Vol.

5, Cambridge and London:, Columbia U., 27 - 52.

[30] Manning, W. G., J. P. Newhouse, N. Duan, E. B. Keeler, A. Lei- bowitz,

and M. S. Marquis (1987): “Health Insurance and the Demand for Med-

ical Care: Evidence from a Randomized Experiment,” American Eco-

nomic Review, 77(3), 251 - 277.

[31] Miller, N. A., S. Ramsland, and C. Harrington (1999): “Trends and

Issues in the Medicaid 1915 (c) Waiver Program,” Health Care Financing

Review, 20(4), 139.

[32] Morris, J. N. et. al.(2003): “Validation of Long-Term and Post-Acute

Care Quality Indicators,” CMS Final Report, HRCA Research and Train-

ing Institute, Roslindale, MA.

[33] Mullahy J. (1997): “Instrumental Variable Estimation of Count Data

Models: Applications to Models of Cigarette Smoking Behavior,” Review

of Economics and Statistics, 79(4), 586 - 593.

[34] Norton, E. C. (2000): “Ch. 17: Long-Term Care,” In Handbook of Health

Economics, 1 ed., vol. 1B. Elsevier Science, 955-988.

[35] Nyman, J. A. (1985): “Prospective and ’Cost-Plus’ Medicaid Reim-

bursement, Excess Medicaid Demand, and the Quality of Nursing Home

Care,” Journal of Health Economics, 4(3), 237-259.

121



[36] Nyman, J. A. (1989): “Analysis of nursing home use and bed supply:

Wisconsin, 1983,”Health Services Research, 24(4), 511-537.

[37] Nyman, J. A. (1993): “Testing for Excess Demand in Nursing Home

Care Markets,” Medical Care, 31(8), 680-693.

[38] Nyman, J. A. (1994): “The Effects of Market Concentration and Excess

Demand on the Price of Nursing Home Care,” Journal of Industrial

Economics, 42(2), 193-204.

[39] Olson, C. A. (2002): “Do Workers Accept Lower Wages in Exchange for

Health Benefits?,” Journal of Labor Economics, 20(S2), S91 - S114.

[40] Papke, L. E. and J. M. Wooldridge (1996): “Econometric Methods for

Fractional Response Variables With an Application to 401 (K) Plan,”

Journal of Applied Econometrics, 11(6), 619-632.

[41] Pauly, M. (1974): “Overinsurance and Public Provision of Insurance:

The Roles of Moral Hazard and Adverse Selection,” Quarterly Journal

of Economics, 88(1), 44 - 62.

[42] Riphahn, R. T., A. Wambach, and A. Million (2003): “Incentive Ef-

fects in the Demand for Health Care: A Bivariate Panel Count Data

Estimation,” Journal of Applied Econometrics, 18(4), 387 - 405.

[43] Sakunphanit, T., T. Kreethong, S. Srithamrongsawat, R. Preechachard,

and K. Limpiyakorn (2008): “Cost and Service Pressures in Thai Health

Delivery Systems,” Technical Report.

122



[44] Schaffer, M. E., (2010): “xtivreg2: Stata module to perform extended

IV/2SLS, GMM and AC/HAC, LIML and k-class regression for panel

data models,” http://ideas.repec.org/c/boc/bocode/s456501.html

[45] Scherer, F. M. (1980): “Industrial Market Structure and Economic Per-

formance,” 3 ed. Houghton Mifflin Company.

[46] Servais M. A. (2004) (updated 2009): “Overview of HRS Public Data

Files for Cross sectional and Longitudinal Analysis,” Survey Research

Center, Institute for Social Research, University of Michigan, Ann Arbor.

[47] Simon, C. P., and L. E. Blume (1994): “Mathematics for Economists,”

1 ed., W. Norton & Company.

[48] Srithamrongsawat, S., and S. Torwatanakitkul (2004): “Ch. 5: Impli-

cations of the universal coverage scheme on health service delivery sys-

tem in Thailand,” In From Policy to Implementation: Historical Events

during 2001-2004 of Universal Coverage in Thailand, National Health

Security Office.

[49] Staiger, D. and J. H. Stock. (1997): “Instrumental variables regression

with weak instruments,” Econometrica, 65(3), 557 - 586.

[50] Tangcharoensathien, V., W. Patcharanarumol, C. Vasavid, P. Prakong-

sai, P. Jongudomsuk, S. Srithamrongswat, and J. Thammathataree (2010):

Thailand Health Financing Review, Technical Report, Thai Working

Group on Observatory of Health Systems and Policy.

123



[51] U.S. General Accounting office (1994): “Medicaid Long-Term Care: Suc-

cessful State Efforts to Expand Home Services While Limiting Costs,”

Health, Education, and Human Services Division, Washington DC.

[52] Wibulpolprasert, S., S. Sirilak, P. Ekachampaka, N. Wattanamano, and

R. Taverat (2008): Thailand Health Profile 2005-2007, Bureau of Policy

and Strategy, Ministry of Public Health of Thailand, Nonthaburi,Thailand.

[53] Wooldridge, J. M.(2001): Econometric Analysis of Cross Section and

Panel Data, 1st ed., The MIT Press, Cambridge, Massachusetts, London,

England.

124



Vita

Touchanun Komonpaisarn was born in Bangkok, Thailand, on Oc-

tober 1, 1983, as the eldest daughter of Chawalit Komonpaisarn and Porn-

tisha Thanatanya. She received a Bachelor of Arts in Economics with First

Class Honors from the Bachelor of Economics (B.E.) International Program

at Thammasat University in Thailand, in 2005. She entered the PhD program

in Economics at the University of Texas at Austin in the Fall of 2006 and

received a Master of Science in Economics in 2008. Her specializations include

the fields of Health Economics, Public Economics, and Applied Econometrics.

Permanent address: 53/765 Moo.5 Changwattana, Pakkret
Nonthaburi, Thailand 11120

This dissertation was typeset with LATEX† by the author.

†LATEX is a document preparation system developed by Leslie Lamport as a special
version of Donald Knuth’s TEX Program.

125


