
The authors use a two-part model of
demand to model the impact of qualified
Medicare beneficiary (QMB) enrollment on
medical care use.  Assuming QMB enroll-
ment to be exogenous, they find Medicare
Part B utilization to be 12 percent higher
and Part B expenditures 44 percent greater
among QMBs than among eligible non-
enrollees.  There is no dif ference between
these two groups in overall Part A expendi-
tures.  Modeling the possibility that QMB
enrollment is endogenous, the authors find
qualitatively similar results, but the esti-
mates are not precisely estimated.

INTRODUCTION

The Medicare program’s cost-sharing pro-
visions—its premiums, deductibles, and
copayments—can present a substantial finan-
cial hardship for low-income beneficiaries.
To alleviate some of this burden, Congress
enacted the QMB program.  Under this pro-
gram, implemented in 1990, State Medicaid
programs are required to pay Medicare pre-
miums, deductibles, and copayments for
beneficiaries with incomes at or below the
Federal poverty level1 (FPL) and assets not
exceeding twice the resource limits for

Supplemental Security Income (SSI).2
Since the program began, policymakers and
advocates for the elderly have been con-
cerned about low program participation.

BACKGROUND

Despite attempts by a variety of public and
private organizations to inform eligible
seniors about the benefits, many eligible
individuals are not participating in the pro-
gram.  A recent study by Families USA
(1998) reported that approximately 1.9 mil-
lion of the 2.4 million low-income elderly and
disabled persons who are eligible do not par-
ticipate in the QMB program.  Reports by
the U.S. General Accounting Office (1994)
and Neumann et al. (1994) confirmed the
general accuracy of this estimate. 

Neumann et al. (1994) analyzed the bar-
riers to entry into the QMB program.  The
authors reached three general conclu-
sions:  First, the program is not serving
many individuals for whom it was intended.
Well over 2 million eligible elderly benefi-
ciaries are not participating, and participa-
tion remains low even among truly needy
individuals.  More than 50 percent of those
reporting incomes under $1,000 and more
than 50 percent of those with at least one
hospital visit over the previous 1.5 years do
not participate.  The data also suggest that
a number of persons eligible for the QMB
program, both enrolled and not enrolled,
are purchasing supplemental insurance
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coverage, despite the fact that the QMB
program was designed to cover most of
their out-of-pocket health costs.

Second, beneficiaries who are enrolled
as QMBs tend to be those most in need of
the program.  Beneficiaries enrolled in
other government assistance programs,
for example, are very likely to participate
in the QMB program.  Among those eligi-
ble for the QMB program, the two sub-
groups most vulnerable to Medicare out-of-
pocket costs—lower income beneficiaries
and those with poorer health status—are
more likely to enroll in QMB than are high-
er income seniors and those in good or
excellent health.  Participation is also high-
er among black persons and Hispanic per-
sons, those with less education, and those
reporting few social contacts (e.g., those
reporting no contacts with friends or fami-
ly members during the previous 2 weeks;
widowed, divorced, or never-married indi-
viduals; and geographically isolated benefi-
ciaries).  Those residing in rural areas and
those living far from their usual source of
care have higher participation (Neumann
et al., 1994).

The third finding to emerge from
Neumann et al.’s 1994 study was that most
eligible beneficiaries are ill-informed about
the QMB program.  Only 7 percent of those
eligible had ever heard of the program; of
the 91 percent who had not heard of the
program, almost 40 percent were actually
enrolled.  Among eligible non-enrollees,
the most frequently provided reasons for
not enrolling were that they do not believe
they need the program (33 percent), they
do not think they qualify (27 percent), or
they are not aware of it (16 percent).

This study’s purpose is to compare the
health expenditures of the QMB-enrolled
population with those elderly Medicare
beneficiaries who are eligible for but not
enrolled in the program.  Specifically, the
study addressed three research questions:

• Is the health care utilization of QMB
enrollees significantly different from that
of eligible non-enrollees?  If so, are dif-
ferences specific to Medicare Part A or
Part B services?

• Is there evidence of adverse selection
with respect to enrollment in the QMB
program? 

• What is the impact of QMB enrollment
on Medicare expenditures?  
To answer these questions, we analyzed

data from the Medicare Current
Beneficiary Survey (MCBS) and the
MCBS National Claims History File
(NCHF).  To determine the impact of QMB
enrollment on health care utilization, we
used a two-part model of demand
(Manning et al., 1987) representing the
decision to use medical care as well as the
intensity of service utilization.  In addition,
we developed a multi-equation system to
account for possible adverse selection in
the QMB program.

In our models where QMB enrollment is
assumed to be exogenous, we find the
probability of any Medicare Part B utiliza-
tion (i.e., physician and medical supplier
services) and expenditures are higher
among individuals enrolled in QMB than
among eligible non-enrollees.   The proba-
bility of having any Medicare Part A (i.e.,
hospital) expenses is also higher among
QMBs than among eligible non-enrollees.
When we model the possibility that QMB
enrollment is endogenous, we find similar
results, but the estimates are not precisely
estimated.

DATA 

To complete this analysis, we analyzed
data from the MCBS.   This survey, spon-
sored by the HCFA, examines the current
status of the Medicare population (Stone,
1993).  The MCBS consists of a series of
interviews conducted three times a year
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with a stratified random sample of approxi-
mately 12,000 elderly and non-elderly
Medicare beneficiaries, focusing on their
health care utilization and expenditures,
health status, family support, living
arrangements, and financial resources.

We analyzed three components of the
MCBS, as follows:
• The 1992 Income and Assets (I&A) sup-

plement:  The I&A supplement collects
detailed information about beneficiaries’
financial resources, including sources of
income and assets.  We identified
respondents as eligible for the QMB pro-
gram if their incomes did not exceed 100
percent of the FPL and their assets did
not exceed twice the amount established
for SSI eligibility.3

• The QMB supplement:  In the spring of
1993, this questionnaire was administered
to the sample of MCBS respondents iden-
tified as being eligible for the QMB pro-
gram.  The questionnaire was designed to
examine beneficiaries’ knowledge of the
QMB program, their sources of informa-
tion, and, for non-enrollees, their reasons
for not participating.  

• The NCHF:  The NCHF contains inpa-
tient and outpatient utilization and finan-
cial data on all MCBS respondents,
including provider charges and
Medicare reimbursement, as well as the
deductibles and copayments associated
with a specific service.   

From these MCBS data bases, we created
a set of analytic files.  First, we used the
MCBS to identify a sample of elderly, non-
institutionalized beneficiaries who met the
eligibility criteria for the QMB program.
Next, we merged data from the QMB sup-
plement with two other data bases containing
information on our sample of persons eligible
for the QMB program: one incorporating
data from the MCBS core survey on charac-
teristics of the eligible population and the
other containing information from HCFA’s
1993 Medicare buy-in file, which was used to
determine whether eligible beneficiaries
were actually enrolled in the program.4

These comprehensive QMB population
data bases were then merged with NCHF-
derived health care use and expenditure
summary files.  This portion of the analysis
required pre-processing the institutional
(e.g., hospital inpatient and outpatient) and
non-institutional (e.g., physician and med-
ical suppliers) claims files available as part
of the MCBS database.  We analyzed
claims for services provided during calen-
dar year 1993 (e.g., for dates of service
1/1/93 through 12/31/93).  During the
preprocessing steps, we removed any
transaction or adjudication records that did
not record an actual health service use.
This preprocessing procedure closely fol-
lowed the NCHF analytic file creation strat-
egy outlined by Parente et al. (1995).
Using only the data elements necessary for
the analysis, we generated a resource-use
analytic file that summarized each benefi-
ciary’s Part A and Part B service use and
expenditures, as well as the copayment
and deductible amounts paid.  This
resource-use profile summarized the uti-
lization history of all beneficiaries in the
MCBS study population, regardless of
QMB participation or eligibility.  
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3 As Neuman et al. (1994) note, there is a concern about the qual-
ity of the income and asset information in the MCBS survey.  For
example, reported incomes tend to cluster around focal points
like $2,500, valuing assets is notoriously difficult, and respon-
dents tend to understate income.  Precise income values are nec-
essary, however, to determine the sample of persons eligible for
the QMB program.  Unfortunately we have no way to verify
whether reported income levels are accurate.  If we understate
income, we may include a respondent in the sample who is not
eligible for QMB.  If measurement error is a serious problem,
we should see an appreciable drop in the fraction of enrollees as
we approach the income limits for single and married respon-
dents. This is not the case.  Also, because the fraction of
enrollees we calculate is very similar to numbers generated by
other reports, we feel confident that the misreporting of
incomes is not a major concern in this context.  

4 Because so few people could acknowledge the QMB program
by name, enrollment was determined solely by the information
from the Medicaid buy-in file.



Characteristics of the Study
Population

Descriptive statistics for the important
variables in our sample are presented in
Table 1.  We report means and standard
deviations for the entire sample, as well as
for those samples of QMB-eligible persons
enrolled and not enrolled in the program.5
As indicated in Table 1, the vast majority of
QMB-eligible seniors are female, and the
average age of respondents is 77.  The
average respondent has only 8 years of
education, and average self-reported
income is slightly over $1,000 per year. 

In this sample, only 43 percent of eligible
adults are enrolled in the QMB program.
This estimate is extremely close to the
weighted mean of 44 percent reported in
Neumann et al. (1994).  We also report in
this table sample characteristics by QMB
enrollment; these findings are consistent
with the conclusions of Neumann et al.
Eligible beneficiaries enrolled in QMB have
lower incomes, lower rates of home owner-
ship, and higher reported activity of daily
living (ADL) deficiencies than those not
enrolled.  In addition QMBs are less likely
to report excellent or very good health and
more likely to report fair or poor health than
are eligible non-enrollees.  The only demo-
graphic variables that do not demonstrate
statistically significant differences between
the enrolled and non-enrolled populations
are Hispanic ethnicity, income, age, and
good health.

In this table, we report six measures of
health care utilization.  First, we present
the proportion of respondents with any
Medicare Part B charges for doctor visits;
any Part B charges (e.g., outpatient hospi-
tal encounters); and any Part A charges.

Next, we report mean expenditures for
beneficiaries who used any type of health
service.  These results indicate that both
the probability and intensity of use are sig-
nificantly higher for QMBs than for
Medicare beneficiaries who are eligible for
but not enrolled in the QMB program.  To
provide some indication of the magnitude
of these differences, in Table 2, we report
simple differences in means for all three
probability and intensity-of-use measures.
For this table, we calculated the mean of
log expenditures, because this difference
is equivalent to a percentage difference in
use.

The results reported in Table 2 indicate
that among persons eligible for the QMB
program, the probability of having any Part
B charges is 13.1 percent higher for those
enrolled in the program than for those not
enrolled, and the probability of having any
Part A charges is 8.1 percentage points
higher for QMBs than for eligible non-
enrollees.  Similarly, among persons eligi-
ble for the QMB program with positive
expenditures in a particular service cate-
gory, the Part B expenses of QMB
enrollees are 51.1 percent higher than
those of eligible beneficiaries not partici-
pating in the program, and Part A expens-
es of QMBs are 10.2 percent higher than
those of eligible non-enrollees.  All differ-
ences except the differences in Part A
expenses are precisely estimated, and we
can easily reject the null hypothesis that
the differences are zero. 

In the following section, we provide a
more detailed analysis of the impact of
QMB enrollment on health care utilization.
Because QMB enrollees have very differ-
ent demographic and health characteris-
tics than those not enrolled in the program,
we first estimate a multivariate model that
controls for differences between seniors.
Next we consider whether the QMB pro-
gram’s estimated impact on utilization is a
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5 Throughout this article, we provide unweighted statistics.  We
note, however, that use of sample weights led to no appreciable
change in results.  This result is not surprising, as many of the
variables on which the sample was stratified (e.g., race) were
entered as covariates in our models.



HEALTH CARE FINANCING REVIEW/Winter 1998/Volume 20, Number 2 23

Ta
b

le
 1

V
ar

ia
b

le
 D

ef
in

it
io

n
s 

an
d

 S
am

p
le

 C
h

ar
ac

te
ri

st
ic

s

F
ul

l S
am

pl
e

E
nr

ol
le

d 
in

 Q
M

B
N

ot
 E

nr
ol

le
d 

in
 Q

M
B

S
ta

nd
ar

d
S

ta
nd

ar
d

S
ta

nd
ar

d
V

ar
ia

bl
e 

N
am

e
D

ef
in

iti
on

M
ea

n
D

ev
ia

tio
n

M
ea

n
D

ev
ia

tio
n

M
ea

n
D

ev
ia

tio
n

Q
M

B
 E

nr
ol

lm
en

t*
1 

if 
E

nr
ol

le
d 

in
 Q

M
B

, 
0 

O
th

er
w

is
e

0.
43

0.
50

1.
00

0.
00

0.
00

0.
00

F
em

al
e*

1 
if 

R
es

po
nd

en
t 

Is
 F

em
al

e,
 0

 O
th

er
w

is
e

0.
74

0.
44

0.
78

0.
42

0.
71

0.
45

M
al

e*
1 

if 
R

es
po

nd
en

t 
is

 M
al

e,
 0

 O
th

er
w

is
e

0.
26

0.
44

0.
22

0.
42

0.
29

0.
45

B
la

ck
*

1 
if 

R
es

po
nd

en
t 

is
 B

la
ck

, 
0 

O
th

er
w

is
e

0.
24

0.
43

0.
32

0.
47

0.
19

0.
40

H
is

pa
ni

c*
1 

if 
R

es
po

nd
en

t 
is

 H
is

pa
ni

c,
 0

 O
th

er
w

is
e

0.
10

0.
30

0.
12

0.
33

0.
09

0.
28

W
hi

te
*

1 
if 

R
es

po
nd

en
t 

is
 W

hi
te

, 
N

ot
 H

is
pa

ni
c,

0 
O

th
er

w
is

e
0.

66
0.

47
0.

56
0.

50
0.

73
0.

45
In

co
m

e
Ye

ar
ly

 F
am

ily
 I

nc
om

e
$1

,2
69

$1
,7

30
$1

,1
77

$1
,7

21
$1

,3
39

$1
,7

35
A

ge
A

ge
 in

 Y
ea

rs
77

.5
7.

81
77

.6
7.

89
77

.4
7.

77
E

du
ca

tio
n

Ye
ar

s 
of

 E
du

ca
tio

n
8.

25
3.

70
7.

34
3.

57
8.

94
3.

75
O

w
n 

H
om

e*
1 

if 
R

es
po

nd
en

t 
O

w
ns

 H
om

e,
 0

 O
th

er
w

is
e

0.
43

0.
50

0.
27

0.
44

0.
55

0.
50

R
en

t 
H

om
e*

1 
if 

R
es

po
nd

en
t 

R
en

ts
 H

om
e,

 0
 O

th
er

w
is

e
0.

32
0.

47
0.

44
0.

50
0.

23
0.

42
Li

ve
 W

ith
 O

th
er

s*
1 

if 
R

es
po

nd
en

t 
Li

ve
s 

in
 S

om
eo

ne
 E

ls
e’

s
H

om
e,

 0
 O

th
er

w
is

e
0.

25
0.

43
0.

29
0.

45
0.

22
0.

42
E

xc
el

le
nt

/V
er

y 
G

oo
d 

H
ea

lth
*

1 
if 

R
es

po
nd

en
t 

Is
 in

 E
xc

el
le

nt
 o

r 
V

er
y

G
oo

d 
H

ea
lth

, 
0 

O
th

er
w

is
e

0.
30

0.
46

0.
23

0.
42

0.
37

0.
48

G
oo

d 
H

ea
lth

*
1 

if 
R

es
po

nd
en

t 
Is

 in
 G

oo
d 

H
ea

lth
, 

0 
O

th
er

w
is

e
0.

27
0.

44
0.

25
0.

44
0.

27
0.

45
F

ai
r/

P
oo

r 
H

ea
lth

*
1 

if 
R

es
po

nd
en

t 
Is

 in
 F

ai
r 

or
 P

oo
r 

H
ea

lth
,

0 
O

th
er

w
is

e
0.

43
0.

50
0.

51
0.

50
0.

37
0.

48
A

D
Ls

N
um

be
r 

of
 R

ep
or

te
d 

R
es

tr
ic

tio
ns

 in
 A

D
Ls

0.
42

1.
07

0.
60

1.
24

0.
29

0.
90

A
ny

 P
ar

t 
B

 M
D

 C
ha

rg
es

*
1 

if 
R

es
po

nd
en

t 
H

ad
 A

ny
 P

ar
t 

B
 C

ha
rg

es
fo

r 
D

oc
to

r 
S

er
vi

ce
s,

 0
 O

th
er

w
is

e
0.

78
0.

42
0.

85
0.

36
0.

72
0.

45
A

ny
 P

ar
t 

B
 C

ha
rg

es
*

1 
if 

R
es

po
nd

en
t 

H
ad

 A
ny

 P
ar

t 
B

 C
ha

rg
es

,
0 

O
th

er
w

is
e

0.
78

0.
41

0.
86

0.
35

0.
72

0.
45

A
ny

 P
ar

t A
C

ha
rg

es
*

1 
if 

R
es

po
nd

en
t 

H
ad

 A
ny

 P
ar

t A
C

ha
rg

es
,

0 
O

th
er

w
is

e
0.

20
0.

40
0.

24
0.

43
0.

16
0.

37
P

ar
t 

B
 M

D
 C

ha
rg

es
To

ta
l P

ar
t 

B
 C

ha
rg

es
 f

or
 D

oc
to

r 
S

er
vi

ce
s,

G
iv

en
 P

os
iti

ve
 C

ha
rg

es
$2

,9
64

$5
,7

13
$3

,3
78

$4
,8

82
$2

,5
92

$6
,3

47
P

ar
t 

B
 C

ha
rg

es
To

ta
l P

ar
t 

B
 C

ha
rg

es
, 

G
iv

en
 P

os
iti

ve
 C

ha
rg

es
$3

,9
67

$7
,2

29
$ 

4,
54

9
$6

,5
59

$3
,4

44
$7

,7
52

P
ar

t A
C

ha
rg

es
To

ta
l P

ar
t A

C
ha

rg
es

, 
G

iv
en

 P
os

iti
ve

 C
ha

rg
es

$1
6,

06
5

$2
1,

47
6

$1
6,

02
3

$1
6,

48
3

$1
6,

10
1

$2
9,

06
5

N
um

be
r 

of
 O

bs
er

va
tio

ns
—

1,
40

0
—

60
5

—
79

5
—

*I
nd

ic
at

or
 v

ar
ia

bl
e.

N
O

T
E

S
: 

Q
M

B
 is

 q
ua

lif
ie

d 
M

ed
ic

ar
e 

be
ne

fic
ia

ry
. 

 M
D

 is
 m

ed
ic

al
 d

oc
to

r. 
 A

D
Ls

 is
 a

ct
iv

iti
es

 o
f 

da
ily

 li
vi

ng
.

S
O

U
R

C
E

: 
P

ar
en

te
, 

S
., 

an
d 

E
va

ns
, 

W
., 

P
ro

je
ct

 H
O

P
E

, 
B

et
he

sd
a,

 M
D

, 
19

99
.



causal relationship or whether this rela-
tionship is simple correlation.  As noted in
Table 1,  those in the poorest health—who
thus can be expected to have higher rates
of health care utilization—are also more
likely to enroll in the QMB program.  If
people who anticipate having large medical
expenses are the most likely to enroll in
the QMB program, the differences in use
between enrolled and non-enrolled seniors
reported in Table 2 would overstate the
causal impact of enrollment on use.  We
outline a simple multi-equation system
designed to eliminate the potential bias
generated by this type of adverse selection.

METHODS AND RESULTS

We use a two-part model of demand
(Manning et al., 1987) to measure the
impact of QMB enrollment on medical use
from the two-part model; the decision to
use medical services and the intensity-of-
service utilization are modeled separately.
We have modeled the probability-of-use
equation as a simple probit and estimated
the log-of-positive-expenditures equation
by ordinary least squares (OLS).  Our two-
part model is substantially more complex
than previous applications because we sus-
pect that the covariate of interest, QMB
enrollment, may be endogenous.  Our

rationale for treating QMB enrollment as
endogenous reflects the possibility that
beneficiaries, or family and social workers
acting on their behalf, will enroll with the
intent of using medical services for signifi-
cant health conditions.  This assumption is
substantiated by Neumann et al.’s (1994)
finding that the enrolled QMB population
had worse health status than the non-
enrolled eligible population.  

In the next section, we present a stan-
dard two-part model of medical care use
assuming all covariates in the model are
exogenous.  We then discuss the results
from this exercise.  In the final section, we
outline in detail a multi-equation system
designed to provide unbiased estimates of
QMB enrollment, accounting for the poten-
tial adverse selection previously described.
Estimating these systems appropriately
requires the identification of a factor corre-
lated with QMB enrollment but uncorrelat-
ed with the probability or intensity of med-
ical care use.  

Standard Two-Part Model of Demand

As previously noted, we used the
Medicare claims history files to generate
three primary measures of health care use
for the QMB-eligible population:  use of
Part B physician services; use of any Part
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Table 2

Measures of Health Care Use, by Those Enrolled and Not Enrolled in the QMB Program, 
and Differences

Enrolled in QMB Not Enrolled in QMB Difference

Standard Standard Standard
Variable Mean Deviation Mean Deviation Mean Deviation

Access-to-Care Measures
Any Physician Charges 0.848 0.015 0.721 0.016 0.127 0.022
Any Part B Charges 0.856 0.014 0.725 0.016 0.131 0.021
Any Part A Charges 0.243 0.017 0.162 0.013 0.081 0.022

Intensity-of-Use Measures
ln Physician Charges 7.243 0.063 6.746 0.065 0.497 0.091
ln Part B Charges 7.523 0.064 7.012 0.068 0.511 0.093
ln Part A Charges 9.228 0.079 9.126 0.090 0.102 0.120

NOTE: QMB is qualified Medicare beneficiary.

SOURCE: Parente, S., and Evans, W., Project HOPE, Bethesda, MD, 1999.



B services; and use of Part A services.  All
three variables have similar sample charac-
teristics in that a proportion of the population
does not use the services, and the distribu-
tion of positive expenses is highly skewed.
For this class of variables, the standard
econometric model is the two-part model of
demand.  The first equation in the system
models factors determining whether a senior
has any medical care use, and the second
equation models determinants of intensity of
use when any use has been observed.  

To model the probability of receiving a
particular type of care (Part A or Part B
covered services), we use a simple probit
model.  In the model for Part B expendi-
tures,  let indicator variable Yi = 1 if indi-
vidual i has any Part B charges, and let Yi
= 0 otherwise.  The choice problem is
described by the latent variable model, 

(1) Yi* = Xiβ1 + QMBiδ + ε1i

where Yi is the net benefit an individual
receives from having positive Part B
expenses; Xi is a vector of individual char-
acteristics; QMBi is an indicator variable
that equals 1 if the respondent is enrolled
in the QMB program and 0 otherwise; and 
ε1i is a normally distributed random error
with zero mean and unit variance.
Individuals will only use medical services if
the expected net benefits are positive; thus
the probability of observing Part B expens-
es is defined as 

(2) Prob[Yi = 1] = Prob[Xiβ1 + QMBiδ + ε1i
> 0] = Φ[Xiβ1 + QMBiδ]

where -Φ( ) is the evaluation of the stan-
dard normal cumulative density function. 

Because the probability of use is a non-
linear function of the parameters β1 and δ,
we cannot directly measure the impact of
QMB enrollment on use by the magnitude
of the parameter.  With coefficients from

the probit model, we calculate two addi-
tional variables to measure the qualitative
importance of QMB enrollment on the
probability of use.  The first variable is
defined as the “marginal effect,” and it
measures the change in probability of use
given QMB enrollment.  Mathematically,
the marginal effect is defined as Prob(Yi
= 1)/ QMBi = δ φ(Xiβ1), where φ( ) is the
evaluation of the standard normal probabil-
ity density function.  The value of the mar-
ginal effect will be determined in part by
the assumed probability of use without
QMB.  In this instance, we calculate the
marginal effect for a person with an aver-
age probability of use, where if µ is the
sample mean of the dependent variable
(0.78 in the case of Part B charges), the
marginal effect can be calculated as δφ(z)
where z = Φ-1(µ).  The second variable that
measures the impact of QMB enrollment
on use is defined as the  “average treat-
ment effect,” which is the average differ-
ence between the probability that a senior
would have Part B expenses if he/she
were enrolled in QMB.   If n is the sample
size and β1 and δ are the maximum likeli-
hood estimates of the parameters in equa-
tion (2), the average treatment effect
equals (1/n)Σi[Φ(Xiβ1 + δ) - Φ(Xiβ1)].  In
most applications, the marginal effect and
average treatment effect give very similar
results.   We use the “delta” method to cal-
culate the variance of the marginal and
average treatment effects.6

In the second part of the two-part
demand model, we control for the skew-
ness in medical demand by estimating with
OLS the determinants of log expenditures.
Using the notation already established, the
equation we estimate is of the form 

(3) ln(Ei) = Xiβ2 + QMBiα + ε2i for Ei>0
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where X is the same set of covariates used
in the probit model previously described,
and ε2i is a zero mean random error with
Var(ε1i)=σ2

2.  Because log expenditures
are linear in QMB enrollment, the primary
parameter of interest, α measures the per-
cent increase in medical expenses (given
that any have occurred) attributable to
QMB enrollment.  

If we interpret the coefficients for the
QMB variables from the two-part model as
the “causal” impact of enrollment on uti-
lization, we can perform a simple simula-
tion to estimate the average per person
change in use attributable to QMB enroll-
ment.  This simulation is conducted as fol-
lows:  Let the variables δ, β1, α, and β2 rep-
resent parameter estimates from the two-
part demand model for a particular expen-
diture category.  For any individual, the
predicted probability of use is defined as
Φ(Xi β2 + QMBiδ), and following Manning
et al. (1987), predicted intensity of expen-
ditures  is γ exp(Xi β2 + QMBiα).  The vari-
able  γ is the “smearing” estimate of Duan
(1983), making it possible to transform
predictions from a model with logged
dependent variables back into a linear
scale.  To calculate this value, we note that
predicted residuals from the log expendi-
tures equation are ε2i = ln(Ei lEi>0) - Xi β2 -
QMBiα, and therefore γ = (1/n1)Σiexp(ε2i),
where n1 is the number of observations in
the data set with positive expenses.  Using
these values, the predicted expenses for
individual i are simply Φ(Xiβ1 + QMBi δ)γ
exp(Xi β2 + QMBi α).  To estimate the aver-
age impact of QMB on utilization, we use a
measure similar to the average treatment
effect already discussed.  First, we calcu-
late predicted use for all people assuming
they were enrolled in the program.  This
value is by definition Φ(Xi β1 + δ)γ exp(Xi β2
+ α).  Next, we calculate predicted use
assuming no QMB program; this is defined
as Φ(Xi β1)γ exp(Xi β2)].  The average dif-

ference between these two quantities, ∆ =
(1/n)Σi [Φ(Xiβ1 + δ)γ exp(Xi β2 + α) -
Φ(Xi β2)γ exp(Xi β2)]], is the average
change in expenditures attributable to
QMB enrollment.

Two-part demand estimates for the
QMB enrollment indicator variable are
reported in Table 3.  In all of these models,
we use the following covariates:  age and
age squared, log income, measures of self-
reported health status, counts of ADLs,
and indicator variables for gender, race,
education, home ownership status, region
of the country, and urban status.  To short-
en the exposition, the coefficients for these
additional variables are not reported here.
The particular variables were chosen
based on two criteria.  First, we selected
variables that have been shown by others
to reasonably predict differences across
seniors in medical care use.  Second, the
values of these variables should not be
altered by QMB enrollment.  

As the R2 values in Table 3 indicate,
these controls explain little of the sample
variation in the intensity of use.  Only the
self-reported measures of health status and
counts of ADLs are uniformly statistically
significant across models.   The fact that
the demographic characteristics explain lit-
tle of the sample variation in use is not sur-
prising in light of the highly selective
nature of the sample.  The QMB-eligible
population is, on average, very poor and
very old and has a low level of educational
attainment.  Although these demographic
variables typically can explain some of the
cross-sectional variability in probability
and intensity of use, once the sample has
been selected to include only persons eligi-
ble for the QMB program, these three vari-
ables have little explanatory power. 

The probit equations indicate that on
average, the probability of having any Part
B charges is 12.5 percentage points higher
among QMBs than among Medicare bene-

26 HEALTH CARE FINANCING REVIEW/Winter 1998/Volume 20, Number 2

> > > >

> >

>

>

> >

>>

> > >

>

> >

> > > >

>

> > >

> >

> >> > >

> > >



HEALTH CARE FINANCING REVIEW/Winter 1998/Volume 20, Number 2 27

Ta
b

le
 3

Tw
o

-P
ar

t 
M

o
d

el
 E

st
im

at
es

, I
m

p
ac

t 
o

f 
Q

M
B

 E
n

ro
llm

en
t 

o
n

 H
ea

lt
h

 C
ar

e 
U

se
 P

ar
am

et
er

 E
st

im
at

es
 a

n
d

 S
ta

n
d

ar
d

 E
rr

o
rs

P
ar

t 
B

 P
hy

si
ci

an
 C

ha
rg

es
P

ar
t 

B
 C

ha
rg

es
P

ar
t A

C
ha

rg
es

P
ro

bi
t 

M
od

el
, A

ny
 U

se
O

LS
 M

od
el

, 
Lo

g 
U

se
P

ro
bi

t 
M

od
el

, A
ny

 U
se

O
LS

 M
od

el
, 

Lo
g 

U
se

P
ro

bi
t 

M
od

el
, A

ny
 U

se
O

LS
 M

od
el

, 
Lo

g 
U

se

S
ta

nd
ar

d
S

ta
nd

ar
d

S
ta

nd
ar

d
S

ta
nd

ar
d

S
ta

nd
ar

d
S

ta
nd

ar
d

V
ar

ia
bl

e
M

ea
n

D
ev

ia
tio

n
M

ea
n

D
ev

ia
tio

n
M

ea
n

D
ev

ia
tio

n
M

ea
n

D
ev

ia
tio

n
M

ea
n

D
ev

ia
tio

n
M

ea
n

D
ev

ia
tio

n

Q
M

B
 E

nr
ol

lm
en

t 
0.

47
4

0.
09

2
0.

47
4

0.
10

3
0.

45
5

0.
09

1
0.

44
1

0.
10

6
0.

29
2

0.
09

0.
02

5
0.

13
2

M
ar

gi
na

l E
ffe

ct
 o

f 
Q

M
B

 
E

nr
ol

lm
en

t
0.

14
2

0.
02

7
—

—
0.

14
6

0.
02

7
—

—
0.

08
3

0.
02

5
—

—
A

ve
ra

ge
 T

re
at

m
en

t 
E

ffe
ct

 
Q

M
B

 E
nr

ol
lm

en
t

0.
12

5
0.

02
3

—
—

0.
12

3
0.

02
4

—
—

0.
07

9
0.

02
5

—
—

M
ea

n 
of

 D
ep

en
de

nt
 V

ar
ia

bl
e

0.
77

6
—

6.
98

1
—

0.
78

1
—

7.
25

4
—

0.
19

7
—

9.
18

0
—

N
um

be
r 

of
 O

bs
er

va
tio

ns
1,

40
0

—
1,

08
6

—
1,

40
0

—
1,

09
3

—
1,

40
0

—
27

6
—

R
2

—
—

0.
08

1
—

—
-

0.
08

1
—

—
—

0.
14

1
—

-2
 L

og
 L

ik
el

ih
oo

d
1,

37
8.

3
—

—
—

1,
35

0.
6

—
—

—
1,

32
8.

6
—

—
—

N
O

T
E

S
: T

he
 m

ar
gi

na
l e

ffe
ct

s,
P

ro
b/

 
X

, 
re

pr
es

en
ts

 t
he

 c
ha

ng
e 

in
 t

he
 p

ro
ba

bi
lit

y 
of

 u
se

 g
iv

en
 Q

M
B

 e
nr

ol
lm

en
t. 

 I
f 

β q
m

b
is

 t
he

 p
ro

bi
t 

co
ef

fic
ie

nt
 f

or
 t

he
 Q

M
B

 v
ar

ia
bl

e,
 a

nd
 µ

is
 t

he
 s

am
pl

e 
m

ea
n 

of
 t

he
de

pe
nd

en
t 

va
ria

bl
e,

 t
he

 m
ar

gi
na

l e
ffe

ct
 is

 c
al

cu
la

te
d 

as
  

φ(
z)

β q
m

b
w

he
re

 z
=

 Φ
-1

(µ
).

  
T

he
 a

ve
ra

ge
 t

re
at

m
en

t 
ef

fe
ct

s 
re

pr
es

en
t 

th
e 

av
er

ag
e 

ch
an

ge
 in

 t
he

 p
ro

ba
bi

lit
y 

of
 u

se
 g

en
er

at
ed

 b
y 

Q
M

B
 e

nr
ol

lm
en

t. 
 A

ll
m

od
el

s 
in

cl
ud

e 
th

e 
fo

llo
w

in
g 

lis
t 

of
 c

ov
ar

ia
te

s:
  

ag
e,

 a
ge

 s
qu

ar
ed

, 
lo

g 
in

co
m

e,
 a

nd
 c

ou
nt

s 
of

 A
D

Ls
, 

pl
us

 in
di

ca
to

rs
 f

or
 w

he
th

er
 t

he
 r

es
po

nd
en

t 
is

 b
la

ck
, 

H
is

pa
ni

c,
 f

em
al

e,
 m

ar
rie

d,
 w

id
ow

ed
 r

es
po

nd
en

ts
, 

in
ex

ce
lle

nt
 h

ea
lth

, 
in

 g
oo

d 
he

al
th

, 
ow

ns
 t

he
ir 

ho
m

e,
 r

en
ts

 t
he

ir 
ho

m
e,

 h
as

 le
ss

 t
ha

n 
7 

ye
ar

s 
of

 e
du

ca
tio

n,
 h

as
 7

-8
 y

ea
rs

 o
f 

sc
ho

ol
, 

ha
s 

9-
11

 y
ea

rs
 o

f 
sc

ho
ol

, 
ha

s 
12

 y
ea

rs
 o

f 
sc

ho
ol

, 
 h

as
 1

-2
 li

vi
ng

 c
hi

ld
re

n,
 h

as
3-

5 
liv

in
g 

ch
ild

re
n,

 h
as

 6
 o

r 
m

or
e 

liv
in

g 
ch

ild
re

n,
 w

he
th

er
 t

he
 r

es
po

nd
en

t 
liv

es
 in

 t
he

 s
ou

th
, 

w
es

t, 
or

 m
id

w
es

t, 
an

d 
w

he
th

er
 t

he
 r

es
po

nd
en

t 
liv

es
 in

 a
 m

et
ro

po
lit

an
 a

re
a.

  
Q

M
B

 is
 q

ua
lif

ie
d 

M
ed

ic
ar

e 
be

ne
fic

ia
ry

.
A

D
Ls

 is
 a

ct
iv

iti
es

 o
f 

da
ily

 li
vi

ng
. 

 O
LS

 is
 o

rd
in

ar
y 

le
as

t 
sq

ua
re

s.

S
O

U
R

C
E

: 
P

ar
en

te
, 

S
., 

an
d 

E
va

ns
, 

W
., 

P
ro

je
ct

 H
O

P
E

, 
B

et
he

sd
a,

 M
D

, 
19

99
.



ficiaries eligible for but not enrolled in the
QMB program.  The probability of having
any Part A charges is 7.9 percentage points
higher for beneficiaries enrolled in the
QMB program than for eligible non-
enrollees.  Similarly, among beneficiaries
with any Part B expenses, the Part B expen-
ditures of QMB enrollees are 44.1 percent
higher than those of eligible seniors not par-
ticipating in the program.   Interestingly, the
coefficients of the QMB indicator variable
from the multivariate, two-part demand
model are nearly identical to the simple dif-
ference in mean calculations reported in
Table 2.  This is surprising because the sta-
tistics in Table 1 suggest that the observed
characteristics of QMB enrollees are very
different from non-enrollees. 

Combining the results from the proba-
bility-of-use and intensity-of-use equations,
we can simulate the impact of QMB enroll-
ment on use using the procedure previous-
ly outlined.  Results from this simulation
are reported in Table 4.  On average, QMB
enrollment increases per person Part B
expenditures by $1,918 and Part A charges
by $1,326.  Approximately 20 percent of the
predicted increase in expenditures is
attributable to the higher probability of use
for QMB enrollees, and 80 percent of the
increase is attributable to the change in
intensity of use.   Nearly all of the increase
in Part A expenses can be attributed to the
increased probability of use.

Controlling for Adverse Selection

The two-part model previously outlined
provides unbiased estimates of the impact
of QMB enrollment on medical care use if
QMB enrollment is not correlated with a
person’s unobserved propensity to use
medical care.  Stated differently, the esti-
mates will be unbiased if beneficiaries’
enrollment in QMB is unrelated to their
expected medical care use.  If, however,
those who anticipate having large medical
expenses or those who have the most con-
tact with health providers are the most
likely to enroll in QMB, the two-part esti-
mates already described will greatly over-
state the impact of the QMB program.  Is
this a likely scenario?   As results in Table
1 indicate, beneficiaries with the poorest
self-reported health status and those with
the higher reported ADL deficiencies are
the most likely to enroll in the program.
The average ADL deficiency for QMBs is
0.6 but only 0.29 for those not enrolled.
Similarly, the proportion of the QMB popu-
lation reporting excellent or very good
health is only 0.23, whereas the corre-
sponding proportion for eligible non-
enrollees is 0.37.   Both of these differ-
ences are statistically significant.  In gener-
al those who could be expected to have
higher medical expenses are indeed the
most likely to enroll in the QMB program.
These results suggest that QMB enroll-
ment may not be random but rather that it
is subject to adverse selection. 

To correct the two-part estimates for bias
introduced by the potential non-random
assignment of seniors into the QMB pro-
gram, we must first model the decision to
enroll in the QMB program.  Suppose we
can monetize the benefits of QMB enroll-
ment, and assume we can write the net ben-
efits of enrolling (QMB) as a function of
observed and unobserved characteristics 
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Table 4

Predicted Change in per Person Expenditures
Attributable to QMB Enrollment

Part B
Physician All Part B All Part A

Item Charges Charges Charges

Predicted Change $1,490 $1,918 $1,326

NOTE: QMB is qualified Medicare beneficiary.

SOURCE: Parente, S., and Evans, W., Project HOPE, Bethesda, MD,
1999.



(4) QMBi* = Ziγ + ε 2i

where Zi is a vector of observables and ε3i
is a zero mean, unit variance, normally dis-
tributed random error.  An individual will
enroll in QMB if the net benefits are posi-
tive, i.e., if QMBi* >  0.  To allow for possi-
ble adverse selection into the program, we
assume that the decision to enroll is corre-
lated with both the decision to use services
and the intensity of use.  Statistically, this
can be accomplished by assuming the
unobserved components in the three equa-
tions are correlated.  Specifically, we
assume ε 1i , ε 2i , and ε 3i are distributed as
a multivariate normal, where all three vari-
ables have zero expected values, but
cov[ε1i , ε3i] = ρ13 and cov[ε2i , ε3i] = ρ23σ2

Because the decision to enroll and the
decision to use medical services are now
assumed to be correlated, we must esti-
mate these equations jointly.  In our analy-
sis we estimate two separate systems.
First, we estimate the enrollment and use
equations, and next we jointly estimate the
enrollment and intensity-of-use equations.
We could estimate a three-equation (use,
intensity-of-use, and enrollment-equation)
system, but this would require modeling
the covariance between the probability-of-
use and intensity-of-use equations.   This
covariance can only be estimated if we can
identify a variable that affects the intensity
of use but not the probability of use.  Given
the difficulty in identifying a variable that
could be used for this purpose, we follow
previous applications of the two-part model
(Duan et al., 1982; Manning et al., 1987;
Evans and Farrelly, 1998) and assume that
the two errors are uncorrelated. 

Because both the decision to use ser-
vices and the decision to enroll in the QMB
program are dichotomous, there are four
possible states  (Yi = 0, QMBi = 0; Yi = 0,
QMBi = 1;  Yi = 1, QMBi = 0; and Yi = 1,
QMBi = 1).  Modeling either the use or the

enrollment equation separately can be
accomplished through simple probit mod-
els.  Given the assumed correlation
between these two decisions, however, the
likelihood function corresponding to this
set of events is a bivariate probit.   In this
system of equations, we estimate the prob-
ability of an elderly beneficiary being in
one of the four categories already listed.  

In light of the potential correlation
between the intensity of use and QMB
enrollment decisions, single-equation esti-
mates of equation (3) will capture not only
the impact of QMB enrollment on use, but
also the fact that people with higher antici-
pated expenses are more likely to enroll in
the program.  Because the potentially
endogenous covariate is discrete (QMB
enrollment), controlling for adverse selec-
tion cannot be accomplished with a stan-
dard model such as two-stage least square.
Instead, we draw from the large literature
on bias introduced by sample selection to
produce a model that controls for non-random
selection into the treatment group.
Specifically, because we assume that QMB
enrollment and intensity of use are corre-
lated, the expected value of the error term
in the use equation ε2i is now correlated
with QMB enrollment, thereby violating
the primary assumption of OLS models.7  In
this instance, it is not difficult to show that
expected log use is as shown in Figure 1,
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7 For this example we have decided to model the potential bias
in the single-equation results from Table 3 as being driven by an
omitted-variables bias.  If the same factors that generate higher-
than-average use also encourage enrollment in the QMB pro-
gram, then the single-equation estimates will be biased.  For
example, suppose that given the lack of knowledge about the
program, recipients learn about the program from health care
providers.  If this is the case, then those with more use will nat-
urally have more contact with providers and be more likely to
enroll in the program.  In this case there is an omitted factor that
is common to both QMB enrollment and use that overstates the
coefficient for QMB enrollment.  It could also be the case that
QMB enrollment is endogenous in that those who have higher
expenditures enroll because they wish to reduce their costs of
care.  In either case, QMB enrollment and the error terms in the
use equations are correlated, generating a bias in the single-
equation estimates.  Given our model, we would not be able to
identify whether the results are biased due to the omitted-
variables problem or endogeneity of QMB enrollment.



where φ and Φ are evaluations of the stan-
dard normal probability density function
and cumulative density function respec-
tively, and by definition, Φ[Ziγ] is the prob-
ability that a senior will enroll in the QMB
program.  The variable H is the sample-
selection correction term representing the
size of bias associated with adverse selec-
tion into the QMB program.  As the equa-
tion in Figure 1 indicates, if ρ23 = 0, then
OLS estimates of equation (3) will provide
an unbiased estimate of the effect of QMB
on use.  However, if ρ23 > 0 (ρ23 <  0), then
OLS estimates of (3) will over- (under-)
estimate α.

The sample selection correction term H
is a simple omitted variable that introduces
a bias into an OLS equation.  To eliminate
the bias, we use a two-step procedure out-
lined in Barnow, Goldberger, and Cain
(1981) and LaLonde (1986).  The two-step
procedure first produces an estimate of the
omitted factor H; then the log use equation
is re-estimated with the omitted factor
replaced.  First, we estimate a reduced-
form probit model of program enrollment
to obtain estimates of γ. Using these val-
ues, we construct an estimate of sample-
selection term H and include this as an
independent variable in the expenditure
equation.  The second-stage model is then
of the form 

(5) ln[Ei] = Xiβ2 + αQMBi + θΗi + µi

where µi is a random error and the coeffi-
cient θ  is an estimate of the product ρ23σ2.
Because µi is heteroskedastic and we uti-
lize estimates of the sample-selection cor-
rection term H rather than actual values,
OLS estimates of standard errors are
inconsistent.  Accordingly, we estimate cor-
rected standard errors using procedures
suggested by Heckman (1978, 1979) and
Greene (1981).

In practice the vector Z in the QMB
enrollment equation will include all vari-
ables in X—the covariates in the probabili-
ty-of-use equation.  The bivariate probit
model previously outlined can be estimat-
ed if there is at least one variable deter-
mining QMB enrollment that is uncorrelat-
ed with an individual’s propensity to use
services.  In the best of all possible worlds,
these variables, called instruments, will
mimic a random-selection device, giving
people different probabilities of enrollment
that are uncorrelated with their probability
of use.  We have identified two potential
instruments that we believe fit this defini-
tion.  The first is the percent of a State’s
Medicaid population that is elderly.  The
second is the number of outreach pro-
grams States have used to inform seniors
about the QMB program.  

Elderly Medicare beneficiaries must
apply for the QMB program at State
Medicaid offices.  Seniors represent a
small proportion of the Medicaid popula-
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Figure 1

Expected Log Use

E[ln[Ei] l QMBi] = Xiβ2 + α QMBi + E[ε2i l QMBi]

= Xiβ2 + α QMBi + ρ23σ2{QMBi                - (1-QMBi) }
=  Xiβ2 + α QMBi + ρ23σ2Ηi

φ[Ζiγ]
Φ[Ζiγ]

φ[Ζiγ]
1- Φ[Ζiγ]

SOURCE:  Parente, S., and Evans, W., Project HOPE, Bethesda, MD, 1999.
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tion, accounting for about 12 percent of all
recipients nationwide in 1992.  There is,
however, tremendous variation among
States in the proportion of Medicaid recip-
ients who are elderly.  Because some State
Medicaid offices may have more experi-
ence serving the elderly population, we
suspect that seniors are more likely to
enroll in QMB if they comprise a larger
portion of a State’s Medicaid population.
Similarly, a large elderly Medicaid popula-
tion may signal a State’s commitment to
providing care for the elderly.

Similarly, we suspect that seniors in
States with more aggressive QMB out-
reach programs will have a higher proba-
bility of enrollment.  As noted earlier, most
elderly Medicare beneficiaries eligible for
QMB have not enrolled in the program.
Since the beginning of the QMB program,
many public and private organizations have
conducted outreach programs to inform
seniors about QMB and facilitate the
enrollment process.  In a review of these
programs, the American Public Welfare
Association (1994) identified seven types of
outreach programs based on the channel
of communication used.  These included
mass mailings; public service announce-
ments; press releases; brochures; outsta-
tioning (providing opportunities to apply
for the program in community settings,
outside the Medicaid office); working with
aging networks; and working with commu-
nity organizations.  Neumann et al. (1994)
demonstrated that although QMB enroll-
ment was not correlated with any particu-
lar program, enrollment probabilities were
higher in States that adopted several out-
reach strategies.  Therefore, we use a
count of the number of different outreach
programs (0-7) used by a State to inform
seniors about the QMB program as an
instrument for enrollment.   Although
QMB enrollment is correlated with the

number of State outreach programs and
the proportion of a State’s Medicaid popu-
lation that is elderly, we do not expect
these variables to be correlated with either
probability or intensity of use.  

In Table 5 we report coefficients for the
two instruments generated from probit
models predicting the probability of QMB
enrollment.  The other covariates in the
model include those used in the two-part
demand equations.  In these models, elder-
ly Medicare beneficiaries living in States
that have implemented a number of out-
reach programs or States with a larger pro-
portion of Medicaid recipients age 65 and
over are more likely to enroll in the pro-
gram.  For example, if the proportion of
elderly Medicaid recipients increases by 1
percentage point, the probability of enroll-
ment increases by 2.8 percentage points.
In the final model, the probit estimates sug-
gest that the addition of one more outreach
program increases the probability of
enrollment by 3 percentage points.  The
estimated coefficients reported in Table 5
are all statistically significant.

In Table 6 we report results from the
bivariate probit models where we jointly
estimate the decision to use medical care
and to enroll in QMB.  We estimate models
for both Part B and Part A expenses.  For
each expenditure type, we report four
models.  First,  we report estimates from
Table 3 that assumed QMB enrollment
was not a function of anticipated medical
care use.  The final three models use the
proportion of Medicaid recipients who are
elderly; the square of this number; and the
number of State outreach programs as
instruments for QMB enrollment.   We
include the quadratic term in the fraction
of the Medicaid recipients who are elderly,
because our preliminary work with the
data set found distinct non-linearities in the
effect of this variable on QMB enrollment.
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In the bivariate probit models, we report
the coefficient of the QMB enrollment vari-
able and the implied average treatment
effect.  

In the bivariate probit equations model-
ing Part B usage, the parameter estimates
are similar in magnitude to results from
the single-equation probit models.
Unfortunately the bivariate probit system
estimates are imprecisely estimated.
There are two possible reasons for this
lack of precision: a lack of explanatory
power in the first-stage equation that pre-
dicts QMB enrollment or an absence of
QMB enrollment impact on Medicare Part
B use.  In light of the similarity between
the system and single-equation estimates,
we suspect that the former reason is the
more plausible explanation, although we
have no way to verify this assertion.  In a
formal statistical test, we cannot reject the
hypothesis that the estimate of the QMB
effect on Part B expenditures in the bivari-
ate probit is the same as the estimate in the
single-equation estimate.  Therefore we
cannot reject the hypothesis that the sin-
gle-equation results reported in Table 3 are
the appropriate estimates.

In contrast to the results for Part B use,
the bivariate probit estimates for Part A
use show no impact of QMB on the proba-
bility of use once adverse selection is

accounted for.  The results in Table 6 con-
sistently show a small and imprecise effect
of QMB on hospital use.

In Table 7 we present estimates of the
sample-selection model outlined in equa-
tion (5).  We only report estimates for the
log of Part B expenditures, because the
QMB enrollment variable was not statisti-
cally significant in the single-equation esti-
mates for Part A.  For this table we used the
same instrument sets employed in Table 6.
In the first two columns, we reproduce the
single-equation estimates from Table 3.
For each model, we report the system esti-
mate of the QMB enrollment variable and
the coefficient of the sample-selection cor-
rection term H.  Much like the results from
the bivariate probit model, the two-step
sample-selection correction estimates are
similar to the single-equation estimates, but
the estimate of the QMB enrollment vari-
able is imprecisely estimated.

The results from Tables 6 and 7 provide
some evidence that, for Part B expendi-
tures, the single-equation estimates report-
ed in Table 3 are not subject to bias due to
adverse selection.  For Part A expendi-
tures, we find no evidence that QMB
enrollment increases the intensity of use,
and in the bivariate probit results, we find
little evidence that QMB alters the proba-
bility of Part A use.   However, the results

34 HEALTH CARE FINANCING REVIEW/Winter 1998/Volume 20, Number 2

Table 7

Two-Step Estimates of Intensity-of-Use Equation Part B Expenditures, Parameter Estimates, and
Standard Errors

Model 1 Model 2 Model 3 Model 4

Standard Standard Standard Standard
Variable Mean Deviation Mean Deviation Mean Deviation Mean Deviation

QMB enrollment 0.431 0.106 0.360 0.553 0.501 0.357 0.721 0.567
H — — 0.241 0.333 -0.043 0.217 -0.170 -0.343
Instrument Set — — Percent of Medicaid Percent of Medicaid Percent of Medicaid

population that is elderly population that is elderly, population that is elderly,
and its square and number of QMB

outreach programs (0-7)

NOTES: Other exogenous variables include those listed in Table 3.  Standard errors are calculated by the procedure suggested by Greene (1981).
The results for model 1 are the single-equation estimates reported in Table 3.  QMB is qualified Medicare beneficiary.

SOURCE: Parente, S., and Evans, W., Project HOPE, Bethesda, MD, 1999.



for both Part A and Part B expenditures
are plagued by large variances in the para-
meters of interest.  

CONCLUSIONS AND 
IMPLICATIONS

Payment of Medicare deductibles and
copayments can be a serious economic
hardship for seniors eligible for the QMB
program.  Without this program many
seniors may find it too costly to obtain
some health services and therefore will not
seek medical care when needed.

The major findings in this study are as
follows: 
• Among QMB-eligible seniors, the proba-

bility and intensity of Part B Medicare
use are significantly higher among those
enrolled in QMB than among those not
enrolled. The probability of having any
Medicare Part B utilization is 12 per-
centage points higher among individuals
enrolled in QMB than among eligible
non-enrollees.  Among elderly Medicare
beneficiaries that have any Part B use,
Part B expenditures are 44 percent high-
er for those enrolled in QMB than for
individuals who are not enrolled.   

• Although we find coefficient estimates
representing the impact of QMB enroll-
ment in the two-part equations to be sta-
tistically insignificant, the parameter esti-
mates are very similar to results from
our single-equation approach, where
QMB enrollment was treated as exoge-
nous.  

• The probability of having any Medicare
Part A expenses is 8 percentage points
higher among QMBs than among eligi-
ble non-enrollees.   However, there is no
difference between these two groups in
overall Part A expenditures.

• In contrast to our results for Part B
expenditures, the results from Part A
appear to be driven by adverse selection.

• On average QMB enrollees spend
$1,900 more per year on health services
covered by Medicare Part B and $1,300
more per year on Medicare Part A ser-
vices than do eligible non-enrollees.
Again we stress that the results for Part
A appear to be driven by adverse selec-
tion, and the Part B results appear to be
the result of lowered price for medical
care among the QMB population result-
ing from subsidized copayments and
deductibles. 
In addition, our findings indicate that the

higher utilization levels of QMBs are asso-
ciated with significant increases in
Medicare program expenditures.  Based
on a simulation of the impact of QMB
enrollment on Medicare costs, an assumed
national enrollment rate of 45 percent in
1993 would cost Medicare $6.69 billion;
nearly 60 percent of this amount is attrib-
uted to Part B expenses.  Our estimated
enrollment of 43 percent would likely mir-
ror these programmatic costs.

Our analysis can also be interpreted in
light of the Clinton Administration’s recent
focus on the QMB population based on the
results of a 1998 Families USA study on
QMB and SLMB participation.  Based on
this study, the Clinton Administration assert-
ed that Medicare beneficiaries who are eligi-
ble and not enrolled in QMB are “overpay-
ing” for medical care by paying Medicare
premiums and cost-sharing expenses out of
pocket.  Our results suggest that those who
are eligible and not enrolled but using
Medicare services have better health status
than those whom the government has
assisted.  Although it is true that Medicare
beneficiaries are losing approximately $2 bil-
lion a year (Families USA, 1998) in missed
Medicare subsidies from the QMB and
SLMB programs combined, our results tend
to show that those with poorer health status
are more likely to be enrolled.  In an era of
fiscal prudence, our results imply that the
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most vulnerable of the persons eligible for
the QMB program are likely to be receiv-
ing intended subsidies before those with
less urgent medical conditions.  However,
our findings also suggest that the assis-
tance from the QMB program does pro-
vide a financial incentive for beneficiaries
to use more Part B services because of
reduction in the price of medical care.

Typically the presence of adverse selec-
tion in an insurance market is considered a
misallocation of a risk-based premium.
However, in the case of the QMB program,
the presence of adverse selection may be
seen by some policy analysts as a desired
outcome, given that the intent of the pro-
gram was to help vulnerable populations
near the poverty line obtain necessary med-
ical care.  Our results do suggest that some
of the differences in Part A cost are due to
adverse selection.  The interpretation of the
results is at the discretion of the priorities of
the policymaker.  If the “current” goal of the
QMB program is to increase health care
access to every Medicare beneficiary near
the poverty level, then our results would
indicate that those enrolled, regardless of
health status, are receiving medical care.  If
the goal of the program is to help those most
in need, it is not clear that those with worse
health status are getting more care, as iden-
tified by presence of adverse selection when
we treat QMB enrollment as endogenous.

If we consider the presence of adverse
selection in a government-subsidized pro-
gram as a positive outcome of the QMB ini-
tiative, our results suggest that Part A recipi-
ents are the greatest benefactors.  Those ben-
eficiaries enrolled in the QMB program, or
their agents in the form of a family member
or social worker, are likely to be considering
the expected medical use associated with a
serious illness that requires hospitalization.

The QMB program appears to have pro-
vided a financial incentive for increased
Part B use by lowering the price of receiv-

ing the first unit of medical care in an
ambulatory setting.  Although adding to
Medicare program expenditures in the
short term, increased access to physician
and outpatient services may provide a
long-term benefit that can reduce medical
expenditures and improve health status,
particularly for those beneficiaries with
chronic conditions such as diabetes, where
medical management is likely to yield
health benefits in an elderly population
(Weiner et al., 1995).  

Our findings suggest several areas for
future research.  To provide a more precise
estimate of the true costs of the QMB pro-
gram, it would be useful to conduct a lon-
gitudinal analysis of the costs of treating a
cohort of QMB-eligible beneficiaries over
time.  Access to Part B services through
the QMB program may prevent cata-
strophic health events that would have
been expensive to treat, or it may only fore-
stall them temporarily.  In addition, access
to Part B services could help to minimize
the deleterious effects of ongoing health
problems that beneficiaries previously
lacked the resources to treat.  If these situ-
ations are prevalent, the financial impact
we have reported overestimates the true
cost of the QMB program.  More recent
findings from Moon, Brennan, and Segal
(1998) report the QMB program cost to be
only 15 percent greater than our simulation
results with a 1997 enrollment rate of 73
percent.  Either we have overestimated the
financial impact of the program with a 45-
percent participation rate, or per capita
expenditures of the program decrease over
time as enrollment increases and relatively
healthier QMB eligibles are enrolled.  Only
a cohort study could provide a definitive
answer as to whether the QMB program
saves health expenditures over time.   

In summary, our analysis demonstrates
that the QMB program has succeeded in
meeting its goal of increasing access to
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medical services for elderly low-income
Medicare beneficiaries.  Overall, the health
status of beneficiaries enrolled in the pro-
gram was worse than that of eligible non-
enrollees. We found significant differences
in health care use and expenditures
between Medicare beneficiaries enrolled
in the QMB program and eligible benefi-
ciaries who are not enrolled.  Our results
revealed that poorer health status was
associated with increased health care use
and expenditures.  It is clear that QMB-
eligible beneficiaries who are enrolled in
the program are utilizing its benefits.  
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