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Introduction

Measures to control the growth in expenditures by Medicaid and State Children’s Health
Insurance Programs (SCHIP) have become a common feature of state government policy. A
recent survey of state Medicaid program directors revealed that every state implemented at
least one new Medicaid cost containment measure in fiscal year 2005 (Smith, et al., 2005). The
most prevalent measures involved freezing provider payment rates or taking actions to control
prescription drug costs. Other measures used to control costs include new or higher co-

payments and premium increases.

For the purposes of this report, Arizona Health Care Cost Containment System (AHCCCS) is
defined as all insurance coverage funded through Medicaid and SCHIP programs in the state of
Arizona. Reducing the number of persons enrolled in AHCCCS or reducing the programs’ share
of expenditures by increasing premiums will, all else equal, reduce AHCCCS expenditures. The
reductions in these expenditures do not, however, represent an equal reduction in expenditures
for the health care of the affected persons from the viewpoint of state or federal governments, or
society as a whole. The net effect of increased premiums or more restrictive eligibility for
AHCCCS can only be understood by considering all of the immediate and subsequent effects of
the changes. The evaluation should not be limited to the effects on the AHCCCS program but
should include impacts measured from a social perspective (Gold, Russell, Siegal, & Weinstein,
1996)

Persons who disenroll from AHCCCS in response to increased cost sharing (e.g., increased
premiums or co-pays) or who are disenrolled by changes in eligibility criteria are not likely to
replace public program insurance with private commercial insurance. The empirical evidence to
support this contention is limited in scope but there is little reason to suppose that persons living
near the poverty level will be able to afford the premiums associated with private commercial

health insurance.



Persons without health insurance coverage are more likely than insured persons to use
emergency departments (ED) and safety net providers, such as community health centers, for
primary care. Absent insurance coverage, most of their health care costs are paid by federal
and state governments through Medicare and Medicaid in the form of disproportionate share
hospital adjustments and indirect medical education payments in addition to other federal
programs, such as community health centers and the Maternal and Child Health Bureau.
Federal and state funds have been estimated to cover 85% of the total costs of uncompensated
care (Hadley & Holahan, 2003).* The potential savings from cutbacks in SCHIP programs would
also be offset by increased Medicaid medically-needy spending, increased tax subsidies to
private insurance, and increased costs associated with uncompensated care (Selden & Hudson,
2005). This report examines the uncompensated care component of disenrollment by estimating
the impact of a 10% decrease in AHCCCS enrollment in Arizona. The assumed value of 10%
represents a lower bound on the likely impact of most changes proposed by state governments.
Most of the changes in premiums or eligibility observed in other states have produced much
larger reductions in enrollments even for very small increases in costs to persons insured by
Medicaid. In addition, we examined the total effect of disenrollment of the people enrolled in
AHCCCS through the Health Insurance Flexibility and Accountability (HIFA) waiver program
which expanded the SCHIP program to parents of SCHIP enrolled children in Arizona and other

adults.

The outcomes of changes by Washington’s Basic Health Plan, Minnesota’s Minnesota Care,
and Hawaii’s Quest program include reductions in enroliment that range from 18% to 57% for
increases in premiums ranging from 1% to 5% of family income (Ku & Coughlin, 2000). Texas
recently experienced a 29% reduction in SCHIP enrollment in less than one year after
increasing premiums, adding a 90-day waiting period for benefits, and reducing the enrollment
period from twelve months to six months (Dunkelberg & O’Malley, 2004). In this study we

examined the effects of disenrollment, regardless of the cause.

Data

To estimate the changes in community health care utilization we analyzed data in Arizona
HealthQuery (AZHQ) which includes health care transactions on over five million Arizona

residents, including all AHCCCS participants. AZHQ links patients and claims across health

! See Hadley and Holahan (2003) for a discussion of the sources of funding for uncompensated care.
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care systems over multiple years. With few exceptions, visits by non-AHCCCS insured patients
to physician offices are not included in AZHQ. Thus, visits by uninsured persons to physician
offices are not included in these estimates. It is true, however, that the AZHQ database includes
most of the safety net providers (i.e., St. Vincent de Paul Clinic, Clinica Adelante, and Mountain
Park Health Center) which are the most likely sites for ambulatory, non-ED care for uninsured

persons.

A previous evaluation by this research center of the effects of a hypothetical change in the
premiums for SCHIP in Arizona on children in Yuma County is forthcoming in the American
Journal of Public Health (AJPH). We use the conceptual and empirical tools described in the
AJPH article to analyze the effects of hypothetical changes in AHCCCS on persons in Maricopa
County. The analysis presented here extends the approach used in our previous research by
increasing the scope of health care visits considered and by presenting estimates for adults as
well as children, with additional comparisons by ethnicity. As in the Yuma analysis, we
partitioned the place of service into three categories of type of treatments received: emergency
department (ED) visits, inpatient hospitalizations (IP), and physician or ambulatory care visits
(AC). Health care transactions for uninsured people and for AHCCCS-insured people living in
Maricopa County in 2004 were analyzed. As indicated in the two left hand columns of Table 1,
our database included complete observations on 184,387 uninsured people who received health
care from an AZHQ data partner in 2004, and 302,071 AHCCCS-insured persons.

The sample means for insured and uninsured persons, respectively, are described in Tables 1
and 2. Some racial/ethnic groups have distinctively higher levels of insured status in our sample:
Blacks are one and a half times as likely to be on AHCCCS as they are to be uninsured (in the
two left hand columns of Tables 1 and 2, compare .092 with .057). American Indians are four to
five times more likely to be insured (compare .05 to .01 in Table 1, .04 to .01 in Table 2).
Hispanic children are more likely to be insured than other ethnic groups but Hispanic adults are
less likely to be insured. Children are much more likely to be insured overall. Males are
generally less likely to be insured than females, though Hispanic males are as likely to be

insured as they are to be uninsured.



Table 1: Means of Explanatory Variables for the Logistic Regression

All Persons Children (0-17) Adults (18-up) Hispanic White
Insured Uninsured Insured Uninsured Insured Uninsured Insured Uninsured Insured Uninsured

Male 0.3861 0.4374 0.4991 0.5032 0.2432 0.4172 0.4039 0.4108 0.3670 0.4562
White 0.3290 0.4089 0.2354 0.2989 0.4473 0.4426 - - 1.0000 1.0000
Black 0.0916 0.0566 0.0803 0.0495 0.1059 0.0588 - - - -

Hispanic 0.5082 0.4645 0.6203 0.5568 0.3664 0.4362 1.0000 1.0000 - -

American Indian 0.0506 0.0119 0.0472 0.0124 0.0550 0.0117 - - - -

Ambulatory Sensitive Condition 0.3451 0.2069 0.4886 0.3572 0.1635 0.1607 0.3961 0.2512 0.2739 0.1615
Age 0-5 0.2940 0.1161 0.5263 0.4945 - - 0.3881 0.1374 0.1866 0.0843
Age 5-10 0.1287 0.0437 0.2304 0.1860 - - 0.1530 0.0537 0.0962 0.0311
Age 10-15 0.0889 0.0408 0.1592 0.1739 - - 0.0943 0.0487 0.0745 0.0306
Age 15-20 0.0781 0.0777 0.0838 0.1454 0.0710 0.0569 0.0757 0.0892 0.0752 0.0644
Age 20-25 0.0808 0.1370 - - 0.1831 0.1791 0.0677 0.1449 0.0971 0.1283
Age 25-30 0.0661 0.1200 - - 0.1497 0.1569 0.0545 0.1374 0.0807 0.1034
Age 30-35 0.0527 0.1027 - - 0.1194 0.1343 0.0392 0.1110 0.0682 0.0957
Age 35-40 0.0456 0.0818 - - 0.1033 0.1069 0.0328 0.0779 0.0615 0.0863
Age 40-45 0.0417 0.0718 - - 0.0944 0.0938 0.0263 0.0593 0.0607 0.0861
Age 45-50 0.0310 0.0567 - - 0.0702 0.0741 0.0182 0.0426 0.0475 0.0714
Age 50-55 0.0229 0.0430 - - 0.0520 0.0562 0.0129 0.0311 0.0352 0.0559
Age 55-60 0.0166 0.0333 - - 0.0376 0.0435 0.0099 0.0229 0.0262 0.0451
Age 60-65 0.0145 0.0267 - - 0.0328 0.0349 0.0082 0.0172 0.0236 0.0390
Age 65-70 0.0093 0.0150 - - 0.0211 0.0196 0.0056 0.0102 0.0136 0.0211
Age 70-75 0.0076 0.0120 - - 0.0173 0.0157 0.0044 0.0067 0.0115 0.0189
Age 75-80 0.0071 0.0095 - - 0.0161 0.0124 0.0037 0.0044 0.0119 0.0166
Age 80-85 0.0061 0.0066 - - 0.0138 0.0087 0.0024 0.0032 0.0120 0.0113
Age 85-90 0.0042 0.0032 - - 0.0095 0.0042 0.0011 0.0006 0.0091 0.0066
Pediatrician 0.1958 0.0679 0.3457 0.2276 0.0061 0.0189 0.2616 0.1064 0.1268 0.0299
Internal/Family Med Positions 0.1849 0.2054 0.1427 0.2044 0.2382 0.2057 0.1607 0.2701 0.2247 0.1463
OB GYN 0.0623 0.0636 0.0086 0.0157 0.1303 0.0783 0.0628 0.0971 0.0677 0.0355
Sample size 302,071 184,387 168,722 43,313 133,349 141,074 153,538 85,658 99,385 75,401




Table 2: Means of Explanatory Variables for the Counts Regression Model (Negative Binomial Regression)

All Persons Children (0-17) Adults (18-up) Hispanic White
Insured Uninsured Insured Uninsured Insured Uninsured Insured Uninsured Insured Uninsured

Male 0.4033 0.4478 0.4989 0.5036 0.2570 0.4297 0.4203 0.4220 0.3836 0.4654
White 0.3221 0.4010 0.2361 0.2988 0.4538 0.4342 - - 1.0000 1.0000
Black 0.0911 0.0553 0.0804 0.0492 0.1075 0.0573 - - - -

Hispanic 0.5235 0.4715 0.6246 0.5543 0.3687 0.4446 1.0000 1.0000 - -

American Indian 0.0423 0.0104 0.0419 0.0118 0.0429 0.0100 - - - -

Ambulatory Sensitive Condition 0.3739 0.2064 0.5004 0.3531 0.1803 0.1587 0.4251 0.2472 0.3001 0.1625
Age 0-5 0.3198 0.1214 0.5287 0.4958 - - 0.4123 0.1410 0.2074 0.0896
Age 5-10 0.1399 0.0456 0.2313 0.1865 - - 0.1626 0.0547 0.1072 0.0336
Age 10-15 0.0959 0.0424 0.1586 0.1733 - - 0.0997 0.0497 0.0824 0.0324
Age 15-20 0.0773 0.0795 0.0812 0.1442 0.0715 0.0585 0.0728 0.0902 0.0763 0.0668
Age 20-25 0.0687 0.1374 - - 0.1739 0.1819 0.0563 0.1448 0.0850 0.1290
Age 25-30 0.0581 0.1209 - - 0.1471 0.1602 0.0475 0.1383 0.0725 0.1041
Age 30-35 0.0476 0.1027 - - 0.1206 0.1361 0.0350 0.1110 0.0631 0.0958
Age 35-40 0.0417 0.0813 - - 0.1057 0.1077 0.0297 0.0772 0.0581 0.0864
Age 40-45 0.0376 0.0705 - - 0.0953 0.0933 0.0239 0.0586 0.0562 0.0850
Age 45-50 0.0271 0.0554 - - 0.0687 0.0734 0.0156 0.0418 0.0431 0.0706
Age 50-55 0.0197 0.0410 - - 0.0499 0.0544 0.0109 0.0294 0.0313 0.0538
Age 55-60 0.0141 0.0316 - - 0.0358 0.0419 0.0082 0.0219 0.0231 0.0430
Age 60-65 0.0123 0.0251 - - 0.0313 0.0333 0.0067 0.0161 0.0211 0.0371
Age 65-70 0.0093 0.0139 - - 0.0236 0.0184 0.0053 0.0095 0.0144 0.0198
Age 70-75 0.0078 0.0110 - - 0.0198 0.0146 0.0044 0.0063 0.0125 0.0176
Age 75-80 0.0074 0.0087 - - 0.0187 0.0115 0.0037 0.0041 0.0130 0.0154
Age 80-85 0.0064 0.0061 - - 0.0163 0.0081 0.0025 0.0030 0.0133 0.0106
Age 85-90 0.0044 0.0029 - - 0.0113 0.0039 0.0012 0.0006 0.0101 0.0060
Pediatrician 0.2168 0.0702 0.3546 0.2284 0.0058 0.0189 0.2810 0.1087 0.1436 0.0307
Internal/Family Med Positions 0.1938 0.1961 0.1492 0.1940 0.2621 0.1968 0.1672 0.2611 0.2339 0.1326
OB GYN 0.0438 0.0581 0.0069 0.0146 0.1003 0.0722 0.0448 0.0897 0.0459 0.0303
Sample size 269,924 167,156 163,273 40,945 106,651 126,211 141,323 78,822 86,969 67,041




Methods

Statistical Analysis

For those with a health care encounter in Maricopa County in 2004, a system of three logistic
regression equations is used to determine whether that encounter occurs as an emergency
department (ED) visit, inpatient visits (IP), or physician visits (AC) (that is, an ambulatory care
visit outside an ED). Additionally, a system of three nonlinear regression equations is used to

estimate the quantity of services for each of the three types of health care services.
The logistic equations determining the type of visit can be specified as
Equation (1) Pr(visit ED) = F(X8rp)

Prt(visit IP) = F(Xifip)

Pr(visit AC) = F(X,fac)

where Pr(visit ED)) the first term on the left hand side, for example, is the likelihood that the
health care encounter for the th person was a visit to the emergency department, with Pr(vzsiz
IP)) and Pr(visit AC)) similarly defined as the likelihood that the encounter occurred as an

inpatient visit or as an ambulatory care visit, respectively.

The right hand side of each term in Equation (1), for example, F(X;Arp), indicates that the
probability that health care encounter was in the emergency room depends on a nonlinear
function of the ith individual’s demographic/claim characteristics, X;, multiplied by a vector of
regression determined coefficients, frp, which are data determined. Included in the individual's
characteristics (X;) are race/ethnicity (White, non-Hispanic; Hispanic; Black; Asian; American
Indian; Other), gender, detailed age groups, indicators for whether the attending physician is a
pediatrician, in internal medicine or family practice, or has an obstetrics/gynecology specialty,

and an indicator for an ambulatory care sensitive (ACS) condition.?

An ACS condition is a condition that could be treated in a primary care setting if timely care was

provided, but if left untreated, may result in one or more hospitalizations that could have been

2 pacterial pneumonia; asthma; congenital heart failure; hypertension; angina; cellulitis; diabetes; hypoglycemia; gastroenteritis;
kidney/urinary tract infection; dehydration; iron-deficiency anemia; nutritional deficiencies; failure to thrive; pelvic inflammatory
disease; and dental conditions (Falik, Needleman, Wells, & Korb, 2001).
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avoided with timely primary care. Examples of these conditions include asthma, gastroenteritis
and kidney/urinary tract infections (14). Children with an ACS condition are twice as likely to
have an ED visit (15) and have substantially larger hospital charges as children without an ACS
condition (16).

The estimating equations for the number of visits of each type that the individual received

throughout the year can be specified as

Equation (2)  number of ED visits; = G(XiyEp)
number of 1P visits; = G(Xiyrp)
number of AC visits; = G(Xip.ac)

As for the system of equations in (1), the right hand side indicates that the number of respective
visits in 2004 depend upon a nonlinear function of the ih individual's characteristics, X;,
multiplied by a vector of regression determined coefficients, y:p, which are data determined. We
used the estimated coefficients, and the associated demographic/visitation characteristics, in

our disenrollment simulations below.

Each system of six equations is estimated for
All AHCCCS-insured people and uninsured people
AHCCCS-insured children and uninsured children separately
AHCCCS- insured and uninsured adults separately
Hispanic insured and uninsured persons separately
White, non-Hispanic insured and uninsured persons separately
Parents of SCHIP enrolled children (Medicaid Section 1115 waiver)

We estimate, therefore, a total of seventy two equations (six equations for each of these two

comparisons groups for all six of the categories listed above).

The objective of this analysis is to predict changes in health care utilization for people insured

by AHCCCS who are disenrolled. Differences in utilization for uninsured and AHCCCS-insured



people are influenced by differences in demographic characteristics (e.g., because one group of
people are older, the group is more or less likely to use the ED) and by differences in insurance
coverage (e.g., because uninsured pay 100% of a physician’s fees for routine services, they are
more likely to delay routine care). We use the Oaxaca decomposition, modified to fit health care
comparisons, to separate differences in utilization between AHCCCS-insured and uninsured
people into differences due to the characteristics of the people and differences due to

insurance.®

The final step of this analysis simulates the effect of changing the AHCCCS program to reduce
enrollment by 10%. This disenrollment could be induced by a change in eligibility, a change in
the co-payments associated with AHCCCS services, or simply a change in the monthly
premiums for AHCCCS. For example, based on responses to increases in cost sharing in other
states, we conservatively estimate that it would only take a $10 monthly premium to induce 10%
of the SCHIP-insured population to drop coverage, adding them to the ranks of the uninsured
(Ku & Coughlin, 2000; Madden, et al., 1995).

A person who loses AHCCCS coverage could theoretically enroll in private insurance. It is
unlikely, however, that a family whose income is low enough to qualify for AHCCCS programs
would be able to afford a private commercial insurance plan. A study from the Kaiser Family
Foundation found that the annual premium for employer-sponsored health insurance in 2005
was $10,880.00 for family coverage and $4,024 for individual coverage and only 60% of

employers offer health insurance benefits (Claxton, et al., 2005).

Findings from recent studies of Medicaid disenrollment in other states support the assumption
that persons who disenroll from Medicaid become uninsured. Results from focus groups of adult
Medicaid respondents in Oregon showed those who lost coverage due to premium increases
became uninsured. Respondents with incomes up to 170% of the federal poverty level (FPL)
stated that they could not afford private health insurance coverage without premium assistance
from the state Medicaid program (LeCouteur, Perry, Artiga, & Rousseau, 2004). Based on data
from the Community Population Survey, 54% of children who disenrolled from Medicaid

between 1998 and 2001 became uninsured, despite being eligible for coverage (Sommers,

® The Oaxaca decomposition is a mathematical technique first used to measure discrimination (Oaxaca ,1973; Cotton, 1988; Johnson,
Baldwin, & Burton, 1996; Baldwin, Butler, & Johnson, 2001; Baldwin & Johnson, 1994 and 1995). The Oaxaca decomposition
separates the difference in the dependent variable between two groups into the difference due to observable characteristics (i.e., the
portion of the difference explained by differences in the mean characteristics included in the model) and unobserved factors (i.e., the
portion of the difference due to differences in the coefficients between the two groups. The difference due to unobserved factors is
the measure of the effect of insurance in the current application.
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2005). While the cost of care incurred during spells without insurance may help a family qualify
for Medicaid in the future, Medicaid coverage is typically not retroactive in the state of Arizona,
and thus the family’s ability to reenroll due to high medical debt as a result of hospitalizations or
other health care bills does not reduce the cost of their hospitalization. Therefore, we assume

that people who disenroll from AHCCCS remain uninsured for the year.

The health care services that are considered here include the utilization of Emergency
Departments (ED), Inpatient hospitalizations (IP) and the use of ambulatory care (AC). The
impact of proposed changes is simulated by assuming that the 10% disenrolled from AHCCCS
would become uninsured and exhibit medical usage patterns just like the currently uninsured. In
particular, we combine the estimated coefficients of a multivariate model of health care
utilization by currently uninsured people with people who are currently enrolled in AHCCCS, and
assume 10% of this latter group becomes uninsured. A system of logistic regression equations
is used to estimate the probability of emergency department (ED) visits, inpatient
hospitalizations and ambulatory office visits, and a system of three nonlinear regression
equations is used to estimate the quantity of services for each of the three services if 10% of the

AHCCCS recipients become uninsured.

The net changes in utilization for AHCCCS-insured and uninsured people were calculated by
multiplying the quantities of services by the numbers of people in each group before and after
the simulated 10% disenrollment. The product was the net effect on the number of people using
services and quantities of services. Total health care expenditures are based on the actual 2004

payments by AHCCCS for physician services, inpatient hospitalizations, and ED.

The average amount paid by uninsured for each service (e.g., ambulatory visit, inpatient
hospitalization, ED visit) is multiplied times the quantity of each service before and after the
simulated disenrollment to estimate the aggregate change in health care expenditures. The
mean payment for visits in 2004 was $795.57 for ED visits, $586.55 for inpatient hospital visits
and $162.64 for Ambulatory office visits.

We use the Oaxaca decomposition, modified to fit health care comparisons, to separate
differences in utilization between AHCCCS-insured people and uninsured people into
differences due to the characteristics of the people and differences due to insurance (Oaxaca,
1973; Johnson, Baldwin, & Burton, 1996; Means & Rubin, 2004). This decomposition separates

observed differences in outcomes (probabilities of use or quantities of use) into differences
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associate with a person’s demographic variables (the X7 in Equations (1) and (2) above) and
differences due to the insurance coverage (the g in the logistic probability models, and the yin
the quantity regression models). For example, if we let » represent the number of individuals in
the sample, then the average difference in the likelihood of using ED services between the

insured (5) and the uninsured (U) is (recalling the right hand side of the first row in Equation (1):

" (XU pY > F (XS5
Equation 3) Prob(ED Uninsured (U))— Prob(ED Insured (S)) = .2:1: X fe) .2:1: X )

n n

Since we want to know what would happen when we applied the uninsured responses Z
F(X? Beo)
(ﬂgo ) to the characteristics of the insured (X’ ), we can simulate the change by computing =

, Which is just what would happen if the insured became uninsured and responded just like the
uninsured currently do. The Oaxaca decomposition of the difference in Equation 3, for those
using ED services, equals the following (by adding and subtracting the same middle term,

;F(xisﬁgf’) , we don’t change the equality) :

n

Zn‘,F(Xi“ﬁ‘éD) iF(xfﬁgD) Z":F(xf/zgn) iF(XiSﬂSD)
Equation (4) == . = _ =

n n n n

where the right hand side bracketed term is the difference in average probabilities for the
insured, when we only change their insurance status (as the coefficients go from gg, to g4 and
the X are held constant), and left hand side bracketed term is the difference in average
probabilities when we leave insurance status the same and only change the characteristics of

the groups (as the characteristics go from x® to X’ as the g are held constant).

To see how these calculations work with our specific samples, refer to Table 3 in the Results
section. The uninsured are approximately twice as likely to use ED services as those insured by
AHCCCS (compare 0.465 to 0.226). Most of the difference in ED usage is due to the effect of
insurance coverage (18.2 percentage points of the 23.9% difference is due to insurance, or
about 18.2/23.9 = 76% of the differential is insurance related), rather than differences in
demographic characteristics (only 5.7/23.9 = 24% is due to demographic differences). We next
examine these differentials on the basis of our logistic probability regressions before examining

our simulated cost differences using the quantity regressions.
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Results

Probability of Using Services—Overall Utilizations (Table 3), by Age (Tables 4 and 5), and
by Ethnicity (Tables 6 and 7)

There are two major results that stand out from the probability analyses that follow; results are

also consistent across age and ethnic breakdowns:

Most of the observed usage differences between the insured and uninsured (generally
about three-fourths) is not due to their demographic characteristics, but to the effect of
their insurance coverage (more than 70% of the differential use of ED services is, for
example, explained by insurance coverage except for Whites, for which 59% of the

differential is explained by insurance coverage).

The most pronounced difference in usage is that the uninsured use the ED much more
often and use ambulatory care much less often than the insured (in Table 3 for example,
the uninsured use the ED for 46.5% of their health care encounters in our data
compared to only 22.6% for the insured, while the uninsured only use ambulatory care

services 33.2% of the encounters compared to 50.5% for the insured).

These two findings are robust with respect to age and ethnic partitions, suggesting that

insurance status has a profound impact on the patterns of care observed between those insured
and uninsured. In particular, those who are uninsured tend to use the emergency department for
care rather than the less expensive visits to physician offices and ambulatory care centers. This

is evident in Tables 3 through 8 for the respective demographic group as follows.
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Table 3: Probability of Using At Least One Service, AHCCCS-Insured and Uninsured Individuals

Proportion
Ambulatory

Group N ED Inpatient Visit
Section I: Probability of using at least one service
1. Uninsured 184,387 0.465 0.203 0.332
2. AHCCCS 302,071 0.226 0.269 0.505
3. AHCCCS as if uninsured 302,071 0.408 0.198 0.390
4. Uninsured as if AHCCCS 184,387 0.274 0.304 0.423

Section II: Decomposing the difference in the probability of use between AHCCCS-insured -.214 and uninsured
individuals

Difference in probabilities (Py - Ps) .239 -.066 -.173

Section IlI: Switching from AHCCCS to uninsured (applying coefficients from uninsured model to the mean
characteristics of AHCCCS-insured individuals)

Difference due to insurance (coefficients) 0.182 -0.071 -0.115
76.2% 107.6% 66.5%
Difference due to characteristics (explanatory variables) 0.057 0.005 -0.058
23.8% -7.6% 33.5%

Example: The proportion of persons using ED services is .465 for the uninsured and .226 for
persons with AHCCCS coverage. Approximately 76.2% of the difference between the uninsured
and the AHCCCS-insured is attributable to insurance or lack of it (.182/.239 = 76.2%). Less than
25% of the difference between uninsured and AHCCCS-insured persons in the proportion using
the ED is attributable to differences in the average characteristics of persons in the two groups
(.057/.239 = 23.8%).

Example: The proportion of persons using inpatient care is lower for the uninsured than for the
AHCCCS-insured. If the AHCCCS-insured become uninsured, their personal characteristics
imply that they would be even less likely than the current uninsured persons to use inpatient

care.

The logic of these examples applies throughout the empirical results.
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Table 4: Adult Probability of Using At Least One Service, AHCCCS-Insured and Uninsured
Individuals

Percentage
Group N ED Inpatient Ambulatory
Section I: Probability of using at least one service
1. Uninsured 141,074 0.476 0.210 0.314
2. AHCCCS 133,349 0.256 0.333 0.411
3. AHCCCS as if uninsured 133,349 0.413 0.329 0.346
4. Uninsured as if AHCCCS 141,074 0.290 0.235 0.382

Section II: Decomposing the difference in the probability of use between AHCCCS-insured -.214 and uninsured
individuals

Difference in probabilities (Py - Ps) .220 -.123 -.097

Section IlI: Switching from AHCCCS to uninsured (applying coefficients from uninsured model to the mean
characteristics of AHCCCS-insured individuals)

Difference due to insurance (coefficients) 157 -.004 -.065
71.4% 3.3% 67.0%
Difference due to characteristics (explanatory variables) .063 -.119 -.032
28.6% 96.7% 33.0%

Table 5: Child Probability of Using At Least One Service, AHCCCS-Insured and Uninsured
Individuals

Percentage
Group N ED Inpatient Ambulatory
Section I: Probability of using at least one service
1. Uninsured 43,314 0.430 0.177 0.390
2. AHCCCS 168,723 0.203 0.214 0.580
3. AHCCCS as if uninsured 168,723 0.412 0.174 0.413
4. Uninsured as if AHCCCS 43,314 0.233 0.333 0.545

Section II: Decomposing the difference in the probability of use between AHCCCS-insured -.214 and uninsured
individuals

Difference in probabilities (Py - Ps) 227 -.037 -.190

Section IlI: Switching from AHCCCS to uninsured (applying coefficients from uninsured model to the mean
characteristics of AHCCCS-insured individuals)

Difference due to insurance (coefficients) .209 -.040 -.167
92.0% 108.1% 87.9%
Difference due to characteristics (explanatory variables) .018 .003 -.023
8.0% -8.1% 12.1%
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Table 6: Hispanic Probability of Using At Least One Service, AHCCCS-Insured and Uninsured
Individuals

Percentage
Group N ED Inpatient Ambulatory
Section I: Probability of using at least one service
1. Uninsured 85,659 0.387 0.161 0.451
2. AHCCCS 153,539 0.220 0.250 0.530
3. AHCCCS as if uninsured 153,539 0.401 0.157 0.442
4. Uninsured as if AHCCCS 85,659 0.245 0.280 0.477

Section II: Decomposing the difference in the probability of use between AHCCCS-insured -.214 and uninsured
individuals

Difference in probabilities (Py - Ps) .167 -.089 -.079

Section IlI: Switching from AHCCCS to uninsured (applying coefficients from uninsured model to the mean
characteristics of AHCCCS-insured individuals)

Difference due to insurance (coefficients) .181 -.093 -.088
108.4% 104.5% 111.4%

Difference due to characteristics (explanatory variables) -.014 .004 .009
-8.4% -4.5% -11.4%

Table 7: White Probability of Using At Least One Service, AHCCCS-Insured and Uninsured
Individuals

Percentage
Group N ED Inpatient Ambulatory
Section I: Service Quantities
1. Uninsured 75,401 0.529 0.248 0.223
2. AHCCCS 99,385 0.246 0.263 0.491
3. AHCCCS as if uninsured 99,385 0.412 0.272 0.313
4. Uninsured as if AHCCCS 75,401 0.307 0.320 0.374

Section II: Decomposing the difference in the quantities of services between AHCCCS-insured and uninsured
individuals

Difference in probabilities (Py - Ps) .283 -.015 -.268

Section IlI: Switching from AHCCCS to uninsured (applying coefficients from uninsured model to the mean
characteristics of AHCCCS-insured individuals)

Difference due to insurance (coefficients) .166 .009 -.178
58.7% -60.0% 66.4%

Difference due to characteristics (explanatory variables) 117 -.024 -.09
41.3% 160.0% 33.6%
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Services Used and Their Cost Impact: Overall (Tables 8 and 9), by Age (Tables 10 through 13), and
by Ethnicity (Tables 14 through 17)

In the last section, we presented estimates of the models given in Equation (1), the likelihood of
having a health care encounter in the ED, relative to an encounter in inpatient services (IP) (i.e.,
hospital care), and relative to an encounter in ambulatory care (AC) (i.e., physician office visits).
Though the examination of the frequency of claims across services reveals higher likelihoods of
ED encounters and lower likelihoods of ambulatory care encounters for the uninsured, it does
not provide enough information to quantify the relative importance of this shift from outpatient to
ED care for the uninsured. From Tables 3 through 7, we know—for our sample of individuals
receiving care—the likelihood that a particular service was ever used in 2004, but we do not

know how much it was used.

To get an estimate of how many services were used, we turn to our estimates from Equation (2),
where instead of estimating probability responses by the logistic regression function F(X,5),
we estimate the quantity response by the negative binominal count regression function G(X,y).
With this change in notation, the Oaxaca decomposition logic is exactly the same as given
above for Equations (3) and (4). Now, instead of Equation (3) we have, using ED services between

the insured and uninsured as an example:

. Se(Xirh)  DG(Xrk)
Equation (5) QO(ED Uninsured (U))— Q(ED Insured (§)) = 12 SR
n

n

where () indicates the quantity of health service encounters of the respective type. Since we

want to know what would happen when we applied the uninsured responses ( 73.3) to the

characteristics of the insured ( X,* ), we can again simulate the change by computing , ;G(X‘Sygt’)

which is just what would happen if the insured became uninsured and responded just

like the uninsured currently do. The Oaxaca decomposition of the difference in equation (5), for

ED heailth care encounters, equals the following (by adding and subtracting the same middle
G(X7en)

term, = , we don’t change the equality) :
n

ZG(XingD) ZG(XiS}’gD) ZG(XisygD) ZG(XiSyéD)
i1 i1 + = i3

n n n n

Equation (6) =
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where the right hand side bracketed term is the difference in average number of encounters for
the insured, when we only change their insurance status (as the coefficients go from }/ED to ;/ED
and the X are held constant), and left hand side bracketed term is the difference in average
number of encounters when we leave insurance status unchanged, only changing the
characteristics of the groups (as the characteristics go from Xf to XiU as the y are held

constant).

To see how these calculations work with our specific samples, refer to the results presented in
Table 8 below. They indicate that, in 2004, for every one hundred uninsured individuals, there
are 77 ED encounters, while for every one hundred insured individuals, there are only 37 ED
encounters. If the insured—those with AHCCCS—acted the same way as the uninsured sample
did with respect to ED encounters, the insured number of encounters in ED settings would rise
from 37 per hundred to 62 per hundred (as indicated in the left hand column of Table 8, lines 2
and 3). So, for every hundred individuals, there are 40 more ED encounters for the uninsured
than for the insured (line 5). Of these 40 additional encounters in ED, 25 are explained by
differences in insurance status only (line 6), or 62.9% (=.253/.402) of the difference is due to

insurance.
The general findings from these encounter regressions are that:

Except for Whites (where insurance coverage and demographic differences are equally
important), most of the differences in usage between the insured and uninsured is due to

the effect of the insurance coverage rather than differences in their characteristics;

No matter how we partition the decomposition, the uninsured have more emergency
department encounters and more inpatient days, and less ambulatory care encounters,
than do the insured—so that the lack of insurance shifts health care away from
ambulatory care and towards the more expensive ED encounters and inpatient days;

and

Our simulations (Tables 9, 11, 13, 15, and 17) indicate that this shift increases costs
roughly by $4 million in our various partitions of the data, or about 1% (0.8 % in Table 9;
0.8% in Table 11—adults; 1.2% in Table 13—children; 0.6% in Table 15—Hispanics;
and 1.4% in Table 17— Whites).
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Table 8: Service Utilization, AHCCCS-Insured and Uninsured Individuals

Number of Services

Inpatient Ambulatory
Group N ED Visits Hospital Visits Visits
Section I: Service Quantities
1. Uninsured 167,156 0.771 1.163 0.988
2. AHCCCS 269,924 0.369 0.688 2.094
3. AHCCCS as if uninsured 269,924 0.622 0.898 1.068
4. Uninsured as if AHCCCS 167,156 0.489 0.998 2.109

Section Il: Decomposing the difference in the quantities of services between AHCCCS-insured and uninsured
individuals

Utilization Differences (Qu - Qs) 402 475 -1.106

Section IlI: Switching from AHCCCS to uninsured (applying coefficients from uninsured model to the mean
characteristics of AHCCCS-insured individuals)

Difference due to insurance (coefficients) .253 .210 -1.026
62.9% 44.2% 92.8%
Difference due to characteristics (explanatory variables) .149 .265 -.080
37.1% 55.8% 7.2%

Figure 1: Mean Number of Service Utilization
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Table 9 applies the results in Table 8 to indicate what the effect of disenrollment of 10% of the

currently AHCCCS-enrolled population in Maricopa County (all ages, ethnic groups, and both

gender