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Measurement Error in Public Health
Insurance Reporting in the American
Community Survey: Evidence from

Record Linkage
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Brett Fried, and Brett O’Hara

Objective. Examine measurement error to public health insurance in the American
Community Survey (ACS).

Data Sources/Study Setting. The ACS and the Medicaid Statistical Information
System (MSIS).

Study Design. We tabulated the two data sources separately and then merged the data
and examined health insurance reports among ACS cases known to be enrolled in
Medicaid or expansion Children’s Health Insurance Program (CHIP) benefits.

Data Collection/Extraction Methods. The two data sources were merged using
protected identification keys. ACS respondents were considered enrolled if they had
full benefit Medicaid or expansion CHIP coverage on the date of interview.

Principal Findings. On an aggregated basis, the ACS overcounts the MSIS. After
merging the data, we estimate a false-negative rate in the 2009 ACS of 21.6 percent.
The false-negative rate varies across states, demographic groups, and year. Of known
Medicaid and expansion CHIP enrollees, 12.5 percent were coded to some other cov-
erage and 9.1 percent were coded as uninsured.

Conclusions. The false-negative rate in the ACS is on par with other federal surveys.
However, unlike other surveys, the ACS overcounts the MSIS on an aggregated basis.
Future work is needed to disentangle the causes of the ACS overcount.
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The “Medicaid undercount” refers to the tendency of population surveys to
undercount Medicaid enrollment relative to administrative records (Call et al.
2012). The undercount is a function of definitional differences between survey
and administrative sources and false-negative reporting errors among respon-
dents (Davern et al. 2009b). False-negative errors occur when a person known
to have Medicaid is coded as not having that coverage. The false-negative rate
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in the 2005 Current Population Survey (CPS) was 42.9 percent (University of
Minnesota’s State Health Access Data Assistance Center, SNACC Phase V).
In the 2002 National Health Interview Survey (NHIS) the false-negative rate
was 32.2 percent, and in the 2003 Medical Expenditure Panel Survey it was
17.5 percent (University of Minnesota’s State Health Access Data Assistance
Center SNACC Phase IV, SNACC Phase VI). In addition to biasing estimates
of Medicaid, undercounted Medicaid enrollees that are not classified into
other coverage types upwardly bias counts of the uninsured. Despite their lim-
itations, survey data play an important role in research and policy making
because they are timelier than administrative records and are the only source
of information on the uninsured (Blewett and Davern 2006). Documenting
measurement error provides researchers a gauge for the bias in a particular
survey and a basis to compare the quality of alternative data.

This article examines measurement error in Medicaid and other public
health insurance in the 2009 American Community Survey (ACS). The ACS
is distinct among federal surveys measuring health insurance. Its sample size
of over 4 million persons makes it the only federal survey capable of produc-
ing statistically reliable single-year health insurance estimates for the entire
age distribution at the state and substate level (Davern et al. 2009a). The ACS
differs from other federal surveys in its measurement of health insurance. It
relies heavily (but not exclusively) on a mailed questionnaire that uses a single
question stem with yes/no responses for six comprehensive insurance types. It
combines Medicaid, CHIP, and other means-tested public coverage into a sin-
gle response option, and it lacks state-specific Medicaid names or a specific
mention of CHIP and other state-based programs.

To examine measurement error in the ACS, we use a version of the sur-
vey that has been linked with enrollment records from the Medicaid Statistical
Information System (MSIS). The MSIS is not a perfect gold standard. It is com-
piled by aggregating files submitted by the states. In some states, the scope of
benefits or enrollment period is reported with error (CMS 2013a). Nonetheless,
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the MSIS is the most useful tool for assessing the quality of Medicaid data col-
lected by the ACS.

Concept Alignment and Measurement Error

Discrepancies between administrative counts and survey estimates arise from
divergent concept alignment and survey error (Davern et al. 2009b). Diver-
gent concept alignment refers to the fact that administrative databases and sur-
veys track different populations and use different definitions of health
insurance. In addition, when the MSIS is treated as a referent dataset in a vali-
dation study, divergent concept alignment encompasses error contained in
the MSIS. The ACS sample represents the entire population (housing units
and group quarters) and, in that sense, the ACS is the best aligned survey to
the MSIS.

The MSIS and ACS, however, have different definitions of health insur-
ance. The MSIS tracks enrollment in full and partial benefit plans that are
financed by Medicaid and a subset of Children’s Health Insurance Programs
(CHIP). In contrast, the ACS uses a single response item intended to measure
full-benefit health insurance provided through Medicaid, all CHIP plans, and
state-specific plans (the response item reads “Medicaid, Medical Assistance, or
any kind of government-assistance plan for those with low incomes or a dis-
ability”)." The restriction of the ACS to comprehensive coverage contributes
to undercounting enrollment in the MSIS, even in the absence of survey error.
The inclusion of all public programs in a single measure contributes to over-
counting in the MSIS.

After accounting for concept alignment, remaining differences can be
attributed to survey error. Survey error can arise from several sources. Most of
the literature focuses on response error where the reference period plays an
important role. The CPS asks respondents to recall coverage held up to
16 months prior to the survey, and it tends to underestimate Medicaid enroll-
ment to a stronger degree than surveys that have a point-in-time question
(Klerman et al. 2009; Call et al. 2012). The ACS fields a point-in-time mea-
sure which ascertains coverage status for the date of interview and avoids
recall error. However, other factors contribute to misreporting: the structure
of response options, household composition and the flow of the instrument
(person or household centered), the size and scope of the questionnaire, and
respondent understanding of health insurance (Pascale 2008). Survey error
can also be introduced or corrected by data processing (Lynch, Boudreaux,
and Davern 2009). In this article, we examine variation in survey error across
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versions of the data that have undergone different stages of data processing
(explicit reports, imputation, and logical edits).

DATA AND METHODS
The American Community Survey

The ACS is conducted by the U.S. Census Bureau and has a weighted
response rate of 98 percent (U.S. Census Bureau 2014). Data are collected via
mail-out/mail-back questionnaires (68 percent of unweighted housing unit
responses), with telephone (13 percent), and in-person (18 percent) nonre-
sponse follow-up.” The 2009 file contains 4.5 million individual records. Our
primary focus is the civilian noninstitutional population. This aligns our analy-
sis with the universe that is frequently used in health policy research and the
universe for which the Census Bureau publishes health insurance estimates.”
The size of the civilian noninstitutional sample is 4.4 million.

The questionnaire intends to capture six comprehensive health insur-
ance types: employer-sponsored insurance, coverage purchased directly from
an insurer, Medicare, Medicaid or other means-tested coverage, TRICARE,
and coverage from the Department of Veterans Affairs. Uninsurance is a resid-
ual category that is defined when a respondent is not classified into any cover-
age type (Figure S1).* We refer to the means-tested coverage category as
“Medicaid Plus.”” The broader Medicaid Plus definition in the ACS compared
to the enrollment information in the MSIS restricts us to estimating one com-
ponent of error. We only observe false-negatives and do not observe false-pos-
itives. If a record is found on the MSIS, the survey respondent should be
coded to Medicaid Plus. However, if a record is not on the MSIS, it is ambigu-
ous whether a Medicaid Plus response is an error or a correct report of another
valid coverage type.’

Despite the relative simplicity of the ACS, its estimates of public, pri-
vate, and any insurance coverage track closely with other federal surveys
(Turner, Boudreaux, and Lynch 2009; Boudreaux et al. 2011). The exception
is directly purchased coverage. All surveys overstate the size of the individual
market, but the problem is extreme in the ACS (Mach and O’Hara 2011,
Abraham, Karaca-Mandic, and Boudreaux 2013). Previous work using similar
data to those presented here found that Medicaid misreporting plays a mini-
mal role in the survey’s direct purchase estimate (Boudreaux et al. 2014).
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The Medicaid Statistical Information System

The MSIS is compiled by the Centers for Medicare and Medicaid Services
(CMS) from quarterly updates provided by the states (CMS 2013b). The
MSIS file we use for linking consists of an eligibility record for individuals
enrolled in full-benefit Medicaid or expansion CHIP. The states have the
option to use their CHIP funds to either expand Medicaid (“expansion
CHIP”), to set up a separate program (“stand-alone CHIP”), or to do some
combination of the two. In 2009, 18 states had only stand-alone CHIP, 6 states
and DC had only expansion CHIP, and 26 had a combination.” Overall, 28
percent of CHIP enrollees were enrolled in Medicaid expansion programs
and are included in our data (CMS 2012). We did not include stand-alone
CHIP programs because those data are not consistently reported by the states
(Czajka 2012; Klerman, Plotzke, and Davern 2012). The exclusion of stand-
alone CHIP limits our generalizability to Medicaid and expansion CHIP.

We primarily used MSIS data pertaining to calendar year 2009. We
cleaned the MSIS by removing deceased persons (if a person was coded as
deceased in MSIS but had an ACS interview they were retained) and dupli-
cated persons (2.9 million or 5.7 percent of the original file). In a secondary

analysis, we also use the 2008 MSIS to contrast the false-negative rate in the
2008 and 2009 ACS.

Data Linkage, Weighting, and Defining Known Enrollees

We linked the ACS and MSIS using protected identification keys (PIKs),
which are common to both data. PIKs are anonymous individual identifiers
that are derived from personally identifiable information (Wagner and Layne
2012). After PIKs were added to each file, all personally identifiable informa-
tion was removed. A total of 412,000 cases (9.2 percent) in the ACS lack a
valid PIK, and the probability of missing a PIK is not random. For example,
in the sample lacking a valid PIK, the weighted percentage of Hispanics was
34.4 percent, but in the valid PIK sample it was 13.8 percent (Table S1). The
majority of missing PIKs on the ACS are due to incomplete matching vari-
ables on the ACS (e.g., name) rather than coverage error in the underlying
PIK database which is built from the Social Security Administration’s Numi-
dent file (Mulrow et al. 2011). This suggests that the missing PIKs are not pri-
marily composed of respondents that lack social security numbers.

We drop all ACS cases that do not have a valid PIK, and to ensure that
the subset of ACS cases that have PIKs represent the full ACS file, we
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reweighted the data by poststratifying the sample weights by state of resi-
dence, age, race/ethnicity, poverty status, and health insurance status.
Table S1 provides detailed results describing characteristics of the sample
before and after reweighting. The bias to the estimate of the uninsured was
—2.1 percentage points prior to and 0.0 after poststratification.®

In addition to missing PIKs in the ACS, 4.4 million records (6.0 per-
cent) in the MSIS lack a valid merging key and are dropped from the linked
analysis. Missing PIKs in the MSIS are caused by missing or invalid social
security numbers (Czajka and Verghese 2013). The majority of missing PIKs
(68 percent) are partial benefit enrollees that are not eligible for linking. Of
full-benefit enrollees, most with missing PIKs are under 5 years old (Czajka
and Verghese 2013). Missing PIKs in the MSIS could cause bias in our esti-
mate of the false-negative rate because a portion of enrollees observed in the
MSIS cannot be merged and they could have different reporting patterns. We
have no solution to this problem and it remains a limitation.

The MSIS tracks days of enrollment per month, and the ACS tracks
coverage held on the day of interview. We used an algorithm (see the technical
appendix) to ascertain if a case was enrolled on the day of interview. We con-
sidered only full-benefit coverage from the MSIS (including pregnancy cover-
age), so that the MSIS was aligned with the intended comprehensive coverage
definition used in the ACS.?

Analysis

We begin by examining aggregated counts from the MSIS and ACS prior to
merging. The purpose is to demonstrate the importance of concept alignment
by producing counts from the MSIS before and after cleaning procedures that
align the MSIS to the ACS concepts of unique persons and comprehensive
coverage. Our second goal is to demonstrate that, on an aggregated basis, the
ACS, unlike other population surveys, overcounts the MSIS. We argue that
this result stems in part from the broad definition of public health insurance
used by the ACS and/or false-positive response error.

The second part of the analysis uses the linked file to describe health
insurance coverage in the ACS for cases that the MSIS shows have Medicaid
or expansion CHIP on the day of interview. We examine two insurance vari-
ables. The first indicates if the case was not coded to Medicaid Plus, regardless
of other health insurance types reported. It provides the basis for our estimate
of the false-negative rate. The second measure includes levels for Medicaid
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Plus, no Medicaid Plus but some other type, and uninsured. Using the second
variable, we examine the extent that linked cases report other or no insurance.
Using the 2009 ACS/MSIS linked file, we examine disagreements
between the ACS and the MSIS for cases that explicitly report Medicaid Plus
(i.e., where Medicaid Plus is neither edited nor imputed). We then describe the
false-negative rate after sequentially including imputed and edited values.

Next, we examine insurance reports among linked cases by sociodemo-
graphics. For that analysis, we use all values (reported or imputed) after all
editing procedures have been applied, so that our results reflect data that ana-
lysts actually encounter. We then examine false-negative rates across the
states, with and without regression adjustments for covariates that vary by
state and have an independent association with reporting behavior. Finally,
we describe top-level results from the 2008 ACS, which we linked to the MSIS
using the same methods described above. We include the 2008 ACS so that
we can examine an assumption in the Medicaid evaluation literature: that
year-to-year variation in the false-negative rate is constant across the states
and does not systematically bias estimates of the impact of Medicaid expan-
sions on health insurance coverage.

Most estimates (with some exceptions) use the poststratified weight.
Standard errors are computed using successive difference replication (Fay and
Train 1995). Because we have a large sample size, nearly all of our results are
statistically significant and we focus our description of results on magnitudes
rather than significance tests.

RESULTS
Raw Counts

Prior to aligning the MSIS to the ACS, average daily enrollment in Medicaid,
expansion CHIP, and stand-alone CHIP (when reported) recorded by the
MSIS totals 50.5 million (Table 1), which nearly matches the ACS Medicaid
Plus estimate of 50.6 million (based on the full ACS universe and the original
sample weight). The MSIS count includes duplicated and deceased records
(2.9 million) and partial benefit plans that are not part of the intended ACS
conceptual definition (5.0 million). After removing such enrollees and any
stand-alone CHIP cases that are sporadically counted by MSIS, average daily
enrollment in the MSIS is 42.6 million. The ACS overcounts this figure by
15.8 percent, but the ACS conceptual definition is broader than the MSIS uni-
verse and a large fraction of the discrepancy is likely from stand-alone CHIP.



1980 HSR: Health Services Research 50:6 (December 2015)

Table 1: Comparison of Counts from the Medicaid Statistical Information
System (MSIS) and the American Community Survey (ACS)

Percentage Difference between

Count (millions) ACS and MSIS
MSIS count
All records in MSIS 50.5 0.20
Minus duplicate enrollees and 47.6 5.93
deceased individuals
Minus partial benefit enrollees and 42.6 15.81
stand-alone CHIP
Plus stand-alone CHIP, per SEDS 46.3 8.50
Original ACS count of Medicaid Plus 50.6
Linked ACS count
Weighted number of linked cases 40.0
Weighted number of linked cases 314
coded to Medicaid Plus

Notes. “All records in MSIS” count represents average daily enrollment in 2009 and includes full
or partial Medicaid, expansion CHIP, and stand-alone CHIP (where available). “Plus stand-alone
CHIP, per SEDS” adds the 3.7 million people enrolled in a stand-alone CHIP on June 30, 2009,
as reported in the Statistical Enrollment Data System (SEDS). “Original ACS count” represents
Medicaid or other means-tested coverage weighted by the original weight and including all ACS
cases. “Linked ACS” counts include only ACS cases with a valid PIK that are linked to MSIS and
are shown to be enrolled in full-benefit Medicaid or expansion CHIP on the day of interview.
Linked counts use the poststratified weight.

Sources: Medicaid Statistical Information System (MSIS), 2009 American Community Survey
(ACS).

The next row adds to the MSIS count 3.7 million people reported to be
enrolled in stand-alone CHIP by the Statistical Enrollment Data System
(SEDS), the official source of CHIP enrollment (CMS 2012)." The ACS
overcounts this figure by 8.5 percent. Table 1 illustrates that unlike other
population surveys, the ACS appears to overcount rather than undercount
Medicaid and CHIP enrollment. The overcount is composed of false-positive
survey errors and correct reports for plans not captured in our administrative
data. The change in the percentage difference between the ACS and the
MSIS, described in the second column, illustrates that there are conceptual
alignment issues that render comparisons of raw counts a poor proxy of the
survey error in the ACS.

The bottom half of Table 1 displays counts of Medicaid and CHIP
enrollment after we merge the ACS and the MSIS. It shows that using the
poststratified weight and the full linked ACS file (housing units and group
quarters), there are 40 million people that are identified by MSIS as having
full-benefit Medicaid or expansion CHIP. This number differs from the count
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of 42.6 million found in the MSIS because during the merge we remove
MSIS cases that lack a PIK. Despite the apparent overcount in the top half of
the table, using linked cases actually coded as Medicaid Plus in the ACS, the
estimate is 31.4 million, suggesting that 8.6 million people with known Med-
icaid or expansion CHIP are not counted by the survey.

Health Insurance Coverage among Linked Cases by Source of Medicaid Plus Value

In Table 2 we report the insurance status of cases that are linked to the MSIS
that are in the civilian noninstitutional population. The last two rows show the
overall false-negative rate of 21.6 percent or 8.3 million (the change in uni-
verse between Tables 1 and 2 causes a change in the false-negative estimate).
The top panel describes insurance status prior to the application of logical
edits. Among explicitly reported Medicaid Plus values, 22.8 percent do not
report Medicaid Plus. Just over 13 percent do not report Medicaid Plus but do
report another coverage type, and 9.6 percent are uninsured. After adding
imputed cases to explicit reports, the false-negative rate is 24.1 percent.
Roughly 14 percent of explicit or imputed cases are coded to another coverage
type and 9.9 percent are uninsured. The increase in the false-negative rate
between explicit and explicit or imputed cases implies that imputed cases have
a higher false-negative rate than reported cases. A higher false-negative rate
among imputed cases should not be interpreted as a flaw in the imputation
routine. The purpose of imputation is not to correctly code each case but to
replicate the distribution of reported values, conditional on the variables
included in the imputation routine. While our purpose is not to evaluate the
imputation, Table 2 demonstrates that the overall false-negative rate is driven
both by explicit reporting and data processing.

The bottom panel of Table 2 describes results after the application of the
logical edits. The results suggest that for all values, the edit routine reduces the
false-negative rate by 2.5 percentage points. It reduces the uninsured rate
among linked cases by 0.8 percentage points. The results imply that the edit
routine is moderately successful in reducing false-negatives. However, we are
unable to ascertain how many cases the edit routine assigns to Medicaid Plus
that do not actually have Medicaid Plus.

Health Insurance Coverage among Linked Cases by Demographic Characteristics

Table 3 presents ACS health insurance rates among known Medicaid and
expansion CHIP enrollees across subgroups. As in other surveys, the false-
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Table 2: Health Insurance Coverage Estimates from the 2009 ACS, Linked
Cases in the Civilian Noninstitutional Universe

No Medicaid Plus Any Medicaid Plus Any Other

Coverage Coverage Coverage Uninsured
% (SE) % (SE) % (SE) % (SE)
Prior to logical editing
Explicit reports only 22.8(0.13) 772 (0.13) 13.2 (0.09) 9.6 (0.09)
Explicit or imputed 24.1(0.13) 75.9 (0.13) 14.2 (0.09) 9.9 (0.09)
After logical editing
Explicit reports only 20.3(0.13) 79.7 (0.13) 11.5 (0.09) 8.8 (0.09)
Explicit or imputed 21.6 (0.12) 78.4(0.12) 12.5 (0.09) 9.1(0.08)
Explicit or imputed 8.3 m 30.3 m 4.8 m 3.5 m
(pop count)

Notes. Only full-benefit Medicaid or expansion CHIP enrollment from MSIS is counted. The sam-
ple size of linked cases is 410,275. Any other coverage includes those that are not coded to Medic-
aid Plus, but are coded to some other type including ESI, Direct, Medicare, VA, or Tri-Care. SE
refers to standard errors from successive difference replication. Explicit Reports versus Imputed
values refer only to the values of the Medicaid Plus response item. Ninety-six percent of the sam-
ple has reported versus imputed Medicaid Plus.

Source: Reweighted estimates from the 2009 American Community Survey linked to MSIS, Civil-
ian Noninstitutional Population.

negative rate tends to be lower for children, non-Hispanic whites, citizens, and
people in lower socioeconomic strata. The right hand panel of Table 3
describes the distribution of coverage types. The uninsured rate among chil-
dren linked to the MSIS is 7.0 percent versus 14.1 percent for non-elderly
adults. For many groups (children, whites, etc.), more linked respondents are
coded to another type of coverage versus being coded to uninsured. However,
this finding was not universal. Nonelderly adults, American Indian/Alaska
Natives, Hispanics, those with less than a high school education, noncitizens,
and the unemployed were more likely to be coded as uninsured versus
another type of coverage.

False-Negative Rates by State

Figures 1 and 2 map the false-negative rate across the states for children (Fig-
ure 1) and adults (Figure 2). We hypothesized that variation between states
could be explained by differences in (1) demographic characteristics; (2) pro-
gram characteristics; (3) the quality of the MSIS; and/or (4) survey operations
such as the quality of field representatives. We are unable to assess the role of
the last two factors, but below we present evidence on hypotheses 1 and 2.
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Panel A of Figure 1 shows unadjusted results for children (see values in
Table S4a). The unadjusted false-negative rate ranged from 10.5 percent in
Maine to 25.5 percent in Nevada. Panel B shows adjusted rates, controlling for
gender, race, poverty, citizenship, household education, and employment. If
demographics explain the variation shown in Panel A, Panel B would show a
single color. However, the model only moderately reduces variation across
the states. Table S4b shows that the standard deviation of the unadjusted rates
(3.3) is minimally reduced after adjustment (3.2), and the range remained
unchanged (15.0 percentage points). The unadjusted false-negative rates for
adults, shown in Panel A of Figure 2, ranged from 15.1 percent in Vermont to
34.2 percent in Arizona. Adjustment (Panel B) had the same minimal effect on
variation between the states as observed for children.

To examine hypothesis 2, we present results from a logistic model of
false-negative reports regressed on demographics and state program charac-
teristics in Table S6. We controlled for program name complexity and relative
income eligibility thresholds for children and parents (low, medium, or high).
We also controlled for whether childless adults were covered, if the state had
only a stand-alone CHIP and presumptive eligibility policies. None of the
coefficients suggest that program characteristics had a meaningful impact on
false-negative error.

Medicaid Plus Survey Error and Uninsurance

Table 3 shows that 9.1 percent of known Medicaid/expansion CHIP enrol-
lees were coded as uninsured. In data not presented here, we found that
7.7 percent of the uninsured were enrolled in Medicaid or expansion
CHIP, per MSIS. This suggests that the 45.4 million people estimated to
be uninsured is upwardly biased by Medicaid/expansion CHIP misrep-
orting by 3.5 million people (7.7 percent). The upward bias is likely offset
by people coded to Medicaid Plus who are actually uninsured. Further-
more, there is little information in the literature on the effect of other cov-
erage type misreporting on uninsurance. Due to these limitations, our
estimate of the bias to uninsurance (3.5 million) should be interpreted with
extreme caution.

Medicaid Survey Error by State and Year

An assumption in difference-in-differences studies that measure the
impact of Medicaid/CHIP expansions on health insurance coverage is



1986 HSR: Health Services Research 50:6 (December 2015)

A
1 101%-13%
1 131% - 16%
B 16.1% - 18%
B s1%-21%
W 21.1% - 25.5%
- *»
B

[ 101% - 13%

1 131% - 16%
B 16.1% - 18%
B e1%-21%
W 211%-251%



Measurement Error in Public Health Insurance Reporting in the ACS 1987

that year-over-year changes in measurement error are independent of
state. If a change in measurement error is correlated with the expansion,
the results will be systematically biased. In the appendix we present an
initial evaluation of this assumption using linked 2008 and 2009 ACS/
MSIS data.!' At the national level, the false-negative rate in the 2008
ACS was 24.1 percent, statistically different than the 2009 rate (21.6
percent).

To examine state-by-year-variation, we appended the files and ran
nested logistic-regression models on linked cases. The first block of variables
included demographics and year, the second block included state, and the
third block included the interaction of state and year. We examined two
dependent variables: no Medicaid Plus and uninsurance. Each block was sta-
tistically significant (p < .001) in the Medicaid Plus regression (Table S7). In
the uninsured regression, all but the block of interaction effects was statisti-
cally significant (Table S8). The results from the Medicaid plus regression do
not specifically indicate if the change in the false-negative rate is correlated
with a change in eligibility, but the statistical significance on the block of
interaction effects, in combination with the correlation between false-nega-
tive error and poverty (Table 3), suggests that the assumption is suspect. This
finding did not carry over to uninsurance. This suggests a differential change
in how respondents classified their type of coverage, but not their insured sta-
tus. The lack of a significant finding on the block of interaction effects pro-
vides support for the assumption that the impact of false-negatives on
insured/uninsured estimates does not vary at the state-by-year level. How-
ever, because we only have 2 years of data, this finding should be interpreted
with caution.

Figure 1: Unadjusted and Adjusted False-Negative Rates for Children. (A)
Unadjusted Rate for Children Age 0-18. (B) Adjusted Rate for Children Age
0-18

Source: Reweighted estimates from the 2009 American Community Survey linked to MSIS, civil-
ian noninstitutional population. The regression adjusted rates are based on a logistic regression
model and are calculated using average marginal effects. They control for race, gender, poverty
status, citizenship, household education, and household employment. Tables of values and regres-
sion coefficients are included in the appendix.
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DISCUSSION

This article examined measurement error in public health insurance in the
ACS. Our study had limitations. The quality of the MSIS varies across the
states and the lack of stand-alone CHIP data in the MSIS could be particularly
problematic for making comparisons across states. However, if our results are
only generalized to Medicaid and expansion CHIP, then comparisons across
states would only be biased if Medicaid enrollees (and expansion CHIP
enrollees in expansion and combination states) reporting varied by the state’s
CHIP type-decision. In a regression analysis, we did not find evidence of such
a difference, which gives us confidence that the lack of stand-alone CHIP data
did not bias our examination of state variation in false-negative error. Beyond
CHIP, the MSIS lacks information on other non-Medicaid programs that fall
within the scope of the ACS question, and we were unable to confidently esti-
mate false-positive errors. Another potential concern is whether MSIS data
quality varies by year, in which case our state-by-year analysis would be
biased. Finally, missing PIKs in the MSIS could have caused bias to our esti-
mate of false-negatives if non-PIK’ed cases had different reporting patterns
than PIK’ed cases.

Table 1showed that the overall count in the ACS is larger than the count
from the MSIS, even after we edit the MSIS to mimic the universe of the ACS
and add enrollment in stand-alone CHIP. This is a unique finding compared
to other federal surveys that have been compared to the MSIS. The overcount
is caused by the concept misalignment between the ACS question and MSIS
enrollment and/or false-positive survey error. Unfortunately, we lacked
administrative counts for the full scope of plans covered by the intended ACS
definition and are unable to determine if the count in the ACS under or over-
estimates its intended target. However, if data users wish to interpret the ACS

Figure 2: Unadjusted and Adjusted False-Negative Rates for Adults.
(A) Unadjusted Rate for Adults Age 19 and over. (B) Adjusted Rate for Adults
Age 19 and over

Source: Reweighted estimates from the 2009 American Community Survey linked to MSIS, civil-
ian noninstitutional population. The regression adjusted rates are based on a logistic regression
model and are calculated using average marginal effects. They control for race, gender, poverty
status, citizenship, household education, and household employment. Tables of values and regres-
sion coefficients are included in the Appendix.
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item as Medicaid or CHIP (not including any state-specific plans), as is often
done in take-up studies (e.g., Kenney et al. 2010), then our results suggest that
the ACS does a relatively adequate job without the need for additional data
processing edits.

Using the ACS-MSIS linked file, we found that 78.4 percent of known
Medicaid and expansion CHIP enrollees are coded to Medicaid Plus. Similar
to other surveys, we found that the level of false-negatives varied across
groups. In general, children and groups with lower socioeconomic standing
tended to have lower levels of false-negative error. This could be because such
groups are more closely tied to public programs and are more knowledgeable
about their enrollment. For many groups, miscoded enrollees were coded into
other coverage types rather than as uninsured, but there were important
exceptions.

We found that the false-negative rate varied across the states. We were
unable to attribute any meaningful portion of the observed variation to spe-
cific causes. Variation remained after controlling for demographics, and we
did not identify any meaningful program characteristics. However, we lacked
important information about the nature of enrollment. It could be that a
higher level of underreporting in some states arises not because respondents
do not understand the question, but because they were not adequately edu-
cated about their benefits during enrollment. Evaluations of the CPS and
NHIS suggest that Medicaid enrollees that are coded as uninsured tend to uti-
lize fewer services than their counterparts (University of Minnesota’s State
Health Access Data Assistance Center SNACC Phase II, SNACC Phase IV).
This finding is consistent with the idea that undercounted cases are not aware
of their enrollment and could use services in a suboptimal way. We were also
unable to estimate the impact of divergent MSIS quality or survey operations
on false-negative reports.

The level of false-negative error in the ACS is discouraging, but the ACS
compares favorably to other surveys. Comparisons across surveys should be
interpreted with caution. We made every attempt to follow the procedures of
other record check evaluations, but the methods were not identical. With this
caveat in mind, the false-negative rate in the 2005 CPS was 42.9 percent and
in the 2002 NHIS was 32.2 percent. The 2009 ACS false-negative rate of 21.6
percent is most similar to the MEPS false-negative rate of 17.5 percent. The rel-
ative proximity of the MEPS and ACS could be, in part, due to the designation
of CHIP and other public programs as “correct” reporting in both ACS and
MEPS, but not CPS or NHIS. Another comparison that avoids confounding
how other programs are treated is the rate of uninsurance among known enrol-
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lees. In the 2005 CPS, 17.9 percent of known enrollees were coded as unin-
sured, versus 8.8 percent of enrollees in the 2002 NHIS and 8.3 percent in the
2003 MEPS. Using the uninsured rate also suggests that the 2009 ACS (9.1
percent) is on the lower end of the false-negative continuum.

In the context of other surveys, our results suggest data users are rela-
tively well-served by the ACS. This is an important finding because it suggests
that adding complexity to an instrument (i.e., requiring respondents produce
a health insurance card) may not necessarily improve on the quality of esti-
mates that can be obtained from a simple health insurance measure. This
research was not designed to identify the exact survey design features in the
ACS that lead to response error. Future research is needed, preferably using a
split-ballot experiment that varies questionnaire features and is based on a
sample with known health insurance types. Such a design could estimate the
level of ACS survey error in other coverage types and lead to strategies that
improve the ACS.
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NOTES

1. State-specific plans include programs operated within states that do not receive
matching federal funds. These programs include high-risk pools, programs for
low-income persons that are not eligible for Medicaid, and county-specific pro-
grams.

2. Starting in 2012, the ACS also provided an Internet response option.

3. In Table S3, we present results for housing units, noninstitutional group quarters,
and institutional group quarters. These results show that the percent of false-nega-
tives in group quarters is slightly lower than reporting in housing units and that
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10.

11.

there is very little variation between institutional and noninstitutional residents.
However, residents in housing units are twice as likely to be coded as uninsured,
compared to residents in group quarters.

. The ACS gathers information on participation in the Indian Health Service, but

this coverage type is not considered comprehensive and is not used when defining
insured.

. Other surveys distinguish between Medicaid, CHIP, and state-specific programs,

but the recommended practice is to combine these variables into a single compos-

ite variable (e.g., MACPAC 2012).

. We estimate that 7.0 percent of cases that are not found on the MSIS report

Medicaid Plus coverage (Table S9).

. In 2009, stand-alone CHIP states included Alabama, Arizona, Colorado, Connect-

icut, Georgia, Kansas, Mississippi, Montana, Nevada, New York, Oregon, Pennsyl-
vania, Texas, Utah, Vermont, Washington, West Virginia, and Wyoming. CHIP
expansion states included Alaska, DC, Hawaii, Maryland, Nebraska, New Mexico,
and Ohio. Combination CHIP states included Arkansas, California, Delaware,
Florida, Idaho, Illinois, Indiana, Iowa, Kentucky, Louisiana, Maine, Massachu-
setts, Michigan, Minnesota, Missouri, New Hampshire, New Jersey, North Caro-
lina, North Dakota, Oklahoma, Rhode Island, South Carolina, South Dakota,
Tennessee, Virginia, and Wisconsin.

. In Table S2, we show that our estimate of the false-negative rate is slightly higher

using the poststratified versus the original weight.

. The inclusion of pregnancy coverage aligns our analysis with previous record

check studies. Analysis of claims data for those enrolled for pregnancy related ben-
efit indicated patterns of service utilization similar to full benefits Medicaid (Uni-
versity of Minnesota’s State Health Access Data Assistance Center SNACC Phase
I0).

Because we did not have direct access to the SEDS microdata, we could not ensure
that it was cleaned in the same manner as our MSIS file. To our knowledge, stand-
alone CHIP funds cannot be used to finance partial-benefit plans, but in some
instances they may be used for wrap-around coverage.

For more detailed results from the 2008 linked ACS/MSIS file, see Boudreaux
et al. (2013).
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