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Measuring Disease

Prevalence in Surveys

A Comparison of Diabetes
Self-Reports, Biomarkers, and
Linked Insurance Claims

Florian Heiss, Daniel McFadden, Joachim Winter,
Amelie Wuppermann, and Yaoyao Zhu

7.1 Introduction

Reliable measures of disease prevalence are crucial for answering many
empirical research questions in health economics, including the causal struc-
tures underlying the correlation between health and wealth. Much of the
existing literature on the health-wealth nexus relies on survey data (for ex-
ample, those from the US Health and Retirement Study [HRS]). Such survey
data typically contain self-reported measures of disease prevalence, which
are known to suffer from reporting error. Two more recent developments—
the collection of biomarkers and the linkage with data from administra-
tive sources such as insurance claims—promise more reliable measures of
disease prevalence. In this chapter, we systematically compare these three
measures of disease prevalence.
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This work extends an existing literature that compares survey self-reports
and biomarker-based measures of disease prevalence. These papers focus on
diabetes (Goldman et al. 2003; Baker, Stabile, and Deri 2004; Smith 2007
Barcellos, Goldman, and Smith 2012; Chatterji, Joo, and Lahiri 2012) and/or
hypertension (Goldman et al. 2003; Johnston, Propper, and Shields 2009;
Barcellos, Goldman, and Smith 2012; Chatterji, Joo, and Lahiri 2012). These
are all diseases for which biomarkers can be obtained relatively easily in com-
munity surveys such as the HRS.! Data linkage provides another opportu-
nity to verify survey self-reports. Two recent studies, Wolinsky et al. (2014)
and Yasaitis, Berkman, and Chandra (2015), compare survey self-reports
of different conditions with diagnoses documented in Medicare claims data
that have been linked to the HRS data. Sakshaug, Weir, and Nicholas (2014)
are the first to compare measures from all three data sources: self-reports,
biomarkers, and claims data. They document large differences in diabetes
prevalence between HRS self-reports and linked Medicare claims and show
that self-reported diabetes aligns more closely with the biomarker data.
Taking the biomarker data as a “gold standard” they conclude that diabe-
tes prevalence in the Medicare claims data is too high. The present chapter
takes a closer look at the three different measures of diabetes in the HRS,
biomarker, and linked Medicare claims data. In particular, our analysis takes
the perspective that all three measures may suffer from measurement error.

Substantively, the results from prior literature show that survey respon-
dents tend to underreport the prevalence of diabetes and hypertension com-
pared to “objective” measures from biomarkers. There are socioeconomic
status (SES) gradients both in prevalence itself and in the measurement error
contained in self-reports, but they are not necessarily the same.

Goldman et al. (2003) find in data from Taiwan that survey self-reports
vastly underestimate the prevalence of hypertension, but yield a reason-
able accurate estimate of diabetes prevalence. The accuracy of self-reports
is predicted by age, education, time of the most recent health exam, and
cognitive function.

For the United States, Smith (2007) documents predictors of diabetes
prevalence and undiagnosed diabetes using data from three National Health
and Nutrition Examination Survey (NHANES) waves. He finds that dia-
betes prevalence is predicted primarily by excessive weight and obesity.
Inheritance of diabetes through parentsis also important. These forces were
only partially offset by improvements in the education of the population
over time. Further, Smith shows that about one in five male diabetics were

1. Other surveys used in related studies include the National Health and Nutrition Exami-
nation Survey (NHANES) in Smith (2007) and Barcellos, Goldman, and Smith (2012); the
Health Survey for England (HSE) in Johnston, Propper, and Shields (2009); and the Canadian
National Population Health Survey (NPHS) in Baker, Stabile, and Deri (2004). A related study
that uses the HRS is Chatterji, Joo, and Lahiri (2012).
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undiagnosed in the 1999-2002 NHANES waves. While race and ethnic dif-
ferentials in undiagnosed diabetes were eliminated over the last twenty-five
years, the disparities became larger across other measures of disadvantage
such as education. Undiagnosed diabetes is a particularly severe problem
among the obese, a group at much higher risk of diabetes onset. Also for
the United States and with NHANES data, Barcellos, Goldman, and Smith
(2012) study undiagnosed diabetes among Mexican immigrants. The strik-
ing finding is that these immigrants might be much less healthy than previ-
ously thought because diseases remain undiagnosed at a much higher rate
than among other groups of the US population. With respect to diabetes,
Barcellos et al. document that about half of recent immigrants with the
disease remain undiagnosed.

An important issue is whether the measurement error contained in sur-
vey self-reports is related to socioeconomic status (SES). The findings in
Smith (2007) and Barcellos, Goldman, and Smith (2012) suggest that this
is indeed the case for diabetes in the United States. Similar SES gradients
in undiagnosed hypertension have been documented by Johnston, Propper,
and Shields (2009) for England.

Curiously, when comparing self-reports and insurance claims data,
Wolinsky et al. (2014), and Yasaitis, Berkman, and Chandra (2015) docu-
ment that the measurement error in survey self-reports may also go the
other way: Wolinsky et al. (2014) document over- as well as underreporting
of different health conditions and health care use in survey data as com-
pared to claims. The authors find an SES gradient with respect to wealth
in the accuracy of the self-reports. Yasaitis, Berkman, and Chandra (2015)
focus on acute myocardial infarctions (AMI) and find that less than half
of those who reported a heart attack in their HRS sample had evidence of
acute cardiovascular hospitalizations in the Medicare claims data. Further,
they did not find associations between demographic characteristics and the
frequency with which self-reported AMI was verified by Medicare claims.

Not only survey self-reports, but also measures of disease prevalence con-
structed from claims data may be subject to measurement error. Sakshaug,
Weir, and Nicholas (2014) find that roughly 8 percent of HRS respondents
in 2006 do not report having been diagnosed with diabetes but are identi-
fied as diabetics based on the linked Medicare claims. Among these cases,
almost 64 percent do not have diabetes according to the available biomarker
information, suggesting that the procedure of identifying diabetes cases in
the claims data may lead to false positives.

The literature thus suggests that neither self-reports nor claims data may
deliver reliable measures of health conditions and that both measures may
be subject to Type I and Type II errors. The possibility of measurement
error in the biomarker data, however, has received less attention. The present
chapter further explores this issue. Furthermore, the question of whether
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the different errors are predicted by SES is still open and the present chapter
presents some additional evidence. A potentially important consideration,
which we will not address in this chapter, is to what extent selectivity in
linked samples—due to incomplete consent of survey respondents to either
biomarker measurement or to claims data linkage—contributes to observed
SES gradients in the various measures of disease prevalence and the associ-
ated measurement errors.

The remainder of the chapter is structured as follows: We discuss the
data used in section 7.2. Section 7.3 contains the results, and section 7.4
concludes with a summary of our findings and a discussion of avenues for
future research.

7.2 Data

In the analysis presented in the chapter, we use three linked data sets:
biomarker data on diabetes prevalence are taken from the HRS (2006 and
2008), self-reports of diabetes are taken from the RAND HRS data set
(where SES covariates are readily defined), and claims-based information
on diabetes prevalence is taken from Medicare claims that are linked to
HRS respondents. The latter data are provided by the Medicare Research
Information Center (MedRic). Column (1) of table 7.1 displays the number
of observations in each of these data sets. Column (2) shows the number
of observations with nonmissing diabetes indicators. Comparing these two
columns shows that the rates of missing items (due to nonresponse or other
reasons) are low.

Columns (3), (4), and (5) contain diabetes prevalence in each of the data
sets. In the biomarker data, we use glycated hemoglobin (HbA 1c) levels with
6.5 percent as a threshold (the NHANES equivalent value);? in the RAND
HRS data, we use the self-reported diagnosed diabetes; in the claims data,
we use an “ever had” diabetes claims indicator as provided by MedRIC.
The latter is based on the procedure used to identify diabetes in other com-
monly used Medicare claims data by the Chronic Conditions Data Ware-

2. The HbAlc level captures chronic hyperglycemia and has traditionally been used to moni-
tor diabetes treatment (e.g., Bonora and Tuomilehto 2011). In this respect, the American Dia-
betes Association recommends that HbAlc levels are regularly checked for diabetes patients
and patients should try to reach specific HbA Ic target levels (usually < 7 percent, but for some
patients lower targets, such as <6.5 percent, may be appropriate) as lower HbAlc levels are
associated with lower risk of diabetes-related complications. The use of HbA lc screenings as a
diagnostic tool for diabetes has only started recently, after extensive research had demonstrated
its value for identifying undiagnosed diabetes (e.g., Rohlfing et al.2000; Bennett, Guo, and
Dharmage 2007) although other authors conclude that it is not a reliable measure to detect
diabetes (Reynolds, Smellie, and Twomey 2006). In the United States, the American Diabetes
Association started to recommend HbA 1c screening as a test for diabetes in 2010 (American
Diabetes Association 2010). HbAlc levels below 5.7 percent are considered normal, levels
5.7-6.5 percent are considered as prediabetes, and levels above 6.5 percent indicate diabetes
(American Diabetes Association 2015).
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Table 7.1 Prevalence of diabetes—Comparisons across measures

M @ ©) () )

Diabetes indicators

HbAlc>= Self-reported Claims

N N 6.5% (%) (%)
2006
Biomarkers 6,735 6,517 12.38 n/a n/a
HRS 18,469 18,435 NA 19.60 n/a
MedRIC (HRS-claims) 11,323 11,323 n/a n/a 25.34
2008
Biomarkers (total) 6,329 6,256 15.04 n/a n/a
Biomarkers (biosafe lab) 4,347 14.49 n/a n/a
Biomarkers (flex lab) 1,909 16.29 n/a n/a
HRS 17,217 17,185 n/a 21.57 n/a
MedRIC (HRS-claims) 10,597 10,597 n/a n/a 29.86
Linked sample
All individuals
2006 4,118 3,956 16.66 22.27 24.32
2008 3,904 3,853 18.82 24.27 28.13
Excluding individuals in HMOs
2006 2,517 16.01 21.97 26.36
2008 2,370 18.99 22.70 30.51

Notes: Column (1) displays overall numbers of observations in each data set. Column (2)
limits to those observations with information on diabetes. Diabetes indicators in the claims
data are based on the Chronic Conditions Data Warehouse (CCW) definitions; those based
on HbA Ic biomarkers use NHANES equivalent definitions.

house (CCW).3 In the 2006 biomarker data, for instance, 12.38 percent of
respondents have diabetes according to their HbA 1clevel, while 19.6 percent
of the respondents from 2006 HRS report ever having been diagnosed with
diabetes in the HRS. In the linked MedRIC claims data, 25.34 percent of
individuals are identified as diabetics. As these samples contain different
individuals that vary in age, for example, the rates are, however, not directly
comparable across data sources.

As biomarker data are collected in the HRS only every second wave, the
biomarker samples are substantially smaller than the full HRS. In addition,
not all respondents consent to biomarker measurement and/or claims data

3. However, in the MedRIC claims data, the diabetes flag is coded as either 0 or 1 with no
missing values, while in the other CMS Medicare data, it is coded in 4 levels: (a) incomplete
claims coverage for the reference period and diagnosis not found; (b) incomplete claims cover-
age for the reference period and diagnosis found; (c) complete claims coverage for the reference
period and diagnosis not found; and (d) complete claims coverage for the reference period and
diagnosis found. In the MedRIC claims data, we do not know how the cases with incomplete
claims were coded.
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linkage, which results in a further loss of survey cases. However, consent
rates in the HRS are generally high.* After merging the three data sets, we
have 4,118 observations for year 2006 and 3,904 observations for year 2008.
Excluding cases with missing information on diabetes-related variables, the
linked data contain 3,956 individuals in 2006 and 3,853 individuals in 2008.
This includes individuals with different types of Medicare coverage, in par-
ticular, individuals who are in traditional Medicare (in a fee-for-service
[FFS] plan) and individuals who are in a Health Maintenance Organization
(HMO) through Medicare Advantage. For individuals in HMOs we do not
observe all relevant claims and we thus conduct most analyses excluding
this group of individuals.’ Excluding HMO individuals and focusing on
nonmissing diabetes-related variables, we have 2,517 observations for 2006
and 2,370 observations for 2008.

Columns (3), (4), and (5) of the bottom panel of table 7.1 display diabetes
prevalence rates for the linked samples. Even in the linked sample diabetes
prevalence is lowest according to the biomarker data and highest in the
claims data. This pattern is similar in both years and aligns with the findings
of Sakshaug, Weir, and Nicholas (2014), who only analyzed the 2006 HRS
data.® We explore these patterns in more detail in the next section.

7.3 Results

We first consider diabetes prevalence by gender and by educational levels
(table 7.2). For education, we use the five education categories in the RAND
HRS data: less than high school; GED; high school graduates; some college;
college and above. Results in the lower panels of table 7.2 show educational
gradients in diabetes based on all three diabetes indicators. For both gen-
ders and in all education groups in both years, diabetes prevalence is lowest
according to the HbAlc and highest in the claims data.

Table 7.3 shows two-way within-respondent comparisons of the different
measures for the years 2006 and 2008. For all measures and in both years,
the concordance across different measures is quite high. The first panel,

4. According to the HRS biomarker documentation, in 2006 the consent rate for obtaining
dried blood spots from which the HbAlc measure is extracted was 83 percent and the comple-
tion rate, conditional on consent, was 97 percent. The overall completion rate was 81 percent.
In 2008, the overall completion rate was 87 percent. According to the MedRIC documentation,
over 80 percent of all HRS respondents who are eligible for Medicare provided their identifica-
tion numbers so that claims data could be linked.

5. In the analyses that do not include information in the claims data, this restriction is not
necessary. The results are almost identical when individuals in HMOs are included and thus
not discussed further. They are available upon request.

6. Sakshaug et al. also exclude individuals in HMOs. In addition, they restrict their anal-
ysis to individuals older than sixty-five who are not veterans. Although we do not implement
these additional restrictions, our results are almost identical. While Sakshaug et al. report that
27.3 percent in their linked sample have diabetes according to the claims data in 2006, in our
sample definition 26.4 percent are identified as diabetics in the claims.
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Table 7.2 Diabetes by gender and education
Diabetes indicators
HbAlc>= Self-reported Claims
N (%) 6.5% (%) (%)
Gender
2006
Male 1,079 42.89 14.92 23.63 27.53
Female 1,437 57.11 12.38 20.72 25.45
Chi-square test 3.4204 3.0445 1.3660
P-value 0.0640 0.0810 0.2430
2008
Male 997 42.41 18.65 27.08 33.73
Female 1,354 57.59 14.39 19.46 28.12
Chi-square test 7.7434 19.2020 8.5989
P-value 0.0050 0.0000 0.0030
Education
2006
Less than high school 515 20.47 18.06 29.13 35.53
GED 124 4.93 19.35 23.39 28.23
High school graduate 840 33.39 12.59 20.78 26.48
Some college 516 20.51 9.90 18.83 22.33
College and above 521 20.70 12.48 19.58 20.54
Chi-square test 19.612 20.912 35.982
P-value 0.001 0.000 0.000
2008
Less than high school 520 22.12 23.53 32.26 41.18
GED 108 4.59 17.59 30.56 41.67
High school graduate 777 33.05 14.32 21.74 29.67
Some college 455 19.35 16.96 18.26 25.43
College and above 491 20.89 10.37 16.46 22.56
Chi-square test 35.552 47.704 55.167
P-value 0.000 0.000 0.000

Notes: Excluding individuals who have Medicare coverage through an HMO.

for example, compares diabetes according to the biomarker data and self-
reports in 2006 and 2008. In 2006, roughly 10 percent of individuals report
having been diagnosed with diabetes and have an HbA lc level higher than
6.5 percent. Another 75 percent of individuals report not having been diag-
nosed with diabetes and have an HbAlc level lower than 6.5 percent. For
85 percent of cases, self-reports and biomarker data thus align. The respec-
tive results for 2008 are almost identical. In both years, 15 percent of respon-
dents have inconsistent results according to the two diabetes indicators. In
2006, 3.26 percent (4.05 percent in 2008) of respondents have HbAlc levels
higher than 6.5 percent but do not report diabetes (which may reflect cases
of undiagnosed diabetes) while 11.76 percent (10.55 percent in 2008) of
the individuals have HbA Ic levels lower than 6.5 percent but report having
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Table 7.3 Comparison of measures of diabetes
*%) *%)
HRS self-reported diabetes and biomarker

2006 (N =2,517) HRS self-reported diabetes
Biomarker Yes No
HbAlc level (%) > =6.5 10.21 3.26
HbAlc level (%) < 6.5 11.76 74.77

2008 (N =2,370)
HbAlc level (%) > =6.5 12.15 4.05
HbAlc level (%) < 6.5 10.55 73.25

Diabetes according to claims and biomarker

2006 ( N = 2,517) Diabetes according to claims
Biomarker Yes No
HbAlc level (%) > =6.5 9.57 3.89
HbAlc level (%) < 6.5 16.77% 69.77

2008 (N =2,370)
HbAlc level (%) > =6.5 12.45 3.76
HbAlc level (%) < 6.5 18.06 65.74

HRS self-reported diabetes and according to claims

2006 ( N = 2,517) Diabetes according to claims
Self-reports Yes No
HRS self-reported diabetes: Yes 18.87 3.10
HRS self-reported diabetes: No 7.47 70.56

2008 (N =2,370)
HRS self-reported diabetes: Yes 20.93 1.77
HRS self-reported diabetes: No 9.58 67.72

Notes: Excluding individuals who have Medicare coverage through an HMO.

been diagnosed with diabetes. The latter cases may reflect overdiagnoses
or diabetes cases that are successfully treated. We explore the possibility of
under- and overdiagnosis in the self-reports in more detail below (in tables
7.4 and 7.5).

In the middle panel of table 7.3, we compare diabetes according to bio-
markers and claims data. In this comparison, roughly 21 percent of respon-
dents have inconsistent results; 3.89 percent of the sample in 2006 and 3.76
percent in 2008 have no diabetes claims, yet have HbA1c levels that exceed
6.5 percent; and 16.77 percent in 2006 and 18.06 percent in 2008 have dia-
betes claims, but their HbA1c level is below 6.5 percent.

The bottom panel of table 7.3 compares HRS self-reported diabetes with
diabetes according to the claims data. The discrepancies are even smaller
than when comparing the other measures: 3.1 percent of the sample in 2006
and 1.77 percent in 2008 report ever having been diagnosed with diabetes but
have no diabetes claims, while 7.47 percent of the respondents in 2006 and
9.58 percent in 2008 report not having been diagnosed with diabetes but are
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identified as diabetic in the claims data. The latter findings are again very
similar to Sakshaug, Weir, and Nicholas (2014) who report that in 2006 7.7
percent of individuals have diabetes according to the claims data but do not
report having been diagnosed with diabetes.

In tables 7.4 and 7.5, we try to reconcile the discrepancies that arise when
comparing the self-reports and the biomarker data. Table 7.4 focuses on
the possibly “overdiagnosed” cases, while table 7.5 focuses on the possibly
“undiagnosed” cases. Table 7.4 displays self-reported medical treatment
for individuals who report that they have been diagnosed with diabetes
but do not have diabetes according to the biomarker data. In both years, a
large fraction among these individuals report taking swallowed medication
(almost 74 percent in 2006 and 69 percent in 2008). Furthermore, between 13
and 14 percent report being treated with insulin. Combining the two treat-
ments, 81 percent in 2006 and 77 percent in 2008 report being treated for
diabetes. A majority of the differences between self-reports and biomarker
data in diabetes may thus stem from successfully treated diabetes cases rather
than overreporting in the self-reported data. This is also plausible, as the
American Diabetes Association (2015), for example, suggests that providers
may recommend patients to target HbAlc levels below 6.5 percent, as this
lowers the risk of diabetes-related complications.

Table 7.5 focuses on individuals with high HbA I1¢levels who do not report
having diabetes. There are two main explanations for why individuals do not
report diabetes while their HbAlc levels are above 6.5 percent. First, they
may have been diagnosed with diabetes but they simply forget to—or do not
want to—mention it during the HRS interview. Second, they may not know
that they have diabetes. While for individuals who report not having been
diagnosed with diabetes there is no information on treatment in the HRS
survey, we can look at the claims data to investigate whether these individu-
als receive treatment for diabetes and have taken diabetes screenings. Table

Table 7.4 Reconciliation HRS self-reports and biomarker information—-Medical
treatment among seemingly false positive self-reports

Either of the two
Swallowed medication Insulin treatments

Yes No Missing  Yes No Missing  Yes No  Missing
) (%) (%) o) (%) (%) ) (%) ()

2006
(N=296) 73.65 25.68 0.68 14.53 84.80  0.68 81.42 1791 0.68
2008
(N=250) 68.80 30.80 0.40 1320 86.40  0.40 76.80 22.80  0.40

Notes: Excluding individuals who have Medicare coverage through an HMO.
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7.5 shows that 26.8 percent of “undiagnosed” cases in 2006 and almost
24 percent in 2008 are identified as diabetics in the claims data. As this sug-
gests that individuals receive treatment for diabetes, the fraction of truly
undiagnosed cases reduces from 3.26 percent to 2.4 percent in 2006 and
from 4.05 percent to 3.1 percent in 2008. Diabetes screenings are identified
in the claims based on CPT-4 and ICD-9 diagnosis codes. As the list shown
below indicates, we identify two types of tests: a glucose test and a glycated
hemoglobin (HbA I¢) test. Furthermore, there is a general code for diabetes
screening: 82947 Assay Body Fluid Glucose; 82950 Glucose Test; 82951
Glucose Tolerance Test (GTT); 83036 Glycated Hemoglobin (HbA 1c) Test;
and V77.1 Screen for diabetes mellitus.

Based on this information, we construct three indicators: (a) whether an
individual has taken a glucose test, (b) whether an individual has taken an
HbAlc test, and (c) whether an individual has taken a glucose or HbAlc
test. For individuals who have high HbA 1c levels but do not report having
been diagnosed with diabetes and are not identified as diabetic in the claims
data, we investigate whether they have taken a screening test before the HRS
survey date. We further check whether this group of people has taken a
screening test in the two years before their HRS interview. For individuals
who have high HbA 1c levels and diabetes claims but do not report diabetes,
we show the fraction of individuals who took the different screening tests
before the onset of diabetes in their claims records.

The results in table 7.5 indicate that 32 percent of individuals with high
HbAc levels but no self-reported diabetes and no claims in 2006 and
44 percent among these individuals in 2008 have taken at least one diabe-
tes screening test before their HRS interview. When restricting it to a two-
year time horizon before the HRS interview, only 18 percent in 2006 and
12 percent in 2008 have taken a test. This compares to 82—83 percent among
individuals with diabetes claims. This suggests that a large fraction of indi-
viduals with high biomarker data but no diabetes according to self-reports
or claims data truly have undiagnosed diabetes.

Next, we study how having undiagnosed diabetes varies by gender. Table
7.6 displays within comparisons of the biomarker and self-reported diabe-
tes measures by gender and year. Furthermore, it investigates for potential
cases of undiagnosed diabetes (high HbAlc but no diabetes according to
self-reports) whether individuals are identified as diabetics based on their
Medicare claims. The results are very similar across gender and years. Self-
reported diabetes and diabetes in the biomarker data align for roughly
85 percent of individuals. The fraction of potentially false positives (or
overdiagnoses) in the self-reported data is between 10 and 11 percent; the
fraction of potentially false negatives (or undiagnosed cases) is 3—4 percent.
The fraction who have high HbAlc levels, no self-reports, and also do not
have diabetes according to their Medicare claims varies across genders and
years. However, these differences are not statistically significantly different
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from zero.” Overall, we do not find evidence of gender differences in undi-
agnosed diabetes.

An important issue in the literature on diabetes prevalence is its gradient
in SES. We study whether SES is a predictor of diabetes prevalence as well
as prevalence of undiagnosed diabetes among all diabetics. We define the
latter two measures based on different combinations of the three available
measures. Tables 7.7 and 7.8 present summary statistics of different demo-
graphic and socioeconomic variables as measured in the HRS data for 2006
and 2008, respectively.

The means of the variables are presented for the entire linked samples
(excluding individuals in HMOs) and separately for individuals with and
without diabetes according to the three different measures. The last three
columns of tables 7.7 and 7.8 display means for the groups of individuals
who potentially have undiagnosed diabetes according to three different defi-
nitions that we discuss further below.

For both years and across all three measures of diabetes, tables 7.7 and 7.8
suggest that race, ethnicity, education, earnings, wealth, and self-assessed
health status are associated with diabetes prevalence. Among individuals
with diabetes, a lower share is white and a higher share is Hispanic. In addi-
tion, diabetics have on average lower education, lower income, and lower
wealth than nondiabetics and more of them rate their health as fair or poor.
Furthermore, as one would expect, individuals with diabetes have a higher
body mass index (BMI) on average and fewer among them report doing
vigorous exercise.

While tables 7.7 and 7.8 analyze each diabetes measure separately, one
could also combine the three available measures in different ways. The fol-
lowing analysis is a first attempt in that direction. We start with counting
everyone as diabetic who either reports having been diagnosed with diabetes,
or has an HbA 1c that exceeds 6.5 percent, or has diabetes in the claims data.
However, we also rely on self-reports and biomarker data alone to facili-
tate comparison of our results to the earlier literature that had no matched
claims data. Table 7.9 provides means of the demographic, socioeconomic,
and health- and health insurance-related variables for these two different
definitions of diabetes and both years of data. To simplify comparisons,
table 7.9 also displays means for individuals that are only identified as dia-
betics in the claims data. The results suggest that the latter group is slightly
older, more likely to be white and female, has higher wealth, better self-rated
health, and slightly lower BMI compared to individuals who either report
having been diagnosed with diabetes or have high HbA 1clevels. In addition,
they naturally have a lower HbA Ic level on average compared to the other
groups of diabetics. While this group may indeed include certain individu-
als who are falsely classified as diabetics as Sakshaug, Weir, and Nicholas

7. Results available upon request.
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(2014) suggest, it may also include individuals whose diabetes is under con-
trol through treatment and who thus do not report having diabetes.

The results presented in tables 7.10 and 7.11 explore predictors of diabetes
in multivariate regressions. In table 7.10, all individuals who have diabetes
according to either of the three measures are classified as diabetics. In table
7.11, diabetes is defined according to self-reports only, using biomarker
data as a predictor for self-reported diabetes. Both tables include average
marginal effects after probit estimation for the years 2006 (columns [1]-[3])
and 2008 (columns [4]-[6]). For each year, the first column displays results
for demographic and socioeconomic variables only, the second column adds
health indicators and health behavior as explanatory variables, and the third
column adds information on an individual’s insurance status.

The results in table 7.10 confirm many of the findings from the descrip-
tive analyses in tables 7.7 and 7.8 and are in line with the earlier literature
studying predictors of diabetes. Individuals who are white are less likely to
have diabetes, and those who are Hispanic are more likely to have diabetes.
In addition there are gradients in education and wealth, although the for-
mer is no longer significantly different from zero when health indicators and
behaviors are included. Individuals who rate their health as fair or poor have
a 10 to 13 percentage points higher probability of having diabetes compared
to individuals who rate their health as better. In addition, diabetes risk is
positively related to BMI and negatively to doing vigorous exercise. These
associations do not change when insurance status is included. The results in
table 7.11 indicate that the HbA1c level is a very significant predictor of self-
reported diabetes, even when controlling for all the other demographic, socio-
economic, health- and health insurance-related variables. Many of the latter
variables do not significantly predict self-reported diabetes when HbAlc is
included (e.g., race, ethnicity), mainly self-reported general health and BMI
remain robust and strong predictors above and beyond the HbAlc level.®

The descriptive analysis above already suggested that measures of
undiagnosed diabetes depend on the data sources and how they are com-
bined. In the final set of analyses we therefore study alternative definitions of
undiagnosed diabetes that combine information from all three sources of
prevalence data in different ways:

1. Undiagnosedl: HbAlc level > = 6.5 percent, but no self-reported dia-
betes.

2. Undiagnosed2: HbAlc level > = 6.5 percent, but no self-reported dia-
betes and no diabetes in claims data.

8. For the results presented in tables 7.10 and 7.11, we additionally explored changes when
using categories of BMI instead of the linear value, when restricting the sample to individuals
age sixty-five and older, and when replacing household wealth with household income. The
results were remarkably similar and are thus not shown here. They are, however, available
upon request.



Table 7.10 Probability of diabetes (according to any of the three measures)—Marginal effects
after probit estimation

2006 2008
+health +insurance +health +insurance
SES indicators status SES indicators status
Age 0.002* 0.003** 0.003* 0.000 0.003** 0.003*
[0.0012] [0.0015] [0.0016] [0.0013] [0.0016] [0.0016]
White —0.148***  _0.081** —0.089***  _0.140%**  —0.094%**  _(.10]***
[0.0306] [0.0327] [0.0335] [0.0314] [0.0324] [0.0330]
Hispanic 0.162%** 0.128%*** 0.130** 0.136%** 0.077* 0.050
[0.0458] [0.0490] [0.0506] [0.0429] [0.0433] [0.0451]
Female -0.035* -0.027 -0.033 —0.071***  —0.056***  —0.058***
[0.0195] [0.0215] [0.0217] [0.0205] [0.0210] [0.0212]
Married —0.001 0.004 0.002 —0.037* -0.019 -0.018
[0.0208] [0.0219] [0.0224] [0.0213] [0.0214] [0.0218]
Education: High school ~ —0.053** 0.007 0.006 -0.067***  -0.011 -0.003
and above [0.0244] [0.0255] [0.0264] [0.0256] [0.0264] [0.0270]
HH wealth/1,000,000 —0.413***  _0.269%* —0.281***  _0.33]***  _(.208%* —0.183*
[0.1068] [0.1067] [0.1070] [0.0987] [0.0967] [0.0951]
Poor/fair general health 0.105%** 0.103*** 0.136%** 0.132%**
status [0.0240] [0.0243] [0.0238] [0.0243]
BMI 0.019%*** 0.020%*** 0.019%** 0.018***
[0.0018] [0.0018] [0.0017] [0.0017]
Cognition —0.005%** —0.006** —0.004* —0.004*
[0.0023] [0.0024] [0.0023] [0.0024]
Ever smoker 0.021 0.025 0.010 0.007
[0.0208] [0.0209] [0.0207] [0.0209]
Current smoker —0.066** —0.067** -0.035 -0.046
[0.0322] [0.0326] [0.0336] [0.0337]
Vigorous exercise —0.051%* —0.052%* —-0.036* —-0.035
[0.0211] [0.0212] [0.0218] [0.0219]
Enrolled in part B 0.074%* 0.055
[0.0351] [0.0375]
Drug coverage (part D 0.041 0.086%**
or other sources) [0.0270] [0.0300]
Medicaid 0.012 0.097**
[0.0443] [0.0424]
Covered by EGHP 0.007 0.031
[0.0202] [0.0205]
Observations 2,517 2,172 2,127 2,369 2,221 2,177

Notes: Excluding individuals who have Medicare coverage through an HMO. Average marginal effects after
probit estimation. Dependent variable = 1 if individual diabetic according to any of the three measures (self-

reports, biomarker, or claims).
***Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.



Table 7.11 Probability of self-reported diabetes—Marginal effects after probit estimation

2006 2008
+health +insurance +health +insurance
SES indicators status SES indicators status
HbAIc Level 0.211%** 0.187*** 0.187%** 0.185%** 0.167*** 0.165%**
[0.0082] [0.0087] [0.0087] [0.0074] [0.0077] [0.0077]
Age —0.002** -0.001 -0.002 -0.003***  —-0.002 -0.002
[0.0009] [0.0012] [0.0012] [0.0009] [0.0012] [0.0012]
White -0.008 0.012 0.009 -0.007 0.018 0.014
[0.0214] [0.0221] [0.0228] [0.0208] [0.0205] [0.0212]
Hispanic 0.010 —-0.006 -0.009 0.040 0.002 -0.010
[0.0319] [0.0331] [0.0341] [0.0303] [0.0291] [0.0294]
Female -0.018 -0.016 -0.019 —0.062***  —0.054**%*  _0.056%**
[0.0151] [0.0168] [0.0170] [0.0151] [0.0156] [0.0158]
Married -0.002 -0.005 -0.005 -0.021 -0.016 -0.016
[0.0160] [0.0171] [0.0175] [0.0154] [0.0157] [0.0161]
Education: High school -0.029 0.009 0.007 —0.057***  -0.027 -0.031
and above [0.0188] [0.0193] [0.0200] [0.0191] [0.0196] [0.0204]
HH wealth/1,000,000 -0.083 -0.009 -0.018 —0.192%* -0.120 -0.110
[0.0755] [0.0764] [0.0775] [0.0807] [0.0781] [0.0773]
Poor/fair general health 0.088%** 0.090*** 0.064*** 0.063%**
status [0.0194] [0.0197] [0.0178] [0.0181]
BMI 0.010%** 0.011%** 0.007*** 0.007%**
[0.0014] [0.0014] [0.0012] [0.0012]
Cognition -0.003 -0.003* —0.003** —-0.003*
[0.0018] [0.0018] [0.0017] [0.0018]
Ever smoker 0.013 0.014 0.012 0.011
[0.0161] [0.0163] [0.0151] [0.0153]
Current smoker —0.043* -0.044* —-0.039* —-0.037
[0.0246] [0.0250] [0.0226] [0.0230]
Vigorous exercise -0.028* -0.026 0.010 0.011
[0.0811] [0.0167] [0.0165] [0.0166]
Enrolled in part B 0.037 -0.003
[0.0274] [0.0280]
Drug coverage (part D or 0.034* 0.054%**
other sources) [0.0207] [0.0211]
Medicaid 0.030 0.045
[0.0361] [0.0314]
Covered by EGHP 0.017 0.023
[0.0159] [0.0152]
Observations 2,517 2,172 2,127 2,325 2,178 2,135

Notes: Excluding individuals who have Medicare coverage through an HMO. Average marginal effects after
probit estimation. Dependent variable = 1 if individual has self-reported diabetes.

***Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.
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3. Undiagnosed3: HbAlc level > = 6.5 percent, but no self-reported dia-
betes, no diabetes in claims data, and no glucose/HbA 1c screening test two
years before the interview.

The first measure uses only information from self-reports and biomarker
data. Individuals are coded as having undiagnosed diabetes if their HbAlc
level is above 6.5 percent, but they do not report having been diagnosed
with diabetes, that is, this definition ignores information from claims. In the
second definition we incorporate the information from the claims data: only
individuals who have an elevated HbA 1c level but neither report diabetes in
the HRS nor have diabetes related claims are coded as having undiagnosed
diabetes. In the third definition we further require that individuals have not
taken a screening test in the two years before the HRS interview.

The last three columns of tables 7.7 and 7.8 show means of the different
demographic, socioeconomic, and health-related variables for the three dif-
ferent definitions of undiagnosed diabetes. Compared to individuals with
diabetes, fewer among the undiagnosed are Hispanic, a larger share has at
least a high school degree, they have higher average income, higher median
wealth (although the mean is lower in 2006), and fewer rate their health as
fair or poor. These findings are somewhat surprising—as they suggest that,
if at all, individuals with higher SES have a higher risk of undiagnosed dia-
betes. In order to shed additional light on this, the final set of regressions
studies these relationships in multivariate analyses.

In the multivariate analyses of predictors of undiagnosed diabetes, the
undiagnosed cases are compared to those who have diagnosed diabetes. In
the first definition, a diagnosis of diabetes can come from self-reports or
biomarkers, in the second and third definitions, individuals who only have
diabetes according to the claims data are also coded as diabetic. Results for
the first definition are presented in table 7.12, for the second in table 7.13,
and for the third in table 7.14. Interestingly, fair or poor self-rated health
is the only predictor of undiagnosed diabetes that is robust and significant
across all definitions and in almost all specifications. It is conceivable that
a diabetes diagnosis leads individuals to rate their health as fair or poor,
so the question of causality has to be left open. In addition, in some of
the specifications some of the socioeconomic or health-related variables
significantly predict undiagnosed diabetes. However, the patterns are not
consistent across years. Overall, there is thus no systematic relationship of
any of our measures of undiagnosed diabetes with demographic or socio-
economic characteristics. Neither is there an impact of cognition, known
risk factors, such as BMI or exercise, or health insurance status. Given the
richness of our data and findings in the earlier literature we reviewed above,
this is perhaps a bit surprising.



Table 7.12 Probability of undiagnosed diabetes (undiagnosed1)

2006 2008
+health +insurance +health +insurance
SES indicators status SES indicators status
Age 0.003 0.001 0.001 0.005%** 0.002 0.002
[0.0017] [0.0024] [0.0024] [0.0019] [0.0026] [0.0026]
White -0.063 -0.063 -0.071 -0.038 -0.052 -0.056
[0.0397] [0.0468] [0.0485] [0.0399] [0.0451] [0.0466]
Hispanic -0.052 -0.063 -0.053 -0.020 0.015 0.030
[0.0414] [0.0461] [0.0491] [0.0498] [0.0609] [0.0665]
Female 0.006 -0.004 0.001 0.091%** 0.075%* 0.078**
[0.0286] [0.0336] [0.0334] [0.0293] [0.0321] [0.0326]
Married -0.002 0.003 -0.001 0.038 0.028 0.029
[0.0297] [0.0333] [0.0336] [0.0307] [0.0328] [0.0335]
Education: High school 0.023 0.004 -0.002 0.047 0.030 0.022
and above [0.0300] [0.0375] [0.0389] [0.0319] [0.0378] [0.0393]
HH wealth/1,000,000 -0.228 -0.326 -0.295 0.013 -0.037 -0.023
[0.2262] [0.2656] [0.2559] [0.1711] [0.1907] [0.1831]
Poor/fair general health —0.088***  —(.092%** —0.075%* -0.075%*
status [0.0305] [0.0307] [0.0324] [0.0329]
BMI -0.001 -0.001 -0.004 —-0.005*
[0.0028] [0.0028] [0.0027] [0.0027]
Cognition -0.001 0.001 0.002 0.002
[0.0035] [0.0036] [0.0038] [0.0039]
Ever smoker -0.043 -0.040 -0.045 -0.041
[0.0332] [0.0330] [0.0332] [0.0334]
Current smoker 0.065 0.066 0.043 0.041
[0.0710] [0.0716] [0.0637] [0.0638]
Vigorous exercise 0.013 0.006 -0.030 -0.031
[0.0351] [0.0343] [0.0347] [0.0350]
Enrolled in part B -0.011 -0.011
[0.0634] [0.0608]
Drug coverage (part D or -0.054 -0.005
other sources) [0.0505] [0.0572]
Medicaid -0.052 -0.056
[0.0485] [0.0464]
Covered by EGHP -0.025 -0.043
[0.0304] [0.0320]
Observations 635 542 532 635 584 575

Notes: Excluding individuals who have Medicare coverage through an HMO. Average marginal effects after
probit estimation. Sample includes individuals identified as diabetics in self-reports or biomarker data. Depen-
dent variable = 1 if diabetes in biomarker data, but not according to self-reports.

***Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.



Table 7.13 Probability of undiagnosed diabetes (undiagnosed2)

2006 2008
+health  +insurance +health  +insurance
SES indicators status SES indicators status
Age -0.000 -0.001 -0.001 -0.000 -0.001 -0.001
[0.0012] [0.0017] [0.0017] [0.0013] [0.0017] [0.0017]
White -0.003 -0.001 -0.002 -0.036 -0.053 —0.064*
[0.0248] [0.0289] [0.0298] [0.0299] [0.0344] [0.0368]
Hispanic -0.033 -0.043 -0.035 -0.051* —0.042 -0.030
[0.0281]  [0.0290] [0.0328] [0.0262] [0.0315] [0.0379]
Female 0.012 0.011 0.013 0.041** 0.025 0.026
[0.0198] [0.0225] [0.0225] [0.0202] [0.0221] [0.0225]
Married -0.007 -0.006 -0.010 0.036* 0.026 0.022
[0.0210] [0.0231] [0.0235] [0.0213] [0.0227] [0.0233]
Education: High school 0.018 0.002 -0.002 0.017 —-0.006 -0.017
and above [0.0211] [0.0267] [0.0279] [0.0227] [0.0281] [0.0302]
HH wealth/1,000,000 -0.180 -0.256 -0.204 0.018 -0.002 0.000
[0.1851] [0.2146] [0.1947] [0.1000] [0.1172] [0.1209]
Poor/fair general health —0.048** —0.043** -0.034 -0.033
status [0.0204] [0.0207] [0.0219] [0.0225]
BMI -0.000 -0.000 —-0.001 -0.001
[0.0019] [0.0020] [0.0018] [0.0018]
Cognition 0.001 0.002 0.004 0.003
[0.0025] [0.0025] [0.0026] [0.0027]
Ever smoker -0.003 -0.004 -0.046** -0.046*
[0.0219] [0.0220] [0.0233] [0.0236]
Current smoker -0.022 -0.016 0.029 0.033
[0.0345] [0.0367] [0.0459] [0.0478]
Vigorous exercise 0.009 0.004 -0.004 -0.008
[0.0239] [0.0235] [0.0241] [0.0244]
Enrolled in part B -0.008 -0.005
[0.0471] [0.0447]
Drug coverage (part D or 0.019 0.017
other sources) [0.0282] [0.0356]
Medicaid —-0.043 —0.055%*
[0.0288] [0.0271]
Covered by EGHP -0.024 -0.014
[0.0206] [0.0219]
Observations 801 698 683 837 776 761

Notes: Excluding individuals who have Medicare coverage through an HMO. Average marginal effects
after probit estimation. Sample includes individuals identified as diabetics in self-reports, biomarker, or
claims data. Dependent variable = 1 if diabetes in biomarker data, but not according to self-reports and

claims.

***Significant at the 10 percent level.
**Significant at the 5 percent level.
*Significant at the 1 percent level.



Table 7.14 Probability of undiagnosed diabetes (undiagnosed3)

2006 2008
+health +insurance +health  +insurance
SES indicators status SES indicators status
Age -0.001 —-0.002 —-0.002 -0.000 -0.001 —-0.001
[0.0011] [0.0016] [0.0016] [0.0012] [0.0016] [0.0016]
White -0.012 -0.008 0.000 -0.019 -0.028 -0.037
[0.0237] [0.0269] [0.0262] [0.0269] [0.0303] [0.0325]
Hispanic -0.018 -0.028 -0.028 —0.044* -0.036 -0.028
[0.0276] [0.0283] [0.0283] [0.0241] [0.0288] [0.0339]
Female 0.009 0.008 0.007 0.034* 0.018 0.018
[0.0180] [0.0203] [0.0204] [0.0191] [0.0210] [0.0214]
Married -0.007 -0.012 -0.010 0.028 0.017 0.015
[0.0190] [0.0212] [0.0213] [0.0202] [0.0214] [0.0220]
Education: High school 0.013 0.000 0.005 0.001 -0.024 -0.032
and above [0.0193] [0.0247] [0.0245] [0.0224] [0.0282] [0.0300]
HH wealth/1,000,000 —0.086 -0.122 -0.121 0.014 -0.005 -0.005
[0.1435] [0.1599] [0.1566] [0.0961] [0.1120] [0.1118]
Poor/fair general health —0.047***  —0.044** —0.045%*  —0.045%*
status [0.0183] [0.0186] [0.0201] [0.0206]
BMI 0.000 -0.000 -0.000 -0.001
[0.0017] [0.0018] [0.0017] [0.0017]
Cognition 0.001 0.001 0.002 0.002
[0.0023] [0.0023] [0.0024] [0.0025]
Ever smoker -0.001 0.001 -0.047**  —0.047**
[0.0198] [0.0199] [0.0219] [0.0222]
Current smoker -0.008 -0.009 0.004 0.006
[0.0335] [0.0334] [0.0402] [0.0418]
Vigorous exercise -0.003 -0.002 -0.002 -0.005
[0.0209] [0.0210] [0.0227] [0.0230]
Enrolled in part B -0.014 0.003
[0.0427] [0.0404]
Drug coverage (part D or 0.004 0.003
other sources) [0.0277] [0.0357]
Medicaid —0.045*
[0.0259]
Covered by EGHP —-0.008 -0.020
[0.0188] [0.0205]
Observations 801 698 686 837 776 761

Notes: Excluding individuals who have Medicare coverage through an HMO. Average marginal effects
after probit estimation. Sample includes individuals identified as diabetics in self-reports, biomarker, or
claims data. Dependent variable = 1 if diabetes in biomarker data, but not according to self-reports and
claims, and has not taken a diabetes screening two years before the HRS interview.

***Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.



250 Heiss, McFadden, Winter, Wuppermann, and Zhu

7.4 Summary and Outlook

In this chapter we compare three measures of diabetes using HRS data:
the commonly used survey measure on diabetes, diabetes according to
HbA ¢ levels collected in the HRS biomarker data, and diabetes in the
Medicare insurance claims linked to the HRS data. Self-reported diabetes
and diabetes information from biomarker data align for a large part of our
sample (85 percent). Using information on self-reported medication from
the HRS as well as information from claims data help to shed light on the
differences between the self-reports and the biomarker data. Most of the
differences can likely be explained by the fact that treatment lowers HbAlc
levels in some cases even below the 6.5 percent threshold. When consider-
ing the three data sources, roughly 23 percent of individuals have diabetes
according to HbAlc but do not report diabetes, and do not receive diabetes
treatment according to their claims records. Even in the Medicare popu-
lation there is thus a fraction of individuals who likely have undiagnosed
diabetes. Somewhat surprisingly, however, we do not find that the probability
of being undiagnosed is related to socioeconomic status.

Importantly, comparing the three measures of diabetes as well as taking
into account information on treatment suggests that none of the three mea-
sures should be taken as a gold standard. In particular, our results stress that
both the presumably more objective biomarker as well as the claims data
suffer from error just as the self-reports. While the biomarker data can be
influenced by treatment and thus may not identify cases as diabetic because
their diabetes is well managed, the claims data may potentially falsely clas-
sify individuals as diabetics (e.g., Sakshaug, Weir, and Nicholas 2014). In
addition, individuals who have diabetes but are not treated for it will also be
misclassified based on the claims data.

We envision that future research will move beyond the descriptive anal-
ysis of the data we presented in this chapter. A statistical model could start
from a framework (e.g., Wansbeek and Meijer 2000) in which true disease
prevalence is unobserved, with survey self-reports, biomarkers, and admin-
istrative claims data being three indicators that all potentially suffer from
measurement error. Such a model could be used to construct a more reliable
measure of prevalence, which in turn could be employed as a predictor in
substantive analysis, for example, mortality prediction or studies of health
care use.

Another issue that future research might address is that typically not
all respondents of a survey provide consent to biomarker measurement
or administrative record linkage. Also, while biomarker data and adminis-
trative linkages potentially improve measurement of disease prevalence in
community surveys, they involve costs as well. Both these issues could be
addressed jointly in a statistical decision framework motivated by a total
survey error cost perspective (Groves 1989). Specifically, this approach could
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address the questions of whether collecting biomarkers or administrative
linkage are worth their costs, which of them is the more cost effective, and
whether including both of them is the best option.’ The required cost and
benefit calculations are, however, more straightforward for a biomarker such
as HbAlc as its only purpose is the measurement of diabetes prevalence,
while linked insurance claims data can serve many purposes so that their
benefits are harder to quantify. To end on a positive note, one of our results
was that adding claims information to combined self-reports and biomark-
ers reduces undiagnosed diabetes cases from 3.26 percent to 2.4 percent in
2006 and from 4.05 percent to 3.1 percent in 2008, that is, by between one-
quarter and one-third. Thus, including all three measures in a major study
such as the HRS improves measurement of disease prevalence substantially.
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Comment James P. Smith

In a thought-provoking chapter, Heiss et al. raise several important ques-
tions about the appropriate way to measure diabetes prevalence in house-
hold surveys. While diabetes is the disease at issue in the chapter, the same
questions would arise with many other disease outcomes. Three common
measures of diabetes prevalence are used and compared in their analysis—
self-reports of ever being diagnosed by a doctor, the common HbA 1c diabe-
tes biomarker being above the standard American threshold of 6.5 percent,
and a diabetes diagnosis mentioned in Medicare claims data. The question
the authors ask is whether the three measures are “consistent” and which
one is “correct.”

Figure 7C.1, derived from the chapter, illustrates the central finding of the
chapter by showing diabetes prevalence rates for a sample of HRS respon-
dents who had their diabetes measured in all three ways in 2006 and in
2008. Rates of diabetes prevalence are clearly quite different using the three
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