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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 HbA1c 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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measures—19.0 percent for the biomarker measure, 22.7 percent for the 
self- report of ever diagnosed, and 26.4 percent using Medicare claims data.

The discrepancy between the biomarker index and the ever self- report is 
easy to explain since they are actually measuring very different things. The 
self- report is obtained from a question to respondents about whether they 
had ever been diagnosed by a doctor while the biomarker is an indicator of 
whether the respondent currently exceeds the diabetes threshold of 6.5 per-
cent. There is no real inconsistency between these two measures since they 
are in fact measuring very different things (Smith 2007). Biomarker values 
above the diagnosis threshold for those who claimed they were never diag-
nosed are a possible indication of undiagnosed disease, an important phe-
nomenon in itself. Similarly, biomarker values below the diagnosis threshold 
for those who claimed they were diagnosed in the past may indicate that 
the respondent is managing the disease well. Thus, there is no fundamental 
inconsistency between the ever self- report of diagnosis and the current bio-
marker indicator. They should be used together as they are in the chapter to 
provide insights into diagnosis, undiagnosis, and good disease management.

The real puzzle centers on the claim data measure, which is much higher 
than either of the other two. If  it was the “correct” measure, it would imply 
that we are seriously underestimating diabetes prevalence in the age fifty and 
older population in the United States.

Figure 7C.2 uses the same data as in figure 7C.1, but rearranges it to 
highlight changes over time between the 2006 and 2008 waves. Once again, 
the depiction of trends varies significantly depending on which measure is 
used. While self- reports of ever diagnosed show very little change between 
the two HRS waves (less than 1 percentage point), the change is almost 3 

Fig. 7C.1 Diabetes indicators
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percentage points using the biomarker and 4 percentage points using claims 
data. It would be useful as well for research to focus also on the reasons for 
the discrepancies in the three measures in measuring changes in diabetes 
prevalence over time. Secular trends in diabetes prevalence are equally as 
important as comparisons at a moment in time, the primary focus of this 
chapter.

My main suggestion at the conference to the authors is that they extend 
their analysis from simply doing cross- sectional comparisons between the 
three prevalence measures by using the panel nature of HRS data, which 
contain repeat measures of all three prevalence concepts. Not only would 
this address another central question of the nature of secular changes in 
diabetes prevalence, but multiple measures in the HRS panel for all three 
diabetes prevalence measures can go a long way to cleaning each measure 
of any reporting errors that may be present.

Table 7C.1 illustrates the potential contribution of the panel component 
of  HRS to measurement of  the ever self- report of  disease for three dis-
eases—cancer, diabetes (the relevant disease for this chapter), and hyper-
tension (HBP). These data are derived from the first eight waves of  the 
original HRS sample. In this table, a “no” answer to the diabetes question 
is translated into a zero while a “yes” answer is translated into a 1. The first 
two columns list the fraction of respondents who always answered “no” or 
always “yes” to the ever self- report question. For diabetes, for eight waves 
in a row, 74.6 percent of HRS respondents said “no”; 6.4 percent said “yes” 
to the ever- diagnosed diabetes question, so we should be very confident in 
this 81 percent subsample who is a diabetic and who is not.

The interesting case is when there is not complete consistency in responses 

Fig. 7C.2 Diabetes indicators
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over the eight waves so that we translate respondents’ answers into mixed 
values of  0s and 1s. For diabetes, this represents 19 percent of  the cases. 
However, values of zeros (not a diabetic) followed by a series of 1s are fully 
consistent since that simply means that there was an onset of diabetes during 
the first eight HRS waves that was not contradicted in a future wave. That 
situation represents 15.1 percent of the cases, leaving only 3.9 percent of 
cases with an obvious inconsistency (a 0 that follows a 1). One in twenty- 
five is not so bad.

The situation is even not near that dire, since many of these inconsistences 
are easy to repair. For example, a zero followed by two 1s and then followed 
by five 0s should, in this author’s opinion, be changed to all 0s since five times 
in a row in the more recent waves of HRS the respondent said he/ she was not 
told he/ she was a diabetic. Thus, the use of the panel data in HRS results in 
a big decrease in measurement error and a big increase in signal/ noise for 
self- reports of prevalence, and especially, and even more importantly, for 
the incidence of diabetes.

As table 7C.1 shows, the situation is very similar for “self- reports of ever- 
diagnosed cancer,” but there remain a larger fraction of uncertain diagnosis 
for hypertension, a far less serious disease. But for all the diseases in HRS 
the use of the full panel waves of responses helps a great deal in determin-
ing with good confidence whether a respondent was ever diagnosed with a 
particular disease.

Next consider the use of the biomarker index HbA1c, a measure of the 
percent of hemoglobin molecules bound to glucose (Goldman et al. 2003). 
Biomarker data are a very useful addition to population- based aging sur-
veys, but they should not be treated as an uncontested gold standard. Bio-
markers suffer from their own forms of  measurement error and there is 
often inconsistency between alternative biomarkers meant to measure the 
same thing. For diabetes, HbA1c and fasting glucose would be an excellent 
example. Fasting glucose is typically the clinical measure used to diagnose 
in the doctor’s office, while HbA1c is the standard survey population mea-
sure since it does not require respondents to fast. Incomplete fasting and 
momentary stress affect the accuracy of both measures.

As mentioned above the most important point is that self- reports of dia-

Table 7C.1 HRS disease measurement on ever self- report (prevalence)

Diseases  
All 0s  
(%)  

All ones  
(%)  

Mixed  
(%)  

All 1s after all 0s  
(%)  

0s after 1s  
(%)  

0s after 1s 
“corrected” 

(%)

Cancer 82.0  3.9 14.1 11.9 2.2 1.0
Diabetes 74.6  6.4 19.0 15.1 3.9 0.7
HBP  33.6  29.0  37.5  27.0  9.5  3.7
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betes and an HbA1c threshold are measuring ever diagnosed, and now there 
is no real inconsistency in their values. Instead of diagnosis, biomarkers are 
most useful in combination with self- reports of ever diagnosed as an indica-
tor of undiagnosed disease or well- managed disease. It is also an excellent 
indicator of disease severity by using the continuous measure of the bio-
marker outcome. For example respondents scoring above 8 in their HbA1c 
test not only are much more likely to be diabetics, they also are much more 
likely to suffer from a more serious level of the disease.

Since biomarkers are now measured in every other wave of HRS, I would 
make the same comment about biomarkers that I made about “ever” self- 
report above. They are most useful when the full set of  panel data avail-
able across all waves is employed. Having a respondent above the diagnosis 
threshold in multiple waves of the survey should be a reliable indication that 
she is, in fact, a diabetic.

I finish with the third measure—the report of diabetes in Medicare claims 
data. The real puzzle of the chapter is why the prevalence report of diabetes 
is so much higher in claims data compared to the self- report of ever diabetes. 
This difference is not unique to anything about the HRS since similar levels 
of self- reports of ever diabetes have been found in NHANES for the same 
age group as HRS (Sakshaug, Weir, and Nicholas 2014). Similar to this 
chapter, Sakshaug et al. also report much higher rates of diabetes prevalence 
in claims data compared to ever self- reports.

There is a natural temptation to treat claims data as the real gold stan-
dard, but in my view that would be a mistake. It might not even rank as a 
bronze standard. There are several reasons for this. First, diabetes is often 
put on claims data to justify taking blood—the “rule out” hypothesis—or 
to give a warning sign and to have a talk with the patient. Sakshaug, Weir, 
and Nicholas (2014) also report that the higher rates of diabetes prevalence 
in claims data are due to false positives and may indicate intensive monitor-
ing of prediabetes patients, especially those with other cardiovascular risk 
factors. Once again, researchers may be on safer ground if  they use multiple 
waves of the claims data as well. It might even be better to use two or more 
visits to the doctor to confirm the diabetes diagnosis.

Conclusions

In this intriguing and stimulating chapter, Heiss et al. demonstrate that 
using three common alternative measures of  disease prevalence—self- 
reports of past prevalence, a common biomarker (HBa1c), and being listed 
in Medicare claims data—over the same sample of respondents produces 
very different measures of diabetes prevalence. From highest to lowest preva-
lence, claims data are ranked the highest and the biomarker the lowest.

In my view, comparing the three measures and looking for a winner in 
which is the best measure of diabetes prevalence is not really the thing to 
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do. Rather the issue is how to use them together, especially using the panel 
aspect of  the data to obtain better health measurement and not just for 
knowing diabetes prevalence.
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