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ARTICLE INFO ABSTRACT

Handling Editor: Social Epidemiology Office Objective: This study examined the impact of underreporting on tests of the cumulative advantage and disad-
vantage hypothesis (CAD), which predicts age-related increases in health disparities between individuals with
higher and lower education.

Methods: Using the English Longitudinal Study of Ageing (ELSA), we identified underreporting by comparing self-
reported hypertension and diabetes with biomedically measured hypertension (systolic blood pressure>140 mm
Hg and/or diastolic blood pressure>90 mm Hg) and diabetes (fasting glucose level>7 mmol/l and/or
HbA1c>6.5%). In a sample of 11,859 respondents aged 50 to 85 (54% women, 97% White), we assessed the
associations between underreporting and the main analytic constructs in tests of the CAD (education, age, sex,
and cohort).

Results: The results showed that self-reported measures underestimated the prevalence of hypertension and
diabetes. Underreporting showed weak to moderate associations with the main constructs in tests of the CAD,
being more pronounced in individuals with lower education, in older age, in more recent cohorts, and among
men. When correcting for underreporting using biomedical measures, the overall prevalence of hypertension and
diabetes increased substantially, but education differences in age trajectories of both conditions remained
similar.

Conclusions: Underreporting affected conclusions about the prevalence of hypertension and diabetes, but it did
not affect conclusions about the CAD hypothesis for either condition.
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1. Introduction

During the past decades, many studies have examined how the
relationship between education and health changes with age. This
research is guided by one of the dominant theoretical frameworks in life-
course research — the cumulative advantage and disadvantage (CAD)
hypothesis (Dannefer, 2003, 2020; DiPrete and Eirich, 2006; Ferraro
et al., 2009). Specifically applied to the association between education
and health, the CAD hypothesis asserts that disparities in health de-
terminants, including living and working conditions, exposure to stress,
social support, and health behaviors, accumulate gradually between
individuals with different levels of education. As a result of these pro-
cesses, the CAD hypothesis predicts an intracohort increase in health
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differences between people with lower and higher levels of education
(Ross and Wu, 1996).

While many studies have supported this population-level prediction
of the CAD (Chen et al., 2010; Kim, 2008; Leopold, 2016; Mirowsky and
Ross, 2008; Willson et al., 2007; Yang et al., 2021), conflicting findings
of stable or decreasing differences are commonly reported in the liter-
ature (House et al., 2005; Sieber et al., 2020; Zhao, 2023). This mixed
evidence has fueled an intense debate centered around the question
whether alternative patterns arise from methodological issues or reflect
substantive processes that counteract the processes postulated by the
CAD. Research has shown that patterns of stability or decrease may
indeed result from methodological issues, such as confounding of age
and cohort effects (Lynch, 2003) and selective attrition (Noymer, 2001).
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However, even in studies that appropriately account for age and cohort
effects, and address selective attrition, inconsistent patterns persistently
emerge. For instance, different countries have displayed increasing,
decreasing, or stable patterns in health disparities between educational
groups (Leopold, 2018; Van Der Linden et al., 2020). Similarly, diverse
patterns have been found among women and men, various ethnic
groups, and different birth cohorts (Brown et al., 2012; Taylor et al.,
2020; Zhao, 2023). Given that certain methodological concerns have
been suitably addressed in these studies, the interpretation of mixed
patterns has focused on substantive factors. Cumulative advantage and
disadvantage processes in the relationship between education and
health are increasingly recognized as malleable through policy in-
terventions, institutional factors, or cultural variations that differ across
countries, over time, and between social groups (Dannefer, 2020).

Despite this attention to substantive mechanisms, important meth-
odological issues remain in the study of the CAD hypothesis. A key
concern in the empirical tests of the CAD hypothesis addressed in the
present study is that almost all previous studies are based on self-
reported health measures such as self-rated health (SRH), self-reported
functional limitations, activities of daily living (ADL), health-related
quality of life (HRQL), and self-reports on chronic conditions (Chen
et al., 2010; Dupre, 2007; House et al., 2005; Kim and Durden, 2007;
Mirowsky and Ross, 2008; Leopold, 2018; van Kippersluis et al., 2009;
Willson et al., 2007). Self-reported measures of health offer important
benefits: Their collection is easy and cost-saving, they are commonly
available in long-running population-based panel surveys, and they
capture individuals’ subjective perceptions of health and well-being — a
central component in the definition of population health (Mojola et al.,
2022; Zajacova et al., 2017; WHO, 1948). Although these benefits are
widely recognized, studies have raised doubts about the validity of
self-reported measures of health in tests of the CAD, as heterogeneous
reporting bias was found in each of the key analytical constructs of the
CAD, including education, age, cohort and gender (Molina, 2016; Zie-
barth, 2010). Specifically, people with lower education, men, and those
observed at older age tended to underreport their health problems
(Dowd & Zajacova, 2007, 2010; Peersman et al., 2012). As a result, the
assessment of health differences between people with higher and lower
levels of education as well as the age trajectory of these differences
might be biased by systematic underreporting, and conclusions about
the CAD hypothesis may be sensitive to such biases.

Although these concerns have been raised in the field, empirical
assessments remain scarce. To our knowledge, only one study has
investigated the role of heterogeneous reporting in tests of the CAD
(Leopold, 2019). This study compared self-reported measures of general
health with maximum grip strength as an objective indicator and found
entirely different life-course patterns, particularly among men.
Although these results may point to bias in CAD studies based on
self-reported health measures, subjective and objective health measures
were not equivalent and it thus remained unclear whether the observed
discrepancies were caused by heterogeneous reporting or whether they
reflected different dimensions of health covered by the subjective and
objective measures (Asada et al., 2020).

The purpose of the present study is to evaluate the impact of het-
erogeneous reporting on tests of the CAD hypothesis. To achieve this, we
focused on health outcomes commonly utilized in CAD tests, which are
available in longitudinal population-based surveys as both self-reports
and conceptually equivalent objective measures. Specifically, we
leveraged measures of chronic conditions. Unlike other self-reported
measures of health for which objectively measured equivalents are not
available, some chronic conditions are directly assessed in population
surveys via biomedical tests. In the present study, we focused on hy-
pertension and diabetes. Both conditions are prominent in tests of the
CAD (Dupre, 2007, 2008; Leopold, 2018). Each represent highly prev-
alent causes of death and disability, and each are strongly associated
with the lifelong accumulation of social and economic advantages and
disadvantages as well as related behavioral patterns proposed as
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underlying mechanisms by the CAD (Sturm, 2002).

Similar to research on self-rated health and other self-reported
measures of health, heterogeneous reporting — particularly under-
reporting of hypertension and diabetes — was found to be related to the
main analytic categories used in the tests of the CAD. Male sex, older
age, and lower socioeconomic status were all associated with under-
reporting of either condition (Okura et al., 2004; Ning et al., 2016; Singh
et al., 2022).

The present study builds upon this research to assess how under-
reporting in self-reported hypertension and diabetes affected conclu-
sions in tests of the CAD. To achieve this aim, we used the English
Longitudinal Study of Ageing (ELSA), which allowed us (1) to assess the
extent of underreporting in hypertension and diabetes and the degree to
which it was related to the main analytic constructs in tests of the CAD,
(2) to correct self-reports for underreporting using biomedical markers,
and (3) to compare tests of the CAD with and without correction of
potential underreporting bias.

2. Data and methods

The analyses presented in this manuscript are pre-registered at the
Open Science Framework (OSF). The pre-registration can be found
under the following link:https://osf.io/uazrx.

We used data from the English Longitudinal Study of Ageing (ELSA).
ELSA is an ongoing longitudinal survey that collects population-based
data on a wide range of social, psychological, and health outcomes
from samples aged 50 and older living in private households (Banks
et al., 2021). Refreshment samples of people recruited in their early 50s
were added at waves 3, 4, 6, 7, and 9.

ELSA data have been widely used in studies on the prevalence of
chronic conditions (Hamer et al., 2018) and in tests of the CAD hy-
pothesis (Leopold, 2018; Wetzel and Vanhoutte, 2020). For the purposes
of the present study, ELSA data are particularly suitable, as they include
longitudinal information not only on self-reported, but also on objec-
tively measured chronic conditions.

2.1. Sample

Data on objectively measured chronic conditions were collected in
waves 2, 4, 6, 8, and 9. Data on self-reported chronic conditions were
collected during the main face-to-face interviews, while data on
biomedical measures were collected during follow-up visits by a nurse.
Biomedical measures were available for a subset of the face-to-face
sample. Because not all eligible respondents participated in the nurse
visit, we followed the recommendation of the ELSA user guide and
applied baseline survey weights (wave 2, nurse sample) in our
descriptive and multivariate analyses (NatCen Social Research, 2022) to
correct for self-selection into the nurse sample. Due to technical issues,
samples for the analyses of hypertension and diabetes were not iden-
tical. 2714 measurements of blood pressure (approximately 7%) were
invalid and 7790 measurements (approximately 22%) of blood sugar
level were not available either due to technical issues during laboratory
analyses, because no blood samples were taken or due to respondents
not fulfilling the fasting requirement for tests of the fasting glucose
levels. The overall prevalence (i.e., self-reports and biomedical mea-
surements) of hypertension and diabetes were within the range reported
in other studies on similar populations in the UK (Hamer et al., 2018;
Pan et al., 2020; Whicher et al., 2020). This suggests that ELSA data on
self-reported and objectively measured chronic conditions comply with
the standards in the field and are suitable for the purposes of the present
study.

We restricted the sample to respondents who participated in a nurse
visit at least once, and who were at least 50 years old (younger re-
spondents were outside of the sampling frame) but younger than 86 at
the time of interview. Finally, we excluded respondents with missing
information on education. A flowchart of sample exclusions is shown in
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Table Al in the Appendix. Descriptive statistics are presented in Table 1.
2.2. Measure of education

Following previous studies of CAD using ELSA data (Leopold, 2018;
Wetzel and Vanhoutte, 2020), we measured education categorically,
drawing on information about respondents’ highest levels of education
and respondents’ age at finishing education. We distinguished between
lower, intermediate, and higher levels of education. The bottom cate-
gory of lower education included respondents below the upper sec-
ondary level and/or having finished education before the age of 16;
intermediate education consisted of respondents holding upper sec-
ondary education or vocational degrees and/or those who were 16-18
years old when finishing their education; the top category of higher
education included respondents with a BA degree or higher levels of
tertiary education, or in cases of missing data, those who finished edu-
cation at age 19 or later. Our results were robust to alternative specifi-
cations of education categories.

2.3. Age, cohort, and sex

Age was measured in years, ranging from 50 to 85 and centered at
the mean of 62 years in the multivariate models. Birth cohort was
measured in years ranging from 1939 to 1954 and centered at the mean
of 1944 in the multivariate models. Model fit analyses in which various
polynomials of age and cohort terms as well as interactions between
these terms were tested are reported below. All analyses were run
separately for men and women. Information about gender was collected
via self-reports. As a robustness check, we have also investigated alter-
native age and cohort ranges. Inclusion of the full age (50-90) and
cohort (1908-1967) ranges did not affect the main conclusions
regarding the role of underreporting in tests of the CAD.

2.4. Measures of chronic conditions
We assessed self-reported hypertension using survey questions about

whether a doctor or a nurse ever told the respondents they had high
blood pressure (HBP) and whether they took medication against

Table 1
Descriptive statistics.
Mean Std. Dev. Min Max

Age 69.83 8.25 52 85
Sex
Male 47

Female .53

Race

White .97

Non-white .03
Year of birth 1940 7.919 1920 1952
Education

Higher .14

Intermediate .28

Lower .57
Chronic conditions

Uncorrected HBP .49

Corrected HBP .69

Uncorrected diabetes .15

Corrected diabetes 17
Year of the interview 2010 4.82 2004 2019
Duration of participation in years 11.82 4.56 1 16
Dropped out until wave 8 .63
Died .02

Source: ELSA, release 2022, waves 2, 4, 6, 8 & 9, own calculations with weighted
data. Note: Descriptive statistics were calculated over the number of observa-
tions in the weighted sample used for hypertension analyses. Descriptive sta-
tistics were similar when calculated over the number of observations in the
weighted sample for diabetes. Descriptive statistics on unweighted date are
shown in Table A4 in the appendix.
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hypertension. We assessed biomedically measured hypertension using data
from the nurse visits. The nurse measured systolic and diastolic blood
pressure three times with an interval of at least 1 min between the
measurements. The average of valid measurements was then used to
identify hypertension, clinically defined as systolic blood pressure>140
mm Hg and/or diastolic blood pressure>90 mm Hg. HBP is the main
diagnostic criterion for hypertension.

For the purposes of our study, we used the biomedical measures to
correct our self-reported measures for underreporting. In our main an-
alyses, we directly compared the measure of hypertension based on self-
reports only, which was not corrected for underreporting (uncorrected
HBP), which took value one if respondents reported having been diag-
nosed with hypertension and/or taking an anti-hypertension medication
and value zero otherwise, with the measure of hypertension based on
self-reports as well as biomedical measurements, thus, corrected for
underreporting (corrected HBP), which took value one if respondents
either reported having been diagnosed with hypertension and/or taking
an anti-hypertension medication and/or had HBP according to the
biomedical measurements and value zero otherwise. The results in
Table 1 show that the prevalence of HBP increased from 45% when
based on self-reports only to 65% when corrected for underreporting
using biomedical measures.

We assessed self-reported diabetes using survey questions about
whether respondents had ever been diagnosed with diabetes by a
healthcare professional and whether they took medication for diabetes
(e.g., insulin injections or tablets). We assessed biomedically measured
diabetes using data on levels of fasting blood glucose and HbAlc levels
collected from the blood samples taken during the nurse visits. Fasting
blood glucose level is the amount of glucose present in the blood after an
overnight fast. HbAlc is a measure of the average level of glucose in the
blood over the past 2-3 months. In line with the main clinical criteria for
diabetes diagnosis, we identified diabetes as fasting glucose levels>7
mmol/l and/or HbAlc levels>6.5%.

We used data from these biomedical measures in order to correct our
self-reported measure of diabetes for underreporting. In our main ana-
lyses, we directly compared the measure of diabetes based on self-
reports, thus not corrected for underreporting (uncorrected diabetes),
which took a value one if respondents reported having been diagnosed
with diabetes and/or taking an anti-diabetes medication and a value
zero otherwise, with the measure of diabetes based on self-reports as
well as biomedical measurements, thus corrected for underreporting
(corrected diabetes), which took a value one if respondents either re-
ported having been diagnosed with diabetes and/or taking an anti-
diabetes medication and/or had diabetes according to the biomedical
measurements and a value zero otherwise. The results in Table 1 show
that the prevalence of diabetes was 14% when based on self-reports only
and 16% when based on self-reports and biomedical measures.

The associations of underreporting in hypertension and diabetes
with the key constructs in tests of the CAD —education, age, cohort, and
sex — were assessed in descriptive and multivariate analyses summarized
in Figures Al and A2, and in Tables A2 and A3. Underreporting in HBP
and in diabetes was more common at older ages, in more recent cohorts,
among men, and among the lower-educated. Education differences in
underreporting were small and age patterns of underreporting did not
differ between education groups. The only exception was hypertension
among women, where the age-related increase in underreporting was
slightly more pronounced among the higher educated (Table A3).

Although these results are largely in line with previous research,
education was less strongly related to underreporting than found in
other studies (Wu et al., 2019). In our sample education differences in
underreporting of both chronic conditions were small and not statisti-
cally significant for HBP among men (Table A3). Additional analyses
showed that these results were robust to sample selection procedures,
similar across panel waves, and did not vary depending on the catego-
rization of education.
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2.5. Attrition

If those who are more likely to underreport chronic conditions are
also more likely to drop out of the panel, the degree to which under-
reporting is related to age might be underestimated. To assess this po-
tential source of bias, we examined whether dropping out, due to either
attrition or death, before the last wave was related to the probability of
underreporting while controlling for other variables included in tests of
the CAD hypothesis (education, age, and cohort). These analyses showed
no associations between underreporting and subsequent dropout. The
only exception was diabetes among women, where those who under-
reported diabetes were slightly more likely to drop out (Table A3).

2.6. Analytic strategy

The impact of underreporting on tests of the CAD hypothesis was
assessed by comparing the results in tests of the CAD based on self-
reports only, thus, not corrected for underreporting, with those based
on self-reports as well as biomedical measures, thus, corrected for under-
reporting. In our investigation of the CAD hypothesis, we employed
cohort-sequential hierarchical growth curve models, which have been
widely used in previous studies exploring the CAD hypothesis (Yang
et al., 2021; Willson et al., 2007). These models offer a robust approach
to estimating age trajectories by leveraging within-person variation
while capturing cohort and education effects through between-person
variation in health levels and age trajectories. Additionally, the inclu-
sion of individual random slopes in these models allowed us to account
for panel attrition, as highlighted by Lynch (2003).

Data used in this type of research must meet specific criteria, with the
length of observation periods and the range of birth cohorts being
particularly important factors (Lynch, 2003). ELSA fulfills these re-
quirements, as the data cover a wide range of birth cohorts observed
across long periods. Based on this data structure, we used hierarchical
linear probability regression models (HLPM), simultaneously estimating
within-person change with age, between-person differences across co-
horts and education levels, and interactions between these parameters.
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All analyses were performed separately for men and women.

The parametrizations of age and cohort effects as well as their in-
teractions with education on each of the outcomes were based on three
criteria, (a) similarity between observed and fitted data examined by
diagnostic plots, (b) BIC, and (c) model parsimony if models were
similar on criterion (a) and did not differ by more than 10 BIC points
(Raftery, 1995). We tested for different functional forms of age and
cohort, including up to cubic terms for each as well as categorical
specifications. We also tested for various possible interactions between
age, cohort, and education. All model fit analyses were run separately
for women and men. Different functional forms of age and cohort and
interactions between these terms and education provided the best model
fit for both hypertension and diabetes (see Tables 2 and 3 for details on
the specification). Differences in estimates between these models and
alternative specifications were minimal and all conclusions regarding
substantive tests of the CAD hypothesis and the role of underreporting
bias were robust across model specifications.

3. Results

The results of multivariate models testing the CAD hypothesis are
presented in Table 2 (for hypertension) and Table 3 (for diabetes) and
visualized in Fig. 1 (for hypertension) and Fig. 2 (for diabetes). Figs. 1
and 2 compare the general patterns of results between uncorrected and
corrected measures. We mainly focus on these general patterns in our
presentation and interpretation of results.

In both figures, the y-axes show predicted probabilities for the
prevalence of each outcome. The gray horizontal reference lines ease
comparison of results across panels. The curves show age trajectories of
hypertension or diabetes respectively for different birth cohorts and
education levels. The cohort term was fixed at four values pertaining to
those born in 1950 (observed from age 53 to 68), 1940 (observed from
age 63 to 77), and 1930 (observed from age 74 to 85). Dashed curves
represent age trajectories for lower levels of education, while solid
curves represent age trajectories for higher levels of education. Red
curves pertain to uncorrected measures, black curves to corrected

Table 2
Hierarchical Linear Regression Models for Change in High Blood Pressure (HBP) for men and women.

Mla Milb Milc Mid
Uncorrected HBP Corrected HBP Uncorrected HBP Corrected HBP
Women Women Men Men

Age 0.017%** 0.021%** 0.017%** 0.019%**
[0.015,0.019] [0.019,0.023] [0.015,0.020] [0.016,0.021]

Age2 0.000 —0.000 —0.000 —0.000*
[-0.000,0.000] [-0.000,-0.000] [-0.000,0.000] [-0.000,-0.000]

Cohort 0.002 0.005* 0.008** 0.007**
[-0.002,0.006] [0.001,0.009] [0.003,0.012] [0.002,0.011]

Cohort? —0.00** —0.000 —0.000 —0.000
[-0.0001,-0.000] [-0.000,0.000] [-0.000,0.000] [-0.000,0.000]

Cohort * Age 0.000 0.000 0.000 0.000
[0.000,0.000] [0.000,0.000] [0.000,0.000] [0.000,0.000]

Higher educ. —0.070* —0.106%** —0.077** —0.059*
[-0.124,-0.016] [-0.159,-0.052] [-0.126,-0.028] [-0.106,-0.013]

Intermediate educ. —0.044* —0.064%** —0.067** —0.073%**
[-0.082,-0.007] [-0.100,-0.027] [-0.111,-0.022] [-0.115,-0.030]

Higher educ. * Age —0.003 —0.002 —0.001 —0.000
[-0.008,0.001] [-0.006,0.003] [-0.005,0.003] [-0.004,0.004]

Intermediate educ. * —0.003* —0.001 —0.002 —0.001

Age [-0.006,-0.000] [-0.004,0.002] [-0.006,0.002] [-0.004,0.003]

Higher educ. * Cohort —0.004 —0.004 —0.002 —-0.003
[-0.012,0.004] [-0.012,0.003] [-0.009,0.005] [-0.009,0.003]

Intermediate educ. * —0.002 —0.001 —0.001 —0.002

Cohort [-0.007,0.003] [-0.006,0.003] [-0.007,0.005] [-0.008,0.003]

Intercept 0.471%*%* 0.660%** 0.515%** 0.706%**
[0.443,0.480] [0.626,0.662] [0.443,0.480] [0.626,0.662]

N 10671 10671 8796 8796

Note. Data from ELSA, waves 2, 4, 6, 8 & 9. Age, Age2, Cohort and Cohort2 were centered at means, 95% confidence intervals in brackets, *p < 0.05, **p < 0.01, ***p <
0.001, Source: ELSA, release 2022, waves 2, 4, 6, 8 & 9, own calculations with weighted data.
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Table 3

Hierarchical Linear Regression Models for Change in Diabetes for men and women.
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M2a

Uncorrected Diabetes
Women

M2b

Corrected Diabetes
Women

M2c

Uncorrected Diabetes
Men

M2d

Corrected Diabetes
Men

Age
Cohort * Age
Higher educ.

Intermediate educ.
Higher educ. * Age

Intermediate educ. *

Age

Higher educ. * Cohort
Intermediate educ. *

Cohort
Intercept
N

0.010 [0.008,0.012]
0.006*** [0.003,0.008]
—0.079*** [-0.106,-0.051]
[-0.072,-0.028]
-0.009,-0.002]

[-0.006,-0.001]

—0.003 [-0.008,0.002]
—0.002

[-0.006,0.001]
0.129*** [0.113,0.144]
8229

0.012*** [0.010,0.014]
0.007*** [0.005,0.010]
—0.085*** [-0.114,-0.055]
—0.050*** [-0.074,-0.027]
—0.005** [-0.009,-0.002]
—0.002

[-0.005,0.001]

—0.003 [-0.008,0.002]
—0.000

[-0.004,0.003]

0.145*** [0.129,0.162]
8229

0.014*** [0.011,0.016]
0.009*** [0.006,0.012]
—0.061*** [-0.096,-0.027]
[-0.085,-0.022]
[-0.011,-0.004]

[-0.009,-0.002]

—0.009** [-0.015,-0.003]
—0.003

[-0.008,0.001]

0.184*** [0.163,0.205]
7023

0.016*** [0.014,0.019]
0.012*** [0.009,0.016]
—0.070*** [-0.106,-0.033]
—0.063* -0.096,-0.029]
—0.008*** [-0.012,-0.004]
—0.005**

[-0.009,-0.002]
—0.010*** [-0.016,-0.004]
—0.004

[-0.010,0.001]

0.209*** [0.188,0.231]
7023

Note. Data from ELSA, waves 2, 4, 6, 8 & 9. Age, Age2, Cohort and Cohort2 were centered at means, 95% confidence intervals in brackets, *p < 0.05, **p < 0.01, ***p <
0.001; Source: ELSA, release 2022, waves 2, 4, 6, 8 & 9, own calculations with weighted data.
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Fig. 1. Model-based prevalence of high blood pressure by education, age, cohort, and sex.

Legend: Red lines display the predicted prevalence of uncorrected HBP, thus based on self-reports only (see models Mla, Mlc, Table 1). Black lines display the
predicted prevalence of corrected HPB, thus based on self-reports and biomedical measurements (see models M1b, M1d, Table 1). In each panel, dashed lines represent
lower levels of education and solid lines represent higher levels of education. For visualization, in each panel, the cohort term was fixed on four values, representing
birth years 1930, 1940, and 1950. Source: ELSA, waves 2, 4, 6, 8 & 9, own calculations with weighted data. (For interpretation of the references to colour in this

figure legend, the reader is referred to the Web version of this article.)

measures.

3.1. CAD and underreporting bias in hypertension

Fig. 1 shows that the predicted prevalence of hypertension uncor-
rected for underreporting was higher at lower levels of education at the
age of initial observation in each cohort among women and men in each
of the birth cohorts. Among women, education differences increased
slightly with age. This finding is based on a small but statistically sig-
nificant negative interaction between the age terms and higher

education (Table 2, Mla). Among men, education differences in un-
corrected HBP remained constant with age in each birth cohort while
education differences in uncorrected HBP increased slightly across
cohorts.

When corrected for underreporting bias using biomedically measured
HBP, the prevalence levels of hypertension rose substantially in each of
the cohorts and education groups both among women and men, and
increasingly so with age. For example, the underestimate of the preva-
lence of hypertension increased in each comparison group from
approximately 10 percentage points at age 50 to approximately 20
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Fig. 2. Model-based prevalence of diabetes by education, age, cohort, and gender.
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b) Uncorrected Diabetes, Men
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Legend: Red lines display the predicted prevalence of uncorrected diabetes, thus based on self-reports (see models M2a, M2c, Table 2). Black lines display the predicted
prevalence of corrected diabetes, thus based on self-reports and biomedical measurements (see models M2b, M2d, Table 2). In each panel, dashed lines represent
lower levels of education and solid lines represent higher levels of education. For visualization, in each panel, the cohort term was fixed on four values, representing
birth years 1930, 1940, and 1950. Source: ELSA, waves 2, 4, 6, 8 & 9, own calculations with weighted data. (For interpretation of the references to colour in this

figure legend, the reader is referred to the Web version of this article.)

percentage points at age 70.

Conclusions about the CAD hypothesis remained unchanged among
men and changed slightly among women when correcting for under-
reporting. As visible from the comparison between panels a and c in
Fig. 1 and models M1a and M1b in Table 2, the slight increase in edu-
cation differences with age observed among women in uncorrected HPB
vanished in models of corrected HBP.

3.2. CAD and underreporting bias in diabetes

As shown in Fig. 2, the predicted probability of diabetes uncorrected
for underreporting was higher among men as compared to women and
increased with age among higher-educated as well as lower-educated
women and men. The age-related increase in the predicted probability
of diabetes was much steeper among lower-educated women and men
than among their higher-educated counterparts. This pronounced age
increase in education differences was consistent with the CAD hypoth-
esis. It did not differ substantially across cohorts among women, but it
intensified across cohorts among men.

When corrected for underreporting bias, the predicted probabilities of
diabetes increased even more steeply with age, although this difference
in age slopes was modest in size. The patterns of education differences
remained largely unchanged (see also the nearly identical coefficients of
the education and age terms and the interaction terms in Table 2, M2
and M4).

4. Discussion

The CAD hypothesis predicts an increase in health disparities be-
tween individuals with higher and lower levels of education. Empirical

tests of this hypothesis have yielded mixed results, with patterns of
stability or decrease also being commonly observed. The nature of these
mixed findings has sparked a debate. Methodological factors have
played a significant role in explaining the inconsistencies. Well-known
methodological issues associated with testing the CAD hypothesis are
confounding of age and cohort effects and selective attrition. Recent
research has examined the potential impact of heterogeneous reporting
as a source of the mixed evidence (Leopold, 2019). The present study
contributes to this recent line of investigation by examining the influ-
ence of underreporting on tests of the CAD hypothesis in the context of
self-reported chronic conditions, specifically hypertension and diabetes.

The findings showed that the prevalence of both conditions was
substantially underestimated in self-reported measures, increasingly so
with age, and to a larger extent among men. Underreporting by lower-
educated respondents was only slightly more pronounced than among
those with higher levels of education. Overall, conclusions about the
CAD hypothesis regarding education differences in hypertension and
diabetes were not substantially biased by underreporting. Even after
correcting for underreporting bias using biomedical measurements, we
found large educational differences in hypertension and diabetes. For
diabetes, these differences increased strongly with age, supporting the
CAD hypothesis. For hypertension, these differences remained largely
stable with age, contradicting the CAD hypothesis.

For the context of the present study, we conclude that under-
reporting does not constitute an important source of bias or a potential
reason for mixed findings in tests of the CAD hypothesis. As the main
source of underreporting of chronic conditions is a lack of awareness of
having a disease (Singh et al., 2022), the relatively small education
differences in underreporting found in the present study may be due to
the favorable health care context of the UK, where access to high-quality
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health care is universal (Zhou et al., 2019) and health care utilization
differs little by education (Thomson et al., 2018). In other health care
contexts, underreporting in chronic conditions might be a more serious
source of bias. For instance, studies based on Chinese CHARLS data re-
ported a strong association between underreporting and socioeconomic
status (Ning et al., 2016), possibly reflecting more stratified access to
and utilization of health care. Future studies should investigate the
extent to which underreporting influences conclusions about the CAD
hypothesis in institutional and cultural contexts other than the UK.

Next to highlighting the potential role of underreporting, our results
have implications for interpretating the nature of mixed evidence in
tests of the CAD hypothesis. Previous explanations mainly targeted
variations between population groups (cohorts, genders, ethnic groups,
countries) and focused on institutional and cultural factors. The present
study found mixed patterns within the same population but in different
domains of health. These results suggest that differences in conclusions
regarding the CAD hypothesis between the two chronic conditions are
due to differences in substantive mechanisms underlying diabetes and
hypertension. When comparing diabetes and hypertension, there are
similarities but also important differences in known risk factors. Both
chronic conditions require a genetic predisposition and react to diet and
physical activity. Yet, the risk of developing diabetes is more strongly
related to diet, physical activity, and obesity whereas the risk of
developing hypertension is more strongly related to alcohol consump-
tion, smoking, and stress (Cuffee et al., 2014; Messerli et al., 2007). It is
possible that in the UK context, alcohol consumption, smoking or other
risk factors that are more strongly linked to hypertension are less
stratified by education than diet, physical activity, and obesity. In
addition, risk factors common to both chronic conditions may lead more
often and at an earlier age to hypertension than to diabetes. The increase
in education differences in the prevalence of hypertension takes place
much earlier in life as compared to diabetes. In older age, ceiling effects
may prevent education differences in hypertension from increasing
further.

Future research on age change in education differences in diabetes
and hypertension should address differences in such underlying mech-
anisms to understand why the pattern predicted by the CAD is present in
diabetes but not in hypertension. At a more general level, our findings
suggest that predictions of the CAD with regard to the underlying pro-
cesses of accumulation of health-related advantages and disadvantages
would benefit from being tailored to specific conditions or domains of
health.

Although ELSA provided the highest-quality data for the purposes of
the present study, our correction for underreporting bias has limitations.
First, our biomedical tests for hypertension were taken on only one
occasion. For a clinical diagnosis, high blood pressure should be estab-
lished on several occasions. It is unclear whether measuring hyperten-
sion on one occasion only led to an over- or underestimation of overall
prevalence. Second, it is important to note that data on blood tests were
not available for the entire sample of individuals who participated in
nurse visits. Although the proportion of missing information resulting
from absent blood tests was relatively low, missing data were more
prevalent among respondents with lower levels of education. Conse-
quently, our analysis may slightly underestimate disparities in under-
reporting of diabetes related to education. Moreover, respondents for
whom valid data on blood tests were available were somewhat selective.
In particular, self-reported diabetes was less prevalent among those who
fulfilled the fasting requirements for the tests of fasting blood glucose
levels. It is thus possible that underreporting of diabetes based on fasting
blood glucose levels was underestimated in the ELSA data.

While the results of the present study suggest that underreporting
bias in not a major reason behind the mixed evidence offered by tests of
the CAD hypothesis for chronic conditions, more research is needed to
address the role of heterogeneous reporting biases in other health
measures. Our findings may not extend to more general and subjective
measures of population health, such as self-rated health, health-related
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quality of life (HRQL), or measures of limitations in physical or mental
functioning (e.g., ADL). As self-reported chronic conditions capture
recall of very specific health issues as diagnosed by a medical practi-
tioner, little room is left for reporting biases related to the interpretation
of the survey questions or response categories (Zajacova et al., 2017).
Several quantitative and qualitative studies have shown that such
reporting issues are related to education, age, cohort, and sex (Altman
etal., 2016; Krause and Jay, 1994; Schnittker and Bacak, 2014; Zajacova
etal., 2017). Longitudinal surveys similar to ELSA include a wide range
of subjective reports and objective tests of physical impairment (e.g.,
self-reports and objective tests of grip strength, chair raise, leg raise,
walkability, etc.), which can be used in order to understand the extent to
which the results in tests of the CAD are driven by differences in in-
terpretations and response styles — as opposed to substantive mecha-
nisms of accumulation of health-related advantages and disadvantages.
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