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ABSTRACT

Objectives: To estimate undiagnosed diabetes
prevalence from general practitioner (GP) practice data
and identify areas with high levels of undiagnosed and
diagnosed diabetes.

Design: Data from the North-West Adelaide Health
Survey (NWAHS) were used to develop a model which
predicts total diabetes at a small area. This model was
then applied to cross-sectional data from general
practices to predict the total level of expected diabetes.
The difference between total expected and already
diagnosed diabetes was defined as undiagnosed
diabetes prevalence and was estimated for each small
area. The patterns of diagnosed and undiagnosed
diabetes were mapped to highlight the areas of high
prevalence.

Setting: North-West Adelaide, Australia.
Participants: This study used two population
samples—one from the de-identified GP practice data
(n=9327 active patients, aged 18 years and over) and
another from NWAHS (n=4056, aged 18 years and
over).

Main outcome measures: Total diabetes
prevalence, diagnosed and undiagnosed diabetes
prevalence at GP practice and Statistical Area Level 1.
Results: Overall, it was estimated that there was one
case of undiagnosed diabetes for every 3—4 diagnosed
cases among the 9327 active patients analysed. The
highest prevalence of diagnosed diabetes was seen in
areas of lower socioeconomic status. However, the
prevalence of undiagnosed diabetes was substantially
higher in the least disadvantaged areas.
Conclusions: The method can be used to estimate
population prevalence of diabetes from general
practices wherever these data are available. This
approach both flags the possibility that undiagnosed
diabetes may be a problem of less disadvantaged
social groups, and provides a tool to identify areas
with high levels of unmet need for diabetes care which
would enable policy makers to apply geographic

Strengths and limitations of this study

m The first study in Australia to examine undiag-
nosed diabetes at GP practice level with a rea-
sonably large sample that allows us to describe
patterns of undiagnosed diabetes in the popula-
tion and also does enable highlighting of areas
where active case finding may be warranted.

= The study illustrates a methodology which can be
used as a tool to identify areas of high levels of
unmet need for diabetes care. This could enable
geographic targeting of effective interventions for
enhancing early and timely detection and manage-
ment of diabetes in those communities.

= The study shows that exploring the spatial variation
in the pattern of diagnosed and undiagnosed dia-
betes can assist in identifying communities with
high probability of having significant numbers of
people with undiagnosed diabetes.

= Both the clinical data on which this study was
based, and the survey on which the modelling
was based, were drawn from a defined area
within Adelaide. As such, while some of the con-
clusions can be generalised to the whole of
Australia others are likely to be area specific and
may not generalisable.

INTRODUCTION

Diabetes is a common chronic disease that sig-
nificantly affects the health of people worldwide.
It may lead to a range of complications which
can cause disability and reduce the quality of life
and life expectancy.' * Diabetes constitutes a sig-
nificant health and social burden in the commu-
nity, and is one of the top 10 causes of death in
Australia." Lifestyle-related chronic diseases such
as diabetes are predicted to rise rapidly over the
next few decades worldwide,” posing challenges
that will need to be met by effective preventive
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The study reported in this paper relates to data from
an area in Western Adelaide, the capital city of South
Australia, and much of the contextual data therefore
relates to Australia. While the actual numbers identified
in the study will be pertinent to Australia and particu-
larly to Western Adelaide, the patterns identified and
the methodology used will be relevant to studies of dia-
betes, and particularly of undiagnosed diabetes, under-
taken anywhere in the world.

Currently, in Australia, approximately 875 400 (4.0%)
people aged 15 years and over have been diagnosed with
diabetes.” Some estimates suggest that this figure will
rise to as much as 2 million by 2025 as a result of
increasing obesity, ageing, and changes in ethnic com-
position of the Australian population.”

Already diagnosed prevalence and morbidity data under-
estimate the actual burden of diabetes because the disease
is usually not diagnosed until it is clinically apparent. A
number of local surveys® and national surveys’ ® have
reported both diagnosed and undiagnosed diabetes based
on population health surveys but the relative prevalence of
diagnosed and undiagnosed diabetes reported varied
widely among those studies. The North-West Adelaide
Health Survey (NWAHS), for example, found a ratio of
5-6:1 for diagnosed versus undiagnosed diabetes,” which is
consistent with the latest Australian Bureau of Statistics
(ABS) National Health Survey data showing a ratio of 5:1,"
whereas the earlier Australian Diabetes, Obesity and
Lifestyle Study (AusDiab) estimated one undiagnosed case
for every diagnosed cases of diabetes in Australia.''

The purpose of the current study was to revisit estimates
of undiagnosed diabetes using a model based on NWAHS
data applied to data from a large general practice, and to
explore the nature of the areas with high levels of undiag-
nosed diabetes. This research broadly follows Nacul et al,'?
who used the Health Survey of England to estimate the
small area prevalence of common obstructive pulmonary
disease. They also compared expected model-based preva-
lence and observed prevalence in small areas (local
authorities) in England using general practice data.

The main objective of this study was to explore pat-
terns of undiagnosed diabetes in people aged 18 and
over across small areas Statistical Area Level 1 (SAls).
The specific objectives were to (1) estimate the preva-
lence of total expected diabetes based on a model
derived from the NWAHS data, and to compare this with
the prevalence of general practice (GP)-diagnosed dia-
betes, (2) predict undiagnosed diabetes as the differ-
ence between total expected and already diagnosed
diabetes, (3) identify associations between undiagnosed
diabetes and socioeconomic status and (4) visualise the
pattern of diagnosed and undiagnosed diabetes at SA1.

RESEARCH DESIGN AND METHODS

To estimate the expected level of diabetes in an area
requires modelling the likelihood of diabetes based on
all available relevant variables. Models using

demographic data to estimate diabetes prevalence have
been previously proposed,'’ '>7'° but they fail to take
into account lifestyle factors and clinical measures.'®'®
Using data from the NWAHS® we developed a multivari-
ate logistic regression model which includes demo-
graphic, lifestyle and clinical measures to estimate the
probability of an individual having diabetes. This model
was then applied to data from a large GP practice popu-
lation in Western Adelaide to estimate the likely
numbers of people with diabetes in various demo-
graphic and health categories, as well as in each SAI.
Statistical areas are defined by the A B S' with an
average population for SAls of around 400 people. We
compared these small area prevalence measures with
the numbers in the GP practice population actually diag-
nosed with diabetes in each of these areas to estimate
the numbers undiagnosed. These estimates were visua-
lised on maps to explore the patterns of the areas with
the highest levels of undiagnosed and diagnosed dia-
betes prevalence.

Data sources

This study used two datasets—one to develop a model of
diabetes prevalence and another to apply this model to
estimate the levels and location of diabetes. The first
wave of the NWAHS is a representative population
sample of people aged 18 years and over, living in the
North-West region of Adelaide (n=4056). NWAHS estab-
lished baseline self-reported and biomedically measured
information which enabled them to identify all people
with diabetes and not just the diagnosed. In the
NWAHS, people with diagnosed diabetes were defined
as those reporting that they had been told by a doctor
that they had diabetes. This study was used to develop a
model to estimate total expected diabetes from GP prac-
tice data.

The clinical data were extracted from a multisite GP
practice in an area of Western Adelaide which includes
the LeFevre Peninsula. People were defined as being
diagnosed with diabetes if they had a diagnosis which
was current at the time of the data extraction. While
patients came from a wide area, they were concentrated
in the Lefevre Peninsula area, and comprised 18% of
the population of this well-defined area. Overall, 14 969
active patients were selected from the practice, of whom
12 271 were aged 18 years and over. As a substantial part
of the analysis was based on geography, patients were
classified according to the SAl in which they resided.
While the population of patients from the clinic was con-
centrated in the Lefevre Peninsula and nearby areas,
there were patients from many other areas and to main-
tain confidentiality, the study also excluded those SAls
which comprised less than five patients (1564 patients)
leading to a final sample of 10 707 people.

There was a range of missing values within the clinical
dataset, the most important of which was body mass
index (BMI) which was only available for 36% of the
population. BMI was imputed where it was unavailable
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using a regression imputation technique based on age,
gender, receipt of pension, systolic and diastolic blood
pressure and index of relative disadvantage.'” *° The
index of relative socioeconomic disadvantage (IRSD) '
was a sub-index of the socioeconomic indexes for areas
which were developed by the ABS.'” The imputation
model was estimated from the NWAHS data. As some of
these regression variables were missing in the clinical
data it was not possible to impute BMI for all patients;
however, the imputation increased the BMI complete-
ness rate from 36% to 88%. Thus, a final sample of 9327
patients was available with all the variables necessary for
estimating total expected diabetes.

Model construction for total expected diabetes estimation
First, a set of risk and lifestyle factors including age, sex,
smoking, cholesterol, BMI, systolic and diastolic blood
pressure were identified based on previous studies'” 2
and availability in both the clinical dataset and the
NWAHS dataset. Second, we included individual
pension status and the area-based IRSD into the model
to examine the relationship between socioeconomic
status and diagnosed and undiagnosed diabetes. Owing
to the high rate of missing values for cholesterol in the
practice level data it was not included in the model.
Finally, a multivariate logistic regression model including
age, sex, smoking, pension status, systolic and diastolic
blood pressure, BMI and IRSD was developed to predict
the probability of an individual having diabetes in the
GP practice population. The model was then applied to
the GP practice dataset to estimate the total diabetes
prevalence for the GP practice population in each rele-
vant SAl. The difference between total expected and
already diagnosed diabetes cases was calculated as
undiagnosed diabetes prevalence both for the overall
GP practice population and for age, gender and various
other groups in practice population, which was also cal-
culated at the SA1 level.

As we are comparing actual diagnoses with estimated
overall prevalence, there is a risk of estimating negative
levels of undiagnosed diabetes in categories where the
diagnosis levels are high, for example among the obese
where testing for diabetes would be expected to be
almost universal. This does in fact occur, leading to
some negative estimates.

In the final step, the area level prevalence was visua-
lised for the SAls within the Lefevre Peninsula to high-
light areas with high and low prevalence of diagnosed
and undiagnosed diabetes. The pattern of the IRSD was
also mapped for the Lefevre Peninsula to allow visual
comparison with the pattern of diagnosed and undiag-
nosed diabetes. Statistical analyses were carried out in
Stata, V.12.1, and spatial analyses were undertaken in
ArcGIS V10.2. General practitioner practice data were
extracted using Pen CAT clinical data extraction tool,
and the GRAPHC G-Tag system®' developed at the
Australian Primary Health Care Research Institute at the

Australian National University was used to geocode and
geolink the GP practice data.

RESULTS

The logistic regression model showed that those people
who are men, over 50 years old, with higher BMI and sys-
tolic blood pressure, more disadvantaged, pensioner and
smoker have high odds of diabetes (see online supple-
mentary table S1). The level of diagnosed diabetes in
the NWAHS was 6.6% as reported by Grant et al® with
the level of undiagnosed diabetes 1%. The level of diag-
nosed diabetes reported for the 12 271 patients aged 18
and over in the clinical data extracted from a general
practice for our study was 8.2%, which changed only
marginally to 8.4% when SAls with a small number of
patients were removed. Only 1.5% of the group with
incomplete data were diagnosed with diabetes, meaning
that the final sample has a higher level of diagnosis than
the clinical group over; this prevalence was 9.5% when
the patients with incomplete data were removed from
the GP practice dataset.

The prevalence of diagnosed, undiagnosed and total
expected diabetes by age, gender, BMI, smoking,
pension and IRSD in the GP practice population is pre-
sented in table 1. CIs for the predicted prevalences
reflect the predictive accuracy of the logistic regression
model.

The patterns of total expected, diagnosed, undiag-
nosed diabetes and IRSD in each SAl in the Lefevre
Peninsula were visualised in the study area. The IRSD
scores are classified into tertiles for the practice popula-
tion and labelled as most, moderate and least disadvan-
taged for the purposes of the modelling and prediction.
The scores are classified as quintiles in the mapping to
align with the classifications of the other maps.

Overall expected prevalence and diagnosed prevalence

of diabetes

The overall estimated prevalence of diabetes in people
aged 18years and over at the GP practice level was
12.3% comprising 1147 of the 9327 active patients in the
GP practice. Overall, the prevalence of total expected
diabetes was higher in patients who were men, with
higher BMI, most disadvantaged, ex-smokers, pensioners
and those who were over 40 years old.

A total of 9.5% (or 886 of 9327) active patients have
already been diagnosed with diabetes. The highest diag-
nosed rate was observed in people who were with higher
BMI, over 45 years old, men, more disadvantaged, pen-
sioner and ex-smoker.

Undiagnosed prevalence of diabetes

The prevalence of undiagnosed diabetes, measured by
the difference between expected and diagnosed preva-
lence, was estimated to be 2.8% (261 of 9327) of active
patients. This means that for every three and four
patients diagnosed with diabetes in this general practice
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Table 1 Distribution of diagnosed, undiagnosed and total expected prevalence of diabetes at GP practice level

Diagnosed prevalence,

Undiagnosed prevalence,

Estimated total

N (%) % (95% Cl) % (95% Cl) prevalence, % (95% CI)

Age

18-29 1243 (13.3) 1.0 (0.4 to 1.5) 3.5 (3.0t0 4.1) 4.5 (4.3 10 4.6)

30-39 1195 (12.8) 1.4 (0.7 to 2.0) 2.3 (1.6t0 3.0) 3.7 (3.5 10 3.9)

40-49 1452 (15.5) 3.3 (2.4 t0 4.3) 3.6 (2.7 to 4.5) 7.0 (6.8 t0 7.2)

50-59 2143 (23.0) 6.7 (5.7 10 7.8) 5.4 (4.4 10 6.5) 12.2 (11.9 to 12.5)

60-69 1568 (16.8) 16.6 (14.7 to 18.4) 2.8 (1.1t0 4.5) 19.4 (18.8 to 19.9)

>70 1726 (18.5) 23.3 (21.3 t0 25.3) -0.9 (-2.810 0.9) 22.4 (21.8 to 22.8)
Gender

Male 3783 (40.6) 11.7 (10.6 to 12.7) 4.1 (3.1 10 5.0) 15.8 (15.4 to 16.1)

Female 5544 (59.4) 8.0 (7.210 8.7) 21 (1.41t02.7) 10.0 (9.8 to 10.3)
BMI

Underweight 78 (0.84) 5.1 (0.1 to 10.0) 2.1 (-2.7 10 6.9) 7.2 (5.9 to 8.6)

Normal 2042 (21.9) 4.5 (3.6 t0 5.4) 4.1 (3.2t05.0) 8.6 (8.3 t0 8.9)

Overweight 5302 (56.8) 6.9 (6.2 t0 7.5) 3.9 (3.2t0 4.5) 10.8 (10.5 to 11.3)

Obese 1905 (20.4) 22.2 (20.4 to 24.1) -1.2 (-2.9t0 0.5) 21.0 (20.4 to 21.6)
Smoking

Current smoker 4581 (55.2) 8.7 (7.9 10 9.5) 3.1 (2.310 3.8) 11.8 (11.5 to 12.1)

Ex-smoker 2280 (27.4) 14.0 (12.6to 15.5) 1.3 (-0.04 to 2.6) 15.3 (14.8 to 15.8)

Never-smoked 1444 (17.4) 7.6 (6.2 t0 8.9) 3.5 (2.2104.8) 11.1 (10.6 to 11.6)
Pension

No 5457 (58.5) 4.2 (3.7t04.7) 3.9 (3.4 t0 4.4) 8.1 (8.0 to 8.3)

Yes 3870 (41.5) 16.8 (15.7 to 18.0) 1.4 (0.3 to 2.5) 18.3 (17.9 to 18.6)
IRSD

Most 3152 (33.8) 13.0(11.8to0 14.2) 2.5 (1.410 3.6) 15.5 (15.1 to 15.9)

disadvantaged

Moderately 3102 (33.2) 9.0 (8.0,10.0) 2.0 (1.1 t0 3.0) 11.1 (10.8 to 11.4)

disadvantaged

Least 3073 (33.0) 6.3 (5.41t07.1) 41 (3.2t04.9) 10.4 (10.1 to 10.7)

disadvantaged
Total 9327 (100.0) 9.5 (8.8 t0 9.9) 2.8 (2.5t0 3.1) 12.3 (11.6 to 12.9)

BMI, body mass index; IRSD, index of relative socioeconomic disadvantage.

community there would be one undiagnosed person
with diabetes. The undiagnosed prevalence rate was
higher in men, among people who live in the least disad-
vantaged areas and do not receive government pensions.
The BMI of the undiagnosed is more likely to be in the
normal and overweight category, and ex-smokers are less
likely to have undiagnosed diabetes.

Spatial pattern of expected, diagnosed, undiagnosed
diabetes and socioeconomic pattern

The decile of the IRSD'? was mapped to compare with
the pattern of undiagnosed and diagnosed diabetes at
SAl level. Figure 1 shows broadly the most disadvan-
taged population live in the Eastern part of the study
area near the industrialised regions and the least disad-
vantaged live in the Western beach side areas.

The percentage of expected total diabetes is higher in
the most disadvantaged areas, particularly, in the
Eastern part of the study area (figure 2). The prevalence
of expected total diabetes ranged from 4.6% to 23.1%
across the SAls in the study catchment.

The spatial pattern of the already diagnosed prevalence
was broadly consistent with the pattern of expected total

level of diabetes in the study at SAI level, in that the highest
prevalence was seen in the Eastern part of the study area
(figure 3). The prevalence of diagnosed diabetes varied
from 0% to 37.5% in the selected SAls in the study area.

The pattern of undiagnosed prevalence was different
from the pattern of total expected and already diag-
nosed diabetes, with the highest levels of undiagnosed
diabetes observed in the North-West and South-West
parts of the Peninsula (figure 4). This rate ranged from
0% to 22.8% across SAls in the study area.

As the number of patients in each SAI varied, and in
some cases, was quite small, both diagnosed and
expected prevalence vary not only due to ‘real’ effects
but also due to sample size effects. The overall rates of
diagnosed diabetes ranged from 0% to 50% across the
full set of SAls, with rates of 50% only arising in SAls
with few patients of the participating general practice.
The maps shown in figures 1-4 are restricted to the
Lefevre Peninsula area of the general practice catch-
ment where there is the highest penetration of this prac-
tice, and the numbers are larger and more stable.

Visual comparison of the spatial pattern of the expected,
diagnosed and undiagnosed diabetes with the pattern of

4
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Figure 1

IRSD shows that the prevalence of diagnosed diabetic
patients is higher in the most disadvantaged areas and of
undiagnosed cases higher in the least disadvantaged areas,
consistent with the results shown in table 1.

DISCUSSION

We compared the measured diagnosed diabetes preva-
lence for a large multisite general practice in the
Lefevre Peninsula and surrounding areas of Adelaide
with the level predicted by a model derived from

Spatial patterns of the index of relative socioeconomic disadvantage.

NWAHS data. As would be expected, the prevalence of
both diagnosed diabetes was closely related to BMI and
to socioeconomic status (as measured by the IRSD). The
level of undiagnosed diabetes, however, follows quite a
different pattern, being rare among the obese and more
likely among those living in the areas of least disadvan-
tage. The latter effect is emphasised by the significant
differences between those with and without pensions,
where the pensioners are much more likely to have diag-
nosed diabetes and are much less likely to be undiag-
nosed. This will in part be due to age effects, as the
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Figure 2 Spatial patterns of total expected diabetes.

diagnosed and total prevalence increase steadily with
age, whereas for the undiagnosed group, while some dif-
ferences are significant, there is no clear pattern except
that the very old are unlikely to have undiagnosed
diabetes.

The relationship between disadvantage and both diag-
nosed and undiagnosed diabetes is visible both in the
overall estimates (table 1) and in the small area esti-
mates reflected in the maps. The prevalence of total
expected and diagnosed diabetes was high in the most
socioeconomically disadvantaged areas, for example, in

the North-East part of the study area. However, the
prevalence of undiagnosed diabetes was slightly higher
in the least socioeconomically disadvantaged areas in
the West part of the Peninsula.

The measures of diagnosed, undiagnosed and
expected prevalence varied widely across the small SA1
areas, as would be expected with the relatively small
samples in some of the areas; however, the patterns still
stand out quite clearly.

This study found a ratio of 3—-4:1 for diagnosed versus
undiagnosed diabetes prevalence; in other words, for

6
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Figure 3 Spatial patterns of diagnosed diabetes.

approximately every three or four people with diagnosed
diabetes, one person is likely to have undiagnosed dia-
betes. This ratio is of the same order as that of NWAHS
which found a ratio of 1:5-6 for diagnosed versus
undiagnosed,’ ? although the differences may reflect the
particular practice population which is likely to be of a
somewhat lower socioeconomic status, and which has a
relatively high level of diagnosed diabetes. Our findings,
like the NWAHS findings and the most recent ABS
study,10 differ from the Australian Diabetes, Obesity and
Lifestyle Study®® which estimated that there was one

undiagnosed case for every diagnosed cases of diabetes
in Australia.

The proportion of people with already diagnosed dia-
betes was estimated by the Australian Institute of Health
and Wellbeing as 4.2% for Australia as a whole, and the
NWAHS estimate for North-Western Adelaide was 6.6%.
The higher levels of diagnosed diabetes found in the
clinical practice used in this study (8.2% for the practice
overall) may be due to the smaller area covered by this
practice being of relatively low socioeconomic status, or
to there being some selection of lower socioeconomic
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Figure 4 Spatial patterns of undiagnosed diabetes.

status patients to this practice. The higher 9.5% figure as
noted above is due to the relatively low proportion of
patients who were omitted due to having missing data
having diagnosed diabetes. This would be expected, as
most of those diagnosed would be regularly tested, and
conversely, most of those who were not suspected of
having diabetes would not be tested.

The patterns of our findings are consistent with
Andersen et al'” in the UK and Williams et a/* studies in
Australia, which found an association between area
deprivation and diagnosed diabetes. Our findings which

showed a slightly higher rate of undiagnosed diabetes in
areas with a low socioeconomic disadvantage are consist-
ent with the Boston Area Community Health (BACH)
study in the US A which confirms that undiagnosed dia-
betes is more prevalent in middle class, men and
younger population.***

The BACH study also shows that GPs are more likely
to diagnose diabetes from identical symptoms for those
people who they believe are likely to have diabetes. In
the USA, for example, undiagnosed signs and symptoms
of type 2 diabetes in the community are patterned by

8
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socioeconomic status rather than race/ethnicity, but fol-
lowing diagnosis by primary care physicians they are pat-
terned more by race/ethnicity (rather than by
socioeconomic status). They hypothesise that this appar-
ent discrepancy is due to the fact that US physicians,
probably unconsciously, attend to a patient’s more
visible racial and ethnic characteristics while overlooking
less obvious socioeconomic status characteristics. Our
findings suggest that a similar phenomenon may be
occurring in the Lefevre Peninsula in Adelaide, not with
race/ethnicity as the visible risk but with socioeconomic
status and overweight/obesity. GPs may be overlooking
less obvious diabetes risk factors, and/or not consider-
ing type 2 diabetes mellitus in those who do not fall
within the obvious risk categories, most particularly of
low socioeconomic status. When combined with the ten-
dency of these people to not present or attend, as the
higher socioeconomic status community is generally
healthier, thus they remain undiagnosed.

Previous studies of undiagnosed diabetes have been
based on surveys which collect both the patient’s self-
report information and blood tests to compare the self-
report and the clinical state of the patients. Such studies
are always constrained in size and geography. This study
shows that investigation of undiagnosed diabetes at GP
practice level with a reasonably large sample allows us to
describe patterns of undiagnosed diabetes in the popula-
tion and also does enable highlighting of areas where
active case finding may be warranted. As such it provides a
starting point for further studies which can use the
breadth of data available in GP practices to vastly broaden
the study of undiagnosed diabetes within Australia
drawing on the previous surveys, but without the need for
extremely large and expensive repeats of those surveys.

Moreover, this study shows that exploring the spatial vari-
ation in the pattern of diagnosed and undiagnosed dia-
betes, and estimating and visualising the prevalence of
diagnosed and undiagnosed at area level, can assist in
identifying communities with a high probability of having
significant numbers of people with undiagnosed diabetes.

Both the clinical data on which this study was based, and
the survey on which the modelling was based, were drawn
from a defined area within Adelaide. As such, while some
of the conclusions can be generalised to the whole of
Australia, others are likely to be area specific and not gen-
eralisable. In particular, both the clinical data and NWAHS
data find much higher levels of diagnosed diabetes than
any of the available national studies.'” This almost cer-
tainly reflects, in part, the socioeconomic status of the
population within these areas; for example, 28% of the
sample population live in SAls in the lowest national quin-
tile and 8% in the top quintile.

The clinical data on which the study was based included
a higher proportion of people with diagnosed diabetes
than the reported levels in the NWAHS. This may be due
to further socioeconomic concentration for members of
this particular general practice. The increase in diagnosed
diabetes levels when patients with missing data are

removed from the sample suggests that few people with
diagnosed diabetes are removed. The proportion of
people with undiagnosed diabetes in the group who are
deleted is of course not known, but as clinicians are more
likely to test those people who they believe are at risk of
diabetes it is probable that this group would have a rela-
tively low risk of having undiagnosed diabetes.

The BMI, which is a well-known major determinant of
diabetes risk, was not recorded for every individual in the
GP practice level data and only 35.1% of active patients
had a measured BMI in our sample data (3758 of 10 707).
However, we imputed those BMI with missing values,
based on a regression imputation model including all risk
factors such as age, sex, smoking status, blood pressure,
cholesterol level and pension in the model. While noting
that there is a general rule of thumb that imputation
should not be used for more than half a population, as
regression imputation was used we were in effect using a
synthetic estimate of the BMI where the original was not
available, so while subject to variation the estimates were
not subject to the biases potentially inherent in predictive
mean matching or hot-decking methodologies.

CONCLUSIONS

The method can be used to estimate prevalence of dia-
betes at different geographical scales from a GP catch-
ment to national level including demographics and
clinical risk factors.

The approach taken in this study provides an oppor-
tunity for researchers who have access to general prac-
tice based clinical data to further explore prevalence,
location and correlates of undiagnosed diabetes, and is
applicable anywhere in the world where these data are
available. This study flags the possibility that undiag-
nosed diabetes may be a problem of the less disadvan-
taged social groups, and illustrates a methodology which
can be used as a tool to identify areas of high levels of
unmet need for diabetes care. This could enable geo-
graphic targeting of effective interventions for enhan-
cing early and timely detection and management of
diabetes in those communities.
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