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Abstract

Background: Regional prevalence estimation requires epidemiologic data with substantial local detail. National
health surveys may lack in sufficient local observations due to limited resources. Therefore, corresponding
prevalence estimates may not capture regional morbidity patterns with the necessary accuracy. Health insurance
records represent alternative data sources for this purpose. Fund-specific member populations have more local
observations than surveys, which benefits regional prevalence estimation. However, due to national insurance
market regulations, insurance membership can be informative for morbidity. Regional fund-specific prevalence
proportions are selective in the sense that the morbidity structure of a fund’s member population cannot be
extrapolated to the national population. This implies a selection bias that marks a major obstacle for statistical
inference. We provide a methodology to adjust fund-specific selectivity and perform regional prevalence estimation
from health insurance records. The methodology is applied to estimate regional cohort-referenced diabetes mellitus
type 2 prevalence in Germany.

Methods: Records of the German Public Health Insurance Company from 2014 and Diagnosis-Related Group
Statistics data are combined within a benchmarked multi-level model. The fund-specific selectivity is adjusted in a
two-step procedure. Firstly, the conditional expectation of the insurance company’s regional prevalence given
related inpatient diagnosis frequencies of its members is quantified. Secondly, the regional prevalence is estimated
by extrapolating the conditional expectation using corresponding inpatient diagnosis frequencies of the Diagnosis-
Related Group Statistics as benchmarks. Model assumptions are validated via Monte Carlo simulation. Variable
selection is performed via multivariate methods. The optimal model fit is determined by analysis of variance. 95%
confidence intervals for the estimates are constructed via semiparametric bootstrapping.

Results: The national diabetes mellitus type 2 prevalence is estimated at 8.70% with a 95% confidence interval of
[8.48%, 9.35%]. This indicates an adjustment of the original fund-specific prevalence from − 32.79 to − 25.93%. The
estimated disease distribution shows significant morbidity differences between regions, especially between eastern
and western Germany. However, the cohort-referenced estimates suggest that these differences can be partially
explained by regional demography.

Conclusions: The proposed methodology allows regional prevalence estimation in remarkable detail despite fund-
specific selectivity. This enhances and encourages the use of health insurance records for future epidemiologic studies.
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Diabetes mellitus
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Background
Regional prevalence estimation has gained considerable
attention in epidemiologic research over the past years
[1–5]. Policymakers and health care providers need
reliable information on regional disease distributions to
plan comprehensive health programmes, like, e.g. the EU
Health Programme 2014–2020 in the European Union
[6]. Depending on the disease of interest and national
privacy regulations, corresponding figures may not be
recorded in registries and thus must be estimated. This
requires epidemiologic data with substantial local detail
to ensure stable results on regional levels. Large-scale
surveys, such as NHANES in the USA, represent solid
data bases for such a purpose. However, if a survey of
this size is not available, regional prevalence estimation
suffers from low accuracy. Using smaller surveys that
lack in sufficient local observations has to be viewed crit-
ically, as non-random local heterogeneity in health out-
comes has been found in several studies [7–9]. Thus,
using smaller surveys for regional prevalence estimation
encloses the risk of missing unobserved morbidity pat-
terns between regions. If multiple surveys on similar
topics are available, they can be combined to achieve
better results, as demonstrated by [3]. However, this case
is not considered within this study.
We discuss health insurance (HI) records as a substi-

tute for epidemiologic data obtained from large surveys
to perform regional prevalence estimation. They provide
four significant benefits. Firstly, the records are re-
source-efficient, as they do not have to be collected in
expensive surveys. Secondly, the member population of
a HI fund is typically large and has much more local
observations than a survey sample. This encloses an
information advantage on the local level that is crucial
for capturing regional morbidity patterns. Thirdly, HI
records contain a vast variety of health figures, like
diagnosis frequencies, required medicine, or medical
treatments. They are collected whenever a member faces
an insurance-relevant situation. This allows for more
flexibility in the analysis compared to a fixed set of sur-
vey observations. And finally, HI records can be used in
aggregated form to obtain prevalence estimates, as will
be shown in this study. Survey-based prevalence estima-
tion typically requires micro data, which is particularly
sensitive in the health context.
Besides these benefits, the utility of HI records for

prevalence estimation is frequently questioned. An im-
portant objection is that HI membership can be inform-
ative for morbidity. Depending on national HI market
regulations, there are several selection mechanisms asso-
ciated with HI membership. As a result, the morbidity
structure of a particular HI fund, especially in terms of
regional prevalence proportions within its member
population, does not necessarily apply to the national

population [10, 11]. We refer to this as fund-specific se-
lectivity. A salient example for fund-specific selectivity is
Germany for several reasons. In general, HI membership
is mandatory in Germany. However, the German HI
market is characterized by a rather unique distinction
between statutory HI and private HI. Roughly 90% of
the citizens are members of statutory HI funds and con-
tribute a fixed proportion of their monthly salary as pre-
mium. The remaining 10% are self-employed or citizens
with a salary above a certain threshold. They are allowed
to drop out of the statutory system and join a private HI
fund instead. In the majority of cases, private HI is more
expensive due to risk-based premiums, but provides
better HI benefits. As a consequence, the distinction
between statutory and private HI is linked to selectivity
in terms of income and socioeconomic status [12, 13].
Secondly, German HI funds had been associated with

specific clientele of the economy from the late nine-
teenth century until 1996. Thus, throughout the majority
of German HI history, HI membership was determined
by the branch of the economy a citizen was employed in.
This caused individual HI funds to cover industry-
dependent morbidity structures. Although this regula-
tion is now suspended, job-related morbidity differences
between HI member populations still exist to some
degree [10, 14]. And finally, there are considerable dif-
ferences in health outcome between regions, for example
when comparing the former territories of the Federal
Republic of Germany and the German Democratic Re-
public (western and eastern Germany) [9]. Since some
HI funds only cover regional populations, this is yet an-
other source of selectivity. Subsequently, HI membership
in Germany is informative for morbidity and there are
substantial prevalence differences between member pop-
ulations of German HI funds [9, 15, 16]. Therefore,
when performing regional prevalence estimation from
HI records, the researcher encounters a selection bias
that must be adjusted to obtain accurate results. While
it is plausible to conclude that not every aspect of the se-
lectivity can be accounted for, it is nevertheless possible
to adjust fund-specific regional prevalence proportions
and extrapolate them to the national population by using
suitable auxiliary data.
We propose a methodology to account for the fund-

specific selectivity of an individual HI fund’s morbidity
structure to perform regional prevalence estimation. HI
records and data of Diagnosis-Related Group Statistics
(DRG Statistics) are combined within a benchmarked
multi-level regression model that corrects the bias and
predicts highly detailed prevalence proportions in a two-
step procedure. Semiparametric bootstrapping is used to
construct 95% confidence intervals for the estimates.
Variable selection is performed via multivariate methods.
The optimal model fit is determined by analysis of
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variance (ANOVA). The model assumptions are vali-
dated by Monte Carlo simulation and cross-validation.
The methodology is applied to estimate regional

diabetes mellitus type 2 prevalence in Germany. This
disease is chosen for two reasons. Firstly, it is known to
be asymmetrically distributed among German HI funds
due to its close relation to socioeconomic status [10].
Secondly, there are large differences in diabetes mellitus
type 2 prevalence on regional levels, as shown by [17].
We use aggregated records of the German Public Health
Insurance Company (AOK) from 2014 to estimate age-
and sex-referenced prevalence proportions for all
German districts. Using the AOK member population as
initial data basis represents a valid test for the proposed
methodology, as it is known to have a fairly unique mor-
bidity structure that differs from the national population.
Prevalence of overweight and smoking is higher, whereas
socioeconomic status is on average lower compared to
members of other HI funds [13]. Further, AOK members
have the highest diabetes mellitus morbidity among all
German HI funds [15].

Methods
Data
AOK member population
The first data basis considered for this study is the HI
records of the AOK member population from 2014.
Here, AOK members are defined as all citizens that have
been enrolled for at least 1 day in 2014. Age and resi-
dence of the members were defined according to the lat-
est version of the data within the AOK member records
in the corresponding report year. The AOK covered
about 24.16 million members in 2014, which was
roughly 35% of all statutory HI members. From this
population, we extract aggregated records only, no per-
son-specific data is used. The aggregates are referred to
as cells and represent cross combinations of administra-
tive districts, age groups and sex. Germany consists of
402 districts, the age groups are constructed as I: 34 and
younger, II: 35–49, III: 50–69 as well as IV: 70 and older.
The total number of cells is 3216.
From the AOK member population, the total number

of AOK members per cell is retrieved to obtain informa-
tion on the regional demography. Further, the number
of AOK members that are diagnosed with diabetes melli-
tus type 2 per cell is extracted. The members concerned
are identified by an intersectoral disease profile within
the AOK records. See Appendix 1 for more details. In
addition to that, inpatient diagnosis frequencies of AOK
members per cell are gathered. The diagnoses are regis-
tered on ICD-3 level, both primary and secondary diag-
noses are included. Note that the data does not contain
information on how many AOK members were treated
with a given diagnosis in a German hospital, but on how

often a given diagnosis associated with AOK members
was treated in 2014 (count of cases, not persons). The
records are referenced by age group, sex and residence
of the AOK members. This allows an exact matching of
the inpatient diagnosis frequencies to the demographic
and prevalence data.

DRG Statistics
The second data basis is the DRG Statistics from 2014
published by the German Federal Statistical Office [18].
The data contains frequencies of inpatient main and
secondary diagnoses on the ICD-3 level. Analogous to
the hospital-related data set generated from the AOK
member population, it provides information on how
often a given diagnosis was treated in German hospitals
with respect to age group, sex and residence of the
patients. The data source is constructed as an annual
census. All German hospitals are obliged to provide the
corresponding information to a certain reference date.
Note that the records are aggregated on the cell level, no
person-specific data is required. The aggregated records
allow an exact matching to the records of the AOK
member population. However, the data does not only in-
clude AOK members, but all German citizens that have
been hospitalized in a given year. Therefore, the records
of the DRG Statistics represent a national population
analogue to the inpatient diagnose frequencies of the
AOK member population.

Population statistics
The third data basis is the population statistics from
2014 published by the German Federal Statistical Office
[19]. These records contain information on how many
citizens live within an individual cell in the national
population. The data corresponds to the population
status on 31 December 2014. The data represents a
national population analogue to the demographic data of
the AOK member population.

Data usage
These three data bases are now combined within a
statistical framework that allows regional prevalence
estimation despite fund-specific selectivity. The general
idea is to adjust the resulting selection bias in a two-step
procedure. Firstly, the conditional expectation of the
regional AOK prevalence given regional demography
and suitable comorbidity variables of the AOK members
is quantified. The suitable comorbidity variables are ob-
tained by means of variable selection from the inpatient
main and secondary diagnosis frequencies of the AOK
member population. Secondly, the conditional expect-
ation is extrapolated to the national population by using
the population statistics and the corresponding DRG
Statistics analogues to the selected comorbidity variables
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as benchmarks. If regional demography and comorbidity
variables enclose sufficient explanatory power for the
disease of interest, then the structural morbidity
differences between the populations can be explained by
a suitable regression model. This model then allows a
bias-adjusted regional estimation of the national popula-
tion prevalence.

Statistical framework
Note that although regional prevalence estimation is
discussed in a specific data setting within this paper, the
subsequent statistical framework is formulated such that
it can also be applied to others. Assume the member
population of a single HI fund and all its health-related
information are available as the initial data source. Let U
denote the national population of size N, whose preva-
lence of a given disease shall be estimated locally and
with respect to age and sex. U can be expressed as the
unification of members ~U and non-members Unf ~Ug of
the HI fund. Within the model, U can be additionally
structured into three hierarchical levels of aggregation:

➢ Level 1: regions r of size Nr (r = 1, …, R),
➢ Level 2: districts d of size Nrd (d = 1, …, Dr),
➢ Level 3: cells c of size Nc

rd (c = 1, …, C), representing
age and sex combinations.

The total number of cells C within a district is deter-
mined by the number of age groups the researcher wants
prevalence estimates for. The cell sizes Nc

rd as well as

the share of members ~N
c
rd=N

c
rd within each cell are

known from HI records and population statistics. For
simplicity, it is assumed that every cell has a non-empty

subset of members ( ~N
c
rd > 0∀r; d; c ). This assumption

will be further discussed in the “Discussion” section. The
objective is to estimate the cell level prevalence for the
national population U. Let ycrd be the unknown number
of diseased citizens in cell c of district d in region r.
From the HI records, the number of diseased members
~ycrd ≤y

c
rd within each cell is known. Due to the fund-spe-

cific selectivity in terms of morbidity, a prevalence
scaling of ~ycrd that is achieved by accounting for observ-
able demographic differences between the members and
the national population on cell level obtains biased esti-
mates of ycrd :

E
�Nc

rd

~N
c
rd

~ycrd
�
≠ycrd ∀r; d; c; ð1Þ

where Nc
rd=

~N
c
rd denotes the demographic scaling factor.

Accordingly, there are systematic differences between
the prevalence of the member population and the

national population on cell level. This marks the baseline
problem of our contribution.
Expression (1) implies that estimating the unknown

ycrd from the known ~ycrd by exclusively considering age
and sex is invalid. Subsequently, an additional data
source that further explains the prevalence differences
between the member population and the national popu-
lation on cell level is required for unbiased estimates. If
a data source explaining all differences between the pop-
ulations exists, then ~ycrd can easily be adjusted in order
to quantify ycrd . However, given potential privacy issues
mentioned earlier, it is unlikely that such information
can be found in a single data set. Therefore, the required
information must be retrieved from multiple data
sources, as described hereafter.
First, a data set containing comorbidity variables with

regard to the disease of interest has to be found for the
national population. As explained previously, inpatient
main and secondary diagnosis frequencies from the
German DRG Statistics are used for this purpose within
this study. The corresponding records are available on
the cell level we seek prevalence estimates for. Next, a
member analogue of this data has to be generated for the
member population using the HI records. Given the
detailed information the HI collects on its members, this
represents no further issue. Note that the latter data set
exclusively corresponds to the member population, but
encloses the same variables on cell level as the records of
the DRG Statistics. We refer to these two data sets as na-
tional population and member population auxiliary data.
The auxiliary data is likely to contain some informa-

tion that is irrelevant for the disease of interest. There-
fore, some form of variable selection must be performed
in order to preserve degrees of freedom, keep the vari-
ance of the model parameter estimates on acceptable
levels and thus ensure stable prevalence estimates. The
choice of a variable selection criterion should be deter-
mined by the disease of interest. If it is a disease that is
likely to have strong predictors within the auxiliary data,
then correlation analysis or information criteria (e.g.
AIC, BIC) may be appropriate. An example for such a
case is a disease that usually requires hospitalization,
while the auxiliary data contains inpatient records. How-
ever, for a disease that has no obvious predictors in the
auxiliary data, the relevant comorbidity variables may be
enclosed as latent variables in the data. These latent var-
iables could then be retrieved by multivariate methods
like principal component analysis or cluster analysis.
Accordingly, also diseases not directly linked to the aux-
iliary data can be estimated.
Once a set of predictors has been identified within the

HI auxiliary data, this exact set must be isolated in the
national population auxiliary data as well. Let X denote a

(C �PR
r¼1Dr � P)-matrix of selected national population
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auxiliary variables on the cell level. Let ~X be the member
analogue matrix of X with the same dimensions. Further,
let xcrd and ~xcrd be (1 × P)-vectors representing the corre-
sponding auxiliary data for a specific cell. If the auxiliary
data can sufficiently explain the prevalence differences
between the two populations, then their conditional
expected cell level prevalences have the relation:

E
h
ycrd

���Nc
rd; x

c
rd ¼ ðxc1rd;…; xcPrdÞ

i

¼ E
h
~ycrd

���
��� ~Nc

rd; ~x
c
rd ¼ ð~xc1rd;…; ~xcPrdÞ

i
:

ð2Þ

Hence, after conditioning on the different cell sizes of the
populations and the auxiliary data, there are no systematic
prevalence differences between national population and
member population in expectation anymore. If this holds,
the information advantage in the HI records can be used to
estimate the conditional expectation of ~ycrd given ~xcrd very
precisely. Then, ycrd can be estimated using xcrd as bench-
mark. As Eq. (2) marks a crucial assumption for the model
introduced hereafter, its validity has to be evaluated care-
fully. In particular, two conditions required for inference
have to be established. Firstly, predicting regional prevalence
proportions from inpatient diagnosis frequencies must be
possible. This is validated by a Monte Carlo simulation
using the HI records. Resamples are drawn from the
member population under several scenarios that mimic
the structural morbidity differences between the members
and the national population. The regional prevalence pro-
portions of the resample populations are estimated from
the corresponding inpatient diagnosis frequencies by ex-
trapolating the conditional expectation of the member
prevalence given the member auxiliary data. If the results
are unbiased in expectation, inferring the prevalence pro-
portions from the hospital case numbers is valid.
Secondly, extrapolating the members’ prevalence pro-

portions after morbidity adjustment to the national
population must be valid. This is checked via cross-val-
idation within the hospital data. The inpatient diagnosis
frequencies of the disease of interest on the cell level are
used as a proxy for the real prevalence. Note that the in-
patient diagnosis frequencies are known for both the
member and the national population. The conditional
expectation of the member’s inpatient frequency of the
disease of interest given closely related inpatient diagno-
sis frequencies is extrapolated to the national population
using the national population inpatient diagnose fre-
quencies as benchmarks. If the results are in expectation
equal to the real national population inpatient frequency
of the diagnosis of interest, this aspect of inference is
valid as well. Within this study, both conditions could be
successfully established.

Model
The principle of equality in conditional expectations is
now used to model the cell level prevalence of the
national population. We consider a linear mixed model
[20] with a multi-level structure:

yrd ¼ Xrdβr þ Zrdbrd þ erd; ð3Þ
with yrd as (C × 1)-vector of cell level prevalence figures,
Xrd as (C × P)-matrix of fixed effect covariates and βr as
(P × 1)-vector of fixed effects. Zrd is a (C ×Q)-matrix of
random effect covariates, while brd ∼N(0,Ψ) is a (Q × 1)-
vector of random effects with some positive-definite
variance-covariance matrix Ψ. erd∼Nð0; σ2

r ICÞ is a (C ×
1)-vector of cell-specific random errors with regional
variance parameter σ2r . We further assume Cov(brd, erd) =
0. Note the different levels of the model components.
The fixed effects in βr are allowed to vary systematically
over regions, while the random effects in brd vary
randomly over districts. With the random errors in erd
varying over cells, variation is captured on all levels of
aggregation. This enables accounting for the spatial het-
erogeneity discussed earlier. The model is fitted on the
regional level; thus, a set of R sub-models is obtained:

yr ¼ Xrβr þ Zrbr þ er ∀r ¼ 1;…;R; ð4Þ
where yr ¼ ðyr1;…; yrDr

Þ0 , Xr ¼ ðXr1;…;XrDr Þ0 and Zr

¼ diagðZr1;…;ZrDr Þ . Note that br ∼N(0,Ψr) with Ψr =
blockdiag(Ψ) and er∼Nð0; σ2

r ICDr Þ . In order to estimate
the model parameters, a sufficient number of observa-
tions from the endogenous variable is required.
However, since the national population prevalence is not
observed on cell level, the member prevalence ~ycrd is used
as a proxy. This is valid due to the equality of
conditional expectations established in (2). Hence, as the
functional relation between the prevalence and the auxil-
iary data is the same for both populations, we are able to
estimate the parameters required for modelling the
national population prevalence from the HI records. The
parameter estimates are, thus, given by [21]:

β̂r ¼ ð~X
0

rV̂
−1
r

~XrÞ−1 ~X
0

rV̂
−1
r ~yr;

b̂r ¼ Ψ^r Z
0
rV̂

−1
r ð~yr−~Xrβ̂rÞ

ð5Þ

with ~Xr and ~yr as member analogues of Xr and yr.

V̂ r is an estimate of V ¼ ZrΨrZ
0
r þ σ2

r ICDr where the
variance parameters are estimated via restricted max-
imum likelihood. Afterwards, the estimated model pa-
rameters are combined with the total population
auxiliary data as benchmarks in order to estimate the
cell level prevalence of the national population ac-
cording to

ŷcrd ¼ xc
0
rdβ̂r þ zc

0
rdb̂rd; ð6Þ
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where xcrd;z
c
rd are the elements of Xr, Zr corresponding

to a given cell. The resulting estimates then have the
following regional distribution under the model
assumptions:

ŷr∼NðXr β̂r ;ZrΨ̂rZ
0
r þ σ̂2r ICDr Þ: ð7Þ

Results
Empirical specification
The methodology is applied to estimate the diabetes
mellitus type 2 prevalence for the national population of
Germany in 2014 on cell level. As stated before, cells
represent cross combinations of administrative districts,
age groups and sex. Note that Germany consists of 16
federal states which correspond to the regions within the
“Methods” section. With regard to the region-specific
model fit (4), the fixed effects thus vary between federal
states. However, in view of potential other applications,
it is important to mention that the number of regions
(and thus sub-models) should not only depend on the
population structure, but also on model complexity.
Sophisticated model specifications and random effect de-
signs are usually costly in terms of degrees of freedom.
Hence, depending on the complexity, it may be useful to
combine geographic territories in order to have more
cells for model parameter estimation per region. Accord-
ingly, there is a trade-off between accounting for local
heterogeneity and model parameter variance.
A set of 10 diagnoses from the DRG Statistics and

demographic information, such as cell size, age group
affiliation and sex, are taken as fixed effects. The 10
diagnoses were chosen via correlation analysis of the
AOK member diabetes prevalence and the inpatient
diagnosis frequencies of the AOK members. Note that
this analysis was performed for each region individually
in order to account for systematic heterogeneity. We
provided the 10 most frequently elected diagnoses sub-
sequently in alphabetical order:

– E11 (secondary): Type 2 diabetes mellitus
– E78 (secondary): Disorders of lipoprotein

metabolism and other lipidemias
– E87 (secondary): Other disorders of fluid, electrolyte

and acid-base balance
– G81 (secondary): Hemiplegia and hemiparesis
– I10: (secondary) Essential (primary) hypertension
– I48 (main): Atrial fibrillation and flutter
– I63 (main): Cerebral infarction
– K29 (secondary): Gastritis and duodenitis
– M16 (main): Osteoarthritis of the hip
– T81 (secondary): Complications of procedures,

not elsewhere classified

Note further that we are not allowed to provide any of
the corresponding fixed effect sizes (regional beta values)
due to disclosure restrictions. Random effects for several
predictors are specified on the district level. The inclu-
sion of multi-level interaction terms is evaluated via
ANOVA and the conditional Akaike information criter-
ion proposed by [22], but using the stronger penalty for
additional parameters of the Bayesian information criter-
ion due to limited degrees of freedom. Semiparametric
bootstrapping with 1000 replicates is applied to con-
struct 95% confidence intervals for the estimates accord-
ing to [23].

Prevalence estimates
The estimated nationwide diabetes prevalence of the
national population is 8.70% with a 95% confidence
interval [8.48%, 9.35%]. This implies a relative adjust-
ment of the nationwide AOK member population preva-
lence from − 32.79 to − 25.93% by the model. Note that
these figures refer to the crude prevalence only. How-
ever, as the estimates are on cell level, the crude preva-
lence can be depicted for any cohort individually and
thus allows for age and sex adjustment.
Figure 1 shows the distribution of the relative preva-

lence adjustments from the AOK member population to
the national population. The results are displayed on the
district level. As can be seen, the majority of prevalence
adjustments is negative. The overall distribution ranges
from − 59.58 to 1.84% with mean − 28.06%.
In Fig. 2, the estimated national population prevalence

is compared to the AOK member population prevalence
on the district level with respect to the four age groups
defined in the “Methods” section. The graph suggests
that the morbidity differences between the two popula-
tions are not uniform over all cohorts. The relative age-
specific prevalence adjustments are:

– Age group I, − 20.37%
– Age group II, − 28.46%
– Age group III, − 30.83%
– Age group IV, − 22.27%

While prevalence densities in age groups I and IV are
comparatively similar, the differences in age groups II
and III are more significant. Accordingly, the morbidity
differences between the AOK member population and
the national population are most evident in cohorts that
enclose the majority of the working population.
Figure 3 displays the estimated diabetes prevalence of

the national population on the district level. A high
diabetes morbidity can be seen in the former territory of
the German Democratic Republic (eastern Germany).
This is potentially due to the relatively high level of
economic deprivation in these regions, given the fact
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that diabetes has been frequently associated with low
economic status in past studies. Further, eastern
Germany is inhabited by large fractions of elderly. Youn-
ger citizens tend to move to areas with more economic
activity and better job perspectives. Since diabetes mor-
bidity also increases significantly with age, it is expected
that the highest prevalence is located in this part of the
country. The region with relatively low diabetes preva-
lence in the northeast of Germany is Berlin. It likely has
a smaller morbidity because it is the nation’s capital and
thus attracts a large number of younger citizens.
Figure 4 shows the estimated diabetes prevalence of

the national population on the district level with respect
to age group I. As can be seen, the morbidity differences
between eastern and western Germany are far less

evident than in Fig. 3. While there is still a slight north-
east-southwest gradient in the map, the overall distribu-
tion is much more homogeneous. This implies that the
differences in local diabetes morbidity are partially ex-
plainable by regional demography.

Validation
The presented results are now validated using external
information on diabetes mellitus type 2 prevalence in
Germany from past studies. However, note that an ac-
tual numerical comparison of our estimates to existing
data is mainly possible on the national level due to a lack
of reliable regional figures. For regional results, only gen-
eral patterns can be compared convincingly, as external
regional prevalence estimates are usually obtained from

Fig. 1 Relative prevalence adjustment on district level

Fig. 2 Comparison of age-specific prevalence densities
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survey data with few local observations and thus subject
to high uncertainty.
The estimated nationwide prevalence is compared to

administrative diabetes mellitus type 2 records published
by [24]. They derived prevalence figures from ambulatory
physician reimbursement data for all statutory HI mem-
bers in Germany for the years 2009 to 2015. For 2014,
they estimated an overall prevalence rate of 9.37% for the
statutory HI member population. As our estimates refer
to the national population, including statutory HI as well

as private HI members, and private HI members are
known to have significantly lower diabetes morbidity rela-
tive to the statutory HI average [15], the national popula-
tion prevalence has to be further adjusted to estimate the
statutory HI prevalence (see the Appendix 2 for details).
The resulting prevalence of the statutory HI member
population based on our model is 9.36% with a 95%
confidence interval of [8.68%, 10.27%]. Accordingly, the
estimated statutory diabetes prevalence is consistent with
the administrative statutory prevalence records.

Fig. 3 Estimated district level prevalence
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Regarding the adjustment behaviour of the model,
Figs. 1 and 2 suggest that the prevalence estimates
are mainly obtained from negative adjustments of the
original AOK member prevalence. This is consistent
with the results of [10, 15, 16], who found that the
AOK has the highest diabetes prevalence among all
German HIs. This consistency and the consistency in
terms of the administrative prevalence records make a
strong case for the effectiveness of the proposed
methodology. Regarding the estimation of regional

prevalence patterns, the estimated diabetes distribu-
tion shows the northeast-southwest gradient with
large morbidity differences between eastern and west-
ern Germany. Corresponding findings have also been
obtained from administrative records by [24] and
from survey data by [17, 25].
We further compare our estimated diabetes distribu-

tion numerically to survey-based estimates published by
[25]. The corresponding figures are on the federal state
level and referenced by sex. In the following, we focus

Fig. 4 Estimated district prevalence, 34 and younger
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on the male population. Corresponding estimates are
obtained from the nationwide health survey “Gesundheit
in Deutschland aktuell (GEDA)”. It encloses roughly 10,
000 male participants and was conducted in 2014 and
2015. It covers both statutory and private HI members
(see [26] for more details). However, in the light of the
issues associated with regional prevalence estimates from
survey data, the validity of the subsequent comparison is
very limited. Further, the authors used a different profile
to identify diabetes mellitus type 2 (12-month preva-
lence). Therefore, we only compare our model estimates
to survey-based 95% confidence intervals stated in this
publication. Given the limited validity of the comparison,
this should not be overemphasized.
Table 1 shows our prevalence estimates for the male

population on the federal state level. The model estimates
are compared to survey-based confidence intervals of [25]
obtained from GEDA. It can be seen that the model esti-
mates coincide with the survey-based intervals for 14 out
of 16 federal states. Accordingly, the model results are
consistent with the survey-based results for the majority
of regions. However, they do not coincide with the survey-
based results for Thuringia and Mecklenburg-Western
Pomerania. Here, it is important to mention that when
looking at other studies, the survey-based results obtained
from GEDA for these two federal states are implausibly
low. The results from the administrative records published
by [24], which cover millions of statutory HI members,
display Thuringia and Mecklenburg-Western Pomerania

among the highest in terms of diabetes mellitus type 2
prevalence, which is consistent with our model estimates.
Although the administrative records refer only to statutory
HI members, this discrepancy to the survey-based GEDA
results cannot be caused exclusively by the not-covered
private HI members. Accordingly, our model estimates for
Thuringia and Mecklenburg-Western Pomerania are
more plausible.

Discussion
The comparison of our model estimates with results from
past studies suggests that regional prevalence estimation
can be performed accurately from health insurance
records despite fund-specific selectivity. However, the pre-
sented methodology has some limitations that are dis-
cussed hereafter. Firstly, it is mainly applicable to diseases
that are either very common or have closely-related co-
morbidities that can be retrieved from inpatient diagnosis
frequencies. Within this study, we considered diabetes
mellitus type 2, which is both a common medical condi-
tion and also known to have comorbidities that are visible
in hospital data. In a joint research project with the AOK,
we further obtained comparably good results for various
other diseases, e.g. dementia or myocardial infarction.
However, the method showed poor performance for rare
diseases without closely-related comorbidities in hospital
data, such as multiple sclerosis.
In some cases, if a disease has no strong predictors

within inpatient diagnosis frequencies, other routine data
sources for prevalence adjustment may be suitable instead.
A potential alternative could be records on ambulatory
treatments or prescribed medicine. In Germany, corre-
sponding data is gathered by the Association of Statutory
Health Insurance Physicians. However, despite being gen-
erally of interest for prevalence adjustment, these records
enclose information on statutory HI members only and are
therefore not suitable for statistical inference regarding pri-
vate HI members. Further, the data is at least partially only
available at higher levels of aggregation. The usage of auxil-
iary data with a higher aggregation level than the desired
prevalence estimates requires the fund-specific selectivity
to be sufficiently adjustable on the higher level. Selectivity
on smaller scales cannot be accounted for. Accordingly,
the usage of these alternative data sources for prevalence
estimation as presented strongly depends on the nature of
the fund-specific selectivity and the target of inference.
Another situation that may be problematic for the

methodology is when the comorbidity variables selected
for prevalence adjustment show regional morbidity pat-
terns that do not exist within the actual distribution of the
disease of interest. If these patterns are strongly evident
over all predictors, then a prevalence adjustment would
lead to false implications regarding the regional prevalence

Table 1 Comparison of federal state prevalence, male
population

Federal state Model
estimate (%)

GEDA 95%
confidence
interval (%)

Schleswig-Holstein 06.72 06.2–10.7

Hamburg 04.90 04.3–08.7

Bremen 08.16 04.8–13.4

Lower Saxony 07.98 06.0–09.5

North Rhine-Westphalia 08.16 07.1–10.2

Hesse 08.18 06.8–10.2

Rhineland-Palatinate 09.03 08.9–12.5

Baden-Württemberg 08.21 05.6-08.7

Bavaria 08.32 06.5–09.5

Berlin 06.97 04.8–09.1

Saarland 10.17 07.8–14.2

Mecklenburg-Western Pomerania 12.02 04.6–10.0

Brandenburg 11.72 09.4–16.5

Saxony-Anhalt 13.78 12.2–22.4

Thuringia 12.64 07.0–09.6

Saxony 12.67 07.8–17.1
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to be estimated. An example could be knee replacement,
for which arthrosis is the corresponding diagnosis.
A further limitation that was already mentioned in the

“Methods” section is the cell size required for prevalence
estimation. For simplicity, we demanded that the num-
ber of members per cell is not zero. This ensures that
the functional relation between the diagnosis of interest
and the auxiliary data is extracted from all cells for
which prevalence estimates are desired. Note that this
condition simplifies capturing morbidity patterns on
local levels, but is technically not essential when making
further homogeneity assumptions. However, in a clas-
sical estimation framework also, cells with a few mem-
bers would be problematic, as they would lead to high
variance in prevalence estimates. But as our approach
marks a special case of small area estimation [21], the
presented methodology is able to account for such cases.
By calculating the conditional expectation of the cell
prevalence given the inpatient diagnosis frequencies, we
borrow strength from other cells and stabilize estima-
tion. In fact, by extrapolating the conditional expect-
ation, it is even possible to produce prevalence estimates
for cells with zero members, as long as the auxiliary data
has sufficient explanatory power, and the number of
empty cells is not too large. If there is a substantial share
of empty cells within a region, then the proposed multi-
level model collapses due to zero inflation. In that case,
other model types have to be considered (e.g. zero-in-
flated Poisson models).
Nevertheless, the proposed adjustment of HI member

records for regional prevalence estimation holds a var-
iety of advantages over survey-based methods. The first
advantage is the level of regional detail for which
prevalence estimates can be obtained. Model-based
estimation methods are known to be much more
stable relative to design-based methods for small ag-
gregates [21]. Accordingly, even highly referenced
prevalence estimates can be obtained with acceptable
variance levels. The second advantage is a significant
reduction in survey costs. With the proposed method-
ology, regional prevalence estimation does not require
cost-intensive extended surveys. Instead, it is suffi-
cient to use routine data that is collected automatic-
ally. The third advantage is the richness of HI records
in terms of analysis possibilities. The variety of
health-related information collected by HI funds al-
lows for the investigation of many health-related
research questions. The fourth advantage is privacy
protection. The approach does not require micro-level
data unlike many survey-based methods, which is par-
ticularly sensitive in the health context.
A remaining question is whether health insurance

records can also be adjusted for other purposes than
regional prevalence estimation. Generally, it seems

plausible that the proposed methodology could be applied
to different forms of medical research, e.g. clinical studies.
The inclusion of routine data for benchmarking as pre-
sented could enhance propensity score matching that is
often used in experiments. However, this is beyond the
scope of this paper and thus subject to further research.

Conclusions
A methodology to perform regional prevalence estimation
from health insurance records despite fund-specific select-
ivity was proposed. The morbidity patterns of an individ-
ual health insurance fund were adjusted by conditioning
the company-specific disease distribution on inpatient
diagnosis frequencies. Using a multi-level linear mixed
model, the conditional expectation was extrapolated using
DRG Statistics data as a benchmark. An application was
provided on the example of diabetes mellitus type 2 preva-
lence in Germany. The model managed to estimate age
and sex referenced prevalence for all German districts. It
was further able to reproduce available administrative
prevalence figures with good accuracy. The approach con-
tributes to future research and policymaking, as it allows
regional prevalence estimation in great detail while redu-
cing response burden and survey costs.

Appendix 1
Identification of AOK members with diabetes mellitus type 2
In the following, it is described how AOK members with
diabetes mellitus type 2 were identified in the corre-
sponding health insurance records. The identification
was based on intersectoral data sets. Patients with ambu-
latory or inpatient diabetes diagnosis (ICD E10 - E14)
are considered type-2-diabetes patients, if at least one of
the following conditions during the respective calendar
year is met:

– Patients have no insulin prescription (ATC code
A10A)

– Patients have prescriptions of other antidiabetics
excl. metformin (ATC code A10B or A10X excl.
A10BA02)

– Inpatient with main diagnosis of only type-2-
diabetes (ICD E11, no ICD E10 and no ICD E13)

– Participation in type-2-diabetes disease management
programme DMP

– Ambulatory and inpatient secondary
diagnoses—unambiguous cases (only ICD E11
diagnoses, no ICD E10 and no ICD E13)

– Ambulatory and inpatient secondary
diagnoses—relative frequency with majority of ICD
E11 diagnoses and number of cases with ICD E11
diagnoses ≥ other cases (ICD E10, ICD E13) + 2.
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For the ICD codes, the international statistical
classification of diseases and related health problems,
German modification (ICD-10-GM) was used. ATC
corresponds to the German anatomical therapeutic
chemical classification.

Appendix 2
Prevalence estimation with respect to statutory HI members
In the following, it is described how the prevalence
estimates obtained from model (4), that refer to both
statutory HI and private HI members, are adjusted in
order to quantify statutory HI member prevalences
only. This is done in order to compare the model es-
timates to the results from [24], which refer exclu-
sively to statutory HI members. Note that the records
of the DRG statistic cannot be separated in statutory
HI and private HI members. This is why a different
adjustment is required. The adjustment is performed
on the regional level using AOK records, national
population demographic data obtained from [19],
statutory HI member population demographic data
obtained from [27] and epidemiologic information
published by [15].

Step 1: Quantifying the regional private HI members

Let Nr denote the number of individuals (both
statutory HI and private HI) in region r known from
[19]; let NSHI

r be the number of statutory HI members
obtained from [27]. The number of PHI members in
r is then given by:

NPHI
r ¼ Nr−NSHI

r :

Step 2: Estimating the regional private HI prevalence

In [15], the diabetes mellitus prevalence of several
HI funds were compared. They used survey data
from 2004 to 2008 (total of 15089 participants) to es-
timate prevalence ratios between funds while
controlling for several confounding variables. They
also provided a ratio estimate of the crude AOK
prevalence relative to the non-standardized overall
private HI prevalence. Let this estimate be denoted
by α̂ . Assuming the ratio describes the prevalence
relation between AOK and private HI members for
all regions in expectation, it can be used to estimate
the regional private HI prevalence using the known
regional AOK prevalence yAOK

r :

ŷPHI
r ¼ yAOK

r NPHI
r

NAOK
r α̂

:

Step 3: Estimating the regional statutory HI prevalence

At this stage, the regional statutory HI prevalence
can be estimated from the model predictions ŷr and
the private HI estimates ŷPHI

r obtained from the upper
adjustment:

ŷSHI
r ¼ ŷr−ŷ

PHI
r :

The estimated statutory HI prevalence rate is then
obtained after dividing ŷSHI

r by the known NSHI
r . The

estimates are concluded to be valid, if

PR
r¼1ŷ

SHI
rPR

r¼1N
SHI
r

≈
ySHI
Re fPR

r¼1N
SHI
r

;

where ySHI
Ref denotes the reference prevalence. Note that

only a comparison over all R regions (not the individual
regions) is valid, as the estimated ratio α̂ is not spatially
dividable.
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