
Introduction

Prevalence and incidence rates in general
practice are used by scientists to monitor
symptoms and diseases in the population,
by policymakers to formulate and to evalu-
ate health care policy, and by general prac-
titioners to make probability diagnoses.
Under certain conditions, listed below, the
data from electronic medical records
(EMRs) in general practice are a valuable
source for estimating these rates.

A necessary condition for estimating
morbidity rates from EMRs is that patient
lists are available. These lists are needed to
determine the size of the underlying practice
population, i.e., the denominator of the mor-
bidity rates. Countries with a list system,
such as the Netherlands, Denmark, the
United Kingdom, Italy, Spain, Portugal, and
Slovenia, are also countries with a gatekeep-
ing system [1].The presence of such a system
is a very favorable condition, because within
this system, the main pathway to medical
care is through general practice. Hence, mor-
bidity rates in general practice within these
systems provide a good indication of the
health status of the general population [2, 3].

Another requirement is that general
practitioners record coded diagnoses in
their EMRs. To estimate incidence rates,
knowing whether diagnoses refer to a new
or a continuing health problem is an addi-
tional prerequisite. Furthermore, all diag-
noses need to be grouped into episodes to
estimate the numerator of the morbidity
rates. An episode of care includes “all en-
counters for the management of a specific

health problem”[4]. Consider, for example,
a patient who consults the general practi-
tioner for a tension headache (diagnosis a),
which, the next day, develops into a mi-
graine (diagnosis b). Most likely, both diag-
noses refer to the same health problem
which, when estimating morbidity rates,
should be counted only once, namely as a
case of migraine. To avoid double counting,
the two diagnoses need to be grouped in one
episode of care named ‘migraine’.

Diagnoses can be grouped into episodes,
either directly by the general practitioner, or
afterwards, through manual review or use of
a computerized method. In an earlier study
[5], we described the development of an ap-
plication called EPICON, which can be used
for the grouping of coded diagnoses from
EMRs in general practice into episodes of
care. EPICON renders it possible to esti-
mate morbidity rates from EMRs in general
practice without having to resort to expen-
sive and time-consuming manual review.

EPICON is based on a combination of
logical expressions, a decision table, and in-
formation extracted from manually grouped
diagnoses by case-based reasoning. Pre-
vious research on the process of grouping
diagnoses shows that EPICON groups 95%
of all diagnoses correctly [5]. The present
study focuses on how the grouped diagnoses
translate into morbidity rates. In this study,
we will examine if EPICON serves its pur-
pose by comparing morbidity rates based on
EPICON to a gold standard.

The prevalence and incidence rates from
the second Dutch National Survey of Gen-
eral Practice (DNSGP-2) are considered as
the gold standard [6-8]. In the DNSGP-2,
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Objectives: In this study, we evaluated the internal
validity of EPICON, an application for grouping ICPC-
coded diagnoses from electronic medical records into
episodes of care. These episodes are used to estimate
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pared to a gold standard; i.e. the rates from the second
Dutch National Survey of General Practice. We calcu-
lated the deviation from the gold standard for 677
prevalence and 681 incidence rates, based on the full
dataset. Additionally, we examined the effect of case-
based reasoning within EPICON using a comparison to
a simple, not case-based method (EPI-0). Finally, we
used a split sample procedure to evaluate the per-
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deviate only slightly from the gold standard and show
no systematic bias. The effect of case-based reasoning
within EPICON is evident. The addition of case-based
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for this study population. EPICON seems useful for
registries in general practice for the purpose of esti-
mating morbidity rates.
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diagnoses from 89 general practices were
grouped afterwards into episodes by a semi-
computerized method.This method consists
of a computerized component, in which
diagnoses are grouped automatically, and a
manual component, in which diagnoses are
grouped by medical coders.

The development of EPICON started
with a simple, fully computerized method,
called EPI-0. This variant is identical to the
computerized component of the semi-com-
puterized method, but instead of referring
‘difficult diagnoses’ to the manual com-
ponent, it groups all remaining diagnoses
automatically as separate episodes. EPI-
CON groups these remaining diagnoses by
case-based reasoning. In this process, EPI-
CON imitates the manual grouping by re-
trieving and reusing information and
knowledge from the DNSGP-2 dataset. For
instance, EPICON solves the grouping
problem in the example above by counting
how often, in the DNSGP-2 dataset, manu-
ally grouped combinations of migraine and
tension headache were placed together into
one episode. The appendix provides a brief
description of EPICON and EPI-0.

The main aim of this study is to assess the
internal validity of EPICON. Internal vali-
dation refers to the performance of a system
in a sample used to develop the system. Inter-
nal validation is a requirement for external
validation, which refers to the performance
of a system in a new sample of patients [9].

In this study, we will address the follow-
ing research questions:
1) What is the deviation from the gold stan-

dard for morbidity rates based on EPI-
CON? In particular, what is the effect of
case-based reasoning on the deviation
from the gold standard?

2) What is the performance of EPICON
among patients not included in the devel-
opment of EPICON but from the same
population?

Methods
Dataset
We used data from EMRs of practices as-
sociated with the Netherlands Information

Network of General Practice (LINH) [10,
11]. The general practitioners within this
network assign diagnosis codes to consul-
tations, prescriptions, and referrals. The
diagnoses are coded according to the Inter-
national Classification of Primary Care
(ICPC, first edition) [12]. This classifi-
cation system includes 685 different diag-
nosis codes, classified into 17 chapters each
of which refers to a specific body system or
problem area. Within each chapter, codes
1-29 refer to symptoms and complaints, and
codes 70-99 refer to diseases.

Each consultation diagnosis is character-
ized as either belonging to a new or an on-
going ‘type of episode’. A new episode
refers either to a newly presented health
problem or to a recurrent health problem,
while an ongoing episode describes a con-
tinuing health problem.

Representativeness
The 89 practices are representative of all
Dutch general practices with respect to re-
gion of residence (i.e. the province in which
the practice is located), dispensing status
(i.e. whether the practice is permitted to dis-
pense its own prescriptions), and degree of
urbanization. Solo practices, however, are
slightly underrepresented in this sample
(53% versus 64%) [13]. The patient popu-
lation comprises a representative sample of
2% of the Dutch population regarding age,
gender, and type of medical insurance [14].

Episode Construction
Within the framework of the DNSGP-2, epi-
sodes were constructed afterwards for 89
LINH practices for a period of one year
(2001). Episodes were named after the last
disease code within an episode. If no disease
code existed, the episode was named after
the last symptom code within an episode. In
this study, we regrouped all diagnoses in
these 89 practices into episodes using both
EPI-0 and EPICON. Consequently, we had
one dataset with three different episode con-
structions: 1) the existing DNSGP-2 epi-
sodes (the gold standard), 2) the EPI-0 epi-
sodes, and 3) the EPICON episodes [5].

Split-sample
We used a split-sample approach to examine the
performance of EPICON.This approach allows
for overestimation, a well-known statistical
problem where a model is fitted and evaluated
using the same dataset [15]. We randomly split
the group of patients with diagnoses (n =
256,227) in half.We used half of the dataset (the
training set, n = 128,113 patients) to construct
the case bases used by EPICON to group diag-
noses into episodes. We then used the other half
of the dataset (the test set, n = 128,114 patients)
to test EPICON, i.e., the diagnoses of these pa-
tients were grouped into episodes based on the
split-sample case bases. This split-sample pro-
cedure adds a fourth episode construction.

The obvious disadvantage of the split-
sample technique is its inefficiency, i.e., the
training set only makes up half of the total
dataset. To quantify this inefficiency, we
made a fifth episode construction, in which
we applied the split-sample case bases (based
on the training set) to the training set. In this
way, we could ‘separate’ the intertwining
effects of overestimation and inefficiency in
the test set. We would know that overesti-
mation (and not inefficiency of the split-
sample approach) was a problem if the train-
ing set would show less deviation than the
test set.

Prevalence and Incidence Rates
The prevalence rate is defined as the propor-
tion of the population with a disease during
the one-year study period. The incidence
rate refers to the occurrence of new episodes
of disease during the observed person-years
at risk.

We used the episode names that resulted
from the five episode constructions for the
numerator of the morbidity rates. Eight
practices did not record exactly 365 days,
because of vacation, sick leave, etc. For that
reason, the episodes were weighted for the
number of days recorded (i.e. 365/number
of days recorded). For the numerator of the
prevalence rates, we counted, per episode
name, the number of patients with at least
one new or ongoing episode. For the numer-
ator of the incidence rates, we counted, per
episode name, the number of new episodes.
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The mid-year population (i.e., the aver-
age of the population at the beginning and
the end of the one-year study period, n =
343,853) of the 89 general practices was
used as the denominator. Half of the mid-
year population was used to calculate the
split-sample morbidity rates. Morbidity
rates of symptoms and diseases that occur
only in the female (W, X) or the male
chapters (Y) are based only on the female or
the male mid-year population.

A total of 677 different prevalence rates
and 681 different incidence rates were cal-
culated for each of the five episode con-
structions. Some of the 685 possible rates
were excluded, because they do not refer to a
symptom or disease (‘no disease’ (A97)),
they refer to incident events only (‘perinatal
mortality’ (A95), ‘death’ (A96), ‘(un)com-
plicated labor/delivery of live/stillbirth
(W90-W93)), or no cases (‘trachoma’
(F86)) or no new cases occurred (‘neoplasm
cardiovascular’ (K72), ‘syphilis female’
(X70)).

Fig. 1 Design of the study

Comparison of Morbidity Rates
Figure 1 shows the design of the study. We
calculated the differences between the rates
based on EPI-0, EPICON, the test set or the
training set on the one hand, and the gold
standard on the other hand. We compared the
deviation of rates based on EPI-0 to the devi-
ation of rates based on EPICON to examine
the effect of case-based reasoning. The com-
parison between the deviation in the test set
to the deviation in the training set provides
insight into the separate effects of overesti-
mation and inefficiency.

We distinguished between infrequently
(rate <1 per 1000 per year) and frequently
(rate ≥1 per 1000 per year) occurring symp-
toms and diseases (rates are based on the
gold standard). This divided the large
number of rates into two approximately
equal parts. For infrequently occurring
symptoms and diseases, we calculated the
absolute differences between the morbidity
rates (absolute deviation). For symptoms

and diseases that occurred frequently, we
calculated the percentage to which the rates
differed from the gold standard (relative
deviation).

Results
Morbidity Rates Based on EPICON
Figures 2-5 show the morbidity rates based
on EPICON in comparison to the gold
standard. In general, these morbidity rates
deviate slightly from the gold standard and
show no systematic bias.

Infrequent prevalence rates (Fig. 2)
deviate from – 0.04 (‘hypoglycemia’
(T87)) to 0.06 (‘fear of other respiratory
disease’ (R27)). An outlier is the diagnosis
‘investigation with abnormal results’
(A91)). The prevalence of this diagnosis is
0.94 per 1000 patients based on EPICON
(read from the x-axis of Fig. 2) and 0.85
per 1000 patients according to the gold
standard, which is a difference of 0.09
(read from the y-axis of Fig. 2). EPICON
probably failed to group this diagnosis cor-
rectly in a number of cases, because it is a
very non-specific diagnosis that can be
linked to many different diagnoses. Fre-
quent prevalence rates (Fig. 3) deviate
from – 6% (‘vomiting/nausea of pregnan-
cy’ (W05)) to 12% (‘abnormal unex-
plained blood test’ (B85)).

The deviation for infrequent incidence
rates (Fig. 4) ranges between – 0.05 (‘cer-
vicitis/other cervical disease’ (X85)) and
0.07 (‘hypertension with involvement of
target organs’ (K87)). Outliers are ‘gen-
eralized/unspecified pain’ (A01), which is
difficult to group because of its non-spe-
cificity, and ‘osteoporosis’ (L95). EPI-
CON grouped the latter incorrectly in a
number of cases because ‘osteoporosis’
(L95) can be linked to many other diag-
noses in the musculoskeletal chapter (L),
and occurs mainly in elderly patients who
have a great deal of comorbidity. The devi-
ation for frequent incidence rates (Fig. 5)
varies from – 5% (‘acute myocard infarc-
tion’ (K75)) to 9% (‘asthma’ (R96)). An
exception is ‘emphysema/COPD’ (R95)).
The incidence rate of this diagnosis based
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on EPICON is 17% higher than the gold
standard (1.78 versus 1.52 per 1000 per-
son-years). The reason for this difference
could be that ‘emphysema/COPD’ (R95)
occurs frequently in elderly patients with
concurrent diseases such as ‘decompensa-

tio cordis’ (K77), ‘pneumonia’ (R81),
‘chronic bronchitis/bronchiectasis’ (R91),
and ‘asthma’ (R96). The intricate
distinction between exacerbations (usually
grouped within an ongoing episode) and
complications (usually grouped as a sepa-

rate episode) within this group of diseases
may have caused variation in the manual
(the gold standard) and subsequently also
in the automatic grouping procedure (EPI-
CON).

Fig. 3 Deviation from the gold standard for frequent EPICON prevalence rates

Fig. 4 Deviation from the gold standard for infrequent EPICON incidence rates Fig. 5 Deviation from the gold standard for frequent EPICON incidence rates

Fig. 2 Deviation from the gold standard for infrequent EPICON prevalence rates
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The Effect of Case-based Reasoning
The comparison between morbidity rates
based on EPI-0 (Figs. 6-9) and morbidity
rates based on EPICON (Figs. 2-5) reveals
the effect of case-based reasoning. Morbid-

ity rates based on EPI-0 display a systematic
bias, which manifests itself differently for
prevalence and incidence rates.

Prevalence rates based on EPI-0 (Figs.
6-7) show a systematic bias toward higher
prevalence rates. EPI-0 produces obviously

more episodes than the gold standard, which
was to be expected since it processes all re-
maining diagnoses as separate episodes. For
instance, EPI-0 always groups the remain-
ing diagnosis ‘other complaints of urine’
(U07) as a separate episode, whereas medi-

Fig. 6 Deviation from the gold standard for infrequent EPI-0 prevalence rates Fig. 7 Deviation from the gold standard for frequent EPI-0 prevalence rates

Fig. 8 Deviation from the gold standard for infrequent EPI-0 incidence rates Fig. 9 Deviation from the gold standard for frequent EPI-0 incidence rates
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cal coders, i.e., the gold standard, frequently
grouped this diagnosis into an episode
called ‘cystitis/other urinary infection’
(U71). The resulting prevalence rates for
‘other complaints of urine’ (U07) are 1.43
per 1000 patients based on EPI-0 (492 pa-

tients/343,853), and 1.02 per 1000 patients
(350 patients/343,853) according to the
gold standard, which is a difference of 40%
(Fig. 7).

Incidence rates based on EPI-0 (Figs.
8-9) show a systematic bias toward higher

incidence rates for symptoms and com-
plaints (codes 1-29), and lower incidence
rates for diseases (codes 70-99). The total
number of new episodes in EPI-0 is identi-
cal to the total number of new episodes in
the gold standard; in both episode construc-

Fig. 10 Deviation from the gold standard for infrequent test set prevalence rates

Fig. 12 Deviation from the gold standard for infrequent test set incidence rates

Fig. 11 Deviation from the gold standard for frequent test set prevalence rates

Fig. 13 Deviation from the gold standard for frequent test set incidence rates
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noses in general practice. The split-sample
procedure is a tough test, because only half
of the total dataset is used to construct the
case bases. Less demanding tests [16] would
probably show that overestimation is only a
limited issue in this case.

We conclude that the internal validity of
EPICON is satisfactory. EPICON seems
useful for LINH and similar registries in
general practice for the purpose of estimat-
ing morbidity rates. Further research should
aim at the external validation of EPICON.

Appendix
Figure 14 shows EPICON in the form of a
flowchart. EPICON consists of five steps
(shown in between parentheses).

Step 1: The first consultation diagnosis
of a patient in a one-year registration period
is grouped as a separate episode (i.e. the
diagnosis receives a separate episode
number). Operationally, an episode is a row
of diagnoses with the same episode number.
The first diagnosis of this row can be either
new or ongoing, whereas subsequent diag-
noses are always ongoing. The first diag-
nosis in the row determines whether the epi-
sode is new or ongoing, the last disease di-
agnosis in the row determines the name of
the episode. If no disease diagnosis exists,
the episode is named after the last symptom
diagnosis in the row.

Step 2: The remaining diagnoses are
grouped by ‘type of episode’ (new or on-
going). A new diagnosis is always grouped
as a separate episode.

Step 3: If possible, ongoing diagnoses are
grouped by a decision table, which consists
of a combination of an ongoing diagnosis and
a previous diagnosis, and a decision whether
or not they should be grouped together.

Step 4: The remaining diagnoses are
grouped by case-based reasoning, which is a
problem-solving approach in the field of ar-
tificial intelligence. A case-based reasoner
solves a problem by remembering a pre-
vious similar situation and reuses informa-
tion and knowledge from that situation. We
used the manual grouping in the DNSGP-2
as a case library from which previous cases
could be retrieved to solve the problem of

tions, a new diagnosis is grouped as a sepa-
rate episode. The episode name, however,
can be different. For example, all new diag-
noses ‘other complaints of urine’ (U07)
were grouped as new episodes in EPI-0,
whereas the gold standard grouped part of
these diagnoses into new episodes of ‘cysti-
tis/other urinary infection’ (U71).

When case-based reasoning is added to
the grouping system (EPICON), this sys-
tematic bias is removed and the precision of
the estimates is improved.

Performance of EPICON in
Split-sample Procedure
Figures 10-13 show the results of the split-
sample method. Morbidity rates of the test
set, that are based on the training set, show
no systematic bias, but deviate more from
the gold standard than the morbidity rates
that are based on the full dataset. Figures of
morbidity rates of the training set that are
based on that same training set show a simi-
lar pattern (not shown). We therefore be-
lieve that a major part of the imprecision of
our test set is due to inefficiency (for the
training set is only half of the total dataset)
and a minor part is due to overestimation.

Discussion and Conclusions
Results from this evaluation study indicate
that EPICON is a useful tool to disclose data
from EMRs in general practice for esti-
mating morbidity rates. In general, morbidity
rates based on EPICON deviate only slightly
from the gold standard and show no system-
atic bias. EPICON performs less well, how-
ever, when it comes to diagnoses that can be
linked to many other diagnoses, such as ‘gen-
eralized/unspecified pain’ (A01).

This judgment is related to the purpose of
EPICON, which is to estimate morbidity
rates in general practice. These rates are used
at the population level. For instance, to de-
scribe the extent of health problems, to fore-
cast public health or to study health differ-
ences in time or between regions. Consider-
ing what morbidity rates are used for, some
deviation from the gold standard, such as an

increase from 13 to 14 per 1000 patients per
year, is regarded as acceptable. Our judgment
might be completely different with another
purpose in mind. For example, we would not
recommend using EPICON for a decision
about the individual treatment of a patient.

This study revealed that the role of case-
based reasoning in EPICON is very impor-
tant for acquiring precise and unbiased mor-
bidity rates. We started with a simple, not
case-based method (EPI-0) to automatically
group diagnoses into episodes. In the next
step, we added case-based reasoning, which
led to the creation of EPICON. The evalu-
ation showed that the performance of the
grouping system improved considerably by
adding case-based reasoning. Furthermore,
the results indicate that the current set of
cases is large enough for the purpose of es-
timating morbidity rates. Nevertheless, the
performance of EPICON could be improved
by increasing the number of cases, in par-
ticular by adding cases of patients with rare
symptoms and diseases.

A limitation of our study is that both EPI-
CON and the evaluation are based on the
assumption that the standard is gold. This
assumption seems plausible since data from
the DNSGP-2 are widely used in the Nether-
lands, but there is no evidence to support
this assumption. However, an evaluation of
the gold standard was not a focus of our
project. Therefore, this study cannot reveal
possible flaws in the gold standard that were
subsequently passed on to EPICON.

An evaluation of the gold standard
would include a comparison between mor-
bidity rates from the DNSGP-2 and rates
from other registries in general practice.
Such a comparison is challenging, because
the existing registries differ in factors as
region of residence, patient population,
classification system used to code diag-
noses, measures taken to ensure the quality
of the registration, practice software, and
in the methods used to calculate morbidity
rates [3]. More research is needed to quan-
tify the impact of these factors on morbid-
ity rates.

Findings from the split-sample pro-
cedure indicate that EPICON performs rea-
sonably well on a simulated, independent
dataset. Therefore, EPICON seems trans-
portable to other similar datasets of diag-
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grouping diagnoses. EPICON uses three
kinds of cases, one at the level of diagnoses
(4a), one at the level of episodes (4b), and
one at the level of chapters (4c).

In step 4a, an unsolved case is defined as:
Should diagnosis X be linked to one of the

other diagnoses of the same patient? A
solved case is defined as a manually
grouped diagnosis X that belongs to a pa-
tient who also has one of the other diag-
noses. EPICON reuses these solved cases to
group diagnosis X.

In step 4b, EPICON uses the same pro-
cedure as in step 4a, but it uses a more
coarse definition of cases in order to group
any remaining diagnoses. Here, an unsolved
case is defined as: Should diagnosis X be
linked to one of the other episodes of the
same patient?

In step 4c, the grain size of cases is in-
creased once more, to the level of chapters,
to handle rare cases that cannot be grouped
by any of the preceding steps. In this step, an
unsolved case is described as whether diag-
nosis X should be linked to one of the
chapters to which other diagnoses of the
same patient belong.

Diagnoses that cannot be grouped by any
of the aforementioned steps are set aside in
step 4d. EPICON continuously tries to
group these remaining diagnoses, because it
might still be possible to group some of
these diagnoses when more information
from following diagnoses of the same pa-
tient becomes available. In the end, EPI-
CON groups all remaining diagnoses as
separate episodes.

Step 5: Diagnoses from prescriptions
and referrals (i.e., the indications for the
prescription or referral) do not pass through
the foregoing steps, because they have no
‘type of episode’. Diagnoses from prescrip-
tions and referrals that are different from
any of the consultation diagnoses of a pa-
tient are added to the database as ongoing
episodes.

EPI-0 consists of the same steps, except
for the case-based part (4a-4c), which does
not exist in EPI-0.
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