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Abstract

The numerous existing primary care-based research networks 
currently use various data collection methods. In this paper,
we compared routine data extracted from general practition-
ers’ (GPs’) electronic patient records (EPRs) and GPs’ an-
swers to an electronic questionnaire.

We investigated for 10,307 Belgian patients 10 healthcare 
conditions using clinical and biological parameters (choles-
terol, blood pressure, and body mass index), diagnoses (hy-
pertension, diabetes, and personal past cardiovascular 
event(s)), and drug prescriptions (antidiabetic drugs, aspirin, 
statins, and antihypertensive drugs).

We found a relatively fair agreement ����������	
����etween 
the two data collection methods for 7 healthcare conditions,
but no agreement for the biological parameters. When EPR 
data was used and compared with the questioning method, the 
prevalence of diagnoses and drug prescriptions was relatively
lower and the prevalence of clinical and biological parame-
ters was relatively higher (all missing data excluded) in the 
EPR data than in the data collected using the questioning 
method. Using EPR data, we calculated an acceptable proxy
for the prevalence as observed using the questioning method.

The comparison of the two data collection methods was a 
worthwhile approach, in that it could highlight potential ways 
to improve both care quality and information systems.
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Introduction

Many benefits are expected from the secondary use of routine 
primary care data, such as auditing and improving care quality, 
health service planning, and epidemiological research. The 
opportunities and challenges presented by these secondary 
uses have already been described [1]. For many years, studies 
have been conducted to assess the quality of data extracted 
from general practitioners’ (GPs’) Electronic Patient Records 
(EPRs) [2-5]. Currently, drawing valid conclusions from this 
type of data remains difficult [2, 6].

Primary care-based research networks have been set up and 
described in many countries. Various data collection methods 

are used: standardized paper forms, standardized Internet 
forms, and standardized extraction from the EPR [1, 7].

In Belgium, several primary care research networks are cur-
rently running. These use different data collection methods,
including standardized paper forms (Belgian network of senti-
nel general practitioners [8]) and standardized extraction from 
the EPR (Intego network [9]). Moreover, some of these net-
works are considering moving from paper-based data collec-
tion towards electronic data collection methods (which would 
partly include data extraction from routine primary care EPRs)
[8].

In the meantime, the Belgian National Institute for Health and 
Disability Insurance (NIHDI) has set up a large national health 
research network called ACHIL (Ambulatory Care Health 
Information Laboratory), involving nearly all 10,000 prac-
tising Belgian GPs and the 17 different software systems they 
use. In its first phase (2009-2013), ACHIL focused on as-
sessing the quality of care for some patients with type 2 diabe-
tes and/or chronic renal failure. Only a small amount of struc-
tured data was collected in 2012 (no free text). Two methods
of data collection with acceptable data privacy protection were 
developed at the national level: standardized Internet forms 
and standardized data extraction from the EPR [10].

Using data extracted from EPR to draw conclusions, identify 
patients, or define the proportion of people undergoing specif-
ic treatments or suffering from specific chronic conditions 
(such as diabetes, hypertension, chronic renal failure, hyper-
cholesterolemia, being overweight) is still challenging [1, 6, 
11-15]. For many years it has been accepted that a disparity 
could exist between clinical notes and the actual care provided 
[16].

In this context of various data collection methods that still 
include controversial EPR data extraction methods and nu-
merous software systems, our study investigated whether, at 
the public health level (aggregated data), patients’ healthcare 
conditions as perceived by GPs (from active questioning 
methods) can be compared with or deduced from research 
databases built using routinely collected EPR data.

Methods

This study used data from the ResoPrim project (phase 2: 
2006-2008), a Belgian primary care research network involv-
ing 43 volunteer GPs, 10,307 patients, and 4 EPR systems. To 
build the ResoPrim research database, coded and structured 
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data was searched for in various places within the EPR and 
automatically extracted at the end of each contact (Summer 
2007, mean extraction period: 3.8 weeks). GPs were actively 
questioned at the end of each contact (electronic question-
naire) about various healthcare conditions of patients, with 
questions such as: “Is your patient suffering from type 2 diabe-
tes?”, “Does the patient take a statin?”, or “Is your patient 
overweight (Body Mass Index > 25)?” (See Table 1). A more 
detailed description of the ResoPrim research network has 
already been published [17].

We used three types of data to investigate 10 healthcare condi-
tions:

� Clinical and biological parameters: blood pressure 
(BP), body mass index (BMI), and cholesterol;

� Diagnoses: hypertension, diabetes, and personal past 
cardiovascular event(s);

� Drug prescriptions: antidiabetic drugs, aspirin, statins,
antihypertensive drugs.

For clinical and biological extracted parameters, we used the 
most recent values extracted and the most recent values that 
were not more than 4 months old. For diagnoses, we extracted 
ICPC2 codes, ICD10 codes, and codes from the national Bel-
gian Thesaurus1, whatever their entry dates to the EPR. For 
current drug treatments, we extracted national codes mapped 
with ATC for the drugs prescribed during the current contact 
or previously recorded in an “active medication list”.

Table 1 – Healthcare conditions

Patient known to have a history of hypercholesterolemia? 
(total cholesterol > 190 mg/dl and/or LDL cholesterol > 115 
mg/dl)

Is the patient’s blood pressure currently higher than 140/90?

Is the patient overweight (BMI > 25)?

Is the patient suffering from hypertension?

Is the patient suffering from type 2 diabetes?

Does the patient have a history of cardiovascular event(s)?

Does the patient currently take any antihypertensive drugs?

Does the patient currently take any antidiabetic drugs?

Does the patient currently take low-dose aspirin?

Does the patient currently take a statin?

To investigate the level of agreement between the two methods 
(automatic extraction and active questioning), we built 2x2
tables and calculated the Kappa statistic (missing data exclud-
ed). In Belgium, however, it is currently impossible to differ-
entiate between missing and negative values for extracted di-
agnoses and drug prescriptions. There are no “negative” codes 
in the EPR to indicate that a patient is not suffering from a 
disease or not taking a drug. We therefore also calculated the 
Kappa statistic treating all missing extracted data values as 
negative for the clinical and biological parameters, in order to 

1 National Thesaurus for diagnoses and symptoms funded by the 
Belgian Ministry of Public Health and mapped with ICPC2 and ICD-
10.

be able to apply one standard method to all 10 healthcare con-
ditions included in the study.

We calculated the prevalence, as observed by the GPs (miss-
ing data excluded), for the 10 healthcare conditions, using the 
answers to the electronic questionnaire (further called the Q 
Prevalence). We also calculated the observed prevalence using 
the AE (automatically extracted) data, once excluding missing 
AE values and once treating all missing AE values as negative.

In order to deduce the Q Prevalence from the AE data, we 
used and assessed the Equation (1):

ySensitivit
PPVevAEevQEstimated �� .Pr_.Pr__ (1)

where Estimated_Q_Prev. is a proxy for the Q prevalence;
AE_Prev. is the prevalence observed using AE data (tested 
with and without missing AE data); PPV is the positive predic-
tive value of the AE data (i.e. the proportion of patients who 
gave a positive answer to the relevant question, of those with 
positive AE data), and Sensitivity is defined as the proportion 
of patients with positive AE data, of those who gave a positive 
answer to the relevant question.

Results

For the diagnoses, we obtained usable data for all 10,307 pa-
tients that attended the GPs’ offices during the data collection 
period. For drugs and for clinical and biological parameters,
we obtained data from 3261 patients (all of the patients with 
hypertension, diabetes, or personal past cardiovascular events,
of the 10,307 patients attending GPs’ offices).

Table 2 – Clinical and biological parameters

3261 patients Relevant questions

Extracted Parameters + - missing

Cholesterol +
-
missing

673
466
210

897
369
350

140
79
77

Cholesterol
< 4 month

+
-
missing

316
218
815

303
165

1148

51
47

198

Blood Pressure +
-
missing

713
116
57

737
1422
123

36
38
19

Blood Pressure
< 4 month

+
-
missing

674
84

128

590
1222
470

26
25
42

BMI +
-
missing

1120
102
571

398
393
596

32
12
37

BMI 
< 4 month

+
-
missing

569
45

1179

137
142

1108

15
6

60

BMI: Body Mass Index

Raw data for the clinical and biological parameters is shown in 
Table 2. Answers to the questions regarding these parameters 
were missing in 4.8% of cases. This percentage rose to 5.7% 
for all 10 healthcare conditions. For the AE data (most recent 
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values), the percentages of missing data were: 19.5% for cho-
lesterol, 6.1% for blood pressure, and 36.9% for BMI. For AE 
data no more than 4 months old, these percentages rose to 
66.3%, 19.6% and 72.0%, respectively.

The Kappa statistics and the various prevalences for the 10 
healthcare conditions are shown in Table 3.

Discussion

As shown in Table 3, we found a relatively fair agreement
(Kappa between 0.42 and 0.48) between the two methods (AE 
and active questioning) for clinical parameters (blood pressure 
and BMI). No agreement was found for biological parameters
(cholesterol, ������ �� ��	� 
�� ����� ��� �able 2, there were 
large numbers of false negative (466) and false positive (897) 
values for cholesterol, which explains this lack of agreement.

The number of patients taking statins (figures not shown in 
Table 2) could explain these false negative values. Of the 466 
patients, 410 (88%) were taking statins. These 410 patients 
could have been suffering from hypercholesterolemia (as men-
tioned by the GPs). If treated with statins, their cholesterol 
levels could have been normalized. However, we cannot con-
sider all of the patients being treated with statins and with 
normal cholesterol to be patients suffering from hypercholes-
terolemia. Indeed, 50 patients being treated with statins had 
normal cholesterol (AE data) and were not considered to be
suffering from hypercholesterolemia (negative answer to the 
question). These 50 patients (out of 369 true negative patients) 
could be receiving preventive treatment with statins to reduce 
their cardiovascular risk. Receiving preventive treatment was

not surprising given that all 3261 patients had a moderate or 
high cardiovascular risk.

Explaining the high level of false positive values for choles-
terol (897, i.e. 27.5% of all the patients) is more difficult. This 
figure decreased to 303 (9.3% of all the patients) when recent-
ly extracted data no more than 4 months old was used. This 
suggests that GPs were possibly not aware (negative answer to 
the question) that these 303 patients could have been suffering
from hypercholesterolemia (positive AE data). This highlights 
a potential way to improve quality of care (these patients could 
perhaps benefit from a prescription for a statin).

We also observed a large number of false positive values (737)
for the blood pressure parameter. Even when only the most 
recent blood pressure values (< 4 months) were used, we still
found 18% of patients (590) with high blood pressure values 
that were considered “normal” by the GPs. This merits further 
investigation.

We noticed that many patients (N=1179) considered to be
overweight by the GPs (N=1793) had no recent (< 4 month) 
BMI measurements (at least no data extracted from the EPR)
and 60.4% (N=815) of the patients with hypercholesterolemia 
(based on answers to the questions) had no recent cholesterol 
value (< 4 months) extracted from the EPR. Most of these pa-
tients already had previous extracted data for BMI or choles-
terol. This suggests that their care could be improved. 

As expected, using more recent values (< 4 months) slightly 
increased the agreement between the methods when missing 
AE data was excluded (see Table 3) but also (drastically) in-
creased the numbers of missing AE data values (more than 2/3 
of the AE data was missing for cholesterol and BMI, see Table 
2).

Table 3 – Observed and estimated prevalence

Kappa
(AE vs. Questions)

Observed AE 
Prevalence

Q
Prevalence

Estimated Q
Prevalence

Healthcare
conditions Extracted data

Missing 
excluded

Missing 
AE = “-“

Missing 
excluded

Missing 
AE = “-“

Missing 
excluded

Missing 
excluded

Missing 
AE = “-“

Hypercholes-
terolemia

Cholesterol -0.12 -0.06 65.17% 52.4% 45.5% 47.3% 45.1%

Cholest. < 4
months

-0.06 0.05
60.91% 20.5% 45.5% 52.5% 44.8%

Blood Pressure 
> 140/90

Blood Pressure 0.42 0.40 48.5% 45.6% 28.0% 27.7% 27.8%

BP < 4 months 0.47 0.44 49.2% 39.6% 28.0% 29.5% 27.7%

Overweight 
(BMI > 25)

BMI 0.44 0.33 75.35% 47.5% 56.4% 60.7% 56.1%

BMI < 4 months 0.48 0.20 78.88% 22.1% 56.4% 68.6% 56.2%

Hypertension HT diag. code N/A 0.47 N/A 17.4% 30.6% N/A 31.5%

Diabetes Diab. Diag. code N/A 0.55 N/A 5.3% 7.5% N/A 8.0%

PCVE PCVE diag. code N/A 0.36 N/A 4.7% 8.6% N/A 9.1%

HT Drugs HT drug code N/A 0.24 N/A 68.1% 91.9% N/A 90.5%

Diab. Drugs Diab. Drug code N/A 0.75 N/A 14.0% 26.7% N/A 19.5%

Aspirin Aspirin drug code N/A 0.44 N/A 20.6% 42.8% N/A 42.6%

Statin Statin drug code N/A 0.54 N/A 22.4% 38.3% N/A 38.3%

Q Prevalence: prevalence observed by using the answers to the Questionnaire (missing answers excluded); PCVE: personal his-
tory of cardio-vascular event, N/A: not applicable
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Treating missing data as negative decreased the agreement
between the methods (see Table 3). This decrease was greater 
for most recent parameters (< 4 months) with more missing 
AE data. For most recent BMI (< 4 months) data, the agree-
ment decreased to 0.20 when the missing AE data values were
considered to be negative values. This is related to the high 
percentage of missing AE data (72%) but also to their spread-
ing in the table (see Table 2).

A relatively fair agreement was found for hypertension (0.47),
diabetes (0.55), aspirin (0.44), and statins (0.54). The good 
agreement (0.75) found for the diabetic drug prescriptions
could be explained by the very high level of true negatives 
(1652 patients out of 3261, not shown in the results). Most of 
the patients in the group are not diabetic. When we restricted
the analysis to the diabetic patients, the agreement between the 
methods decreased to 0.37 (not shown in Table 3). The slight 
agreement observed for the antihypertensive drug prescriptions
(0.24) could be related to the high level of false negative val-
ues (768 patients out of 3261, not shown in the results). How-
ever, it must be remembered that negative and missing AE 
drug values cannot be differentiated. Therefore, this low level 
of agreement could be explained by missing extracted drug 
codes. This suggests that improving the EPR data extraction 
modules may be necessary.

We observed (see Table 3) large variations between the preva-
lence observed using AE data (AE Prevalence) and the preva-
lence observed using the answers to the electronic question-
naire (Q Prevalence). AE Prevalence (missing data excluded)
for all 3 parameters was higher than Q prevalence. Using only 
the most recent values (< 4 months) had an unpredictable ef-
fect on the AE Prevalence (missing AE data excluded), which 
increased for BMI and decreased for cholesterol.

For the parameters, AE Prevalence (missing AE = “-”) was 
lower than AE Prevalence (missing AE data excluded), but AE 
Prevalence (missing AE = “-“) was higher (blood pressure) or 
lower (cholesterol > 4 months) than the Q Prevalence. Treat-
ing missing AE data as negative AE data also had a variable 
effect on the AE Prevalence, which decreased closer to the Q 
Prevalence in the case of blood pressure, but did not in the 
case of cholesterol (< 4 months).

For diagnoses and drug prescriptions, the AE Prevalence was 
always lower than the Q Prevalence. This was not unexpected,
based on the current literature [2, 3].

As expected, the best estimated Q prevalence (as proxy for Q
prevalence) was obtained when missing AE data were treated 
as negative AE values (see Table 3). The slight variations be-
tween estimated Q prevalence and Q Prevalence can be ex-
plained by the number of missing answers to the questions and 
their spreading in the 2X2 table (see Table 1). An unexpected-
ly large variation was observed for the antidiabetic drug pre-
scriptions: estimated Q prevalence was 19.5% and Q Preva-
lence was 26.7%. This can be explained by the large number 
of missing answers in the questionnaire (30.2%) for that ques-
tion (not shown in the results). Once a GP had mentioned that 
a patient was not suffering from diabetes he/she often neglect-
ed to mention that the patient was not taking any antidiabetic 
drugs. Restricting the analysis to diabetic patients (713) drasti-
cally reduced the percentage of missing answers (4.6%), which 
resolved the discrepancy between estimated Q prevalence and
Q Prevalence (not shown in the results).

Despite our efforts, the ResoPrim GP sample is not representa-
tive. We also observed large variations between GPs and be-
tween software systems. Our results cannot, therefore, be gen-

eralized. Further studies are required, involving more patients 
by practice, more participating GPs, and more data types. 
Large variations between practices and between systems were 
also reported in the literature [2].

For most of the healthcare conditions (7), we obtained a rela-
tively fair agreement �� 0.40). For the biological parameter 
(cholesterol) we obtained no agreement �����������	�
��was 
once stated by Rector [18] “information in the medical record 
is not about what was ‘true’ of the patient, but what was ob-
served and believed by clinicians”. In Belgium, most EPR are 
managed by GPs themselves, which means that most of the 
clinical parameters, diagnoses, and drug prescriptions are en-
coded in the EPR by the GPs. Therefore, reaching a fair
agreement between the two methods was not unexpected.
However, most of the laboratory results are automatically inte-
grated into the patient record after global acceptance by the 
GP (through electronic data transfers using secure medical 
messaging systems). This could perhaps partly explain the 
unexpectedly low agreement we found for the biological pa-
rameter. GPs would perhaps not have been fully aware of all 
the laboratory results included in the patient records, at least 
for frequently ordered laboratory tests such as cholesterol 
tests. This suggests potential improvements to care quality and 
information systems, such as clinical reminder systems based 
on laboratory results that could be included in the GPs’ EPR 
systems. Our findings need to be confirmed by investigating 
other biological parameters and including laboratory tests that 
are carried out less frequently.

Conclusion

We found a relatively fair agreement between data extracted 
from GP’s EPRs and GPs’ answers to the electronic question-
naire for most of the healthcare conditions (7 out of 10), in-
cluding diagnoses, drug prescriptions, and clinical parameters. 
There was no agreement at all for the biological parameter 
(cholesterol).

The comparison of the two data collection methods was a 
worthwhile approach in that it could highlight potential ways 
to improve both care quality and information systems. These 
could include improving preventive and curative treatments 
using statins, improving the treatment of hypertensive patients, 
improving the follow-up processes related to weight or choles-
terol, and improving drug prescription extraction modules. 

When comparing the AE Prevalence and the Q Prevalence, we 
found that diagnoses and drug prescriptions related AE Preva-
lences were lower and that parameters related AE Prevalences 
(missing AE data excluded) were higher. For the parameters, 
using missing AE data in the denominator had an unpredicta-
ble effect (AE Prevalence lower or higher than Q Prevalence).

Using the properties of the information system (PPV and Sen-
sitivity of the AE data) and the AE Prevalence (missing AE 
data included), we calculated an acceptable proxy for the Q
Prevalence (prevalence as observed by the GPs through an 
active electronic questioning method).

The fact that the GP sample was not representative and that 
data was not comparable between practices and software sys-
tems means that our findings could not be generalized. Further 
research is required to strengthen our results.
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