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Abstract
Background
Health administrative data were increasingly used for chronic diseases (CDs) surveillance purposes. This cross sectional study
explored the agreement between Belgian compulsory health insurance (BCHI) data and Belgian health interview survey (BHIS) data
for asserting CDs.
Methods
Individual BHIS 2013 data were linked with BCHI data using the unique national register number. The study population included all
participants of the BHIS 2013 aged 15 years and older. Linkage was possible for 93% of BHIS-participants, resulting in a study
sample of 8474 individuals. For seven CDs disease status was available both through self-reported information from the BHIS and
algorithms based on ATC-codes of disease-specific medication, developed on demand of the National Institute for Health and
Disability Insurance (NIHDI). CD prevalence rates from both data sources were compared. Agreement was measured using
sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV) assuming BHIS data as gold standard.
Kappa statistic was also calculated. Participants’ sociodemographic and health status characteristics associated with agreement
were tested using logistic regression for each CD.
Results
Prevalence from BCHI data was significantly higher for CVDs but significantly lower for COPD and asthma. No significant difference
was found between the two data sources for the remaining CDs. Sensitivity was 83% for CVDs, 78% for diabetes and ranged from
27% to 67% for the other CDs. Specificity was excellent for all CDs (above 98%) except for CVDs. The highest PPV was found for
Parkinson’s disease (83%) and ranged from 41% to 75% for the remaining CDs. Irrespective of the CDs, the NPV was excellent. Kappa
statistic was good for diabetes, CVDs, Parkinson’s disease and thyroid disorders, moderate for epilepsy and fair for COPD and
asthma. Agreement between BHIS and BCHI data is affected by individual sociodemographic characteristics and health status,
although these effects varied across CDs.
Conclusions
NHIDI’s CDs case definitions are an acceptable alternative to identify cases of diabetes, CVDs, Parkinson's disease and thyroid
disorders but yield in a significant underestimated number of patients suffering from asthma and COPD. Further research is needed
to refine the definitions of CDs from administrative data.

Background
Chronic diseases (CDs) represent an important concern for public health policy. Indeed, their prevalence is constantly increasing and
they are by far the leading cause of mortality in Europe, representing 77% of the total disease burden and 86% of all deaths [1].
An important prerequisite for the CDs management is to be able to identify, in a valid, simple and inexpensive way, the population
with CDs that need proactive and planned care [2]. For this purpose, population-based data for routine monitoring of CDs prevalence
are fundamental to describe the burden of disease and to plan and evaluate disease prevention, treatment and management
strategies and by defining target populations [3, 4].
Prevalence of CDs is often estimated using population health surveys, disease registers, hospitalization or outpatient records [3–8].
Besides these traditional methods, health administrative databases have been used as an alternative, efficient source of data for CDs
surveillance [4, 5, 9, 10]. Health administrative databases can be accessed easily and quickly, associated costs are low and they are
quite exhaustive. In some cases such databases can be used to provide cross-sectional and longitudinal data on the prevalence and
incidence of diseases in the entire population [10]. The use of such data is very challenging [11] yet due to the opportunity they
provide, they have often been used for surveillance purposes. For instance, in France, the French national health insurance
information system (Système National de Données de Santé – SNDS) has been used to develop the Diabetes National Surveillance
System which serves as a base to estimate the national prevalence of pharmacologically treated diabetes and the incidence of
diabetes-related complications, as well as their temporal trends and their territorial variations [12]. To estimate these indicators, a
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diabetes case definition algorithm based on antidiabetic drug consumption was applied [4]. Drug use data, especially prescription
drugs, have also been frequently used to estimate CDs prevalence [5, 7, 13].
In Belgium, the prevalence of specific CDs is usually assessed, based on data gathered through the Belgian health interview survey
(BHIS), conducted every 5-years. Next to this, other sources such as hospital discharge data, disease-specific registries (e.g., Belgian
cancer registry), sentinel practice networks (e.g., Intego sentinel GP network), also represent important tools to obtain
prevalence/incidence rates of CDs.
More than 99% of the Belgian population is covered by the Belgian compulsory health insurance (BCHI). The BCHI database provides
detailed and complete information on the reimbursement of health care costs for almost the entire population. Such information is
widely used by important actors in the health field, such as the National Institute for Health and Disability Insurance (NIHDI), the
Belgian health care knowledge centre and the Federal planning bureau tor studying and planning topics mainly related to health care
costs and expenditures. Although these data are not meant for epidemiological purposes, BCHI data are also used to estimate the
prevalence of some CDs at population level [14].
At the initiative of the NIHDI, a panel of experts (mainly clinicians) have developed algorithms based on prescribed medication
dispensed in public pharmacies to construct indicators of CDs. The algorithms are all based on a minimum consumption of 90 DDD
(Defined Daily Dose) during one calendar year of drugs of certain (sub)classes of ATC (Anatomical Therapeutic Chemical), often in
combination with the minimum age of the patient [15].
These indicators of CDs are useful for the NIHDI, to identify specific patient populations. However, since their development, they have
only been validated qualitatively. To our knowledge, only one study has compared the prevalence of diabetes mellitus and thyroid
disorders from BHIS, BCHI and diagnostic codes in Flanders [6].
The main objective of this study was to assess agreement between health administrative and self-reported cases definitions of
diabetes, asthma, chronic obstructive pulmonary disease (COPD), cardiovascular diseases including hypertension (CVDs),
Parkinson’s disease, thyroid disorders and epilepsy in the Belgian population, assuming self-reported data as a gold standard. The
aforementioned CDs were chosen because they are common diseases with a lower risk of misreporting by BHIS participants and
because they are generally treated with specific drugs which are more or less specific for the disease. Furthermore, we also sought to
determine the subject sociodemographic and health status characteristics that may affect the agreement between the two data
sources.

Methods

Study design and population
This is a descriptive cross-sectional study. The study population included all participants of the Belgian health interview survey
(BHIS) 2013 aged 15 years and older (n = 9112).

Data sources
Date were derived from the HISLINK 2013 study, an individual linkage between the Belgian health interview survey (BHIS) 2013 data
and the Belgian compulsory health insurance data (BCHI) from 2012 to 2018.
The BHIS is a national, cross-sectional household survey conducted every 5 years since 1997 by Sciensano, the Belgian health
institute, among a representative sample of Belgian residents. Participants are selected from the national population register through
a multistage stratified sampling procedure. The participation rate in the survey was 57% at the household level. In the BHIS,
information is collected on health status, health behavior, health care consumption, sociodemographic characteristics and use of
medicines. The detailed methodology of the survey is described elsewhere [16].
The BCHI data contain exhaustive and detailed information on the reimbursed health expenses of over 99% of the total population.
The database also includes a limited amount of socio-demographic information. The BCHI data were provided by the
Intermutualistic Agency (IMA). IMA is a joint venture of the seven national sickness funds and collects and manages all data on
healthcare expenditures as well as prescription information on reimbursed medicines (Pharmanet data) [17]. Pharmanet logs all data
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on reimbursed dispensed medication from public pharmacies in Belgium. Pharmanet data include information on the date of
dispensing, the quantity per package (QPP), the daily defined dose (DDD) and the national code number of the medicine (CNK codes)
which allows to link each medicine to its ATC-code. The list of ATC codes per CNK codes was provided by the NIHDI.
Individual BHIS 2013 data were linked with BCHI data using the unique national register number. The study population included all
participants of the BHIS 2013 aged 15 years and older (n = 9112). The linkage was possible for 93% of them, resulting in a final
sample of 8474 individuals. The HISLINK 2013 was used because it was the most recent linked database available at the moment of
this study.

Identification of chronic diseases
The prevalence information from BHIS was collected using a list of CDs (35 in total) based on the following question: "Have you
suffered during the last 12 months from the following disease?”. Since there is no specific indicator for CVDs in the BHIS, we
considered a person to have CVDs (including hypertension) when they reported having had in the past 12 months at least one of the
following CDs: myocardial infarction, coronary disease, hypertension, stroke, or other serious heart diseases.
In the BCHI data, the NIHDI algorithms were used to ascertained cases of CDs. In these algorithms, CDs cases were identified based
on the ATC-codes of dispensed medication in public pharmacies, using the WHO guidelines on the ATC classification system [18]. So,
a CD was assigned to a participant if the total of DDDs reimbursed for all selected ATC-codes used in the treatment for this CD is
greater or equal to 90 [15] in the past 12 months preceding the participation in the BHIS. The selected ATC-codes for each CD are
presented in Table 1.
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Table 1
Survey questions and ATC prescription drug codes for chronic disease case ascertainment,
HISLINK 2013, Belgium
Chronic diseases

Survey questions :

ATC-codes

" Have you suffered during the last 12 months from…"
Diabetes mellitus

Diabetes?

A10A
A10B

Cardiovascular diseases

Myocardial infarction?

C01

Coronary disease?

C02

Hypertension?

C03

Stroke?

C07

Other serious heart disease?

C08
C09

COPD

COPD?

R03BB
R03DA04
R03Aa
R03BAa

Asthma

Asthma?

R03DC01
R03DC03
R03DX05
R03Ab
R03BAb

Parkinson’s disease

Parkinson’s disease?

N04AB
N04AC
N04B

Epilepsy

epilepsy?

N03

Thyroid disorders

thyroid disorders?

H03AA

a

For people aged < = 50 years

b

For people aged > 50 years

Statistical analyses
We calculated the weighted prevalence rates from both data sources for the 7 selected CDs. The delta method [19] was applied to
test if there was a significant difference between the estimates of both sources.
The agreement was measured by estimating sensitivity, specificity, positive predictive value (PPV) and negative predictive value
(NPV) and their 95% CI, assuming BHIS data as gold standard. Sensitivity was defined as the percentage of true positive cases an
algorithm detects among all positive disease cases. Positive disease cases are BHIS respondents who reported having the specified
disease. Specificity was defined as the percentage of true negative cases an algorithm detects among all the negative disease cases.
Negative disease cases are BHIS respondents who did not report having the specified disease. Positive predictive values (PPVs) and
negative predictive values (NPVs) are also reported for each chronic disease algorithm. PPV refers to the percentage of individuals
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with a positive result for an algorithm among those who reported having the disease. NPV refers to the percentage of individuals
with a negative result for an algorithm who did not report having the disease [20].
Furthermore, Kappa values were calculated to differentiate between true agreement and agreement produced by chance. Kappa
values were interpreted as follows: κ ≤ 0.40, fair-to-poor agreement; κ = 0.41 to 0.60, moderate agreement; κ = 0.61 to 0.80,
substantial agreement; and κ = 0.81 to 1.00, almost perfect agreement [21].
Sensitivity analyses were conducted by repeated analyses for different cut-off points of the DDD for all the CDs.
Finally, univariable and multivariable logistic regression analysis were performed for each CD (except for the Parkinson’s disease
because of small number of cases unable to provide reliable estimates) to further investigate the effect of respondent’s
characteristics on the total agreement (true positive or true negative) between BHIS and BCHI data sources. Participants
characteristics included in the model are: gender, age-group (15–34, 35–54, 55–74 and 75 + years), education (low, intermediate,
high), nationality (Belgian, EU-countries, other countries), household income (quintile), region of residence (Flanders, Brussels,
Wallonia), self-perceived health (good to very good, very bad to fair), presence of multimorbidity (yes/no) and polypharmacy defined
as simultaneous use 5 medicines or more on a typical day (yes/no).
A two-sided alpha level of 0.05 was considered statistically significant. All analyses were performed using SAS 9.4 (SAS Institute
Inc., Cary, NC, USA) and Stata 16.1 and taking into account the survey settings.

Ethics statement
As mentioned above, this study was carried out using the individual linkage between the BHIS 2013 data and the BCHI data. The
BHIS 2013 was carried out in line with the Belgian privacy legislation and has been approved by the ethics committee of the
University hospital of Ghent on October, 1st 2012 (advice EC UZG 2012/658). The participation to BHIS is voluntary. There was no
formal written and signed consent foreseen as participation was considered as consent. In addition, for the data linkage, an
authorization was obtained from the Information Security Committee (local reference: Deliberation No. 17/119 of December 19,
2017, amended on September 3, 2019).
This study is reported according to the STROBE statement.

Results
Table 1 summarizes the CDs with identification questions in the BHIS data source and the assigned ATC-codes in the BCHI data
source.
Characteristics of the study population, unweighted and weighted to reflect the general Belgian population in terms of age, gender
and region are presented in Table A1 (supplementary material). More than half of the population perceived their health to be good to
very good, 15% suffers from multimorbidity and one person out of ten simultaneous uses 5 medicines or more on a one day
reference period.
Table 2 shows the prevalence of CDs in the population by data source. The prevalence rates obtained from administrative data
source were significantly higher than those obtained from survey data for CVDs (including hypertension), but on the contrary, they
were significantly lower for COPD and asthma. No significant difference was found between the two data sources for the remaining
CDs.
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Table 2
Prevalence (weighted percentages) of chronic diseases among the population aged 15 years and over by data source, HISLINK
2013, Belgium
Chronic disease

Prevalence in BHIS

Prevalence in BCHI

Absolute differencea

Relative differencea

(E1)

(E2)

(E1-E2)

(E1-E2)/E2

% (95% CI)

% (95% CI)

% (95% CI)

% (95% CI)

Diabetes mellitus

5.46 (4.78 to 6.15)

5.69 (5.05 to 6.33)

-2.25 (-1.13 to 6.84)

-3.96 (-19.65 to 11.73)

CVDs*

19.15 (17.88 to 20.42)

25.09 (23.68 to 26.51)

-5.94 (-7.68 to -4.20)

-23.68 (-29.79 to -17.57)

COPD*

4.01 (3.45 to 4.56)

2.82 (2.35 to 3.29)

1.19 (0.47 to 1.90)

42.10 (11.85 to 72.35)

Asthma*

4.36 (3.77 to 4.96)

1.64 (1.29 to 1.99)

2.72 (2.05 to 3.39)

165.82 (99.15 to 232.49)

Parkinson’s disease

0.50 (0.28 to 0.71)

0.38 (0.21 to 0.55)

0.11 (-0.16 to 0.39)

29.77 (-50.95 to 110.49)

Epilepsy

0.94 (0.64 to1.24)

1.33 (1.03 to 1.68)

-0.38 (-0.80 to 0.03)

-28.98 (-55.85 to 2.13)

Thyroid disorders

5.89 (5.20 to 6.58)

5.43 (4.78 to 6.08)

0.46 (-0.49 to 1.42)

8.57 (-97.72 to 26.91)

*Denotes significant difference between BHIS prevalence en BCHI prevalence.
CVDs = cardiovascular diseases (including hypertension)
COPD = chronic obstructive pulmonary disease
a Computed

before rounded the estimated prevalences

The agreement measures are described in Table 3. Sensitivity was good for CVDs (83%), fair for diabetes (78%) and poor for all other
CDs (value varying between 27% and 67%). The specificity was excellent for all CDs (specificity above 98%) except for CVDs
(specificity = 89%). The PPV was poor to fair for all the CDs (PPV varying between 41% and 75%), except for Parkinson’s disease
where it was good (PPV = 83%). Irrespective of the CDs, the NPV was excellent (NPV varying between 96% and 99%). The Kappa
statistic was good for diabetes, CVDs, Parkinson’s disease and thyroid disorders (kappa between 0.63 and 0.77), moderate for
epilepsy (kappa = 0.46) and fair for COPD and asthma (kappa = 0.35).
Table 3
Agreement between self-reported chronic disease and definitions from administrative data, HISLINK 2013, Belgium*
Chronic disease

Sensitivity (%)

Specificity (%)

PPV (%)

NPV (%)

Kappa

(95% IC)

(95% IC)

(95% IC)

(95% IC)

(95% CI)

Diabetes mellitus

78.5 (72.1–85.0)

98.5 (98.2–98.9)

75.4 (70.5–80.3)

98.8 (98.3–99.2)

0.77 (0.75–0.80)

CVDs

83.1 (80.6–85.6)

88.6 (87.6–89.7)

63.4 (60.6–66.2)

95.7 (95.0-96.3)

0.63 (0.61–0.65)

COPD

28.8 (22.3–35.3)

98.3 (97.9–98.6)

40.9 (32.5–49.3)

97.1 (96.6–97.5)

0.35 (0.30–0.40)

Asthma

27.4 (21.3–33.6)

99.5 (99.3–99.7)

72.9 (63.8–82.1)

96.8 (96.2–97.3)

0.35 (0.30–0.41)

Parkinson’s disease

64.3 (38.9–89.8)

99.9 (99.9–100)

83.5 (69.8–97.3)

99.8 (99.7–100)

0.70 (0.58–0.82)

Epilepsy

60.4 (44.6–76.2)

99.2 (99.0-99.4)

42.9 (31.0-54.8)

99.6 (99.4–99.8)

0.46 (0.37–0.55)

Thyroid disorders

66.7 (61.0-72.4)

98.4 (98.1–98.7)

72.4 (67.3–77.5)

97.9 (97.5–98.3)

0.66 (0.62–0.69)

CVDs = cardiovascular diseases (including hypertension)
COPD = chronic obstructive pulmonary disease
PPV = positive predictive value; NPV = negative predictive value
* Sensitivity, specificity, PPV and NPV presented with self-reported as the referent
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The results of the sensitivity analysis are presented in Fig. 1. Across the CDs, the sensitivity decreased with the increase of the cut-off
point of the DDD, while the PPV slightly increased after the threshold of 90 DDD. Notable for Parkinson’s disease was the highest
PPV around 320 DDDs and for thyroid disorders was the lowest PPV around 220 DDDs.
Table 4 show the results from the multivariable logistic regression, while the unadjusted odds ratios are presented in additional Table
A2 (supplementary material). Table 4 shows that the agreement between BHIS and BCHI data sources is affected by individual
sociodemographic characteristics and health status. However, the characteristics which are associated, the magnitude and direction
of the effect varied across CDs. For instance, gender was not significantly associated with the agreement between BHIS and BCHI
data except for thyroid disorders where the agreement was significantly lower among women (OR: 0.26, 95% CI: 0.17–0.40).
Compared to the reference age-group (55–74 years), belonging to the youngest age-group (15–34 years) was associated with a
greater level of agreement between the data sources for diabetes (OR: 6.40, 95% CI: 2.38–17.25), CVDs (OR: 8.63, 95% CI: 5.56–
13.39) and thyroid disorders (OR: 2.76, 95% CI: 1.54–4.95), while the reverse is true for asthma (OR: 0.19, 95% CI: 0.10–0.36).
Regarding participant’s health status, people with a relatively good subjective health, those without multimorbidity and those who
didn’t simultaneous use 5 medicines or more on a typical day (polypharmacy) have greater odds of agreement between the two
sources except for CVDs where the absence of multimorbidity was significantly associated with a lower odds of agreement.
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Table 4
Odds

Ratiosa

(95% CIs) for predictors of agreement between administrative and survey data for chronic diseases, HISLINK 2013,
Belgium
Diabetes

CVDs

COPD

Asthma

Thyroid
disorders

Gender
Male

Ref.

Ref.

Ref.

Ref.

Ref.

Female

1.21 (0.71–2.06)

0.92 (0.73–1.15)

0.89 (0.62–1.27)

1.28 (0.88–1.86)

0.26 (0.17–0.40)*

15–34

6.40 (2.38–
17.25)*

8.63 (5.56–
13.39)*

1.19 (0.55–2.56)

0.19 (0.10–0.36)*

2.76 (1.54–4.95)*

35–54

1.09 (0.56–2.10)

2.02 (1.50–2.72)*

0.81 (0.51–1.26)

0.51 (0.30–0.87)*

1.59 (0.98–2.58)

55–74

Ref.

Ref.

Ref.

Ref.

Ref.

75+

1.16 (0.54–2.47)

0.47 (0.35–0.63)*

0.98 (0.61–1.55)

2.09 (1.13–3.84)*

1.01 (0.60–1.69)

Low

Ref.

Ref.

Ref.

Ref.

Ref.

Intermediate

0.81 (0.42–1.57)

1.19 (0.89–1.60)

1.13 (0.75–1.70)

1.72 (1.08–2.74)*

1.08 (0.70–1.72)

High

1.55 (0.78–3.10)

1.08 (0.76–1.51)

2.07 (1.30–3.32)*

1.52 (0.89–2.59)

1.24 (0.75–2.06)

Belgian

2.57 (0.60-10.98)

0.76 (0.26–2.24)

0.28 (0.09–0.83)*

0.64 (0.29–1.42)

2.43 (0.95–6.25)

EU-countries

2.82 (0.52–15.35)

1.37 (0.43–4.32)

0.36 (0.10–1.29)

0.61 (0.18–2.05)

7.15 (1.68–
30.51)*

Other countries

Ref.

Ref.

Ref.

Ref.

Ref.

Quintile 1

Ref.

Ref.

Ref.

Ref.

Ref.

Quintile 2

0.63 (0.31–1.27)

0.99 (0.70–1.39)

0.92 (0.55–1.55)

0.94 (0.54–1.63)

0.61 (0.36–1.06)

Quintile 3

1.29 (0.53–3.17)

0.99 (0.69–1.41)

1.17 (0.68–2.02)

1.05 (0.60–1.84)

0.6 (0.36–1.14)

Quintile 4

1.33 (0.64–2.77)

1.25 (0.86–1.81)

1.11 (0.61–2.03)

1.29 (0.69–2.40)

0.69 (0.37–1.28)

Quintile 5

1.05 (0.43–2.51)

1.16 (0.77–1.74)

1.34 (0.69–2.57)

0.70 (0.35–1.40)

1.37 (0.69–2.72)

Flanders

1.25 (0.74–2.09)

1.27 (1.02–1.59)*

1.64 (1.13–2.39)*

1.82 (1.20–2.75)*

2.50 (1.72–3.64)*

Brussels

1.70 (0.84–3.44)

1.06 (0.79–1.43)

1.29 (0.83–1.99)

1.03 (0.62–1.72)

2.30 (1.41–3.75)*

Wallonia

Ref.

Ref.

Ref.

Ref.

Ref.

Good to very
good

0.97 (0.57–1.65)

1.64 (1.26–2.14)*

1.76 (1.23–2.54)*

1.61 (1.10–2.36)*

1.10 (0.71–1.70)

Very bad to fair

Ref.

Ref.

Ref.

Ref.

Ref.

Age group

Education

Nationality

Income

Region

Perceived health

Multimorbidity

CVDs = cardiovascular diseases (including hypertension) ; COPD = chronic obstructive pulmonary disease; * Denotes significant
difference between this group and the reference group. a adjusted for all other variables.
Page 9/15

Diabetes

CVDs

COPD

Asthma

Thyroid
disorders

Yes

Ref.

Ref.

Ref.

Ref.

Ref.

No

5.97 (3.06–
11.67)*

0.47 (0.32–0.71)*

6.22 (3.86–
10.03)*

15.40 (9.4025.22)*

1.02 (0.61–1.71)

Yes

Ref.

Ref.

Ref.

Ref.

Ref.

No

1.43 (0.77–2.68)

2.03 (1.42–2.90)*

1.26 (0.81–1.98)

0.70 (0.43–1.14)

2.59 (1.46–4.60)*

Polypharmacy

CVDs = cardiovascular diseases (including hypertension) ; COPD = chronic obstructive pulmonary disease; * Denotes significant
difference between this group and the reference group. a adjusted for all other variables.

Discussion
In this study we assessed agreement between population-based administrative and survey data for ascertaining cases of diabetes,
asthma, chronic obstructive pulmonary disease, cardiovascular diseases (including hypertension), Parkinson’s disease, thyroid
disorders and epilepsy, for which BHIS data served as the gold standard. We also investigated the individual characteristics that
could influence the agreement between both data sources.
Using the two data sources, we obtained inconsistent prevalence estimates in 3 out of the 7 CDs studied. Specifically, in CVDs
(including hypertension), the prevalence was significantly higher in the BCHI data than in the BHIS data, while the inverse was true
for COPD and asthma. The high prevalence of CVDs (including hypertension) according to the BCHI source (25%) compared to the
BHIS prevalence (19%) could be explained by the use of drugs in this ATC group for other problems such as a high serum cholesterol
for example. Some drugs may be assigned to two chronic diseases simultaneously, for example, beta-blockers are prescribed both
for patients with hypertension and in patients with heart problems. As mentioned by Huber et al. in their study, an unique assignment
of ATC-codes to heart diseases is challenging, and with the new trends in the use of various drugs for cardiac and hypertensive
patients, a clear distinction between ATC-codes for cardiac diseases and hypertension is infeasible [9]. Therefore, we included
hypertension in the BHIS based case definition of CVDs. The low prevalence of COPD and asthma in the administrative data could
be explained by the fact that some people suffering from asthma or COPD do not necessarily take medications or less than 90 DDDs
per year.
The estimated prevalence rate of diabetes mellitus from BCHI data is comparable to the one estimated in similar studies using
health administrative database [9, 10, 22, 23], but higher than those in others comparable studies [5, 13]. Moreover, the prevalence of
the respiratory illness (COPD, asthma) from BCHI is also comparable to those in similar in Netherlands, Italy and Swedish [5, 13, 24,
25]. Regarding the prevalence of Parkinson disease, thyroid disorders and Epilepsy, our results are in line with those reported by
Francesco Chini et al. in Italy using a prescribed database [13] and by Huber et al. in Switzerland using medical and pharmacy
claims data [9]. Considering the CVDs (including hypertension), our estimated prevalence was lower than the prevalence obtained by
Huber et al. (29%) based on pharmacy data [9]. This difference could be explained by the CDs case definition used in their study:
people were considered as having CD if they have at least one prescription in one of the generated ATC-groups CDs at the end of the
reference year, while our definition was more selective (at least 90 DDDs per year which could correspond to several prescriptions (if
small package) or more or less 3 months treatment per the given year.
We found that sensitivity of administrative CDs was good-to-fair for diabetes and CVDs and poor for the remaining CDs. Not
surprisingly, the lowest sensitivity was for COPD and asthma. The sensitivity drop with the increase of the cut-off point of DDD, while
the PPV increase.
CDs that are more prevalent or that are symptom-based may also be more reliably self-reported [26]. In our definition of CVDs in BHIS
data source, we included hypertension, which may have contributed to increase the agreement between both data sources for CVDs.
The lower sensitivity of asthma (27.4%) in contrast with its relatively higher PPV (72.9%) in this study could be explained by the fact
that most of the people suffering from a less severe case of asthma could not take up to 90 DDDs of the specific medication per
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year and those who reach that cut-off are certainly positive cases. Furthermore, in an exploratory analysis (results not shown), we
found that 3 persons out of 10 suffering from this CD did not contact a health care professional in the past 12 months for that
condition.
The agreement between the two data sources varies by participants’ sociodemographic characteristics and health status. However,
this moderating effect varies in magnitude across CDs. Our results are consistent with findings in previous studies [3, 8, 27]. For
instance, Lix et al. found that agreement between self-reported and medical records of chronic conditions was higher among younger
age-groups and in the absence of comorbidity [3].
This study presents a number of strengths that deserve to be highlighted. First, the large sample size and the use of comprehensive
administrative data, covering 99% of the Belgian population. Second, we calculated five agreement measures to enable comparison
between data sources. Third, using individual record linkage, we further examined predictors that could affect the agreement
between both data sources.
A number of limitations should also be acknowledged. One of the main limitations is that the case definition of CDs in the
administrative data source was based on prescription drug codes dispensed in public pharmacies only and therefore drugs
dispensed in the hospital settings were not included. Another limitation is the lack of additional information such as ICD-10 codes or
other clinical diagnostic codes in the case ascertainment from administrative data source. Indeed, validation studies often include
information from various sources in the algorithms: health surveys, ICD-10 codes, ATC codes, other clinical diagnostic codes, etc.,
and this provides much better measures of agreement [2, 3, 7, 10]. Finally, the BHIS data was used as the gold standard in this study
because next to administrative data, it is the only source for obtaining population-based chronic disease prevalence estimates in
Belgium. We acknowledged that self-reported data may not be an unbiased gold standard due to the risk of under-reporting or overreporting of some chronic diseases. However, self-reported data have been used in previous studies to assess the validity of health
administrative databases [20, 28, 29] and have shown higher agreement between these sources for chronic diseases that are more
familiar to patients, well defined and require ongoing management [3, 20, 28, 30, 31]. Keeping this in mind, the CDs discussed in this
study are sufficiently well known and defined that the risk of providing erroneous information from BHIS participants is negligible.
Moreover, several studies have assessed the specificity of self-reported CDs compared to clinical diagnoses or medical records and
have found that the specificity was at least 80% for asthma, hypertension, severe heart disease or heart attack, stroke, diabetes
mellitus, epilepsy, and Parkinson's disease [32].

Conclusions
In conclusion, NHIDI’s algorithms are an acceptable alternative for the identification of cases of diabetes, cardiovascular diseases
(without distinction of the different pathologies), Parkinson's disease and thyroid disorders. On the basis of the current definition of
CDs from BCHI data source, there is a significant underestimation of the number of patients suffering from asthma and COPD.
Further research is needed to refine the definitions of CDs from administrative data by using other comparators (clinical data, data
from general practitioners such as the Intego registry) or using different thresholds to enhance NIHDI algorithms.

Abbreviations
ATC
Anatomical Therapeutic Chemical;
BCHI
Belgian compulsory health insurance
BHIS
Belgian health interview survey
CD
Chronic disease
COPD
Chronic obstructive pulmonary disease
CVD
Cardiovascular disease
Page 11/15

DDD
Daily defined dose
HISLINK
linkage between BHIS data and BCHI data
NIHDI
National Institute for Health and Disability Insurance
NPV
Negative predictive value
PPV
Positive predictive value
WHO
World Health Organization

Declarations
Ethics approval and consent to participate
This study was carried out using the HISLINK 2013 data, i.e., the individual linkage between the BHIS 2013 data and the BCHI data.
The BHIS 2013 was carried out in line with the Belgian privacy legislation and has been approved by the ethics committee of the
University hospital of Ghent on October, 1st 2012 (advice EC UZG 2012/658). The participation to BHIS is voluntary. No written
consent was foreseen. Participation was equivalent to giving consent. In addition, for the data linkage, an authorization was
obtained from the Information Security Committee (local reference: Deliberation No. 17/119 of December 19, 2017, amended on
September 3, 2019).
Consent for publication
Not applicable.
Availability of data and materials
The survey datasets and linked health administrative data analysed in the current study are not publicly available due to restrictions
based in the General Data Protection Regulation (GDPR) on sensitive data such as personal health data. BHIS data contains
sensitive and identifying information and therefore must only be made available upon request. Requests for data access may be
made to the Social Security and Health Chamber of the Information Security Committee (hereinafter referred to as the "Social
Security and Health Chamber”). Further information regarding the survey and the data access procedure can be found here:
https://his.wiv-isp.be/nl/SitePages/ Procedure_gegevens2013.aspx.
Competing interests
The authors declare that they have no competing interests.
Funding
This work did not receive any specific grant from funding agencies in the public, commercial, or not-for-profit sectors. The Belgian
Health Interview Survey (BHIS) is financed by the Federal and Inter-Federated Belgian Public Health authorities. The linkage between
BHIS data and the Belgian Compulsory Health Insurance data is financed by the National Institute for Health and Disability
Insurance.
Authors' contributions
FB and JVdH were responsible for designing the objectives and approach of the study. FB conducted the literature searches and
summaries of previous related work, undertook the statistical analyses in collaboration with JVdH, interpreted the results, wrote the
initial version of the manuscript and conducted the revisions. FB was a main contributor in writing
the manuscript. JVdH, SD, RC, OB critically revised the manuscript. All authors read and approved the final manuscript.
Page 12/15

Acknowledgements
We wish to thank Statbel, the Belgian statistical office, which was responsible for BHIS sample selection and fieldwork management.
Thanks to Youri Baeyens and the Inter Mutualistic Agency (IMA) for their involvement in the process of data linkage.

References
1. Chronic disease & Policy. - European chronic disease alliance [Internet]. [cited 2020 Jun 4].
https://alliancechronicdiseases.org/chronic-disease-policy/. Accessed 27 August 2020.
2. Smidth M, Sokolowski I. Developing an algorithm to identify people with Chronic Obstructive Pulmonary Disease (COPD) using
administrative data. 2012;7.
3. Lix L, Shaw S, Burchill C, Metge C, Bond R. Population-based data sources for chronic disease surveillance. Chronic Diseases in
Canada. 2008;29:8.
4. Group CONSTANCES-Diab, Fuentes S, Cosson E, Mandereau-Bruno L, Fagot-Campagna A, Bernillon P, et al. Identifying diabetes
cases in health administrative databases: a validation study based on a large French cohort. Int J Public Health. 2019;64:441–
50.
5. Slobbe LCJ, Füssenich K, Wong A, Boshuizen HC, Nielen MMJ, Polder JJ, et al. Estimating disease prevalence from drug
utilization data using the Random Forest algorithm. Eur J Pub Health. 2019;29:615–21.
6. Vaes B, Ruelens C, Saikali S, Smets A, Henrard S, Renard F, et al. Estimating the prevalence of diabetes mellitus and thyroid
disorders using medication data in Flanders, Belgium. Eur J Pub Health. 2018;28:193–8.
7. Gothe H, Rajsic S, Vukicevic D, Schoenfelder T, Jahn B, Geiger-Gritsch S, et al. Algorithms to identify COPD in health systems
with and without access to ICD coding: a systematic review. BMC Health Serv Res. 2019;19:737.
8. Koller KR, Wilson AS, Asay ED, Metzger JS, Neal DE. Agreement Between Self-Report and Medical Record Prevalence of 16
Chronic Conditions in the Alaska EARTH Study. J Prim Care Community Health. 2014;5:160–5.
9. Huber CA, Szucs TD, Rapold R, Reich O. Identifying patients with chronic conditions using pharmacy data in Switzerland: an
updated mapping approach to the classification of medications. BMC Public Health. 2013;13:1030.
10. Orueta JF, Nuño-Solinis R, Mateos M, Vergara I, Grandes G, Esnaola S. Monitoring the prevalence of chronic conditions: which
data should we use? BMC Health Serv Res. 2012;12:365.
11. Walraven C van. A comparison of methods to correct for misclassification bias from administrative database diagnostic codes.
Int J Epidemiol. 2018;47:605–16.
12. Fosse-Edorh S, Rigou A, Morin S, Fezeu L, Mandereau-Bruno L, Fagot-Campagna A. Algorithmes basés sur les données médicoadministratives dans le champ des maladies endocriniennes, nutritionnelles et métaboliques, et en particulier du diabète. Revue
d’Épidémiologie et de Santé Publique. 2017;65:S168–73.
13. Chini F, Pezzotti P, Orzella L, Borgia P, Guasticchi G. Can we use the pharmacy data to estimate the prevalence of chronic
conditions? a comparison of multiple data sources. BMC Public Health. 2011;11:688.
14. IMA Atlas [Internet]. http://atlas.aim-ima.be/base-de-donnees. Accessed 27 August 2020.
15. EPS R13 - FLAGS Release 20190201 FR.pdf. https://aim-ima.be/IMG/pdf/eps_r13_-_flags_release_20190201_fr_-_vs2.pdf.
Accessed 27 August 2020.
16. Demarest S, Van der Heyden J, Charafeddine R, Drieskens S, Gisle L, Tafforeau J. Methodological basics and evolution of the
Belgian health interview survey 1997–2008. Arch Public Health. 2013;71:24.
17. AIM-IMA [Internet]. https://aim-ima.be/Donnees-141. Accessed 27 August 2020.
18. World health Organization (last). WHO Collaborating Centre for Drug Statistics Methodology: ATC classification index with DDDs
and Guidelines for ATC classification and DDD assignment [Internet]. Oslo, Norway:; 2006.
https://www.whocc.no/atc_ddd_index_and_guidelines/guidelines/. Accessed 27 August 2020.
19. Gary W. Oehlert. A Note on the Delta Method: The American Statistician: Vol 46, No 1. The American Statistician. 46:6.
20. Lix L, Yogendran M, Mann J. Defining and validating chronic diseases: an administrative data approach An Update with ICD-10CA [Internet]. 2008 Nov. Available from:
http://umanitoba.ca/faculties/health_sciences/medicine/units/chs/departmental_units/mchp/projects/media/ICD10_Final.pdf.
Page 13/15

21. Landis JR, Koch GG. The Measurement of Observer Agreement for Categorical Data. Biometrics. 1977;33:159.
22. Stock SAK, Redaelli M, Wendland G, Civello D, Lauterbach KW. Diabetes-prevalence and cost of illness in Germany: a study
evaluating data from the statutory health insurance in Germany. Diabet Med. 2006;23:299–305.
23. de Lagasnerie G, Aguadé A-S, Denis P, Fagot-Campagna A, Gastaldi-Menager C. The economic burden of diabetes to French
national health insurance: a new cost-of-illness method based on a combined medicalized and incremental approach. Eur J
Health Econ. 2018;19:189–201.
24. Weidinger P, Nilsson JLG, Lindblad U. Medication prescribing for asthma and COPD: a register-based cross-sectional study in
Swedish primary care. BMC Fam Pract. 2014;15:54.
25. on behalf of the. “CRD Real-World Evidence” scientific board, Biffi A, Comoretto R, Arfè A, Scotti L, Merlino L, et al. Can healthcare
utilization data reliably capture cases of chronic respiratory diseases? a cross-sectional investigation in Italy. BMC Pulm Med.
2017;17:20.
26. Corser W, Sikorskii A, Olomu A, Stommel M, Proden C, Holmes-Rovner M. Concordance between comorbidity data from patient
self-report interviews and medical record documentation. BMC Health Serv Res. 2008;8:85.
27. Martin LM, Leff M, Calonge N, Garrett C, Nelson DE. Validation of Self-Reported Chronic Conditions and Health Services in a
Managed Care Population.:4.
28. Muggah E, Graves E, Bennett C, Manuel DG. Ascertainment of chronic diseases using population health data: a comparison of
health administrative data and patient self-report. BMC Public Health. 2013;13:16.
29. Singh JA. Accuracy of Veterans Affairs Databases for Diagnoses of Chronic Diseases. 2009;6:11.
30. Okura Y, Urban LH, Mahoney DW, Jacobsen SJ, Rodeheffer RJ. Agreement between self-report questionnaires and medical
record data was substantial for diabetes, hypertension, myocardial infarction and stroke but not for heart failure. J Clin
Epidemiol. 2004;57:1096–103.
31. Nooney JG, Kirkman MS, Bullard KM, White Z, Meadows K, Campione JR, et al. Identifying optimal survey-based algorithms to
distinguish diabetes type among adults with diabetes. Journal of Clinical Translational Endocrinology. 2020;21:100231.
32. Van der Heyden J, De Bacquer D, Tafforeau J, Van Herck K. Reliability and validity of a global question on self-reported chronic
morbidity. J Public Health. 2014;22:371–80.

Figures

Page 14/15

Figure 1
Sensitivity analysis: validity measures of chronic diseases as a function of the DDD threshold, HISLINK 2013
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