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Abstract
Background Administrative and health surveys are used in monitoring key health indicators in a population. This study 
investigated the agreement between self-reported disease status from the Belgian Health Interview Survey (BHIS) and 
pharmaceutical insurance claims extracted from the Belgian Compulsory Health Insurance (BCHI) in ascertaining the 
prevalence of diabetes, hypertension, and hypercholesterolemia.

Methods Linkage was made between the BHIS 2018 and the BCHI 2018, from which chronic condition was ascertained 
using the Anatomical Therapeutic Chemical (ATC) classification and defined daily dose. The data sources were compared 
using estimates of disease prevalence and various measures of agreement and validity. Multivariable logistic regression was 
performed for each chronic condition to identify the factors associated to the agreement between the two data sources.

Results The prevalence estimates computed from the BCHI and the self-reported disease definition in BHIS, respectively, 
are 5.8% and 5.9% diabetes cases, 24.6% and 17.6% hypertension cases, and 16.2% and 18.1% of hypercholesterolemia 
cases. The overall agreement and kappa coefficient between the BCHI and the self-reported disease status is highest for 
diabetes and is equivalent to 97.6% and 0.80, respectively. The disagreement between the two data sources in ascertaining 
diabetes is associated with multimorbidity and older age categories.

Conclusion This study demonstrated the capability of pharmacy billing data in ascertaining and monitoring diabetes in 
the Belgian population. More studies are needed to assess the applicability of pharmacy claims in ascertaining other chronic 
conditions and to evaluate the performance of other administrative data such as hospital records containing diagnostic 
codes.
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Text box 1. Contributions to the literature
• Research has demonstrated the potential of medica-
tion indicators in monitoring diseases and risk factors in a 
population.

• Our work adds to the understanding of the advantages and 
disadvantages of using pharmacy billing data in ascertaining 
diabetes, hypertension, and hypercholesterolemia through 
its comparison with self-reported disease information. 

• With the use of drug consumption information, this paper 
provides evidence that the Belgian compulsory health insur-
ance database can be employed in monitoring diabetes at a 
population level.

Introduction
Non-communicable diseases (NCDs), including type 
2 diabetes and cardiovascular diseases, are the leading 
causes of mortality and morbidity globally, particularly 
in affluent regions like Europe where they are responsible 
for over 90% of all deaths [1]. According to the Global 
Burden of Disease Study, high serum cholesterol level, 
high blood pressure, and high blood glucose level are 
among the most prevalent metabolic risk factors explain-
ing the high burden of NCDs, with their levels increasing 
globally over the last decade [2–4].

Since NCDs are of major and growing public health 
concern, effective disease and related risk factor surveil-
lance is needed in monitoring their epidemiology in the 
population. Public health surveillance is the continuous, 
systematic collection and analysis, and interpretation of 
health-related data, including risk factors and their dis-
ease outcomes to inform prevention measures and dis-
ease management by public health authorities [5]. Active 
surveillance commonly involves the design and imple-
mentation of population-representative health surveys 
that provide periodic information on pre-defined health 
indicators and outcomes of the population. Health sur-
vey databases can be utilized to assess the magnitude of 
the problem, monitor trends in the population, provide 
demographic and geographic distribution of diseases, 
and contribute to framing the performance of policies 
and interventions [6, 7].

Active surveillance systems, such as nationwide health 
interview or examination surveys collect self-reported 
or measured information from a representative popula-
tion sample [5]. While highly informative, the logistics of 
conducting a large-scale survey makes the process costly 
and time consuming and so national surveys are typically 
only organized periodically with years passing between 
survey cycles.

Passive health surveillance systems, on the other hand, 
take advantage of information collected routinely and 
systematically for purposes other than monitoring popu-
lations’ health [5]. Passive surveillance is a relatively inex-
pensive strategy able to cover large areas and populations, 

and to provide critical information for complementing 
or validating active surveillance systems. Passive health 
surveillance can be derived from diseases registries or 
hospital records, as well as health administrative data-
bases, such as insurance health claims for medical care 
and treatment costs. These data collection systems have 
fewer logistic requirements, and are generally continu-
ously updated, allowing for longitudinal investigation 
of disease outcomes and health determinants. However, 
they may lack certain additional individual characteris-
tic information needed for a particular research question 
and may be prone to misclassification errors [8].

In Belgium, the prevalence of diseases is monitored 
through various surveillance efforts. For instance, the 
Belgian Health Interview Survey (BHIS) collects self-
reported information on selected NCDs and is con-
ducted every four or five years. Registries such as the 
Belgian Cancer Registry and the Belgian Diabetes Regis-
try provide information on the incidence and prevalence 
of specific diseases. Sentinel surveillance systems like the 
Sentinel Network of General Practitioners gathers infor-
mation on several diseases in Belgium.

The availability of a compulsory health insurance and 
the presence of a centralized databank that stores phar-
macy billing records of reimbursed medicines provides 
an opportunity to evaluate the prevalence of selected 
diseases according to drug-based indicators by using 
information on drug prescription through the Anatomi-
cal Therapeutic Chemical (ATC) classification [9–11]. 
ATC assigns drugs with codes of up to five levels which 
describe the body system they have an effect on, thera-
peutic class, pharmacological actions, chemical group, 
and active substances. ATC then permits standardized 
usage of pharmaceutical products in research and drug 
utilization monitoring. Several studies that investigated 
the agreement between self-reported and pharmacy bill-
ing data relying on the ATC classification system found 
the latter capable of producing reliable prevalence esti-
mates of certain NCDs, including cardiovascular diseases 
and diabetes [12–15]. For drugs with multiple indica-
tions, ATC classification can be used in combination with 
the defined daily dose (DDD) to increase the accuracy 
of assigning ATC codes to a particular condition [16]. 
This approach has been shown to be in good agreement 
with the self-reported diabetes, cardiovascular diseases 
in general, Parkinson’s disease, and thyroid disorders in 
Belgium for the reference year of 2008 and 2013 [17, 18].

The exploration of the potential complementarity 
between population-based surveys and routine admin-
istrative databases in monitoring these key cardiometa-
bolic health indicators is important in understanding the 
capability of alternative data source in providing timely 
assessment of their health trends in the population. This 
entails recognizing the advantages and shortcomings of 
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the self-reported and administrative data for these dis-
eases and knowing the extent of association of the phar-
macy billing data with different self-reported disease 
definitions.

This study is conducted to investigate the agreement 
between self-reported disease status from the Belgian 
Health Interview Survey (BHIS) and the pharmaceutical 
insurance claims extracted from the Belgian Compulsory 
Health Insurance (BCHI) in ascertaining the prevalence 
of diabetes, hypertension, and hypercholesterolemia. 
BCHI is further compared with the BHIS’ self-reported 
measures based on drug consumption since diabetes, 
hypertension, and hypercholesterolemia status in BCHI 
is determined using consumed medications. To our 
knowledge, these three cardiometabolic conditions which 
are significant risk factors of cardiovascular diseases have 
not been studied together in the Belgian context. In par-
ticular, this research aims to (1) quantify the agreement 
in the calculation of the prevalence of diabetes, hyper-
tension, and hypercholesterolemia in Belgium using the 
two data sources, and (2) identify factors associated to 
the agreement between the survey and pharmacy billing 
data.

Materials and methods
Data sources
Belgian health interview surveys (BHIS)
The BHIS is a nationwide epidemiological survey, con-
ducted by Sciensano and carried out periodically every 
4 or 5 years since 1997, including a sample of around 
10,000 Belgian residents per survey cycle [19]. The sur-
vey has a multi-stage cluster sampling design by which 
the country was stratified into the three main regions 
of Brussels, Flanders, and Wallonia. In a next step the 
regions of Flanders and Wallonia were further strati-
fied per province, with the province of Liège split into 
the municipalities belonging to the German community 
and the other municipalities, leading to a total number 
of 12 geographical strata. Municipalities from each stra-
tum were then selected, and households were subse-
quently chosen from these municipalities. A maximum 
of four household members participated in the survey. 
Post stratification weights were designed and applied to 
ensure representation of the sample in terms of age, sex, 
and province. Information was collected through face-to-
face interview, including demographics, specific diseases 
and conditions, nutritional status, and through a self-
administered questionnaire covering more sensitive top-
ics such as health behaviors and lifestyle habits. Further 
details of the BHIS are described elsewhere [19].

Belgian compulsory Health insurance (BCHI)
The BCHI database includes data on reimbursed health 
care from the seven health insurance funds and is 

managed by the Intermutualist Agency (IMA-AIM) [20]. 
BCHI stores data of about 98% of Belgium’s national reg-
ister [21]. Apart from information on reimbursed medi-
cines from pharmacies, the BCHI database also contains 
a limited number of sociodemographic variables and 
chronic condition indicators of insured individuals in 
Belgium, which are based on their use of reimbursed 
medicines.

Study design
This is a cross-sectional study that investigates the agree-
ment between BHIS 2018 and BCHI 2018 in determining 
the chronic disease classification and prevalence for dia-
betes, hypertension, and hypercholesterolemia of indi-
viduals who are at least 15 years old. HISLINK 2018 was 
used in the conduct of the study [22]. This is an initiative 
that links the BHIS 2018 to the BCHI records from 2013 
and with continued update up to 2023.

Ethics
HISLINK 2018 is a linkage of the pseudonymised BHIS 
and BCHI data. BHIS 2018 was organized according to 
the Belgian privacy legislation and approved by the Eth-
ics Committee of the University hospital of Ghent on 
December, 21 2017 (advice EC UZG 2017/1454). Autho-
rization for the data linkage of the two data sources was 
provided by the Belgian Information Security Committee 
(local reference: Deliberation No 20/204 of November 3, 
2020).

Outcome measure
Diabetes, hypertension, and hypercholesterolemia are the 
main conditions of interest. Three variables in BHIS were 
compared to BCHI-based indicators to evaluate to what 
extent BCHI is associated with various self-reported 
information. The first BHIS variable is the self-reported 
chronic condition (SRC) which is asked in the survey as 
“During the past 12 months, have you had any of the fol-
lowing diseases or conditions?”. The self-reported chronic 
condition and drug consumption (SRCD) is the second 
BHIS variable. SRCD is based on the question “Did you 
take any medicines for this disease or condition during 
the past 12 months?” for those who reported to have suf-
fered from this condition. A third BHIS variable corre-
sponds to the self-reported drug consumption obtained 
by asking the respondents to show the interviewers the 
medicines that they had used in the past 24  hours. The 
interviewers recorded the brand name and, if available, 
the national code on the package. The chronic condi-
tion was then ascertained from the ATC of consumed 
medications (CATC). Categorization of disease status for 
CATC relies solely on whether a drug with ATC associ-
ated with a chronic condition (Table 1) was taken in the 
given timeframe.
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Pseudodiagnosis for a group of diseases, including dia-
betes, was developed by an experts group for the National 
Institute for Health and Disability Insurance (NIHDI) 
using algorithm based on the use of reimbursed medi-
cines [16]. These pseudodiagnoses were contained in the 
HISLINK database used for this study. Since hyperten-
sion and hypercholesterolemia were not yet included, the 
same case-finding algorithm was applied by the research-
ers. That is, a one-year cumulative DDD of at least 90 
for all the consumed disease-specific medications (see 
Table 1) assigns an individual to a chronic condition. For 
each person, the total DDD for a particular chronic con-
dition is computed as

 
TotalDDD =

n∑

i=1

Quantityi × DPPi

where Quantityi = quantity of the ith reimbursed drug;
DPPi = daily defined doses per package of the ith reim-

bursed drug; and.
n = number of drug reimbursements made in a year.

Statistical analysis
The weighted prevalence of diabetes, hypertension, and 
hypercholesterolemia in Belgium in 2018 was calculated 
according to the different definitions in BHIS and BCHI. 
The percentage of individuals with disease status classi-
fication in agreement between the data sources was esti-
mated. The Cohen’s kappa coefficient (κ) was computed 
to investigate the degree of agreement between the two 
data sources’ classification. A kappa coefficient of 0 to 
0.20 is interpreted as no agreement; 0.21 to 0.39 as mini-
mal; 0.40 to 0.59 as weak; 0.60 to 0.79 as moderate; 0.80 
to 0.90 as strong; and above 0.90 as almost perfect agree-
ment [23]. Accompanying the kappa coefficient is a cor-
responding 95% uncertainty obtained using the epi.kappa 
function of the epiR package in the R software.

Each disease variable in the BHIS was compared to its 
corresponding disease indicator in the BCHI. For each 
comparison and with BHIS as the reference standard, 
sensitivity, specificity, negative predictive value (NPV), 

and positive predictive value (PPV) were calculated to 
understand the degree to which BCHI accurately mea-
sures disease occurrence. These measures and their 95% 
confidence interval were generated using the epi.tests 
function of the epiR package in R.

Multivariable logistic regression that takes survey 
weights and design into account was performed for each 
chronic condition to identify the factors associated to the 
agreement between the two data sources. The fit of the 
models was assessed using the Hosmer-Lemeshow good-
ness-of-fit test. The dependent variable is defined as the 
agreement in disease status classification. It is a binary 
variable that indicates whether there is consistency in the 
reported disease status in BHIS and the identified dis-
ease status in BCHI. The two categories of the dependent 
variable are: similar and dissimilar classification. Specifi-
cally, if an individual is classified in both data sources as 
having a particular disease or if there is an agreement 
in both data sources that a given disease is not pres-
ent, then there is similar classification. If otherwise, the 
value of the dependent variable corresponds to dissimilar 
classification.

Independent variables from the BHIS include age cat-
egories (15–34, 35–54, 55–74, 75+), gender (male versus 
female), educational attainment (no diploma or primary 
education, lower secondary, higher secondary, higher 
education), multimorbidity (suffering from at least two 
chronic diseases versus less than 2), nationality (Bel-
gian, non-Belgian EU, non-Belgian non-EU), household 
income quintile (Q1, Q2, Q3, Q4, Q5), region (Brussels, 
Flanders, Wallonia), and subjective health (good to very 
good versus very bad to fair). Age was categorized since it 
is of interest to assess the effect of the different classifica-
tion, from younger to older levels. These variables were 
chosen as they were deemed to be potential risk factors 
of disagreement between BHIS and BCHI.

The data management and statistical analyses were per-
formed, respectively, in SAS 9.4 and R 4.1.2.

Results
Overview of the study sample
The sample in BHIS consists of survey participants aged 
15 years and older (n = 9753). Of these, 9167 individuals 
(94% of the BHIS participants) were successfully linked to 
BCHI 2018.

A summary of the study population’s characteristics is 
provided in Table  2. The study population consists of a 
slightly higher proportion of women and residents in the 
35–54 years old category, with about 11% of the popula-
tion aged 75 and older. The majority of the population 
belongs to a household with at least a higher secondary 
as the highest level of education and to a higher income 
group of fourth and fifth income quintile. The study pop-
ulation is also characterized by predominantly Belgian 

Table 1 ATC and description of drugs associated to diabetes, 
hypertension, and hypercholesterolemia
Condition ATC Medication
Diabetes A10A

A10B
Insulins and analogues
Blood glucose lowering 
drugs, excluding insulins

Hypertension C02
C03
C07
C08
C09

Antihypertensive
Diuretics
Beta-blocking agents
Calcium channel blockers
Agents acting on the 
renin-angiotensin system

Hypercholesterolemia C10 Lipid modifying agents
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nationals (90%) residing in the Flemish region (57%). In 
addition, 23% participants reported fair to very bad sub-
jective health, and 15% suffered from at least two chronic 
diseases.

The frequency and weighted prevalence rates of dia-
betes, hypertension, and hypercholesterolemia for the 
different disease definitions are summarized in Table  3. 
Among the BHIS variables, SRC produced the highest 
prevalence estimate for diabetes (5.9%) and hypercho-
lesterolemia (18.1%) while CATC produced the highest 
prevalence estimate for hypertension (22.2%). Consid-
ering all disease definitions, prevalence estimates for 
hypercholesterolemia showed a dispersion (range = 5.4, 
σ2 = 4.6) ranging from 12.7% to 18.1%.

Relative to the other chronic conditions, estimates 
for hypertension had the highest variability (range = 9.2, 
σ2 = 13.2) and ranged from 15.4% to 24.6%. On the con-
trary, the weighted prevalence of diabetes in the popu-
lation had the lowest variability (range = 0.5, σ2 = 0.1) 
compared to hypertension and hypercholesterolemia.

Comparing the BCHI to the BHIS prevalence esti-
mates, the former underestimated the latter’s SRC for 
diabetes and hypercholesterolemia (Table  3). The BCHI 
for hypertension overestimated the prevalence estimates 
of all three BHIS figures with the smallest difference 
obtained between BCHI and CATC.

Table  4 presents the percent agreement and kappa 
coefficient between the prevalence of cardiometabolic 
conditions ascertained by BHIS or BCHI databases. The 
agreement between the two data sources is consistently 
high for diabetes. Specifically, about 98% of the individu-
als were similarly classified in the pairwise comparison of 
SRC, SRCD, and CATC with BCHI, and with the kappa 
coefficient suggesting a substantial agreement between 
the data sources. Conversely, the percent agreement 
and the kappa coefficient between BCHI and hyper-
tension’s SRC (% agree = 86.0%; κ̂ =0.60) and SRCD (% 
agree = 86.6%; κ̂ =0.61) were lower than that of CATC (% 
agree = 93.4%; κ̂ =0.82). For both hypertension and hyper-
cholesterolemia, only CATC reached a strong agreement 

Table 2 Characteristics of the Belgian population (n = 9,167) 
included in the study
Characteristic Frequen-

cy a

Age (years)
15–34 2,248 (29)

35–54 3,030 (32)

55–74 2,833 (28)

75+ 1,056 (11)

Gender
Men 4,370 (48)

Women 4,797 (52)

Highest educational level within the household
No diploma or primary education 693 (6)

Lower secondary 1,237 (13)

Higher secondary 2,782 (33)

Higher 4,304 (48)

Household income
Quintile 1 1,089 (12)

Quintile 2 1,253 (15)

Quintile 3 1,555 (20)

Quintile 4 1,924 (25)

Quintile 5 1,922 (28)

Nationality
Belgian 7,938 (90)

Other EU nationalities 702 (5)

Non-EU nationalities 523 (5)

Region
Flanders 3,581 (57)

Brussels 2,321 (10)

Wallonia 3,265 (33)

Subjective health perception
Good - Very Good 5,708 (77)

Fair - Very Bad 1,831 (23)

Multimorbidity
With multimorbidity 1,483 (15)

Without multimorbidity 7665 (85)
a The figures correspond to the number of respondents belonging to a category 
and their respective survey-weighted percentages

Table 3 Survey-weighted prevalence of chronic conditions among the Belgian population (2018) based on BHIS and BCHI definitions 
a

Variables Diabetes Hypertension Hypercholesterolemia
n (%) Diffb n (%) Diffb n (%) Diffb

BHIS

     SRC 609 (5.9) 0.1 1697 (17.6) -7.0 1704 (18.1) 1.9

     SRCD 556 (5.4) -0.4 1490 (15.4) -9.2 1210 (12.7) -3.5

     CATC 542 (5.4) -0.4 2167 (22.2) -2.4 1319 (13.6) -2.6

BCHI 591 (5.8) 2434 (24.6) 1572 (16.2)
a The figures correspond to the number of individuals with chronic condition and their respective weighted prevalence
b Percent difference between the BHIS and BCHI disease prevalence

Abbreviations: BCHI, Belgian compulsory health insurance; BHIS, Belgian Health Interview Survey; CATC, chronic condition ascertained from the ATC of consumed 
medications; SRC, self-reported chronic condition; SRCD, self-reported chronic condition and drug consumption
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with BCHI as SRC and SRCD has either a weak or mod-
erate agreement. Hypercholesterolemia’s kappa coeffi-
cient is particularly at its lowest when BCHI is compared 
with SRC.

The resulting measures of concordance for the pair-
ing of BCHI with each of SRC, SRCD, and CATC are 
presented in Table  4. Compared to the other chronic 
conditions, diabetes recorded the highest proportion 
of agreement of more than 97% between the BCHI and 
each of the three BHIS variables. The chance that a per-
son does not have diabetes in BCHI given a diabetes-
free assessment in BHIS is at least 98%. The sensitivity 
of BCHI in identifying diabetes cases ranged from 80.5 
to 86.9% while its PPV from 79.7 to 82.9%. Hyperten-
sion has at least 95% of NPV, and its PPV for SRC and 
SRCD is 58.5% and 55.4%, respectively. When compared 
with the CATC of hypertension, BCHI yielded high mea-
sures of sensitivity, specificity, PPV, and NPV which are 
equivalent to 92.1%, 93.7%, 82.0%, and 97.5%, respec-
tively. Similarly, computed measures (sensitivity = 93.2%; 
specificity = 95.6%; PPV = 78.2%; NPV = 98.8%) for hyper-
cholesterolemia are consistently high when BCHI is com-
pared to CATC. For hypercholesterolemia, BCHI has the 
low sensitivity of 57.1% to SRC and a low PPV of 59.1% to 
SRCD.

The result of the multivariable survey-weighted logis-
tic regression is presented in the additional file. The 
Hosmer-Lemeshow test indicates that the models fit well 
(p-values > 0.05). Several factors are significantly associ-
ated to the agreement between BHIS and BCHI with the 
magnitude of associations varying across diseases and 
case definitions.

For diabetes, the set of factors that are significantly 
associated with the agreement between the BHIS and the 
BCHI vary across the former’s disease definition. Older 

age categories are consistently associated with lower 
odds of agreement between BCHI and the BHIS’ disease 
definition of SRC, SRCD, and CATC. Furthermore, indi-
viduals with at least two chronic conditions are less likely 
to have agreement in their disease status relative to those 
without multimorbidity.

For hypertension, agreement between the SRC and the 
BCHI is associated with gender, age, and health percep-
tion. The odds of agreement between SRC and BCHI is 
higher among women (OR 1.29; 95% CI: 1.05, 1.58) than 
men and among those with good to very good subjective 
health (OR 1.65; 95% CI: 1.32, 2.08). Compared to those 
who are 35 to 54 years old, people belonging to the older 
age categories have lower odds of agreement between the 
two data sources.

For hypercholesterolemia, agreement between SRC and 
BCHI is significantly positively associated with female 
gender (OR 1.32; 95% CI: 1.09, 1.59), younger age (OR 
3.71; 95% CI: 2.46, 5.60), and positive subjective health 
perception (OR 1.47; 95% CI: 1.18, 1.84). A positive asso-
ciation is likewise observed for the female gender (OR 
1.38; 95% CI: 1.11, 1.72), younger age (OR 12.91; 95% CI: 
4.87, 34.22), and positive health perception (OR 1.39; 95% 
CI: 1.08, 1.78) between SRCD and BCHI. The young age 
group of 15 to 34 years (OR 6.06; 95% CI: 1.76, 20.84) and 
the positive subjective health perception (OR 1.51; 95% 
CI: 1.07, 2.13) have a similar association to the agreement 
between CATC and BCHI.

Discussion
This study investigated the agreement between the pop-
ulation-based interview survey’s self-reported chronic 
conditions, assessed in different ways, and administra-
tive health insurance records for drug-treated diabetes, 
hypertension, and hypercholesterolemia. BCHI disease 

Table 4 Measures of validity between the BCHI and each of the three BHIS variables a

Variables Agreement
(%)

Kappa
(95% CI)

Sensitivity
(%) (95% CI)

Specificity
(%) (95% CI)

PPV
(%) (95% CI)

NPV
(%) (95% CI)

Diabetes

SRC 97.6 0.80 (0.78, 0.83) 80.5 (77.1, 83.5) 98.8 (98.6, 99.0) 82.9 (79.6, 85.9) 98.6 (98.3, 98.8)

SRCD 97.9 0.82 (0.80, 0.85) 86.0 (82.8, 88.8) 98.7 (98.4, 98.9) 80.9 (77.5, 84.0) 99.1 (98.9, 99.3)

CATC 97.9 0.82 (0.80, 0.85) 86.9 (83.8, 89.6) 98.6 (98.3, 98.8) 79.7 (76.2, 82.9) 99.2 (99.0, 99.4)

Hypertension

SRC 86.0 0.60 (0.58, 0.62) 83.9 (82.1, 85.6) 86.5 (85.7, 87.2) 58.5 (56.5, 60.5) 95.9 (95.4, 96.4)

SRCD 86.6 0.61 (0.59, 0.63) 90.5 (88.9, 92.0) 85.9 (85.0, 86.6) 55.4 (53.4, 57.4) 97.9 (97.5, 98.2)

CATC 93.4 0.82 (0.81, 0.84) 92.1 (90.9, 93.2) 93.7 (93.1, 94.3) 82.0 (80.4, 83.5) 97.5 (97.1, 97.8)

Hypercholesterolemia

SRC 85.4 0.51 (0.48, 0.53) 57.1 (54.7, 59.5) 92.0 (91.3, 92.6) 61.9 (59.5, 64.3) 90.3 (89.6, 91.0)

SRCD 89.9 0.61 (0.59, 0.63) 76.8 (74.3, 79.1) 91.9 (91.3, 92.5) 59.1 (56.6, 61.5) 96.3 (95.9, 96.7)

CATC 95.3 0.82 (0.81, 0.84) 93.2 (91.7, 94.5) 95.6 (95.2, 96.1) 78.2 (76.1, 80.2) 98.8 (98.5, 99.0)
a BHIS is used as the reference in the computation of the sensitivity, specificity, PPV, and NPV

Abbreviations: BCHI, Belgian compulsory health insurance; BHIS, Belgian Health Interview Survey; CATC, chronic condition ascertained from the ATC of consumed 
medications; SRC, self-reported chronic condition; SRCD, self-reported chronic condition and drug consumption; PPV, positive predictive value; NPV, negative 
predictive value
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indicators were generated using information on drug 
consumption. The nature of these indicators prompted 
its comparison to not just the SRD but also to the self-
reported drug-based SRCD and CATC. Briefly, the 
results showed strong agreement between the BHIS and 
BCHI for diabetes, and poor agreement and inconsis-
tent direction of disease prevalence for hypertension and 
hypercholesterolemia. In addition, agreement between 
BHIS and BCHI for hypercholesterolemia were more fre-
quently observed among women, positive health percep-
tion and younger ages.

The administrative health insurance claims for medica-
tions can be an alternative data source in the estimation 
of diabetes prevalence in the population as the analy-
sis showed high level of agreement and small deviation 
in the computed prevalence estimates between the two 
data sources. Using the 2018 Belgian Health Examina-
tion Survey (BHES), a study that objectively measured 
the blood pressure, blood cholesterol levels, and fast-
ing plasma glucose and HbA1C in a subset and thus 
small sample of BHIS participants, a small difference 
in the estimates of self-reported condition and medica-
tion use was also found, along with the observation of a 
large proportion (85.6%) of the people who are at least 18 
years old and suffering from diabetes were actually tak-
ing medication [24]. This finding is also consistent with 
the result of other studies [12, 17, 25–27]. The small dif-
ference in the estimated prevalence between BHIS and 
BCHI could possibly be attributed to the impact that this 
condition has to an individual’s quality of life and health-
care expenses and the burden that it likewise renders to 
the healthcare system. Meanwhile, the slight discrep-
ancy in the estimates could be due to the sensitivity of 
the case-finding algorithm and the DDD threshold used 
in identifying people with diabetes [17]. This may also 
be explained by the shortcomings of both data sources 
in the same direction. For example, BHIS may underes-
timate because of false negative reporting while BCHI 
missed diabetes patients who do not take medication or 
who took medication but with amount not reaching the 
threshold of the case-finding algorithm.

Insurance claims produced an overestimated preva-
lence of self-reported hypertension in the population. 
The overestimation could be due to the common use 
of blood pressure lowering medications in the second-
ary prevention of cardiovascular diseases [28], as well as 
the use of antihypertensives for multiple indications in 
cardiovascular and chronic diseases [15]. In fact, BHES 
reported that 45% of the individuals with high or poten-
tially high blood pressure actually reported that they have 
this condition [24]. The indistinguishability of conditions 
to which the medications were indicated and the nature 
of the case-finding algorithm resulted to the poor agree-
ment between the insurance claims and the self-reported 

hypertension in our study. However, better concor-
dance between administrative and self-reported data for 
hypertension were observed in cases where the former 
is defined using medical or diagnostic codes. Muggah 
et al. used hospital and physician billing codes and esti-
mated a κ coefficient of 0.66 between the administrative 
and self-reported data for this condition [29]. Using the 
International Classification of Diseases, Ninth Revision, 
Clinical Modification (ICD-9-CM) code 401 for hyper-
tension, Lix et al. tried various algorithms consisting of 
physician data, hospital data, prescription drug data, and 
their combinations and compared it with survey records 
[26]. Their study found that using one year of data, the 
estimated κ coefficients ranged from 0.54 to 0.70, with 
the maximum value computed from an algorithm with 
a combination of at least one hospital separations or at 
least one physician billing or at least two prescription 
drug records.

The pharmacy billing data has a weak agreement with 
the self-reported data on the prevalence of hypercholes-
terolemia. This disagreement could be partially explained 
by the large underdiagnoses of hypercholesterolemia as 
in Belgium, only one in three individuals aged 18 and 
older with high or potentially high serum cholesterol 
was aware and reported having this condition according 
to the analyses of the BHES [24]. Another factor could 
be the poor adherence to lipid-lowering drugs, particu-
larly statins [30–32] which can be used in treating other 
conditions [33] or may not be appropriate for everybody 
with hypercholesterolemia [34]. In addition, participants 
with multimorbidity in polypharmacy regimes may mis-
report their diagnosis often because of the pleiotropic 
effect of statins. The disagreement between self-reported 
and claims-based prevalence of hypercholesterolemia 
is challenging to explain but may reflect the reversibil-
ity of elevated blood cholesterol or an initial treatment 
with lifestyle medication. Nevertheless, the analysis 
showed that better agreement is found if drug-based self-
reported data are considered and especially if informa-
tion is based on the registration of the brand names of 
the consumed drugs.

Sociodemographic and health factors affect the agree-
ment between the self-reports and insurance claims. 
The strength of association of these factors differ across 
chronic conditions but in most of our comparisons, 
high agreement is observed among younger individu-
als, among those with positive subjective health percep-
tion, and among people without comorbid conditions. 
These results are consistent with the findings of other 
studies [17, 35–37]. In particular, Wu et al. discovered in 
their analysis the association of old age to the disagree-
ment between self-reports and claims data as well as 
the data sources’ concordance among highly educated 
participants [37]. Chiu et al. also confirmed in their 
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investigation of the factors associated to the difference 
in self-reports and ICD-9 codes from medical records 
that under-reporting of a disease is more likely among 
respondents who are older or have poor health [36]. The 
association of old age and multimorbidity to the disagree-
ment in different data sources has also likewise been con-
cluded in the studies conducted by Berete et al. and Lix 
et al. [17, 35]. The disagreement in the self-reported and 
insurance-based disease status among the elderlies could 
be explained by multimorbidity, the development and 
diagnosis of various chronic ailments, and the resulting 
consumption of an assortment of medications. Addition-
ally, lapses in memory and utilization of drugs that can be 
used in treating multiple conditions could also contribute 
to the discrepancies between the two data sets.

The PPV and the NPV are among the estimates com-
puted to assess the performance of the pharmacy billing 
data. However, the comparison of the PPV and the NPV 
between the three diseases is tricky because these esti-
mates are influenced by the magnitude of the prevalence 
of the disease.

It is important to understand the temporal invariance 
in the relationship between administrative and survey 
data in recommending the former as a potential alterna-
tive or supplement to the latter. This ensures consistency 
in measurements and precision in conclusion. Although 
longitudinal analysis was not performed in this study, our 
result on the strong agreement between the two data sets 
in estimating the prevalence of diabetes is consistent with 
that observed in the linked BHIS and BCHI 2013 [17]. 
The conformity in the conclusion further strengthens the 
utility of the claims database as a means of diabetes sur-
veillance in the population.

This study has several limitations. Diagnostic codes 
that could have been used in combination with or a point 
of comparison to pharmacy claims is absent in the data-
base and therefore not included in the analysis. In place 
of an accurate diagnosis, the self-reported chronic condi-
tion from the survey was treated as the reference stan-
dard. However, this data is not free from bias and could 
also produce under- or over-estimated disease prevalence 
[38]. Potential sources of bias in the self-reported health 
data include measurement bias, recall bias, and social 
desirability bias.

Despite the limitations, this research has its strength in 
the size and representativeness of the study population. 
The capacity of the healthcare system to link individuals 
from these two databases using the unique national reg-
ister number avoids linkage errors. This study also com-
puted various agreement measures and identified factors 
associated with the agreement of the two data sources. 
Furthermore, the comparison of pharmacy claims to 
three different self-reported disease definitions provided 

better understanding of the estimates generated from the 
insurance database.

The small variation in the prevalence estimates, the 
high percentage of agreement and the strong concor-
dance between the self-reported and the pharmacy bill-
ing data suggests the potential of the BCHI as a resource 
for the surveillance of diabetes in Belgium. On the con-
trary, the BCHI’s biased prevalence estimates and rela-
tively low measures of agreement for the self-reported 
hypertension and hypercholesterolemia provides evi-
dence of the challenges of using the pharmacy billing 
data in monitoring these conditions. The nature of these 
diseases and the applicability of their medications to a 
wide array of conditions calls for the adoption of an algo-
rithm that involves medical codes in the ascertainment of 
health conditions.

Conclusion
This study demonstrated the value of pharmacy bill-
ing data in ascertaining and monitoring diabetes in the 
Belgian population. The agreement between the self-
reported and the administrative insurance data is higher 
for chronic conditions that have specific treatment 
strategies and lower for those with non-exclusive set of 
medications such that in the case of hypertension. The 
pharmacy billing data similarly has poor agreement with 
the self-reported hypercholesterolemia. The association 
of older adults to the disagreement between the data 
sources must be taken in consideration in the conduct 
of epidemiological studies on this population. Medical 
codes with information on diagnoses and health proce-
dures is an advantageous addition to the linkage of the 
pharmacy billing and self-reported health data. Its inclu-
sion would provide specific information on health con-
ditions and complement currently available healthcare 
information. Thus,to further broaden the investigation 
of the performance of administrative data in ascertain-
ing chronic conditions, this study suggests for an effort 
to link pharmacy billing data with diagnostic information 
from primary care data.
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