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Abstract
Objectives In the French national health insurance information system (SNDS) three diabetes case definition algorithms

are applied to identify diabetic patients. The objective of this study was to validate those using data from a large cohort.

Methods The CONSTANCES cohort (Cohorte des consultants des Centres d’examens de santé) comprises a randomly

selected sample of adults living in France. Between 2012 and 2014, data from 45,739 participants recorded in a self-

administrated questionnaire and in a medical examination were linked to the SNDS. Two gold standards were defined:

known diabetes and pharmacologically treated diabetes. Sensitivity, specificity, positive and negative predictive values

(PPV, NPV) and kappa coefficients (k) were estimated.

Results All three algorithms had specificities and NPV over 99%. Their sensitivities ranged from 73 to 77% in algorithm

A, to 86 and 97% in algorithm B and to 93 and 99% in algorithm C, when identifying known and pharmacologically treated

diabetes, respectively. Algorithm C had the highest k when using known diabetes as the gold standard (0.95). Algorithm B

had the highest k (0.98) when testing for pharmacologically treated diabetes.

Conclusions The SNDS is an excellent source for diabetes surveillance and studies on diabetes since the case definition

algorithms applied have very good test performances.
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Introduction

Diabetes is one of the leading causes of morbidity and

mortality worldwide. The growing diabetes epidemic rep-

resents a major challenge to public health (Cho et al. 2018).

In this context, surveillance is fundamental in the devel-

opment and evaluation of public health programmes to

reduce the burden of diabetes, by improving the knowledge

of the disease, by assessing the prevalence and incidence of

diabetes and its complications and by defining target pop-

ulations (Geiss et al. 2017, 2018; Kirtland et al. 2014;

Schmittdiel et al. 2014). Data for diabetes surveillance are

accessible through different sources, including national

health surveys (Dwyer-Lindgren et al. 2016) and patient

registries (Richesson 2011). Recently, health administra-

tive databases have emerged as an efficient source of data

for diabetes surveillance (Saydah et al. 2004). In addition,

they can be used for other purposes such as studies on

pharmacoepidemiology or cost-effectiveness evaluation of
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public health programmes (Bezin et al. 2017; Goldberg

2006).

Health administrative databases can be accessed easily

and quickly, associated costs are low and they are quite

exhaustive. However, using these databases for surveil-

lance purposes is not a simple matter, because of the large

volumes of data stored and because these data have not

been necessarily recorded for epidemiological pur-

poses(Walraven 2017). They also have other limitations

since many of them are regional, not national, databases

(Dart et al. 2011; Lipscombe and Hux 2007; Monesi et al.

2012) or, like Medicare, they concern only certain groups

of population (Day and Parker 2013; Sakshaug et al. 2014).

Created in 1999, the French national health insurance

information system (Système national inter-régime de

l’Assurance maladie—SNIIRAM-, recently renamed Sys-

tème National des Données de Santé –SNDS-) is one of the

largest health administrative databases in the world (Maura

et al. 2015; Tubiana et al. 2017; Tuppin et al. 2017; Weill

et al. 2016). Today, it covers more than 99% of the French

population (approximately 65 million people) including

people living in French overseas territories (Tuppin et al.

2017). In the absence of a registry of diabetic patients in

France, the Diabetes National Surveillance System was

developed through this health administrative database

which is used to estimate the national prevalence of phar-

macologically treated diabetes and the incidence of dia-

betes-related complications, as well as their temporal

trends and their territorial variations (Fosse-Edorh et al.

2017). To estimate these indicators, a diabetes case defi-

nition algorithm only based on antidiabetic drug con-

sumption was applied. Two other diabetes case definitions

have been proposed in France (de Lagasnerie et al. 2018;

Fosse-Edorh et al. 2017). One uses information on indi-

viduals with diabetes who benefit from full insurance

coverage for this chronic illness (affection de longue durée-

diabète, hereafter ALD-diabetes). The French national

health insurance scheme offers full coverage of healthcare

costs for people presenting certain chronic diseases,

including diabetes, based on the medical doctor request and

an insurance physician validation. The other, which is the

latest algorithm to be introduced, adds hospital diagnoses

codes to the combination of information on ALD-diabetes

and antidiabetic drug consumption.

Certain diabetes case definitions applied in other health

administrative databases like Medicare (Hebert et al. 1999)

or regional Canadian information systems (Leong et al.

2013) have already been validated. In those validation

studies, the gold standard references were based on various

sources such as linkage with registries of diabetic patients,

laboratory data or primary care medical chart reviews.

Recently, the setting up of the CONSTANCES cohort in

France, which links self-reported data and data from

medical examinations with health administrative databases,

opens new perspectives for the validation of the three

diabetes case definition algorithms developed to date for

the French national health insurance information system.

The main objective of this study was to assess the test

performance for different characteristics of the three dia-

betes case definition algorithms introduced above, in

identifying both ‘‘known diabetes’’ and ‘‘pharmacologi-

cally-treated diabetes’’, using data from a large sample of

adults living in Metropolitan France.

Methods

The French national health insurance
information system

Two main databases comprise the French national health

insurance information system: the Inter-Scheme Consump-

tion Data (Données de consommation inter-régimes, DCIR)

and the Medical Information System Program (Progamme

de médicalisation des systèmes d’information, PMSI)

(Tuppin et al. 2017). In the DCIR, out-of-hospital reim-

bursement information on dispensed health care and full

insurance coverage due to chronic disease diagnosis codes

are complemented with demographic data (age, gender and

residence). However, diagnoses that apply to outpatient

visits as well as the results of biological exams are not

recorded in this database. In the PMSI, inpatient data from

public and private hospitals are recorded, including

admission and discharge dates, primary, related and asso-

ciated diagnoses and certain medical procedures—but not

the results of biological examinations. Both databases are

linked through anonymized identification for each

beneficiary.

Diabetes case definition algorithms

Three diabetes case definition algorithms used to date in

the French national health insurance information system

are outlined below (Fosse-Edorh et al. 2017).

Algorithm A Positive if the individual benefits during the

given year from full health insurance coverage due to a

chronic disease with a ICD-10 code of diabetes (E10 or

E14), i.e. ALD-Diabetes.

Algorithm B Positive if the individual has a reimburse-

ment of an antidiabetic drug (class A10 from Anatomic

Treatment Classification (ATC)—except Benfluorex-) on

at least three different dates in a given year or on two dates

if at least one large package of antidiabetic drugs was

dispensed.

442 S. Fuentes et al.

123



Algorithm C Positive if the individual meets at least one

of following conditions: (a) is registered as having ALD-

Diabetes during the given year; (b) is reimbursed for an

antidiabetic drug on at least three different dates in the

previous 2 years, or on two dates if at least one large

package of antidiabetic drugs was dispensed; (c) was

hospitalized with a principal or related diagnosis of dia-

betes (E10–E14) or with a principal or related diagnosis of

a diabetes-related complication (G59.0*,G63.2*, G73.0*,

G99.0*, H28.0*, H36.0*, I79.2*, L97, M14.2*, M14.6*,

N08.3) and an associated diagnosis of diabetes (E10-E14)

in the previous 2 years.

The CONSTANCES cohort

CONSTANCES is a prospective population-based general-

purpose cohort designed to serve as an open epidemio-

logical research infrastructure (Zins et al. 2010). A five-

year recruitment process started in 2012. The CON-

STANCES cohort aims to constitute a representative

sample of the French adult population aged 18–69 at cohort

inception. People in the cohort were randomly selected

within the National Health Insurance Fund beneficiaries. In

France, all salaried workers—whether active or retired—

and their families, are affiliated to the National Health

Insurance Fund (‘‘Caisse Nationale d’Asssurance Maladie

des travailleurs salaries’’, CNAMTS) which covers

approximately 86% of the French population.

A self-administered questionnaire with items on lifestyle

factors, socio-economic status, occupational exposures and

health status is completed by the participants at home.

They also attend one of CONSTANCES’s 22 dedicated

recruitment sites, distributed throughout Metropolitan

France for a medical examination. These sites are Health

Screening Centers (HSC) managed by the CNAMTS which

provide a free medical check-up every 5 years to salaried

workers and their families. As part of the medical exami-

nation, an exhaustive questionnaire on personal and family

disease history and health conditions is completed by

HSC’s physicians. The medical questionnaire is followed

by a physical examination, anthropometric measurements,

blood sampling and other tests.

Once a year, the CNAMTS transfers data on healthcare

reimbursements and hospitalization, as well as other data

regarding the cohort’s participants from the French

national health insurance information system to the central

CONSTANCES database. Data collected in the self-ad-

ministered questionnaire and in the medical examination at

cohort inclusion are then linked with the data provided

from the French national health insurance information

system from three years prior to the inclusion of the par-

ticipant in the study. Further information on the

CONSTANCES cohort can be found elsewhere (Goldberg

et al. 2017; Ruiz et al. 2016; Zins et al. 2010).

Study population

The study population was selected among CONSTANCES

participants recruited between 2012 and 2014. Women who

declared in the self-administered questionnaire that they

had gestational diabetes mellitus or were pregnant were not

included in the study population. Individuals for whom

data from the French national health insurance information

system were not available were secondarily excluded from

the resulting validation population, as were those who

neither filled out the self-questionnaire nor the medical

questionnaire. A descriptive analysis on socio-economic,

sociodemographic and anthropometric characteristics was

performed in the validation population and in the popula-

tion excluded due to unavailable data (health insurance

data or self-reported questionnaire and medical

questionnaire).

Gold standard: ‘‘known diabetes’’

Data from the self-administered questionnaire and the

medical questionnaire were used to define the gold stan-

dard for known diabetes cases. In the self-administered

questionnaire, participants reported to have diabetes

through the item: ‘‘Have you ever been told by a doctor or

other health care professional that you had diabetes?’’. In

the medical questionnaire, completed during the medical

examination, the physician asked each participant if they

had diabetes. Based on both items a gold standard variable

‘‘known diabetes’’ was constructed with two categories

‘‘positive’’ and ‘‘negative’’.

Gold standard: ‘‘pharmacologically-treated
diabetes’’

Two questions in the self-administered questionnaire were

related to diabetes treatment: ‘‘Are you currently being

treated for diabetes with oral medication?’’ and ‘‘Are you

currently being treated for diabetes with one or more

insulin injections?’’. Among the participants already cate-

gorized under ‘‘positive’’ for known diabetes, those who

reported diabetes treatment (insulin, oral medication or

both) constituted the ‘‘positive’’ category of the second

gold standard, entitled ‘‘pharmacologically-treated

diabetes’’.

Statistical analysis

The three diabetes case definition algorithms A, B and C

outlined above were applied and their test characteristics
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compared with the two gold standards. Sensitivity, speci-

ficity, positive predictive value (PPV), negative predictive

value (NPV), accuracy and Cohen’s kappa coefficient (j-
coefficient) together with their 95% CI were all estimated

to evaluate the performance of each algorithm in identi-

fying ‘‘known’’ diabetes cases and ‘‘pharmacologically-

treated’’ diabetes cases. The level of agreement was

assessed as follows: poor (j-coefficient\ 0.20); fair

(0.20 B j-coefficient\ 0.40); moderate (0.40 B j-coeffi-
cient\ 0.60); good (0.60 B j-coefficient\ 0.80); and

very good (j-coefficient C 0.80) (Leong et al. 2013). A

supplementary analysis was done stratifying the previous

analysis by sex and age groups (18–29 years, 30–54 years

and 55 years or more). The analyses were performed using

SAS 9.4 and STATA 14 software packages.

Results

Validation study population

A total of 50,954 participants were recruited between 2012

and 2014 (see Fig. 1). Women who reported a previous

diagnosis of gestational diabetes mellitus (n = 545) and

those who reported being pregnant in the self-administered

questionnaire (n = 179) were excluded. Participants for

whom full national health insurance information system

data (n = 4477, 8.7%), or both self-administered ques-

tionnaire and medical questionnaire (n = 14) were not

available, were secondarily excluded from the validation

population (see Fig. 1).

The characteristics of the validation population

(n = 45,739) were compared with the population excluded

due to absence of either full health insurance data or self-

administered questionnaire and medical questionnaire data

(n = 4491).The individuals in the validation population

were more likely to be men, to be obese, to have been

treated less frequently for hypertension and to be smokers.

They also had a higher socio-economic status, were more

likely to have been born in France (including overseas

territories) and to have a professional activity (see

Table 1).

Among the individuals who constituted the validation

population, 1157 were classified as having known diabetes

and 1018 pharmacologically treated diabetes (see Fig. 1).

Gold standard: ‘‘known diabetes’’

Test performances to identify known diabetes cases of the

three algorithms, previously developed, are described in

Table 2. Irrespective of the algorithm used, the proportion

of true negatives among those not having diabetes (speci-

ficity) was above 99.9%. Sensitivity varied between 73.7%

(95% CI 71.1, 76.2) for algorithm A, 85.8% (95% CI 83.7,

87.8) for algorithm B and 93.8% (95% CI 92.2, 95.1) for

algorithm C. No algorithm had a NPV below 99% or a PPV

below 96%. The level of agreement with the gold standard

for all three algorithms was very good (j-coefficient 0.85,
0.91 and 0.95 for the algorithms A, B and C, respectively)

without overlapping of the 95% CI of the values. In the

results of the supplementary analysis, stratified by sex and

age groups, no relevant differences in the validation tests

were observed (see Electronic supplementary material

ESM table A)’’.

Gold standard: ‘‘pharmacologically-treated
diabetes’’

Algorithm C’s sensitivity in identifying pharmacologically

treated diabetes cases (99.3%, 95% CI 98.6, 99.7) was

higher than both algorithm B’s (97.3%, 95% CI 96.2, 98.2)

and algorithm A’s (77.2%, 95% CI 74.5, 79.7) sensitivity

(see Table 3). A value close to 100% was observed for all

three algorithms’ specificities. Seven percentage points

separated the highest PPV (algorithm B: 97.9%) from the

lowest PPV (algorithm C = 90.6%); the 95% CI of each

algorithm did not overlap. All NPV were over 99%. Con-

cerning the level of agreement, algorithm B had the highest

j-coefficient (0.98, 95% CI 0.97, 0.98), followed by

algorithm C (0.95, 95% CI 0.94, 0.96) and algorithm A the

lowest one (0.84, 95% CI 0.82, 0.86). In the supplementary

analysis by sex and age groups, no significant differences

between categories were observed (see ESM table B).

Discussion

Test characteristics of three diabetes case definition algo-

rithms used in the French national health insurance infor-

mation system were assessed using two gold standards

(entitled ‘‘known diabetes’’ and ‘‘pharmacologically-trea-

ted diabetes’’) in a large cohort of more than 45,000 indi-

viduals which combined self-reported data, data from

medical examination and data from the French national

health insurance information system. All three diabetes

case definition algorithms had very good test performances.

The most exhaustive, algorithm C—which combined ALD-

Diabetes, treatment reimbursement and hospitalizations—

showed the best test characteristics for identifying known

diabetes cases, by definition; it also had the highest sen-

sitivity when using pharmacologically treated diabetes as

gold standard. The algorithm B, based only on treatment’s

reimbursement, exhibited by definition the best test char-

acteristics when using pharmacologically treated diabetes

as a gold standard. Algorithm A, which used only ALD-
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Diabetes-full health insurance coverage for diabetes-, had

the weakest test results for both gold standards.

In the absence of a diabetes registry of patients, health

administrative databases are a valuable tool for diabetes

surveillance and medical research. Canada’s diabetes

surveillance system, entitled the National Diabetes

Surveillance System (NDSS), is based on its regional

health administrative database. The NDSS diabetes case

definition is as follows: two physician claims within a two-

year period or one hospitalization with a ICD-code for

diabetes (Clottey et al. 2001). An extensive meta-analysis

recently estimated the pooled sensitivity of the NDSS case

definition at 82.3% and the pooled specificity at 97.9%

(Leong et al. 2013). Frequently, diabetes case definition

algorithms have higher values for specificity than for sen-

sitivity because when chronic diseases are ascertained in

administrative databases, the proportion of false positives

is usually lower than the proportion of false negatives

(Muggah et al. 2013). In an interesting study performed in

the USA, six algorithms for identifying Medicare benefi-

ciaries with diabetes were validated using self-reported

diabetes status from the Medicare Current Beneficiary

Survey as the gold standard (Hebert et al. 1999). While all

six algorithms had high specificity, the maximum value for

sensitivity and the kappa coefficient were 71% and 0.7,

respectively.

Validation studies of diabetes case definition algorithms

published prior to this study relied on small samples or

samples which were not representative of the general

population (Leong et al. 2013). Instead, the CON-

STANCES cohort enabled us to reach a larger and general

population representative sample. Other strength of this

Negative pharmacologically-
treated diabetes

Positive pharmacologically-treated diabetes 
3

n = 139 n = 1,018

Negative known diabetes Positive known diabetes 2

n = 44,582 n = 1,157

Validation population 
n = 45,739

No Self-Questionnaire and No 
Medical Questionnaire

n = 14

No data in SNDS 1

n = 4,477

n = 50,230

n = 179

Study population

Pregnant women

Gestational diabetes mellitus

n = 545

CONSTANCES population
Inclusion 2012 - 2014

n = 50,954

Fig. 1 Flow chart and number of people with known diabetes and

with pharmacologically treated diabetes in the validation population.

1 Système National des Données de Santé (SNDS) French national

health insurance information system, 2 Gold standard ‘‘Known

Diabetes’’ and 3 gold standard ‘‘pharmacologically-treated diabetes’’
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study is that the gold standard relies not only on self-re-

ported data but also on data collected by a physician during

a medical examination. Moreover, the exhaustive data

collection in the CONSTANCES cohort ensured two val-

idation analyses by using two gold standards ‘‘known

diabetes’’ and ‘‘pharmacologically treated diabetes.

Despite having the weakest performance, Algorithm A

has been frequently used in the French literature (Fromont

et al. 2013; Perlbarg et al. 2013; Ricci et al. 2013) because

it is simple to implement. One factor to consider with

respect to algorithm A is that information on ALD-Dia-

betes before 2014 was either not available or not exhaus-

tively recorded for some specific French health insurance

funds, for example those for farmers or self-employed

people (Fosse-Edorh et al. 2017). Moreover, in 2014, 21%

of people pharmacologically treated for diabetes did not

have ALD-diabetes status. This rate varied depending on

geographic area and socio-economic level. No false

Table 1 Descriptive table of

validation and excluded

populations’ characteristics

from 50,230 participants in

CONSTANCESa cohort

recruited between 2012 and

2014 in France

n Validation population Excluded population p valueb

45,739 4491

Age (mean, ± sd) 49.1 ± 13.2 49.5 ± 15.2 0.058

Gender, men (%) 47.41 40.26 \ 0.001

Current smoking status (%)

Never smoked 45.35 50.64 \ 0.001

Former smoker 19.50 17.27

Current smoker 35.15 32.09

Height and weight (%)

Body mass index, kg/m2 25.1 ± 4.5 24.9 ± 4.6 0.004

Self-reported disease (%)

Treated hypertension 13.17 14.71 0.004

Treated dyslipidemia 10.57 11.62 0.220

Family medical history (%)

Mother or father diagnosed with diabetes 15.75 15.92 0.768

Socio-economic status (%)

Education (ISCED 2011c) (%)

No education–primary education 3.25 3.69 \ 0.001

Lower secondary education 7.12 12.55

Upper secondary education 34.35 40.74

Lower tertiary education 33.34 28.79

Upper tertiary education 21.94 14.22

Geographical origin

France 89.00 84.08 \ 0.001

DOM-TOMd 0.89 1.76

Europe 4.25 4.34

North Africa 2.93 5.49

Sub-Saharan Africa 1.19 1.81

Asia 0.74 1.03

Others 0.99 1.49

Professional activity

Employed 65.10 44.10 \ 0.001

Unemployed 6.22 5.21

Retired 23.40 30.17

Student 1.79 9.98

Unemployed due to disability 1.58 7.68

No professional activity 1.89 2.86

aConstances ‘‘Cohorte des consultants des Centres d’examens de santé’’, bStudent T Test (continuous

variables) and Chi square test (categorical variables), cISCED: International Standard Classification of

Education, dDOM-TOM: French overseas territory
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positives were found in the assessment of algorithm A with

known diabetes as gold standard. This could be due to the

administrative procedure involved for people who wish to

benefit from ALD-Diabetes status. An individual’s general

practitioner should first sign an application for long-term

illness recognition; this application is then sent to a health

insurance physician for approval.

The sensitivity of algorithm B (based on antidiabetic

drug reimbursements) for pharmacologically treated dia-

betes cases was 12 percentage points higher than its sen-

sitivity for known diabetes. The higher number of false

negatives when using ‘‘known diabetes’’ compared with

using ‘‘pharmacologically-treated diabetes’’ as a gold

standard can be explained by the fact that diabetic patients

controlling their glycaemia through diet and physical

activity are not classified as positive ‘‘known diabetes

cases’’ by algorithm B.

The highest sensitivity in both validation analyses was

observed in algorithm C, which combined data on ALD-

diabetes, drug reimbursements and hospitalization diag-

noses. Since its case definition was broader, both a lower

number of false negatives and a higher number of false

Table 2 Test characteristics of three diabetes case definition algorithms applied in the French national health insurance information system using

known diabetes as the gold standard (based on data from participants of CONSTANCESa cohort recruited between 2012 and 2014 in France)

TP FP TN FN Se (%) Sp (%) PPV (%) NPV (%) Acc (%) K

(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)

Algorithm Ab 853 0 44,582 304 73.73 100.0 100.0 99.32 99.34 0.85

(71.09, 76.24) (99.99, 100.0) (99.57, 100.0) (99.24, 99.40) (99.26,99.41) (0.83, 0.86)

Algorithm Bc 993 19 44,563 164 85.83 99.96 98.12 99.63 99.60 0.91

(83.68, 87.79) (99.93, 99.97) (97.08, 98.87) (99.57, 99.69) (99.54,99.66) (0.90, 0.93)

Algorithm Cd 1085 31 44,551 72 93.78 99.93 97.22 99.84 99.77 0.95

(92.23, 95.10) (99.90, 99.95) (96.08, 98.11) (99.80, 99.87) (99.73,99.82) (0.94, 0.96)

TP true positives, FP false positives, TN true negatives, FN false negatives, Se sensitivity, Sp specificity, PPV positive predictive value, NPV

negative predictive value, Acc accuracy, K kappa coefficient, 95% CI confidence interval
aCONSTANCES ‘‘Cohorte des consultants des Centres d’examens de santé’’. bAlgorithm A: Benefiting from ALD-Diabetes [‘‘Affection de

longue durée -diabète’’ (chronic disease -diabetes)] status or 100% reimbursement of care due to a previous diagnosis of diabetes by a physician

that was validated by an insurance doctor. cAlgorithm B: Having at least 3 antidiabetic drug reimbursements recorded in the previous year (or 2 if

one of them was a large package), dAlgorithm C: At least one of the three following conditions: (a) benefiting from ALD-Diabetes status;

(b) having at least 3 antidiabetic drug reimbursements recorded in the previous 2 years (or 2 if one of them was a large package); (c) having had

at least one hospitalization related to diabetes in the previous 2 years

Table 3 Test characteristics of three diabetes case definition algo-

rithms applied in the French national health insurance information

system using pharmacologically treated diabetes as the gold standard

(based on data from participants of CONSTANCESa cohort recruited

between 2012 and 2014 in France)

TP FP TN FN Se (%) Sp (%) PPV (%) NPV (%) Acc (%) K

(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95 %CI)

Algorithm Ab 786 67 44,654 232 77.21 99.85 92.15 99.48 99.35 0.84

(74.51, 79.75) (99.81, 99.88) (90.13, 93.86) (99.41, 99.55) (99.27,99.42) (0.82, 0.86)

Algorithm Bc 991 21 44,700 27 97.35 99.95 97.92 99.94 99.90 0.98

(96.16, 98.25) (99.93, 99.97) (96.85, 98.71) (99.91, 99.96) (99.86,99.92) (0.97, 0.98)

Algorithm Cd 1011 105 44,616 7 99.31 99.77 90.59 99.98 99.76 0.95

(98.59, 99.72) (99.72, 99.81) (88.73, 92.24) (99.97, 99.99) (99.71,99.80) (0.94, 0.96)

TP true positives, FP false positives, TN true negatives, FN false negatives, Se sensitivity, Sp specificity, PPV positive predictive value, NPV

negative predictive value, Acc accuracy, K kappa coefficient, 95% CI confidence Interval
aCONSTANCES ‘‘Cohorte des consultants des Centres d’examens de santé’’. bAlgorithm A: Benefiting from ALD-Diabetes (‘‘Affection de

longue durée-diabète’’ (chronic disease -diabetes)) status or 100% reimbursement of care due to a previous diagnosis of diabetes by a physician

that was validated by an insurance doctor. cAlgorithm B: Having at least 3 antidiabetic drug reimbursements recorded in the previous year (or 2 if

one of them was a large package), dAlgorithm C: At least one of the three following conditions: (a) benefiting from ALD-Diabetes status;

(b) having at least 3 antidiabetic drug reimbursements recorded in the previous 2 years (or 2 if one of them was a large package); (c) having had

at least one hospitalization related to diabetes in the previous 2 years
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positives were expected. Because part of this algorithm is

based on ALD-diabetes information, the practical consid-

erations of algorithm A must be acknowledged (Fosse-

Edorh et al. 2017). Beyond the objectives of the present

study, we have validated the different components of

algorithm C and their combinations; the results of these

supplementary analyses are described in the tables C and D

in the EMS. When removing the component related to

ALD-diabetes from algorithm C, the test characteristics are

similar to those of algorithm B. In addition, algorithm C is

more complex, requiring the combination of a large num-

ber of variables from two databases (DCIR and PMSI) in

the French national health insurance information system.

This makes this algorithm more computationally

expensive.

This study has some limitations. The prevalence of

diabetes in our study population is lower than the estimated

prevalence in all France (Carrere et al. 2018; Kusnik-

Joinville et al. 2008), due to selection biases of the cohort

(people with chronic diseases are less likely to participate)

and the exclusion of certain groups with a high prevalence

of diabetes (people aged over 70 years and those living in

overseas territories) (Santin et al. 2016). However, we

believe that these differences are not large enough to have

an impact on results of the analyses (Wong and Lim 2011).

Almost 10% of the selected study population in CON-

STANCES had no linked data with the French national

health insurance information system. As previously

described, they had substantial differences from the vali-

dation population. The absence of data on reimbursement

and hospitalization is partly the result of participants not

giving their permission to link data, but mostly due to

recent changes in health insurance affiliation (e.g. young

adults affiliated to the student health insurance system

change to the National Health Insurance Fund when they

start working).

Conclusion

The French national health insurance information system is

an excellent source for the study of diabetes, since the three

diabetes case definition algorithms currently applied had

very good test performances. Besides the performance of

test characteristics, the objectives of the study, together

with the accessibility of data and the workload expected (in

terms of time and computational skills required), should be

considered in the selection of the algorithm.

Algorithm C was found to be the most suitable to

identify known diabetes because it also captures patients

who were hospitalized or who died before having 3 drug

deliveries. This algorithm is thus better suited for studies

on complications and cost of care. This algorithm also had

somewhat highest costs in terms of time and computational

skills needed. Furthermore, its sensitivity may not be

stable when studying temporal trends before 2014 or ter-

ritorial variations. We found that algorithm B is preferable

when the objective is to study temporal trends, territorial or

socio-economic variations. Moreover, unlike algorithms A

and C, algorithm B can be used in other countries since

information on antidiabetic drug consumption is commonly

available in national health administrative databases.

However, one shortcoming common to any diabetes case

definitions based on health administrative databases is their

inability to identify undiagnosed diabetes.
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