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ABSTRACT 

Background. Health policy-making require careful assessment of chronic kidney disease ( CKD) epidemiology to develop 
efficient and cost-effective care strategies. The aim of the present study was to use the RENALGO-EXPERT algorithm to 
estimate the global prevalence of CKD in France. 
Methods. An expert group developed the RENALGO-EXPERT algorithm based on healthcare consumption. This 
algorithm has been applied to the French National Health claims database ( SNDS) , where no biological test findings are 
available to estimate a national CKD prevalence for the years 2018–2021. The CONSTANCES cohort ( + 219 000 adults aged 
18–69 with one CKD-EPI eGFR) was used to discuss the limit of using health claims data. 
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Results. Between 2018 and 2021, the estimated prevalence in the SNDS increased from 8.1% to 10.5%. The 
RENALGO-EXPERT algorithm identified 4.5% of the volunteers in the CONSTANCES as CKD. The RENALGO-EXPERT 

algorithm had a positive predictive value of 6.2% and negative predictive value of 99.1% to detect an 

eGFR < 60 ml/min/1.73 m². Half of 252 false positive cases ( ALGO + , eGFR > 90) had been diagnosed with kidney disease 
during hospitalization, and the other half based on healthcare consumption suggestive of a ‘high-risk’ profile; 95% of the 
1661 false negatives ( ALGO −, eGFR < 60) had an eGFR between 45 and 60 ml/min, half had medication and two-thirds 
had biological exams possibly linked to CKD. Half of them had a hospital stay during the period but none had a diagnosis 
of kidney disease. 
Conclusions. Our result is in accordance with other estimations of CKD prevalence in the general population. Analysis 
of diverging cases ( FP and FN) suggests using health claims data have inherent limitations. Such an algorithm can 

identify patients whose care pathway is close to the usual and specific CKD pathways. It does not identify patients who 
have not been diagnosed or whose care is inappropriate or at early stage with stable GFR. 

GRAPHICAL ABSTRACT 

Keywords: CKD, diabetes, epidemiology, health claims databases, hypertension 
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KEY LEARNING POINTS 

What was known: 

• The prevalence of total CKD is unknow, due to a lack of CKD registries in many European countries. Some recent estimates 
varying between 7% and 10% of the adult population have been reported.

• To overcome the limitations of having to rely on access to repeated determinations of eGFR, health claims databases have 
been used in various countries to estimate the prevalence of CKD.

This study adds: 

• The estimated prevalence of CKD in France at 8%–10% is close to that expected. 
• By virtue of its construction, the RENALGO-EXPERT algorithm can identify patients whose care pathway is close to the usual 

and specific CKD pathways. It does not identify patients who have not been diagnosed or whose care is inappropriate or at 
early stage with stable GFR.

Potential impact: 

• Health system planning and policy-making require careful assessment of CKD epidemiology to develop efficient and cost- 
effective care strategies that aimed at slowing its progression.

• This algorithm will now be used by French Health authorities as a contributing tool for CKD burden assessment and opti- 
mizing care delivery. However, complementary tools will have to be associated with this approach to address its inherent 
limits.
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NTRODUCTION 

hronic kidney disease ( CKD) represents a heavy global health 
urden associated with increased mortality and morbidity and 
igh economic impact. Worldwide, in 2017, 697.5 million ( 95% UI 
49.2 to 752.0) cases of all-stage CKD were recorded, for a global
revalence of 9.1% ( 8.5 to 9.8) [1 ]. The prevalence of kidney failure
ith replacement therapy in Europe and France is well known,
hanks to the European ERA registry [2 ] and the French National
enal Epidemiology and Information Network ( REIN) registry [3 –
 ]. However, the prevalence of total CKD is unknown, due to lack
f CKD registries in many European countries [6 ]. Some recent
stimates varying between 7% and 10% of the adult population
ave been reported [7 ]. A precise assessment of CKD epidemi-
logy is critical for sustainable and efficient planning ( e.g. re- 
ource allocation) and to develop, implement, and evaluate cost- 
ffective policies aimed at controlling CKD [8 ]. 

One main difficulty in identifying CKD patients is the silent
ature of the disease in its early stages, with non-specific symp-
oms in the more advanced stages. Its identification is com-
licated by the definition of this disease, critically reliant on
iological results on a given period [9 ]. The definition of CKD
ncludes all individuals with markers of kidney damage or 
hose with an estimated glomerular filtration rate ( eGFR) of 
 60 ml/min/1.73 m2 on at least two occasions 90 days apart

 with or without markers of kidney damage) . Markers of kid-
ey disease may include: albuminuria ( albumin: creatinine ratio 
CR > 3 mg/mmol) , haematuria ( or presumed or confirmed kid- 
ey origin) , electrolyte abnormalities due to tubular disorders,
idney histological abnormalities, structural abnormalities de- 
ected by imaging ( e.g. polycystic kidneys, reflux nephropathy) 
r a history of kidney transplantation. Then, CKD is classified
ased on the eGFR and the level of albuminuria and allow risk
tratification of the patients. Patients are classified as G1–G5 on
he basis of the eGFR, and A1–A3 on the basis of the urine ACR
10 ]. 

To overcome the limitations of having to rely on access to
epeated determinations of eGFR, health claims databases have 
een used in various countries to estimate the prevalence of CKD
11 –18 ]. As a product of its universal health system coverage,
rance possesses one of the largest nationwide claims databases 
n the world, the National Health Data System ( SNDS) , covering
he entire French population, i.e. 67 million inhabitants [19 ]. A
oint effort of clinicians and researchers, referred to as the ‘RED-
IAM Kidney Disease’ group, has led to the development of an al-
orithm called RENALGO-EXPERT that aims to identify patients
ith CKD using the claims data available in the SNDS [20 ]. 
The primary objective of this study was to estimate the

revalence of CKD across France by applying the RENALGO-
XPERT algorithm to the National Health Claims Database 
 SNDS) . A secondary objective was to assess the performance
f this algorithm and explore the challenges associated with us-
ng healthcare databases for prevalence estimation. For that sec-
ndary objective, we used the CONSTANCES population-based 
ohort that is linked to the SNDS database and includes eGFR
ata. 

ATERIALS AND METHODS 

he CKD case definition algorithm: RENALGO-EXPERT 

lgorithm 

he method and results of the first version of our CKD case def-
nition algorithm has been published previously [20 ]. Briefly, a
onsortium of experts in nephrology, kidney epidemiology, and
ealthcare claims databases collaborated to design a practical
lgorithm for identifying CKD cases. This algorithm evaluates
KD likelihood through a combination of indicators associated
ith the CKD care pathway. These indicators encompass various
omponents of the French National Health Data System ( SNDS) ,
ncluding, but not limited to, chronic health conditions, nephrol-
gist consultations, CKD relevant medications, CKD relevant bi-
logical tests, CKD relevant medical acts, hospitalization records
ith CKD-linked diagnoses, and CKD-related diagnostic groups.

nclusions of items were made by unanimous decisions. In the
nitial step, each item was categorized into three categories: ‘cer-
ain’, ‘likely’, or ‘possible’ CKD item. The subsequent step in-
olves classifying persons in two groups as ‘certain’ or ‘likely’
ased on their holistic care pathway ( recurring and combined
ealth claims compatible with a CKD) . This comprehensive ap-
roach offered a framework for CKD identification and classifi-
ation. The validation of this algorithm in the French Childhood
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Figure 1: Overview of the French SNDS database and the data of interest for RENALGO-EXPERT algorithma . 
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ancer Survivor Study cohort showed good performance with 
 sensitivity > 70% and a specificity of > 97% [20 ]. This first ver-
ion was however improved by adding the notion of repeated 
laims over a 1-year period and additional combination between 
tems. 

ata sources 

he French administrative healthcare database ( SNDS) 

he SNDS consists of two main databases: the Hospital Dis- 
harge Summaries Database ( PMSI) and the National Health In- 
urance Claims Database ( DCIR) . It covers an extensive 98.8% of 
he French population, which translates to > 66 million individ- 
als spanning from birth ( or immigration) to death [21 –23 ]. The 
alue of the SNDS rely on its national coverage, its comprehen- 
iveness, the information provided at the individual level, and 
ts regular updating. Figure 1 presents an overview of the SNDS,
n particular applied to our subject. Within the PMSI database,
 comprehensive array of primary, related, and associated di- 
gnoses are catalogued for either private or public medical, ob- 
tetric, and surgical hospitalizations. These diagnoses adhere to 
he coding system outlined in the International Statistical Classi- 
cation of Diseases and Related Health Problems, 10th Revision ( ICD- 
0) [17 ]. This repository also features details such as hospital- 
zation dates and durations. Furthermore, it encompasses en- 
oded data about medical procedures conducted during hospi- 
al stays, coded according to the French Common Classification 
f Medical Acts ( CCAM) , as well as diagnosis-related groups and 
otably expensive pharmaceuticals. The DCIR database, on the 
ther hand, encapsulates information on all reimbursed am- 
ulatory care, consultations, medically coded procedures based 
n the French CCAM, prescribed medications categorized by the 
natomical Therapeutic Classification, and laboratory biologi- 
al tests following the French Nomenclature of Biological Acts 
 NABM) . Alongside its comprehensive coverage of reimbursed 
mbulatory care, the DCIR provides a compilation of chronic 
onditions warranting full reimbursement for related costs, sup- 
lemented by initiation and termination dates ( Affection longue 
urée) . However, it is worth noting that clinical and biological 
est findings are not encompassed within this database. There- 
ore, no information can be found considering CKD stages. Com- 
ared to some healthcare claims databases of other countries 
 USA or Sweden, for example) , it is worth noting that the French 
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NDS data for outpatient visits do not contain diagnoses ( main 
r contributory) . 

HE CONSTANCES COHORT 

he CONSTANCES cohort is a ‘general purpose’ population- 
ased epidemiological cohort that started in 2012. It is a French
ationally representative sample of > 200 000 volunteers aged 
etween 18 and 69 at inclusion [24 ]. It aims at contributing to
he development of epidemiological research and to provide 
ublic health information. In addition to the baseline and an-
ual self-administrated questionnaire completed at home, sub- 
ects underwent a health examination used to collect health- 
elated data: clinical examination, blood analysis, blood pres- 
ure, weight, height and waist-to-hip ratio, electrocardiogram,
pirometry, sight, and hearing examination. Systematic albu- 
inuria and proteinuria detection were only implemented in 
018. Active follow-up is ensured by a postal self-questionnaire 
o be completed every year at home, and an invitation for a
ollow-up visit every 4–5 years is planned for all cohort volun-
eers. 

CONSTANCES’ volunteers are also followed by annual direct 
inkage with the SNDS using Social Security Number. 

In this cohort, the kidney condition was evaluated by 
he glomerular filtration rate ( eGFR) estimated for each CON- 
TANCES volunteer using the CKD-EPI formula based on serum 

reatinine measured enzymatically at inclusion. Therefore, only 
KD stage 3–5 was considered. Those enrolled before 2017 
ad the opportunity to provide a second eGFR measure and
ad similar characteristics in terms of age, sex, comorbidi- 
ies, and eGFR values compared to the complete population 
 Supplementary Table S1) . 

tatistical analyses 

stimation of the overall French CKD prevalence 

he RENALGO-EXPERT algorithm was applied to the SNDS data 
rom the years 2018 to 2021. The prevalence of CKD in the French
opulation was estimated as the number of people classified 
ith the algorithm as CKD ‘certain’ or ‘likely’ divided by the total
f the individuals with claims in the given year. Among patients
oded as ‘certain’, those with identified claims related to dial-
sis or kidney transplantation were distinguished as such. No 
nformation can be given considering CKD stage since it does
ot include any information on eGFR or urinary results. 

erformance of the algorithm 

n the CONSTANCES cohort, the eGFR was estimated for each
olunteer using the CKD-EPI formula, based on the blood crea-
inine measurement available at inclusion. CKD was defined as 
n eGFR below 60 ml/min/1.73 m². In parallel, based on health
laims from the year before inclusion, the volunteers were clas-
ified using the RENALGO-EXPERT algorithm into ‘without CKD’,
certain CKD’, or ‘likely CKD’. 

To evaluate the performance of the RENALGO-EXPERT algo- 
ithm in identifying stage 3–5 CKD volunteers, different indica- 
ors were calculated: sensitivity ( Se) , specificity ( Sp) , positive pre- 
ictive value ( PPV) , negative predictive value ( NPV) , accuracy and 
he Cohen’s kappa coefficient ( k -coefficient) , and its 95% confi- 
ence interval ( CI) . 
The performance of the algorithm was also assessed using 

wo other eGFR thresholds: 30 and 90 ml/min/1.73 m². 
Subgroup analyses were done among persons that had a sec-
nd measure of serum creatinine at the fifth year of follow-
p and among those with a test of albuminuria or protein-
ria. In these groups, CKD was defined as two values of eGFR
 60 ml/min/1.73 m² or albuminuria > 30 mg/mmol. Subgroup
nalyses were also performed in individuals with higher risk of
KD, i.e. with known diabetes or hypertension at inclusion. 

ualitative analysis of ‘diverging’ cases 

olunteers with eGFR > 90 ml/min/1.73 m² but classified as CKD
ertain with the RENALGO-EXPERT algorithm and volunteers 
ith an eGFR < 60 ml/min/1.73 m² but classified as ‘without CKD’
y the RENALGO-EXPERT algorithm were explored. Their clinical
haracteristics and health claims were reviewed. 

All statistical analyses involved was carried out using SAS
.9.4. 

ata availability and ethics 

he authors assert that all procedures contributing to this work
omply with the ethical standards of the relevant national and
nstitutional committees on human experimentation and with 
he Helsinki Declaration of 1975, as revised in 2008. All proce-
ures have been approved by the Institutional Review Board of
he French Institute of Health ( Inserm) ( Opinion no. 01–011, then
o. 21–842) , and authorized by the by the French Data Protec-
ion Authority ( Commission Nationale de l’Informatique et des 
ibertés, CNIL) ( Authorization #910486) . The biobank obtained a 
avourable opinion from the Committee for the protection of in-
ividuals: CPP Sud Est I ( #2018–32) and an authorization from
he CNIL ( #DR-2–2018-137) . All volunteers sign a written consent
orm for their participation in CONSTANCES, and, where appli-
able, for their participation in the biobank. 

ESULTS 

revalence of CKD in the French population ( SNDS 
atabase) 

n 2018, 5 459 509 individuals were identified by RENALGO-
XPERT algorithm as having CKD, 5 521 404 in 2019, 6 584 667 in
020, and 7 184 667 in 2021, representing an estimated preva-
ence in the general population increasing from 8.1% to 10.5%
 Table 1 ) . Prevalence increased with age and sex ratio varied
mong age groups ( Fig. 2 ) . The individuals identified as ‘cer-
ain’ CKD represented 13% of the total of individuals identified
y RENALGO-EXPERT algorithm. The characteristics of the pa-
ients did not vary according to the years. The median age was 67
ears ( Q1–Q3: 51–78) [66 years ( Q1–Q3: 49–77) in the ‘likely’ group,
4 years ( Q1–Q : 61–85) , in the ‘certain’ group, 68 years ( Q1–Q3:
5–77) , in the ‘certain’ group with RRT]. There were 54% women
 56% in the ‘likely’ group, 42% in the ‘certain’ group, 35% in the
certain’ group with RRT) . There were 18% of individuals treated
or diabetes, 16% with antihypertensive drugs and 7% with lipid-
owering agents. By only including individuals aged 15–74 years,
he estimated prevalence in 2021 would have been 9.4%. 

erformance of the algorithm in the CONSTANCES 
ohort 

n the CONSTANCES cohort, 196 647 volunteers out of 206 278
ere linked to the SNDS database and had at least one serum
reatinine measurement available ( Supplementary Fig. S1) . The 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
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t inclusion and at follow-up, 22.3% had a decrease of their 
GFR ( Supplementary Table S1) . In this subgr oup, the RENALGO- 
XPERT algorithm identified 3.8% of the volunteers with CKD.
he RENALGO-EXPERT algorithm had a Se of 20.1%, Sp of 96.5%,
PV of 3.7%, and NPV of 99.1% to detect CKD defined by eGFR
 60 ml/min/1.73 m². ( Supplementary Table S2) . 
Among the 196 647 volunteers who participated, 21 356 were 

nrolled between 2019 and 2020. Among this group, 16 593 un- 
erwent testing for both albuminuria/proteinuria and creatinine 
evels in the same examination and 14 579 had two serum creati- 
ine measurements. Only 28 individuals had both two measures 
f eGFR < 60 ml/min/1.73 m2 , and/or proteinuria > 0.5 g/l, or ACR
 30 mg/mmol ( Supplementary Table S3) . 
At baseline, 5716 volunteers had diabetes and 26 974 hyper- 

ension ( Supplementary Table S4) . In these subgroups, sensi- 
ivity increased as well as the PPV and kappa coefficient with 
 slight decrease of the specificity and NPV at the cost of in-
reased false positives ( Table 5 ) . Accuracy decreased more in vol- 
nteers with diabetes ( 78.5%) than in volunteers with hyperten- 
ion ( 87.2%) . 

Sensitivity predictive values and PPVs were higher in younger 
olunteers and in men. 

ualitative analysis of ‘diverging’ cases 

n total, 252 volunteers with eGFR > 90 ml/min/1.73 m2 were clas- 
ified as CKD ‘certain’ with the algorithm ( false positive) . Half 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
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Es�mated CKD prevalence in 2021 with RENALGO-EXPERT 
algorithm

Figure 2: Prevalence of CKD identified by RENALGO-EXPERT in 2021 according to age and gender in the SNDS y. 
a No information can be given considering CKD stage because SNDS does not include any information on eGFR or urinary results. 

Table 2: Characteristics of the CONSTANCES cohort patients accord- 
i

N

A
%
%
%
%
e

%
%
%
%

o  

D  

d  

n  
ng to their classification with the RENALGO-EXPERT algorithm. 

CKD 

CERTAIN CKD LIKELY NO CKD Total 

 790 8025 187 832 196 647 

ge, mean ( SD) 54 .9 ( 12.2) 49 .7 ( 14.3) 47 .0 ( 13.4) 47 .2 ( 13.5) 
 Male 54 .7 36 .9 46 .9 46 .5 
 with hypertension 71 .1 44 .1 29 .8 30 .5 
 with diabetes 19 .1 15 .3 3 .5 4 .0 
 with dyslipidaemia 58 .5 45 .1 31 .4 32 .0 
GFR ( ml/min/1.73 m²) 
Q1 55 .1 82 .1 85 .6 85 .4 
Median 77 .7 94 .0 95 .8 95 .7 
Q3 94 .1 106 .5 106 .3 106 .3 
 eGFR < 90 68 .1 39 .8 34 .4 34 .8 
 eGFR < 60 30 .2 3 .8 0 .9 1 .1 
 eGFR < 45 15 .3 0 .8 0 .04 0 .13 
 eGFR < 30 6 .2 0 .1 0 .0 0 .03 

a  

>  

a  

w  

w
 

a  

t  

i  

h  

a  

k

f them had a kidney disease declared in the Health Claim
atabase ( ICD10 at hospital discharge) , which may have been
iagnosed in the presence of a proteinuria with a normal kid-
ey function or with fluctuant GFR, which would explain that
t inclusion in the CONSTANCES cohort they had an eGFR
 90 ml/min/1.73 m². The other half were classified because of
 combination between compatible biological exams and drugs,
hich may also correspond to ‘high profiles’ such as volunteers
ith diabetes or cardiovascular comorbidities. 
A total of 1661 volunteers were not classified as CKD but had

n eGFR < 60 ( false negative) , and 95% of them had an eGFR be-
ween 45 and 60 ml/min and a mean age of 63 years at inclusion
n the CONSTANCES cohort. Half had medication and two-thirds
ad biological exams possibly related to CKD. Half of them had
 hospital stay during the period but none had a diagnosis of
idney disease. 
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Table 3: Performance of the RENALGO-EXPERT algorithm according to the level of eGFR at 60 ml/min/1.73 m². 

eGFR CONSTANCES cohort 

RENALGO-EXPERT Algorithm eGFR < 60 eGFR ≥ 60 

CKD + TP = 548 ( 0.3%) FP = 8 267 ( 4.2%) 
CKD − FN = 1661 ( 0.8%) TN = 186 171 ( 94.7%) 

TP, true positive; FN, false negative; FP, false positive; TN, true negative; eGFR in ml/min/1.73 m²; 

Se Sp PPV NPV LR + LR- Accuracy Cohen’s kappa coefficient 

24.8% 95.7% 6.2% 99.1% 5.8 0.78 95.0% 8.3% ( 07.5%–9.1%) 

Se, sensitivity; Sp, specificity, 
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ISCUSSION 

ased on a complex algorithm that includes various combina- 
ions of health care claims, the prevalence of CKD in the gen- 
ral population of France is estimated at 8%–10%, using national 
ealth claims data SNDS with no biological values. This result 
s in accordance with other estimations of CKD prevalence in 
he general population. Using the CONSTANCES cohort that has 
GFR data available, the RENALGO-EXPERT algorithm showed 
oderate performance in identifying CKD stages 3–5. In fact, the 
nalysis of diverging cases suggests that this approach has lim- 
tations that should be borne in mind. 

KD prevalence according to available sources 

nlike our approach, many published studies had at their dis- 
osal measurement of serum creatinine and/or urine albumin 
n a sample of the general population allowing them to use the 
nternationally validated definition of CKD. However, all these 
esults have to be interpreted in the light of the characteris- 
ics of the sample, the definition of chronicity, the choice of a 
iven equation for estimating GFR and the method of measur- 
ng serum creatinine or albuminuria [25 –29 ]. In France, the MON- 
LISA study using three representative cross-sectional surveys 
n subjects aged 35–74.9 years estimated the CKD prevalence at 
.2% ( 95% CI, 7.4–8.9%) [30 ]. In Europe, the adjusted CKD stages 1–
 prevalence in the adult population has been reported between 
.31% ( 95% CI, 3.30 to 3.33) in Norway and 17.3% ( 95% CI, 16.5 
o 18.1) in the Northeast German Study of Health in Pomeranzia 
tudy [31 ]. In the USA, with the data from the National Health 
nd Nutrition Examination Surveys ( NHANES 2015–2018) , the 
revalence of CKD was estimated at 13.3% ( 95% CI, 12.3%–14.4%) 
32 ]. In China, the overall prevalence of CKD was estimated at 
0.8% ( 10.2–11.3) [33 ]. In an adult Arabic-Berber population in 
orocco, the adjusted prevalence of CKD was estimated at 5.1% 

34 ]. In Canada, in individuals managed in primary care, 7.4% 

ere identified as having CKD [35 ]. A systematic review of 100 
tudies comprising 6 908 440 patients, reported a global preva- 
ence of 13.4% for CKD stages 1–5 and 10.6% for CKD stages 3–5 
36 ]. 

Although access to biological results is the preferred method,
his is often not possible on a large scale. Therefore, other studies 
ave used diagnoses coded in health claims databases to esti- 
ate the prevalence of CKD. They did not directly use the results 
f biological tests but the diagnosis coded by health profession- 
ls. On the basis of diagnosis at hospital discharge, in the Ontario 
tudy, 7.7% of the patients were classified as positive for the CKD 
atabase algorithm using 11 ICD codes [12 ]. The US Renal Data 
ystem Coordinating Center identifies patients with CKD in ad- 
inistrative data sets by using diagnosis codes from inpatient 
laims or at least two from outpatient claims or physician and 
upplier service claims for kidney disease and comorbid condi- 
ions [37 ]. CKD prevalence was estimated at ∼7% of the Medicare 
opulation. 
In the CaReMe CKD study, using both measured and diag- 

osed CKD from digital healthcare systems in 11 countries, the 
ooled prevalence of possible CKD was 10.0% ( 95% CI 8.7–11.4) ,
efined as having a CKD diagnosis or one pathological UACR 
r eGFR value, where the chronicity of CKD was not confirmed.
hen using two pathological UACR or eGFR values at least 90 
ays apart the estimation was 7.0% ( 5.6–8.5) , with only one value 
t raised to 9.0% ( 7.6%–10.4%) When using a registered CKD diag- 
osis, with or without available pathological eGFR and/or UACR 
alues the estimation fell to 3.7% ( 2.6–4.8) [7 ]. 

Finally, only a few studies like ours without biological re- 
ults have used medico-administrative database that combined 
ealth claims with diagnosis and information on drugs, visits,
r procedures to improve their algorithms. In the Lazio region, a 
tudy has combined different health information systems: the 
ospital discharge registry, the ticket exemption registry, the 
utpatient specialist service information system, the drug dis- 
ensing registry, the regional registry of causes of death, and 
he regional health assistance files [18 ]. The crude prevalence 
ate of CKD in the Lazio region was estimated at 1.76% ( 95%CI 
.75, 1.78) . When applied to patients at Gemelli Hospital, an aca- 
emic medical centre in Rome, the prevalence was estimated at 
.8% ( 95%CI 8.5–9.1) [38 ]. A recent French study used machine 
earning to identify patients with CKD based on a 1/97th rep- 
esentative sample of the general French population [39 ]. Their 
stimated prevalence was 0.8% for non-dialysis-dependent 
KD. 
Performances of all these algorithms are linked to the type 

f data used, diagnoses and procedural codes used in hospital- 
ased database, and/or prescriptions of specific drugs or labora- 
ory biological tests. The transportability of these studies from 

ne country to another is also difficult due to the different types 
f data available. Indication bias due to the fact that labora- 
ory tests and procedures are linked to a patient’s characteristics 
ust also be considered [40 ]. 
Number of individuals on RRT was estimated at 81 695 in 

021, lower than the 92 535 patients published by the French Na- 
ional REIN registry [41 ]. Missing cases are probably stable kid- 
ey transplant patients with no sufficient health claims to be 
etected by the RENAGLO-EPXERT algorithm. 
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erformance of the RENALGO-EXPERT algorithm in the 
ONSTANCES cohort 

any algorithms used to identify CKD in hospital discharge
atabases have high specificity but relatively low sensitivity [13 –
6 , 42 ]. Adding medication, i.e. CKD targeted drugs to the algo-
ithm, by reducing false positives, improves specificity and re-
uces sensitivity. Sensitivity generally improves as the observa-
ion window gets longer because it reduces false negatives due
o more information being taken into account. 

The Lazio algorithm, like ours, showed better performance 
hen applied to hospital patients, with a sensitivity of 51.0%,
pecificity of 96.5%, PPV of 64.5%, and NPV of 94.0% to detect
KD defined by eGFR < 60 ml/min/1.73 m². This better perfor-
ance ( higher PPV and NPV) could be explained by the fact that

t was applied to patients who had laboratory measurements
rescribed during hospitalization, emergency room access, or 
mbulatory care that allows better defining CKD. When applied
o the general population, the Lazio CKD prevalence was only
.8% with lower performance due to low sensitivity. 

Applied to a sample of the general population, our RENALGO-
XPERT algorithm had a low performance to detect CKD de-
ned by eGFR < 60 ml/min/1.73 m². In fact, by construction,
he RENALGO-EXPERT algorithm designed around health claims 
ata from a 1-year period, primarily identifies patients follow-
ng established and recommended care pathways. Therefore, it
ay not readily detect undiagnosed individuals or those receiv-

ng inadequate care. The lack of specific drugs or procedures
mplies to use various combinations that makes describing the
lgorithm particularly complex ( Supplementary Table S5) . The 
revious validation of the RENAGLO-EPXERT algorithm in the
rench Childhood Cancer Survivor Study cohort showed better
erformance in a selected population who are likely to receive
ptimal care [20 ]. 
Considering the possible ‘false positives’, individuals that are

dentified by RENALGO-EXPERT are not at all uninteresting for a
argeted screening strategy. Considering the possible ‘false neg-
tives’, in France, each year around 60 million measurements of
erum creatinine are reimbursed by the National Health Insur-
nce ( https://assurance-maladie.ameli.fr/etudes-et-donnees/
ctes-biologie-medicale-type-prescripteur-biolam) . Since 
012, medical analysis laboratories are asked to report serum
reatinine results associated, for the evaluation of kidney
unction, by an estimate of the GFR by the CKD-EPI equa-
ion ( https://www.has-sante.fr/upload/docs/application/pdf/
012-10/evaluation_du_debit_de_filtration_glomerulaire_et_
u_dosage_de_la_creatininemie_dans_le_diagnostic_de_la_
aladie_renale_chronique_chez_ladulte_-_fiche_buts.pdf) . 
owever, especially at an early stage, this does not necessarily
ead to a specific modification of the care that could have made
t possible to identify the patients. Nevertheless, when focusing
n a subgroup with a higher likelihood of being diagnosed, the
lgorithm’s sensitivity significantly improves to 91.8% with a
eference eGFR of 30 ml/min/1.73 m². 

The main limitations of using CONSTANCES to study the
ENALGO-EXPERT algorithm’s performance was the relative low 

ge of the volunteers and the small number of volunteers who
ad two creatinine measurements and an albuminuria test. Be-
ause chronicity criterion could not be used, we may have un-
erestimated the sensitivity by including false positive cases. On
he other hand, as in the paper of van Oosten and colleagues,
ensitivity was higher in volunteers aged < 50 years. This could
e explained by the fact that young people are less likely to use

ealthcare and have fewer comorbidities such as diabetes and 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae117#supplementary-data
https://assurance-maladie.ameli.fr/etudes-et-donnees/actes-biologie-medicale-type-prescripteur-biolam
https://www.has-sante.fr/upload/docs/application/pdf/2012-10/evaluation_du_debit_de_filtration_glomerulaire_et_du_dosage_de_la_creatininemie_dans_le_diagnostic_de_la_maladie_renale_chronique_chez_ladulte_-_fiche_buts.pdf
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Table 5: Performance of the RENALGO-EXPERT algorithm according to the level of eGFR among two subpopulations: 5716 volunteers with 
diabetes, 26 974 with hypertension, 110 687 < 50 years, 85 960 ≥ 50 years, 91 438 men, and 105 209 women. 

eGFR CONSTANCES cohort 
RENALGO-EXPERT 

Algorithm eGFR < 60 eGFR ≥ 60 

Diabetes CKD + TP = 126 ( 2.2%) FP = 1 115 ( 19.5%) 
CKD − FN = 115 ( 2.0%) TN = 4 360 ( 76.3%) 

Hypertension CKD + TP = 427 ( 1.6%) FP = 2 688 ( 9.9%) 
CKD − FN = 753 ( 2.8%) TN = 23 106 ( 85.7%) 

< 50 years CKD + TP = 58 ( 0.05%) FP = 3 950 ( 3.6%) 
CKD − FN = 101 ( 0.1%) TN = 106 578 ( 96.3%) 

≥50 years CKD + TP = 490 ( 0.6%) FP = 4 317 ( 5.0%) 
CKD − FN = 1 560 ( 1.8%) TN = 79 593 ( 92.6%) 

Men CKD + TP = 333 ( 0.4%) FP = 3 057 ( 3.3%) 
CKD − FN = 749 ( 0.8%) TN = 87 299 ( 95.5%) 

Women CKD + TP = 215 ( 0.2%) FP = 5 210 ( 5.0%) 
CKD − FN = 912 ( 0.9%) TN = 98 872 ( 94.0%) 

TP, true positive; FN, false negative; FP, false positive; TN, true negative; eGFR in ml/min/1.73 m²; 

Se ( %) Sp ( %) PPV ( %) NPV ( %) LR + ( %) LR − ( %) Accuracy ( %) Cohen’s kappa coefficient ( %) 

Diabetes 52.3 79.6 10.2 97.4 2.56 0.60 78.5 10.7 ( 08.3–13.10) 
Hypertension 36.2 89.6 13.7 96.8 3.48 0.71 87.2 14.5 ( 12.8–16.1) 
< 50 years 36.5 96.4 1.4 99.9 10.14 0.66 96.3 2.5 ( 1.8–3.2) 
≥50 years 23.9 94.8 10.2 98.1 4.6 0.8 93.2 11.3 ( 10.2–12.5) 
Men 30.8 96.6 9.8 99.1 9.06 0.72 95.8 13.3 ( 11.9–14.8) 
Women 19.1 95.0 4.0 99.1 3.82 0.85 94.2 4.9 ( 4.0–5.7) 

Se, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative predictive value. 
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ypertension, so they are less likely to be false positives. The 
ONSTANCES volunteers were under 70 years of age, which did 
ot allow us to evaluate the performance of our algorithm in the 
lderly, a high-risk population for CKD. Analysis of misclassified 
ases has shown that our reference to define CKD with only one 
alue of eGFR may be questionable. 

erspectives 

ven if the use of the CONSTANCES cohort may be questionable 
ue to its composition ( i.e. the use of a single eGFR value and 
he low number of individuals with CKD) , this validation phase 
howed us a poor ability of the algorithm to identify patients 
hen they had an eGFR < 60. This low sensitivity suggests the 
isk of underestimating prevalence. In subgroups with a higher 
isk of CKD, the performance of RENALGO-EXPERT improved a 
ittle. Because positive and negative predictive values do inher- 
ntly vary with pre-test probability ( e.g. changes in population 
isease prevalence) , the performance of the RENALGO-EXPERT 
lgorithm will be tested in further cohorts including high-risk 
atients. 
In Table 6 advantages and limits of various methods to es- 

imate CKD prevalence are presented. While the ideal situation 
ould be to have two creatinine determinations and a protein- 
ria test in a representative sample of people and in each sub- 
roup of interest, each territory must make do with its own avail- 
ble data. 

Very few countries have easy access to all routine biologi- 
al data. Until a database that centralizes all biological test re- 
ults becomes available in France, the RENALGO-EXPERT algo- 
ithm can be used as a tool to monitor CKD prevalence within 
he French National Health Data System ( SNDS) and therefore 
uide health policy planning. 

Although the sensitivity of the RENALGO-EXPERT algorithm 

s low in the general population, its high specificity is interesting 
o identify high-risk groups of CKD. Studies that aim to evalu- 
te care and trajectories of these patients could be carried out 
n such a sample more likely to be representative of the target 
opulation. This algorithm will now be used by French Health 
uthorities as a contributing tool for thought on expenditure and 
he evolution of the care offering. However, because patients not 
iagnosed or without specific medical care are not detected, this 
onitoring will have to be associated by the development of ad- 
itional tools. 
Although databases differ widely from one country to an- 

ther, due to reimbursement methods and social security cover- 
ge, standardizing such an algorithm would enable international 
omparisons. 

In an attempt to improve our identification tool, an algorithm 

sing Artificial Intelligence is under development, i.e. RENALGO- 
I. 

ONCLUSION 

y virtue of its construction, the RENALGO-EXPERT algorithm 

an identify patients whose care pathway is close to the usual 
nd specific CKD pathways. It does not identify patients who 
ave not been diagnosed or whose care is inappropriate or at 
arly stage with stable GFR. This is an inherent limitation of 
his kind of approach, which is based on healthcare consump- 
ion rather than biological assays on a representative sample.
owever, the estimated prevalence of CKD in France at 8%–10% 
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s close to that expected. As suggested by some recent publica- 
ion, weighting to account for individuals less regularly moni- 
ored may provide more reliable prevalence estimates [40 ]. 
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