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| BACKGROUND/OBIECTIVE oo

e Thereis a lack of data describing the proportion of patients with non-dialysis-dependent chronic kidney disease (NDD-CKD)
in France

e The DAKOTAH study was designed to estimate the prevalence and incidence of NDD-CKD, among other objectives, in the
French population

e As part of the study, we aimed to identify patients from the general population with possible NDD-CKD, who did not have a
recorded ICD-10 diagnosis of CKD, by developing a machine learning algorithm
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DAKOTAH was a retrospective,
non-interventional study of NDD-CKD
patients, using data from the Echantillon
Généraliste des Bénéficiaires (EGB)
database, which is a sample of the French
population protected by health insurance

The study inclusion period was January 01,
2012 to December 31, 2017

Two initial populations of interest were
identified directly from the EGB data:

— ‘Confirmed NDD-CKD’

— ‘Potential CKD’ (patients who were
considered at high risk of CKD)

ALD, affection de longue durée; CKD, chronic kidney disease; ICD-10, International Classification of Diseases 10t Revision;
NDD, non-dialysis-dependent

Selection of confirmed NDD-CKD and potential CKD populations

EGB population,
N=586,026

v

Patients with 21
hospitalisation with a CKD
diagnostic code and/or
those covered >1 day with
an ALD insurance plan for
CKD diagnosis, during the
inclusion period

Excluded:

e <18yearsold

¢ Receipt of dialysis or <
renal transplantation
prior to first CKD
record

Confirmed NDD-CKD population,
N=9,865

Excluded:
¢ Patients with <1 year
look-back or <2 years
follow-up
Confirmed NDD-CKD
population for analysis,
N=6,259

v

Patients with a diagnosis of
diabetes, cardiovascular
disease or hypertension, or
reimbursed for antidiabetic
drugs and/or
antihypertensive drugs,
during the inclusion period

Excluded:
e <18yearsold

Potential CKD population,
N=130,431

Excluded:

e Patients with <1 year
look-back or <2 years
follow-up

Potential CKD population for
analysis,
N=124,520
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Development of an algorithm to detect patients with possible CKD

e The potential CKD population was split into two

parts for: STEP 1 Selection of all potential CKD patients
o ° o o 0 o Potential CKD patients (diagnosis of diabetes,
o
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° A ‘possible CKD’ population was extracted from
the potential CKD population using an
unsupervised machine learning algorithm®

° A distance metric between patients was defined
based on variables that may be associated
with CKD:

Sex

Number and duration of hospitalizations
for renal failure

Number of general practitioner visits
Medications

Number/type of biological examinations

° Using the distance metric, patients having
similar characteristics were positioned close to
one another

. The algorithm learned to construct a spherical
boundary around the non-CKD population, to
create a decision rule for possible CKD versus non-
CKD. Outliers were considered possible CKD

*One Class Support Vector Machine [SVM]; Python 0.23.2. CKD, chronic kidney disease

Development of an algorithm to detect patients with possible CKD

STEP 1

STEP 2

Selection of all potential CKD patients
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o Potential CKD patients (diagnosis of diabetes,
cardiovascular disease or hypertension OR antidiabetic
and/or antihypertensive drugs)
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Training an algorithm to detect outliers (‘possible CKD’ patients)
from the potential CKD population

° ‘Normal’ potential CKD patients —» not CKD
° ‘Outlier’ potential CKD patient — possible CKD
O Separation found by the algorithm
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Development of an algorithm to detect patients with possible CKD

° The algorithm was applied to both the potential

and the confirmed CKD populations for analysis STEP 1  Selection of all potential CKD patients
R o Potential CKD patients (diagnosis of diabetes,
° The foIIowing assumptions were made: R oo, Oooo 20 OQ ° cardiovascular disease or hypertension OR antidiabetic
’ o o 80 o ° Oo ° and/or antihypertensive drugs)
%0 o © 00 o
- Most of the potential CKD population does T et
not have CKD, so the proportion of l
patients classified by the algorlthm e STEP 2 Training an algorithm to detect outliers (‘possible CKD’ patients)

possible CKD from the potential population from the potential CKD population
should be low

° ‘Normal’ potential CKD patients —» not CKD

° ‘Outlier’ potential CKD patient — possible CKD
- The proportion of patients classified as © Separation found by the algorithm
possible CKD by the algorithm from the

confirmed CKD population should be high

» Confirmed CKD patients classified as ‘possible CKD’ by the algorithm
— correct classification

o Confirmed CKD patients classified as ‘not CKD’ by the algorithm
— wrong classification

O Separation found by the algorithm at step 2
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° From the potential CKD population for analysis,
the algorithm detected 21% (26,064/124,520) as
having possible CKD

— The size of this possible CKD population
(26,064) was almost three-fold greater than
the size of the confirmed NDD-CKD
population (9,865)

° From the confirmed CKD population for analysis,
the algorithm classified 64.6% (4,044/6,259) as
having possible CKD

CKD, chronic kidney disease; NDD, non-dialysis-dependent

Development of an algorithm to detect patients with possible CKD

STEP 1

Selection of all potential CKD patients
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Patential CKD patients (diagnosis of diabetes,
cardiovascular disease or hypertension OR antidiabetic
and/or antihypertensive drugs)

STEP 2 Training an algorithm to detect outliers (‘possible CKD’ patients)
from the potential CKD population

‘Normal’ potential CKD patients —» not CKD
‘Outlier’ potential CKD patient — possible CKD
Separation found by the algorithm

The proportion of patients classified as ‘possible CKD” was low

The proportion of confirmed CKD patients classified as
‘possible CKD’ by the algorithm was high

Confirmed CKD patients classified as ‘possible CKD’ by the algorithm
— correct classification

Confirmed CKD patients classified as ‘not CKD’ by the algorithm
— wrong classification

Separation found by the algorithm at step 2
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e There were some similarities between the confirmed and possible CKD populations in relation to drug prescriptions, laboratory
tests and biological examinations

Select drug prescriptions, laboratory tests and biological examinations, in the confirmed,
potential and possible CKD populations

1-year look-back 2-year follow-up

m  Confirmed NDD-CKD

>1 renal echography

=1 renal echography ® Potential CKD

21 calcium test B Possible CKD

21 calcium test

- N .
=1 creatinine test >1 creatinine test

L =1 proteinuria test
=1 proteinuria test P

»1 phosphate test »1 phosphate test
=1 sodium bicarbonate
prescription
#1 calcium polystyrene
sulfonate prescription

Average 260 mg/day

=1 sodium bicarbonate
prescription

=1 calcium polystyrene

sulfonate prescription

Average 260 mg/day

furosemide furosemide
0 20 40 60 80 100 0 20 40 60 80 100
Proportion of patients (%) Proportion of patients (%)
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From a population of 124,520 patients
with potential CKD, 21% (n=26,064) were
identified as having possible CKD, using a

machine learning algorithm

This machine learning-derived decision
‘ rule could be a tool to identify

undiagnosed patients with NDD-CKD

The number of patients with possible

CKD was almost three-fold higher than

the number recorded with confirmed
CKD using hospital codes or ICD-10
diagnostic codes

CKD, chronic kidney disease; ICD-10, International Classification of Diseases 10t Revision; NDD, non-dialysis-dependent ©2021 by Thierry Lobbedez. Contents not to be distributed, reproduced, presented,
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