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Development and validation of algorithms ==

to identify patients with chronic kidney
disease and related chronic diseases
across the Northern Territory, Australia

Winnie Chen'", Asanga Abeyaratne'?, Gillian Gorham', Pratish George?, Vijay Karepalli?, Dan Tran®,
Christopher Brock? and Alan Cass'

Abstract

Background: Electronic health records can be used for population-wide identification and monitoring of disease.
The Territory Kidney Care project developed algorithms to identify individuals with chronic kidney disease (CKD) and
several commonly comorbid chronic diseases. This study aims to describe the development and validation of our
algorithms for CKD, diabetes, hypertension, and cardiovascular disease. A secondary aim of the study was to describe
data completeness of the Territory Kidney Care database.

Methods: The Territory Kidney Care database consolidates electronic health records from multiple health services
including public hospitals (n=6) and primary care health services (> 60) across the Northern Territory, Australia. Using
the database (n =48,569) we selected a stratified random sample of patients (n=288), which included individuals
with mild to end-stage CKD. Diagnostic accuracy of the algorithms was tested against blinded manual chart reviews.
Data completeness of the database was also described.

Results: For CKD defined as CKD stage 1 or higher (eGFR of any level with albuminuria or persistent eGFR <60 ml/
min/1.73?, including renal replacement therapy) overall algorithm sensitivity was 93% (95%CI 89 to 96%) and speci-
ficity was 73% (95%Cl 64 to 82%). For CKD defined as CKD stage 3a or higher (eGFR <60 ml/min/1 739 algorithm
sensitivity and specificity were 93% and 97% respectively. Among the CKD 1 to 5 staging algorithms, the CKD stage
5 algorithm was most accurate with >99% sensitivity and specificity. For related comorbidities — algorithm sensitivity
and specificity results were 75% and 97% for diabetes; 85% and 88% for hypertension; and 79% and 96% for cardio-
vascular disease.

Conclusions: We developed and validated algorithms to identify CKD and related chronic diseases within electronic
health records. Validation results showed that CKD algorithms have a high degree of diagnostic accuracy compared
to traditional administrative codes. Our highly accurate algorithms present new opportunities in early kidney disease
detection, monitoring, and epidemiological research.
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Introduction secondly, CKD guidelines and diagnostic criteria di ers
Globally, the social and economic burden of chronic kid across countries; thirdly, algorithm requirements dif
ney disease (CKD) is high [1]. e COVID-19 pandemic fer according to purpose — for example, a CKD pheno
has brought challenges to the traditional model of epi type algorithm designed for research recruitment may
sodic, face-to-face care. is has accelerated the adoption be unsuitable for use in clinical decision support. Given
of electronic health record (EHR)-based technologies tothe context-speci ¢ nature of phenotype algorithms, we
facilitate virtual models of kidney care [2] — such tech sought to develop and implement chronic disease algo
nologies include clinical decision support tools, and rithms suitable for clinical use within our context in the
remote disease monitoring platforms for CKD and acute Northern Territory, Australia.
kidney injury. “Electronic phenotype” algorithms are e overall objective of the Territory Kidney Care
the means through which routinely collected EHR data (TKC) project is to improve care for people with CKD
can be unlocked for secondary use in clinical care4B, in the Northern Territory. Here, we describe the devel
Electronic phenotype algorithms are computerised algo opment and validation of chronic disease algorithms
rithms that classify patients as disease positive or negato enable region-wide EHR-based initiatives in quality
tive, based on clinical characteristics found within an improvement and clinical decision support. Develep
individual’s existing EHR pro le [5,6]. Typical data ele ment of our algorithms initially focussed on CKD but
ments used in phenotype algorithms include administra subsequently expanded to several commonly co-morbid
tive codes, medication classes, and laboratory values [7].conditions including type 2 diabetes mellitus (T2DM),
Early EHR research in nephrology relied solely onhypertension, and cardiovascular disease. Phenotype
administrative codes, such as International Classi cation algorithms rely on secondary use of available EHR data
of Disease (ICD) diagnostic codes; however, adminisand as such, EHR data quality a ects algorithm perfor
trative codes have limited sensitivity in CKD due to the mance. Previous authors have called for EHR data quality
silent nature of early disease, and clinician under~ec to be reported alongside validation work [36] — for this
ognition of the condition [7]. On the other hand, using reason, a secondary aim of the study was to describe data
laboratory cut-o de nitions of CKD can be oversensi completeness of the TKC database.
tive compared to manual nephrologist chart reviews [8].
Contemporary CKD phenotype algorithms use a cem Methods
bination of administrative codes and laboratory valuesAlgorithm development
to improve diagnostic accuracy [8-13]. Improvements e Territory Kidney Care project began in 2017. e
to algorithm accuracy signies a “critical rst step” to scope of the overall project included 1) linking multiple
advancing kidney care [14] and allows for rapid identi EHR data sources across the Northern Territory into a
cation of patients with CKD across health services. consolidated TKC database; 2) developing algorithms to
Several CKD phenotype algorithms have been pubidentify patients with CKD and related chronic disease;
lished in recent years — Tablé provides a summary of 3) building a user-interface that utilises algorithm out
key CKD algorithm features and validation results. Pub puts for clinical decision support; and 4) working with
lished CKD algorithms primarily di er from one another health service partners to implement clinical decision
on eGFR cut-o0 s used to de ne CKD, proteinuria meas support into routine individual-level and service-level
ures used, and whether their CKD phenotype de-ni care. In this paper, we focus on the algorithm develop
tion includes or excludes patients on renal replacementment and validation component of the TKC project.
therapy (RRT). Algorithm validity refers to the diagnostic We used an “Agile” approach to algorithm development
sensitivity and speci city of algorithm-classi ed diagno — undertaking continuous short cycles of guideline con
sis, compared with clinician chart reviews [3,5]. e sultations, testing, and adaptations to meet user needs
plurality of CKD algorithms demonstrate a lack of cen [18]. In 2020, the chronic disease algorithms underwent
sensus on a single, “standard” phenotyping approacHormal face validation as a part of the clinical decision
[16]. ere are several reasons for this — rstly, algorithm support implementation process. We consulted clinicians
logic is rarely executed uniformly across healthcare-setwithin the research team and a panel of local specialists
tings due to a lack of standardisation in EHR data struc external to the project. e clinicians involved in face
tures and coding systems across proprietary vendors [17]yalidation included 4 nephrologists, 1 endocrinologist,
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1 cardiologist, 1 general practitioner, 1 renal nurse, andincluded administrative coding from International
1 health informatics nurse working across the Northern Classi cation of Diseases Australian Modied (ICD-
Territory. e panel of local clinicians met and reached 10 AM) [20] and primary care International Classi ca
consensus through discussion on the agreed evidencé&on of Primary Care (ICPC-2) codes [21]. Patients were
base, logic of algorithms, and key algorithm assumptionsidenti ed as CKD pooled phenotype positive if they
Key assumptions for our CKD diagnostic algorithm had CKD of any stage, or had evidence of renal replace
are outlined in Table2. e CKD algorithm assigns ment therapy (RRT) based on administrative codes or
patients to a CKD stage according to Kidney DiseaselCD procedural codes for RRT.
Improving Global Outcomes (KDIGO) guidelines A similar algorithm logic approach was used for
[19], according to estimated glomerular ltration rate related chronic diseases including T2DM, hyperten
(eGFR) for G-staging and urine albumin-to-creatinine sion, and cardiovascular disease. Figute shows a
ratio (UACR) for A-staging of CKD. To fulll the cri  simplified general schema of our chronic disease algo
teria for a CKD diagnosis based on eGFR, 2 or moreithm logic and Fig.2 demonstrates how the algorithm
readings of persistently reduced eGFR at least 3 month$ogic was applied specifically to CKD and RRT phe
apart was required. e Chronic Kidney Disease Epi notype algorithms. Full details and executable code of
demiology Collaboration (CKD-EPI) equation was our chronic disease algorithms are publicly available
used for eGFR calculations. Other data elements usednline [22].

Table 2 Key assumptions for CKD phenotype algorithm

1. Fulfills eGFR* and/or uACR criteria for CKD sub-phenotype stages 1 to 5 according to KDIGO definitions (Supplemental Table 1)
OR

2. Has one or more: administrative code or procedural codes criteria for RRT (Supplemental Table 1)

OR

3. Has one or more: other administrative codes related to CKD (e.g. chronic glomerulonephritis)

Abbreviations: eGFR estimated glomerular filtration rate, ICD-10-AM International Classification of Disease Australian Modified, KDIGO Kidney Disease: Improving
Global Outcomes, RRT Renal replacement therapy, UACR urine albumin-to-creatinine ratio

2To fulfill the criteria for CKD based on eGFR, 2 or more readings of persistently reduced eGFR at least 3 months apart was required

Coded diagnosis of
disease X or Observation entries Medication entries Laboratory result
associated indicating disease X indicating disease X indicating disease X
complications

Possible disease X

Assumption check Logic check e.g. for
e.g. for persistence presence of

over time alternative diagnosis

Electronic phenotype
diagnosis of disease
X

Fig. 1 General schema of algorithm logic for chronic disease phenotyping
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Gather other administrative Gather coded diagnosis | Gather eGFR Gather uACR

Gather coded diagnosis
codes

(e.g. ICPC U28001 for renal
transplant)

(e.g. ICD NO3 for chronic (multiple values for (multiple values for
glomerulonephritis) longitudinal trend) longitudinal trend)
\ J \ J \ J

(e.g. MBS 13105 for remote
maintenance haemodialysis)

/ N Legend
Ha_s ew_dence{ o LU Has evidence of previous renal

haemodialysis, peritoneal dialysis or impairment Green: RRT phenotype

transplant g algorithm
l - Blue: CKD phenotype

( h algorithm

Possible RRT phenotype Possible CKD phenotype
Orange: Phenotypes
\ v and sub-phenotypes
Ve ¢ N Ve ¢ ™
Logic check Assumption check a
. . 3 A Logic check
(e.g. e?«:luqe single episode of (e.g. check for persistence, with 2 or (e.g. check eGFR is at steady state
haemodialysis due to acute rather more eGFR reduced >3 months and not due to acute kidney injury)
than maintenance haemodialysis) apart) Y injury;
N J & )
. . / v .
Use RRT algorithm output to R b ~
—>» exclude RRT patients from CKD Classify to }:Dlg;rgsG el
sub-phenotypes categ
\ J X ‘ J
Ve ¢ Y Ve ¢ Y Ve ¢ N\ Ve ¢ N\ Ve ¢ N Vd ¢ N\
G1A2 or G1A3 G2A2 or G2A3 G3a (any A-category) G3b (any A-category) G4 (any A-category) G5 (any A-category
eGFR >90 eGFR 60-89 eGFR 45-59 eGFR 30-44 eGFR 15-29 eGFR <15
UACR >3 UACR >3 UACR all values UACR all values UACR all values UACR all values
l J\ i /X l J \ l /N l J X\ l
Sub. Sub. Sub. Sub. Sub. Sub. Sub.
P! ype: P yp P P P P P! ype: P! ype: P! ype:
RRT CKD stage 1 CKD stage 2 CKD stage 3a CKD stage 3b CKD stage 4 CKD stage 5

Fulfills criteria for
CKD or RRT

CKD pooled
phenotype

Fig. 2 Algorithm logic for chronic kidney disease and renal replacement therapy phenotyping. Abbreviations: eGFR — estimated glomerular
filtration rate; ICD — International Classification of Disease; ICPC — International Classification of Primary Care; KDIGO - Kidney Disease: Improving
Global Outcomes; MBS — Medicare Benefits Scheme; RRT — Renal replacement therapy; uACR — urine albumin-to-creatinine ratio

Setting and study population CKD included patients with pre-existing diabetes
We applied the chronic disease algorithms to the TKC and hypertension, a history of renal disease or acute
database. The TKC database is conceptually similar tkidney injury, and patients with a high cardiovaseu
a EHR-based CKD registry. The development of thislar risk score (Framingham five-year cardiovascular
region-wide database was a substantial undertakingisk >15%).

— geographically, the Northern Territory covers an As of 07 February 2021, there were= 48,569 patients
area of approximately 1.4 milliorkm?, from an EHR within the TKC database who were active — active is
point of view, the database consolidates siloed EHRle ned as patients with a TKC database entry within the
systems across all public hospitals£6), all publicly- past 2 years. A strati ed random sample of active patients
funded remote primary health care clinics @&56), with various chronic diseases, including mild to end-
and participating non-government primary health stage CKD, was selected for validation (tota=860). All
care services (& 12) in the Northern Territory. Indi- patients had to have 3 or more laboratory and observa
vidual records from each health service are mappedion entries to be considered for inclusion. Six subgroups
and linked prior to phenotype algorithm execution. of patients were selected to ensure that the validation
The consolidated database includes adults with CKDcohort included both algorithm positive cases, and algo
or a risk factor for CKD and has up to 24 years sparrithm negative controls for each of the chronic diseases
of longitudinal data (1998 to 2022). Adults at risk of of interest (CKD, diabetes, hypertension, cardiovascular
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Table 3 Subgroup criteria for validation cohort

Subgroup Inclusion criteria® Number in final
validation cohort (total
n 288)

Subgroup 1 Patients at risk of CKD, with no known diagnosis of CKD n=50

Subgroup 2 Patients with CKD stages 1 to 3a n=49

Subgroup 3 Patients with CKD stages 3b to 4 n=>51

Subgroup 4 Patients with CKD stage 5 or on renal replacement therapy n=>50

Subgroup 5 Patients with 2 or more coded ICD/ICPC co-morbidities (diabetes, hypertension, cardiovascular disease) n=45

Subgroup 6 Patients with 3 or more medications for chronic disease (diabetes, hypertension, cardiovascular disease n=43
medications), with or without CKD

Abbreviations: ICD International Classification of Disease, ICPC International Classification of Primary Care

@ CKD stages and the presence of comorbidities was based on algorithm output

disease). Subgroup criteria are described in Tal8e for diagnosing CKD [19] and the 2016 Australian Heart
Briey, subgroup 1 were patients at risk of CKD with Foundation guidelines for hypertension [23]. e study
no known disease; subgroups 2, 3 and 4 were patients iwas completed within a four-week timeframe in February
mild, moderate and severe CKD stages; and subgroup2021.

5 and 6 were patients with comorbidities (e.g. diabetes)

with or without CKD. Subgroup selection was based onSample size

CKD stages or co-morbidities, as de ned by algorithm Using the Buderer formula for calculating sample size
outputs. A random number generator selected=n60 for diagnostic accuracy testing [24], a sample oER77

patients within each of the 6 subgroups. patient records was required to obtain a margin of error
of +5% for sensitivity and speci city. is is based on an
Chart reviews expected sensitivity of 95%, speci city of 90%, prevalence

Algorithm generated diagnoses were compared againsof disease set at 50%, and an alpha of 0.05. Sensitivity and
blinded clinician reviews of de-identi ed patient charts. speci city estimates were based on pilot testing results.
Pilot testing of a smaller sample of patients£120) was

conducted. Five physicians across nephrology, internanalysis

medicine, and general practice participated in the studyAlgorithm diagnoses were compared against chart
(WC, PG, JK, DT, CB). Inform consent was obtainedreviews as the reference gold standard. Sensitivity and
from clinician participants. Each reviewer was assignedspeci city of each chronic disease and 95% con dence
a random subset of the validation cohort, which cen intervals (asymptotic method) were reported. Owver
tained a mix of patients from each of the subgroups. Twoall accuracy for the overall CKD algorithm (CKD of any
independent clinicians reviewed all administrative codes,stage) and accuracy of CKD staging algorithms (CKD
medications, observations, laboratory results and othersub-phenotypes for CKD stages 1 to 5, and RRT) were
structured data available in the TKC database, via a frontreported. For validation, RRT sub-phenotype was eon
end user interface. Clinicians had access to text searchidered mutually exclusive to all other CKD stages.
and result visualisation functions within the front-end We conducted a sensitivity analysis with 1) CKD phe
interface. Identi able patient demographic information notype de ned as KDIGO stage 3a and above, which
(name, date of birth, health record number) was maskedjs the main de nition of CKD used in previous stud
and participants were blinded to algorithm generated ies (Tablesl and 3) CKD phenotype algorithm using a
diagnoses. Clinicians recorded their diagnoses for CKDmore stringent uACR criteria of two or more elevated
staging according to KDIGO de nitions, and presence readings over3 months. Accuracy of administrative
or absence of diabetes, hypertension, and cardiovascuwcodes (ICD/ICPC) was also compared to that of clinician
lar disease using a structured tool. Discordant diagnoseshart reviews (gold standard). For EHR data quality, we
between the two clinicians were resolved by consensusised the domains of assessing data completeness pro
with reference to the agreed evidence base and by a thirgosed by Wieskopf et al. [25] — descriptive statistics were
clinician where consensus could not be reached. Foreported for documentation, breadth, and density of the
example, the agreed evidence base at the time of <linidata within the TKC database. e proportion of patients
cian manual review included the 2012 KDIGO guidelineswithin the database meeting several data completeness
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metrics were reported. Analysis was conducted usingTable 4 Basic demographics of included chart review patients
Stata version 15.1 (StataCorp, 2017) [26] and R (R CorBemogﬁlphlc Chart reviewed patients
Team 2021) [27]. Totaln 288

Median (IQR) or N (%)

Ethics approval

e Human Research Ethics Committee of the North ~ "9€ 46 (3310 57)
ern Territory Department of Health and Menzies School Sex - male 127 (44%)
of Health Research (HREC-2020-3903) and the Centrap®* ~female 161 (56%)
Australian Human Research Ethics Committee (CA-20— CKP mild to moderate (1 to 3a) 180 (63%)
3919) approved the study protocol. CKD moderate to severe (3b to 5) 68 (24%)

RRT 40 (14%)
Results T2DM 80 (28%)
Overview Hypertension 143 (50%)
A total of n=360 patients were selected for the valida Cardiovasculardisease 77 27%)

tion cohort and assigned to 7 clinician participants. Due Abbreviations: RRT Renal replacement therapy, T2DM Type 2 diabetes mellitus
to 2 clinician participants not Completing their assigned 2 Chronic disease prevalence as per clinician chart review diagnoses
records for review within the study timeframe, & 72

patients were excluded from analysis. Five clinician par taken for clinicians to complete a structured chart review
ticipants conducted two independent chart reviews for within the TKC database was 2.24 min and total time
n=288 patient les (Fig3). Table3 shows the number of taken for all chart reviews in the validation cohort was
records reviewed in each subgroup. approximately 23 h. Inter-rater reliability was high — raw
For the chart reviewed patients, median age was 4§ercentage agreement values were between 83 and 94%;

(IQR 33 to 57) and 44% were male. Other demographiaand Cohen’s Kappa between 0.66 to 0.86 for each chronic
information is included in Table4. e average time disease (see Supplemental Table 2).

Territory Kidney Care
database (n=48,569)

Y Y A 4 \ 4 \ 4 \ 4

Subgroup 1 [ Subgroup ZISubgroup 3 | Subgroup 418ubgroup 5 Subgroup 6

(n=60) (n=60) (n=60 (n=60) (n=60) (n=60)

Val|dat|on cohort
allocated to clinician

participants for review
(n=360)

Records excluded as
clinicians did not
complete reviews

(n=72)
Y

Included in analysis }

(n=288)

Fig. 3 Flowchart of the validation cohort
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Accuracy of CKD phenotypes was insu cient to reach a clear diagnostic conclusion. For
Algorithm validation results are presented in Tabl6. example, TKC algorithms would classify a patient with
Overall algorithm sensitivity for CKD pooled pheno a single elevated uACR and one eGFR between 60-89
type de ned as CKD stage 1 or higher (including RRT)as “no CKD” (G2A0 as no disease, according to KDIGO
was 93% (95%CI 89 to 96%), with a speci city of 73%uidelines), whereas clinicians may classify the same
(95%CI 64 to 82%)). In the sensitivity analysis (TaBJe patient as having CKD stage 2 despite not strictly meeting
algorithm sensitivity remained the same (93%), but specithe KDIGO persistence criteria for a diagnosis of CKD
city improved markedly (97%) when CKD phenotype [19]. Administrative codes (ICD/ICPC) were less sensitive
was de ned as CKD stage 3a or higher. When albumi than TKC algorithms at diagnosing CKD (72 vs 93%) but
nuria was de ned using the more stringent criteria of 2 had higher speci city (97 vs 73%). For CKD sub-pheno
or more elevated UACR readings at least 3 months aparttypes, the algorithms consistently outperformed admin
CKD algorithm speci city increased to 94% but senskiv istrative codes — algorithm sensitivity for individual CKD
ity dropped to 88%. stages (70.00 to 100%) was substantially higher than that

A confusion matrix for CKD staging is seen in Fig. of ICD/ICPC coded diagnoses (15 to 100%). Speci city
— reasons why TKC algorithms diered from clinician of algorithms and ICD/ICPC codes was similarly high, at
diagnoses included the presence of acute kidney injury@0% or above for all CKD sub-phenotypes. Notably, ICD/
and episodic haemodialysis (e.g. patients previously onCPC coded diagnoses of CKD stage 5 without RRT had
maintenance haemodialysis but with no recent episodes)very low sensitivity compared to algorithm sensitivity (21
wide uctuations in eGFR readings, and limited availabil vs 100%). Examples where ICD/ICPC coded diagnoses
ity of laboratory data. Algorithms applied strict laboratory missed CKD stage 5 cases included patient records where
diagnostic de nitions for CKD staging whereas clinicians eGFR drop was recent, or in cases where patients had
had variable guideline interpretation where objective datarecently started RRT.

Table 5 Accuracy of algorithm diagnosis and administrative code diagnosis, versus clinician diagnosis (gold standard)

Phenotype or sub-phenotype TKC algorithm Coded diagnosis (ICD/ ICPC)?

Sensitivity (%, 95%Cl) Specificity (%, 95%Cl) Sensitivity (%, 95%Cl) Specificity (%, 95%Cl)
CKD any stage (CKD 1 or higher) 93% (89 to 96%) 73% (64 to 82%) 72% (66 to 78%) 97% (93 to 100%)
CKD stage 1 87% (76 to 98%) 90% (87 to 94%) 29% (15 to 43%) 96% (94 to 98%)
CKD stage 2 70% (56 to 84%) 98% (96 to 99%) 30% (16 to 44%) 91% (87 to 94%)
CKD stage 3a 70% (42 to 98%) 100% (99 to 100%) 70% (42 to 98%) 95% (93 to 98%)
CKD stage 3b 82% (70 to 95%) 99% (98 to 100%) 15% (3 to 27%) 98% (97 to 100%)
CKD stage 4 70% (50 to 90%) 99% (98 to 100%) 30% (10 to 50%) 98% (97 to 100%)
CKD stage 5 100% (100 to 100%) 100% (99 to 100%) 21% (0 to 43%) 100% (100 to 100%)
RRT 100% (100 to 100%) 98% (96 to 100%) 100% (100 to 100%) 98% (96 to 100%)
T2DM 75% (66 to 85%) 97% (94 to 99%) 95% (90 to 100%) 91% (87 to 95%)
Hypertension 85% (80 to 91%) 88% (83 to 94%) 76% (68 to 83%) 90% (86 to 95%)
Cardiovascular disease 79% (70 to 88%) 96% (94% to 99%) N/A N/A

Abbreviations: Cl Confidence interval, ICD International Classification of Disease, ICPC International Classification of Primary Care, RRT Renal replacement therapy,
T2DM Type 2 diabetes mellitus, TKC Territory Kidney Care

2 For CKD staging, where ICD/ICPC differed, the average CKD stage of the two were taken, rounded up to the nearest integer. For cardiovascular disease TKC

algorithms used ICD/ICPC codes only

Table 6 CKD algorithm sensitivity analysis

CKD phenotype definition Sensitivity (%, 95%Cl) Specificity (%, 95%Cl)

CKD defined as stage 1 or higher (€GFR < 60 ml/min/1.73% and/or persistent urine albuminu-  93% (89 to 96%)
ria, including RRT)

CKD defined as stage 3a or higher (eGFR <60 ml/min/1.73% including RRT)
CKD defined as stage 1 or higher, requiring 2 or more elevated uACR >3 months apart®

73% (64 to 82%)

93% (89 to 98%)
88% (83 t0 92%)

97% (94 to 99%)
94% (88 to 99%)

Abbreviations: Cl Confidence interval, eGFR Estimated glomerular filtration rate, RRT Renal replacement therapy
22 or more elevated uACR required for diagnosis of CKD stage 1 and CKD stage 2 only
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Fig. 4 Confusion matrix for algorithm versus clinician diagnosis*. Abbreviations: RRT — Renal replacement therapy; TKC - Territory Kidney Care
(algorithm). *Cells indicate total number of patients (n) in each category, clinician diagnosis (gold standard) versus TKC algorithm diagnosis

Accuracy of other chronic disease phenotypes Data completeness metrics

For related chronic diseases, the T2DM algorithm had As of 07 February 2021, there were=48,569 patients

a sensitivity of 75% (95%CI 66 to 85%) and speci city ofn the TKC database who had an active entry within the
97% (95%CI 94 to 99%); hypertension algorithm had #ast 2 years. Median timespan between rst and last data
sensitivity of 85% (95%CI 80 to 91%) and speci city of 88%ntry for a single patient was 11 years (IQR 2-18). Data
(95%CI 83 to 94%); and cardiovascular disease had a senetrics of all active patients are displayed in Supplemen
sitivity of 79% (95%CI 70 to 88%) and speci city of 96%al Tables3 and 4. e highest number of patients had
(95%CI 94 to 99%). Dierences between TKC algorithma medication entry compared to other data types (94%).
and clinician diagnoses occurred where diagnostic codeg\pproximately two-thirds of patients had a recorded
and objective measures were not concordant. As withICPC code, ICD code, observation entry or labera
CKD, TKC algorithms generally applied a stricter de ni  tory result. Out of the ve data types, laboratory results
tion of disease than clinicians. For example, the algorithmhad the highest median number of results per patient
required 2 or more elevated HbAlc for a diagnosis of(n=116, IQR 40 to 261) and greatest median density of
diabetes — hence patients with a single historic elevatedesults per patient (a=9.0, IQR 4.0 to 18.6). Four metrics
HbAlc reading and several normal range HbAlc read were used to report data completeness. Metric 4 had the
ings, with no other evidence of diabetes (e.g. no glucosemost stringent criteria for data completeness (3 labera
lowering medications) is algorithm coded as “no diabetes’tory results, 3 observation entries, 1 coded diagnosis, and
For full sensitivity, speci city, positive predictive value 1 medication entry) and this minimum requirement for
(PPV), negative predictive value (NPV), and area undedata completeness was met in 61% of individual patient
ROC curve results see Supplemental materials les.
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Discussion However, where there are no true negatives in the valida
Algorithm-assisted disease identi cation is gaining tion cohort, 0 is the numerator for the speci city equa
momentum in nephrology [2 3]. Accurate, validated tion, resulting in a specicity of 0% (speci city=true
algorithms are fundamental to EHR-based innovationsnegative / true negative and false negatives). We encoun
in early CKD detection, intervention, and monitoring tered this problem during our pilot study, but overcame
[14, 28]. To our knowledge, this is the rst published the issue through selection of an appropriate true nega
study describing diagnostic sensitivity and speci city tive population in our validation cohort — appropriate
for all CKD sub-phenotypes from stages 1 to 5, throughtrue negatives being patients with risk factors for CKD
to RRT. Despite a growing volume of EHR-basedbut no known kidney disease.
research and EHR-based clinical decision support
tools, validation can at times be seen as “a mere poo$trengths and limitations
relative of the real original research” [29]. Few rigor A strength of this study was the number of CKD and
ous validation studies have been conducted outside ofelated chronic disease algorithms validated for chini
large established phenotype collaborations such as theal use. Only key algorithms were selected for the pur
eMERGE Network [30]. pose of validation, but we developed a large number of
Our results showed that CKD algorithms consistently algorithms to classify patients into additional nuanced
outperformed administrative codes (ICD/ICPC) in cer CKD sub-phenotypes according to operational
rectly classifying patients into individual CKD stages.requirements — for example, CKD sub-phenotypes
e poor sensitivity of administrative codes was particu  based on mode of RRT (e.g. haemodialysis or trans
larly striking for CKD stage 5 — the implication of this is plant sub-phenotype), and sub-phenotypes based on
that ICD/ICPC codes alone are unreliable for EHR-basedKDIGO G and A-staging (e.g. CKD G2A2 and G2A3).
detection of late-stage CKD. Our highly accurate CKD We recognised a need to move beyond the quest for
staging algorithms unlocks new opportunities for per an ideal CKD algorithm — therefore, we tested several
sonalised care. For example, the algorithm outputs haveadaptations of our CKD algorithm and conducted a
been used in the TKC project to drive clinical decision sensitivity analysis to quantify sensitivity and specific
support alerts that identify and target interventions for ity trade-offs of minor adjustments to the CKD phe
patients with rapidly progressing CKD across our region. notype definition. Our validation study was adequately
ese validated algorithms are also useful for population- powered to ensure precision of accuracy results. The
level disease progression monitoring and EHR-based epiTKC algorithm utilised EHR from diverse health ser
demiological research. vices to improve data element availability [17]. For
CKD validation studies to date have primarily consid example, where previous CKD phenotypes used proxy
ered CKD as a single pooled disease phenotype (Tahle measures for albuminuria (e.g. urinalysis results) due
Only one study in 2021 considered CKD sub-phenotypesto low UACR availability [11,13] our broad coverage
in their validation — however, a limitation of this study of EHR sources across the Northern Territory, includ
by Shang et al. was that sensitivity and speci city wasing laboratory results from primary care, allowed us to
reported for the pooled CKD phenotype but not for CKD achieve CKD A-staging directly from uACR values; in
sub-phenotypes (CKD stages 1 to 5) [13]. We used aur study, at least 1 urine ACR was available in 40% of
similar pooled de nition of CKD to Shang et al., de ning active patients in the TKC database, compared to 7%
CKD as KDIGO stage 1 or higher. In contrast, most otherurine ACR availability in a previous CKD algorithm
CKD validation studies de ned CKD as KDIGO stage 3avalidation study [11].
or higher (eGFR<60 ml/min/1.73m2) — using this com Nevertheless, there is room to expand what and how
mon de nition of CKD, our algorithm had a sensitivity of EHR data is used in our chronic disease algorithms.
93% and speci city of 97%, and was comparable to existSeveral Australian studies described high algorithm
ing studies with sensitivities ranging from 93 to 100%accuracy through incorporating keyword searches for
and speci cities ranging from 0 to 99% [&,0, 11]. Our chronic diseases within “reason for encounter” elds
algorithm sensitivity and speci city for diabetes [31-33], [32, 33]. ese primary care EHR elds are not cur
hypertension [3435], and cardiovascular disease [&] rently available within the TKC database but a next step
also have comparable accuracy to that of previously pubof the TKC project is to expand the database to ineor
lished studies. porate additional EHR systems used in private general
Evident in several CKD algorithm validation stud practices and private specialist outpatients across our
ies is the problem of “0%" speci city [82]. To reduce region. Natural language processing (NLP) for unstruc
time burden on clinicians, chart reviews may be hm tured data extraction from free text and machine
ited to individuals who are algorithm positive for CKD. learning algorithms have also been incorporated into
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CKD algorithms [12,13]. For CKD algorithms, a pos Abbreviations . o 4 o
sible application of NLP would be to extract free-text CKD:Chromc k|dneyd|5ea5e;CKD—EPI:ChrOQ|c Kidney D\sease.Ep\demology
o i ) . ) Collaboration; CPT: Current Procedural Terminology; eGFR: Estimated glomeru-
data within Imaging reports to |dem|fy structural Kie 3¢ fitration rate; EHR: Electronic health record; ICD: International Classification
ney abnormalities. Despite the increasing popu.lar ofDisease; \CPC:\ntemationaI Classification ofPrimary Ca.re;.KDIGO: Kidney
ity of NLP and machine Iearning [38], using more P|sease\mprovmgG\obalOutcomes;NP\/:Neganvepredmveva\ue;PP\/:-Pos—
i . itive predictive value; RRT: Renal replacement therapy; SNOMED: Systematized
EHR data elements in algorithms does not guarante@omenciature of Medicine Clinical Terms; T2DM: Type 2 diabetes mellitus; TKC:
improvements in diagnostic accuracy [1239] — we Territory Kidney Care; uACR: Urine albumin-to-creatinine ratio.
are still investigating how to leverage these techniques
to optimise our algorithms. Another limitation of our Supplementary Information
algorithms and phenotype algorithms more broadly The online version contains supplementary material available at https/doi.
is limited universal portability. Given the heteroge ©'%/'01186/512882:022:02947°9.
neous nature of vendor-specic EHR data structures Additional file 1 }
and semantic standards, algorithms cannot be directl
executed across EHR types without resource-intensiveA Crowled
o cknowledgements
Customisation [40’451']'_ . . . The authors would like to thank A/Prof Sandawana William Majoni, Prof Paul Law-
ere are several limitations to our validation meth ton, Mr Paul Kamler, Dr Megan Brown, and Ms Hayley Connelly for their individual
odology. Firstly, we used a strati ed random sample tocc.)n;rit.)utio.n‘stothe pilot.vaﬁd?t;?n.Y\/ethhank‘l\/lrPavtvrickCoxl"galy;or hisakssistalnce
" - with pictorial representation of the algorithm logic. We would like to acknowl-
ensure_ Capture of p('.JSItIVE and _negatlve casgs ~ thuse’dgetheTKC project team; the members of the TKC steering committee; TKC
our validation cohort is not re ective of the entire TKC  collaborators including Northern Territory Government and partner Aboriginal
database. Algorithm studies like ours typica”y select gcommunity-controlled health organisations; and IT developer Radical Systems.
limited sample of_ the entire database for vahdgtlon, ASputhors’ contributions
manual chart reviews are labour and resource-intensivenc, Aa, GG, AC contributed to study conceptualisation and design. AA devel-
to conduct. Secondly, algorithm validation studies fre Olped_ahﬂd Wm‘p(;emem\fvdcthe ac\lgoritgrgS-WC, PIG,VK, ZTaCprZrtiﬁpatedin
. . . .. algorithm validation. WC conducted data analysis and drafted the manuscript.
quently use clinician chart reviews but lack an Ob]_ec.:tlveGG and AC led funding acquisition. All authors have read and approved the
gold standard “source of truth” [542, 43]. To mini-  manuscript.
mise bias we used two independent, blinded reviewersF g
. . . . unding
E.md achieved .a hilgh leve_l of inter-reviewer agreementWC was supported by an Australian Government Research Training Program
|rdly, our validation perlod was extended from a (RTP) Scholarship and Menzies School of Health Research scholarship. The
planned two-week period to a four-week period due ;%fwf;m%;i)dpeygafeﬁgo DfﬁJectV;aSSUZp(gted byphi'amhfopinfu“dmg
e . . — A int i i , ti -
to lack of clinician availability to complete the chart [ ./ o e pib‘riwsc;roem € sHicy design, preparation ot manu
reviews within a shorter timeframe. is introduced
a small possibility of discrepancies in the “live” TKC ?Vaicljabilityofdataag‘ém?teri:ls e included i this oublshed artic
. taset t t t in thi i ti
database (e.g. new eGFR results entering the systergjz itifjg;gﬁgi?afyﬁleimg & stidy aré Inclided In this published articie
between time of clinician manual chart review and
time of extraction for TKC algorithm-coded diagn® pacjarations
ses. Finally, we reported data completeness metrics but

other EHR data quality issues could have a ected our?;hias apprzval a"ﬂ Eoﬁsegt to Péfﬂdl?a;e Northern Terttone b
. . t tt t t T T t
Va||da'[|0n I’eSU|tS e ruman nesearc Ics Committee O e Northern lerritory Departmen

of Health and Menzies School of Health Research (HREC-2020-3903) and the
Central Australian Human Research Ethics Committee (CA-20-3919) approved
this study. Inform consent was obtained from clinician participants. All meth-

Conclusions , ! . o .
L. . ods were carried out in accordance with relevant guidelines and regulations.
As EHR data is increasingly used for secondary purposes,

there remains a need for algorithm development and-val Consent for publication

idation. Our study describes the development and valida Nt @Prlicable.

tion of algorithms to identify individuals with CKD and  competing interests

related chronic diseases. Validation results demonstratedrhe authors declare that they have no competing interests.

that CKD staging algorithms have superior sensitivity Author details

and SpeCi City Compared to administrative codes alone. 'yienzies School of Health Research, Charles Darwin University, PO Box 41096,
Our highly accurate CKD staging algorithms facilitates 3Casuarina, NT 0811, Australia. 2Royal Darwin Hospital, Darwin, NT, Australia.
innovations in early kidney disease detection and meni /e 5prings Hospital, Alice Springs, NT, Australia.

toring, personalised clinical care, and EHR-based epideReceived:14Apri|2022 Accepted: 13 September 2022

miological research.




Chen et al. BMC Nephrology ~ (2022) 23:320

References

1.

20.

21.

22.

23.

Bikbov B, Purcell CA, Levey AS, Smith M, Abdoli A, Abebe M, et al. Global,
regional, and national burden of chronic kidney disease, 1990-2017: a
systematic analysis for the Global Burden of Disease Study 2017. Lancet.
2020;395(10225):709-33.

Wang C-S, Ku E. eHealth in kidney care. Nat Rev Nephrol.
2020;16(7):368-70.

Glenn D, Gibson KL. Finding that needle in the haystack: computable
phenotypes. J Am Soc Nephrol. 2019;30(12):2279.

Shah SM, Khan RA. Secondary use of electronic health record: opportuni-
ties and challenges. IEEE Access. 2020;8:136947-65.

Richesson R, Wiley L, Gold S, Rasmussen L. Rethinking Clinical Trials: Elec-
tronic Health Records-Based Phenotyping USA: NIH Collaboratory; 2021
[cited 2021 November]. Available from: https://rethinkingclinicaltrials.org/
chapters/conduct/electronic-health-records-based-phenotyping/.
Richesson RL, Smerek MM, Blake Cameron C. A framework to support
the sharing and reuse of computable phenotype definitions across
health care delivery and clinical research applications. EGEMS (Wash DC).
2016;4(3):1232.

Grams ME, Plantinga LC, Hedgeman E, Saran R, Myers GL, Williams DE,

et al. Validation of CKD and related conditions in existing data sets: a
systematic review. Am J Kidney Dis. 2011;57(1):44-54.

Frigaard M, Rubinsky A, Lowell L, Malkina A, Karliner L, Kohn M, et al. Vali-
dating laboratory defined chronic kidney disease in the electronic health
record for patients in primary care. BMC Nephrol. 2019;20(1):3.
Ostropolets A, Reich C, Ryan P, Shang N, Hripcsak G, Weng C. Adapting
electronic health records-derived phenotypes to claims data: Lessons
learned in using limited clinical data for phenotyping. J Biomed Inform.
2020;102:103363.

Nadkarni GN, Gottesman O, Linneman JG, Chase H, Berg RL, Farouk

S, et al. Development and validation of an electronic phenotyp-

ing algorithm for chronic kidney disease. AMIA Annu Symp Proc.
2014;2014:.907-16.

. Norton JM, Ali K, Jurkovitz CT, Kiryluk K, Park M, Kawamoto K, et al. Devel-

opment and validation of a pragmatic electronic phenotype for CKD. Clin
J Am Soc Nephrol. 2019;14(9):1306.

Ernecoff NC, Wessell KL, Hanson LC, Lee AM, Shea CM, Dusetzina SB, et al.
Electronic health record phenotypes for identifying patients with late-
stage disease: a method for research and clinical application. J Gen Intern
Med. 2019;34(12):2818-23.

Shang N, Khan A, Polubriaginof F, Zanoni F, Mehl K, Fasel D, et al. Medical
records-based chronic kidney disease phenotype for clinical care and “big
data”observational and genetic studies. NPJ Digit Med. 2021;4(1):70.
Tummalapalli SL, Peralta CA. An electronic CKD phenotype: a step for-
ward in improving kidney care. Clin J Am Soc Nephrol. 2019;14(9):1277.
Denaxas S, Gonzalez-lzquierdo A, Direk K, Fitzpatrick NK, Fatemifar G,
Banerjee A, et al. UK phenomics platform for developing and validating
electronic health record phenotypes: CALIBER. J Am Med Inform Assoc.
2019;26(12):1545-59.

Chapman M, Mumtaz S, Rasmussen LV, Karwath A, Gkoutos GV, Gao

C, et al. Desiderata for the development of next-generation electronic
health record phenotype libraries. GigaScience. 2021;10(9):giab059.
Rasmussen LV, Brandt PS, Jiang G, Kiefer RC, Pacheco JA, Adekkanattu P, et al.
Considerations for improving the portability of electronic health record-
based phenotype algorithms. AMIA Annu Symp Proc. 2020;2019:755-64.
Holden RJ, Boustani MA, Azar J. Agile Innovation to transform healthcare:
innovating in complex adaptive systems is an everyday process, not a
light bulb event. BMJ Innovations. 2021;7(2):499.

Kidney Disease Improvement Global Outcomes (KDIGO). KDIGO 2012
Clinical Practice Guideline for the Evaluation and Management of Chronic
Kidney Disease. Kidney Int Suppl. 2013;3(1):1-150.

Independent Hospital Pricing Authority (IHPA). ICD-10-AM/ACHI/ACS cur-
rent edition 2019 [cited 2021 January]. Available from: https://www.ihpa.
gov.au/what-we-do/icd-10-am-achi-acs-current-edition.

World Health Organization. International Classification of Primary Care,
Second edition (ICPC-2): WHO; 2003 [cited 2020 July]. Available from:
https://www.who.int/classifications/icd/adaptations/icpc2/en/.
Abeyaratne A. Github - TKC Picorules Rules 2020 [cited 2020 December].
Available from: https://github.com/asaabey/tkc-picorules-rules.

National Heart Foundation of Australia. Guideline for the diagnosis and
management of hypertension in adults - 2016 Melbourne: National

Page 12 of 12

Heart Foundation of Australia; 2016 [cited 2022 January]. Available from:
https://www.heartfoundation.org.au/getmedia/c83511ab-835a-4fcf-
96f5-88d770582ddc/PRO-167_Hypertension-guideline-2016_WEB.pdf.

24. Buderer NM. Statistical methodology: I. Incorporating the prevalence
of disease into the sample size calculation for sensitivity and specificity.
Acad Emerg Med. 1996;3(9):895-900.

25. Weiskopf NG, Hripcsak G, Swaminathan S, Weng C. Defining and measur-
ing completeness of electronic health records for secondary use. J
Biomed Inform. 2013;46(5):830-6.

26. StataCorp. Stata Statistical Software: Release 15. College Station, TX:
StataCorp LLGC; 2017.

27. R CoreTeam. R: A Language and Environment for Statistical Computing
Vienna, Austria: R Foundation for Statistical Computing; 2021 [cited 2021
November]. Available from: https://www.R-project.org/.

28. Cameron B, Douthit B, Richesson R. Data and knowledge standards for
learning health: A population management example using chronic
kidney disease. Learning Health Systems. 2018,;2(4):e10064.

29. EhrensteinV, Petersen |, Smeeth L, Jick SS, Benchimol El, Ludvigsson JF,
et al. Helping everyone do better: a call for validation studies of routinely
recorded health data. Clin Epidemiol. 2016,8:49-51.

30. Gottesman O, Kuivaniemi H, Tromp G, Faucett WA, Li R, Manolio TA, et al.
The Electronic Medical Records and Genomics (eMERGE) Network: past,
present, and future. Genet Med. 2013;15(10):761-71.

31. Spratt SE, Pereira K, Granger BB, Batch BC, Phelan M, Pencina M, et al.
Assessing electronic health record phenotypes against gold-standard
diagnostic criteria for diabetes mellitus. J Am Med Inform Assoc.
2017,24(e1):e121-8.

32. Rahimi A, Liaw ST, Taggart J, Ray P, Yu H. Validating an ontology-based
algorithm to identify patients with type 2 diabetes mellitus in electronic
health records. Int J Med Inform. 2014;83(10):768-78.

33. Havard A, Manski-Nankervis J-A, Thistlethwaite J, Daniels B, Myton R, Tu
K, et al. Validity of algorithms for identifying five chronic conditions in
Medicinelnsight, an Australian national general practice database. BMC
Health Serv Res. 2021;21(1):551.

34. McDonough CW, Babcock K, Chucri K, Crawford DC, Bian J, Modave F,
et al. Optimizing identification of resistant hypertension: Computable
phenotype development and validation. Pharmacoepidemiol Drug Saf.
2020;29(11):1393-401.

35. Teixeira PL, Wei W-Q, Cronin RM, Mo H, VanHouten JP, Carroll RJ, et al.
Evaluating electronic health record data sources and algorithmic
approaches to identify hypertensive individuals. J Am Med Inform Assoc.
2017,24(1):162-71.

36. Liao KP, Ananthakrishnan AN, KumarV, Xia Z, Cagan A, Gainer VS, et al.
Methods to develop an electronic medical record phenotype algorithm
to compare the risk of coronary artery disease across 3 chronic disease
cohorts. PLoS ONE. 2015;10(8):e0136651.

37. Rubbo B, Fitzpatrick NK, Denaxas S, Daskalopoulou M, Yu N, Patel RS, et al.
Use of electronic health records to ascertain, validate and phenotype
acute myocardial infarction: a systematic review and recommendations.
Int J Cardiol. 2015;187:705-11.

38. Pendergrass SA, Crawford DC. Using electronic health records to gener-
ate phenotypes for research. Curr Protoc Hum Genet. 2019;100(1):e80-e.

39. Shivade C, Raghavan P, Fosler-Lussier E, Embi PJ, Elhadad N, Johnson SB,
et al. A review of approaches to identifying patient phenotype cohorts
using electronic health records. J Am Med Inform Assoc. 2013;21(2):221-30.

40. Samwald M, Fehre K, de Bruin J, Adlassnig K-P. The Arden Syntax standard
for clinical decision support: Experiences and directions. J Biomed Inform.
2012;45(4):711-8.

41. Loya SR, Kawamoto K, Chatwin C, Huser V. Service oriented architecture
for clinical decision support: a systematic review and future directions. J
Med Syst. 2014,38(12):140.

42. Berner ES. Diagnostic decision support systems: how to determine the
gold standard? J Am Med Inform Assoc. 2003;10(6):608-10.

43, Alzoubi H, Alzubi R, Ramzan N, West D, Al-Hadhrami T, Alazab M. A Review
of Automatic Phenotyping Approaches using Electronic Health Records.
Electronics. 2019;8(11).

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	Development and validation of algorithms to identify patients with chronic kidney disease and related chronic diseases across the Northern Territory, Australia
	Abstract 
	Background: 

	Introduction


