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ABSTRACT

Background. Safe medication prescribing for hospitalized chronic kidney disease (CKD) patients is challenging.
Leveraging electronic health records (EHRSs) offers potential for decision support. A first step is to capture the CKD cohort
through so called electronic phenotypes (e-phenotypes). However, available e-phenotypes, defined by logical rules
applied to EHR data, lack consensus and are often inconsistently aligned with the Kidney Disease — Improving Global
Outcomes (KDIGO) guideline for CKD (KDIGO-CKD). Therefore, local analyses and formalization efforts are essential to
derive logical rules for CKD cohort selection.

Methods. We analyzed routinely collected EHR data from adults hospitalized at Amsterdam University Medical Centre
(2018-23). Six logical rules were investigated: four derived from KDIGO-CKD (reduced glomerular filtration rate,
albuminuria, kidney replacement therapy, and other markers of kidney damage) and two from published studies
(diagnosis codes and medications).

Results. The study included 108 854 hospitalized patients. Extensive efforts were needed to formalize the clinical CKD
definition from KDIGO-CKD and adapt it to EHR data, including selecting appropriate CKD diagnosis codes, medications,
and computable criteria. Pooling six logical rules resulted in identifying 17 805 hospitalized CKD patients (16.4%),
showcasing varying CKD patient counts per rule (with proportions ranging from 2.1% to 8.4%). Nonetheless, baseline
characteristics across cohorts were comparable. Over one-third of patients identified by decreased eGFR or
albuminuria/proteinuria measurements lacked a corresponding diagnosis code.

Conclusions. Deriving and formalizing six logical rules required close collaboration between nephrologists, EHR data
experts, and medical informaticians. Our study provides groundwork towards a computer-interpretable CKD definition
to standardize cohort capture in EHR-based studies.
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GRAPHICAL ABSTRACT

Identifying a cohort of hospitalized chronic kidney disease patients

Cl‘ i | . . . . L
Ki;"r::‘; using electronic health records: lessons learnt and implications for

e future research and clinical practice guidelines

Identification of a CKD cohort using EHR data is essential to improve the knowledge base for safe prescribing.
Existing e-phenotypes for CKD, (partly) based on KDIGO guidelines, utilize different operational definitions.

Methods Results

Six logical rules to identify CKD The proportion of CKD patients identified varied by logical rule

(2.1% to 8.4%). They led to a total of 17,805 (16.4%) CKD
patients. Certain CKD Diagnosis Codes rule resulted in the highest
CKD proportion

ﬁ KDIGO-CKD Decreased eGFR

G KDIGO-CKD Albuminuria

‘\E‘ KDIGO-CKD Kidney Replacement W*ﬂm*w Baseline characteristics were largely comparable

Therapy across CKD cohorts identified with the six logical rules

ﬁg KDIGO-CKD Other Markers of hronici . L
Kidney Damage Chronicity and persistence criteria impact CKD counts

% Certain CKD Diagnosis Codes
@/’2 Medications

data elements (e.g., laboratory values, ICD-10 codes) is essential

5‘0 For hospital EHR-based CKD cohort identification, use of different

Conclusion: There is variability in CKD patient counts arising from the application of six . F(.ernéndez-Lluneza, D.
Clinical Kidney Journal (2025)
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distinct logical rules on EHR-data. Standardizing the clinical CKD definition for computa-
tional frameworks is crucial for advancing kidney research with real-world data.

Keywords: chronic kidney disease, clinical practice guideline, electronic health record, epidemiology, nephrology

KEY LEARNING POINTS

What was known:

e Various logical rules have been proposed to identify chronic kidney disease (CKD) patients using electronic health record
(EHR) data, resulting in highly variable CKD counts.

¢ None of these rules has achieved widespread acceptance, and their alignment with the prevailing CKD definition is incon-
sistent.

¢ Informed decisions on CKD cohort selection require local analyses and rule formalization efforts.

This study adds:

e Formalizing the KDIGO-CKD definition into logical rules and selecting CKD diagnosis codes and medications required ex-
tensive efforts.

e Substantial variability in CKD counts arises from the logical rules used, albeit resulting cohorts show comparable baseline
characteristics.

e Cohort overlap differences underscore the need to harness diverse data elements to identify CKD patients.

Potential impact:

e Our findings highlight the need to formalize the CKD clinical definition into a computer-interpretable one, to avoid incon-
sistencies in EHR implementation across studies.

e Such efforts require close collaboration between nephrologists, EHR data experts and medical informaticians.
e The results provide insights for further improvements in EHR-based CKD cohort selection.

INTRODUCTION clinical trials [4, 5], which limits the evidence base for safe pre-
scribing [6, 7]. To bridge this gap, leveraging electronic health
record (EHR) data is a promising strategy [8-10]. Accurate identi-
fication of CKD patients using EHR data is an essential first step

Chronic kidney disease (CKD) is an emerging global public health
issue [1, 2]. CKD patients often present complex and multi-
morbid conditions [1, 3], but they are frequently excluded from
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towards this goal [11]. CKD cohort selection can be achieved by
using the so-called electronic phenotypes or e-phenotypes [12],
consisting of logical rules derived from clinical practice guide-
lines [12, 13]. In this vein, recent U.S. Food and Drug Administra-
tion guidance emphasizes the importance of precise operational
definitions to capture the intended patient cohorts when using
real-world data [13].

The Kidney Disease — Improving Global Outcomes (KDIGO)
guideline for CKD (hereinafter referred to as KDIGO-CKD) has
established a clinical definition for CKD [14]. Using KDIGO-CKD
as a starting point, multiple CKD e-phenotypes have been de-
veloped and validated for hospital settings, each employing dif-
ferent operational definitions to capture a CKD cohort [15-18].
Indeed, the varied practical implementations in EHR data have
brought to the fore the challenges and inconsistencies in such
captures [19-21]. Adding to this challenge, there is currently no
widely accepted or endorsed CKD e-phenotype to standardize
such efforts. This variability has contributed to notable discrep-
ancies in CKD patient population estimates and characteriza-
tions, even within similar healthcare environments [22-24].

Therefore, urged by the need to capture a CKD cohort to study
medication safety using EHR data, we conducted in-depth anal-
yses using EHR data from our organization. For this purpose,
we used the KDIGO-CKD guideline [14] and previous CKD e-
phenotypes [15-18, 25, 26] to derive and formalize a set of logical
rules and criteria to be able to make better-informed decisions
on EHR-based CKD cohort selection.

MATERIALS AND METHODS

This study is reported in alignment with the REporting of studies
Conducted using Observational Routinely-collected health Data
(RECORD) (Supplementary Table S1).

Setting and study design

This is a cross-sectional descriptive study conducted at Am-
sterdam University Medical Centre (Amsterdam UMC) in the
Netherlands.

Participants

All adult patients with at least one hospitalization of >24 h in
Amsterdam UMC between 1 January 2018 and 31 December 2023
were included. Patients with multiple hospitalization episodes
were assigned the same patient ID.

Data sources and data access

Pseudonymized routinely collected EHR data, extracted retro-
spectively by authorized research data management staff on 30
June 2023 from the Epic® EHR System were made available for
this study. For the included patients, the whole hospital trajec-
tory between the above-specified dates was fully traceable. In
addition, EHR data from Amsterdam UMC outpatient specialist
clinics included patient data between 1 January 2015 and
31 December 2023.

Study size

No formal power calculations are applicable.

Data elements and logical rules exploration

Since the KDIGO-CKD guideline [14] necessitates translating the
clinical criteria into logical rules for defining CKD for computer
frameworks, we collaborated closely with nephrologists and EHR
data experts to adapt the clinical definition for EHR research. Ad-
ditionally, we introduced logical rules commonly used for EHR-
based CKD cohort selection [15, 16, 23, 25, 26]. After approval
from three nephrologists (L.B.H., L.V., and R.H.G.O.E.), we formu-
lated six logical rules as outlined in Table 1.

These six logical rules were applied separately to assess the
impact on CKD patient counts and patient characteristics and
were finally pooled into one computational implementation to
provide an overview of the potential CKD cohort in our institu-
tion. For the pooled CKD cohort, the index date corresponds with
the earliest date of CKD diagnosis. See Fig. 1 for a diagram of the
study design.

Variables and definitions

Index date. The earliest date of CKD diagnosis as detected by one
of the six logical rules (Supplementary Table S2). Since our
logical rules are purposely not formally validated, the CKD
diagnoses should be interpreted as potential CKD diagnoses.

CKD diagnosis codes. To identify CKD for logical rules 1, 3, 4, and
5, ICD-10 Dutch codes were used mapped from the literature
[15, 16, 18, 28-30]. The codes deemed certain were reviewed
by three nephrologists (L.B.H., L.V,, and R.H.G.O.E.).

Patient characteristics at baseline. The demographic variables
extracted were age, sex, and body mass index. Co-
morbidities were extracted using Dutch ICD-10 codes
(Supplementary Table S7). The most recent Charlson co-
mordibidity index (CCI) from index date was estimated.
Healthcare utilization metrics were described as number
of hospitalizations, number of healthcare contact days 1
year prior to index date, and the top five medical special-
ities at index date. The number of active prescriptions at
index date was also reported. Electrolytes and biochemical
measurements were extracted using internal laboratory
measurement codes during the 3-year period prior to index
date.

eGFR. eGFR was estimated using the Chronic Kidney Disease Epi-
demiology Collaboration creatinine (CKD-EPI) 2009 equation
without correction for race [31].

Albuminuria/proteinuria. Albuminuria was identified using urine
albumin-creatinine ratio (UACR), albumin excretion rate
(AER), and albumin dipstick, whilst proteinuria was identified
using urine protein—-creatinine ratio (UPCR), protein excretion
rate (PER), and protein dipstick. Albuminuria/proteinuria cat-
egories were assigned using the conversion table provided
by KDIGO-CKD (Supplementary Table S4). Prioritization of al-
buminuria/proteinuria measurement type was done as per
KDIGO-CKD [32].

Kidney replacement therapy identification. Kidney transplantation
was identified via registered ICD-10 Dutch codes and pro-
cedure codes. Dialysis treatment was identified with ICD-10
Dutch codes, procedure codes or dialysis encounters.

Other markers of kidney damage. Identified via ICD-10 Dutch diag-
nosis codes thatindicate ‘possible’ CKD, directly derived from
the literature and further validated as specified under logical
rule 4 (see Table 1).

Medication use. Prescription of phosphate-binding drugs, selected
vitamin D receptor agonists, cation exchangers, or specific
dose regimens of erythropoiesis-stimulating agents highly
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/\ /A Outpatient encounter KDIGO.CKD Damage — All CKD patients
T G ) Certain CKD
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(index date)

(i.e., sex, age, BMI,
active prescriptions)
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(i.e., number of inpatient admissions,
number of healthcare contact days)

Serum electrolytes and
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(-3 years, index date)
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(-, index date)
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Figure 1: Multi-panel diagram illustrating descriptive study design choices. (A) Longitudinal illustration of CKD patient trajectories and identification. (B) Baseline data

collection timeframes. BMI, body mass index.

indicative of CKD according to Dutch prescribing guidelines
(Supplementary Table S6).

CKD staging. G and A stages were assigned based on KDIGO-
CKD categorization using the last qualifying eGFR or albu-
minuria/proteinuria measurements [19, 21]. However, eGFR
measurements lying within +31 days from an acute disease
episode were discarded (i.e. as per the ‘acute disease episode
unconfoundedness’ criterion). People on maintenance dialy-
sis were excluded from G and A staging.

Statistical methods and sensitivity analyses

Analyses are mainly descriptive in nature. CKD counts are pre-
sented as absolute and relative frequencies out of the total
number of included patients. Categorical data are summarized
by counts and percentages and continuous variables by using
mean and standard deviation or median and quartiles for non-
normally distributed data. We also illustrate patient distribution
across logical rules with a flowchart, along with an UpSet plot to
assess their overlap and concordance patterns.

With regard to missing data, comorbidities identified in the
medical history without an associated start date were assigned
the registration date.

We assess the consequences of altering chronicity and per-
sistence criteria on KDIGO-CKD Decreased eGFR and KDIGO-
CKD albuminuria logical rules. In addition, we also explore the
impact of altering the related acute disease episode uncon-
foundedness criterion in the KDIGO-CKD Decreased eGFR log-
ical rule. These sensitivity analyses with criteria are described
in more detail in Table 2.

Bias

To minimize bias, we implemented several steps. Logical rules,
including decreased eGFR and albuminuria, incorporated vari-
ous KDIGO-CKD derived criteria. For maintenance dialysis, we
required at least two dialysis encounters per week to avoid acute
dialysis encounters. We also applied the chronicity criterion
with eGFR or albuminuria measurements to validate the mark-
ers of kidney damage logical rule. In the medications logical rule,
we tailored dosing regimens specifically for CKD patients and
validated them with laboratory measurements. To prevent mea-
surement bias in logical rules using laboratory measurements,
we excluded measurements that were not physiologically
plausible.
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Table 2: Sensitivity analysis with laboratory measurements to explore consequences of altering existing thresholds in three criteria.

Criterion

Definition

Applicable logical rules

Bounds under study

KDIGO-CKD chronicity
criterion

KDIGO-CKD persistence
criterion

Time window between two laboratory
qualifying measurements

Measurements should be below a certain
threshold between the two laboratory

KDIGO-CKD Decreased eGFR;
KDIGO-CKD Albuminuria

KDIGO-CKD Decreased eGFR,;
KDIGO-CKD Albuminuria

30-120 days

0-100 eGFR spikes;
0-15 albuminuria troughs

qualifying measurements (i.e. eGFR
<60 mL/min/1.73 m? and A stage >1)

Acute disease episode
unconfoundedness
criterion

discarded

Timespan from ICD-10 code registration
of an acute disease episode or short-term
dialysis where eGFR measurements are

KDIGO-CKD Decreased eGFR +7 to +£70 days

All included patients
(n=108,854)

. r ) r N\ )

eGFR<60 a";::::::f’::’ 1cD-10 en"ci:"i’:li:rs ICD-10 urine ICD-10 1CD-10 ICD-10
i - - > - = -

=19 554 123,056 Dialysis -1.890 Kidney transplant 1=5,822 R ‘Ublvjlar dlsordenjg o @ and_ " (Gl (élzges

4 8 (n=801) o (n=1,843) g _ o =

(n=12,469) (n=2,746) (n=7,062)
Omm) Q) | 9w | —_—
Albuminuria/

n=8,401 n=4,465
n=8,021

Maintenance dialysis
(n=856)

C

C
V O

ICD-10

C
V)

eGFR<60

proteinuria

Validated kidney
damage codes
(n=7,620)

KDIGO-CKD KDIGO-CKD KDIGO-CKD KRT KDIGO-CKD Other Markers of| Certain CKD Diagnosis Codes
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Figure 2: Flow diagram to arrive at the final CKD patient counts using logical rules and criteria. Validation in the KDIGO-CKD Other Markers of Kidney Damage is
colored with the data element (i.e. eGFR, albuminuria/proteinuria measurements or ICD-10 other markers of kidney damage diagnosis codes) from the corresponding

logical rule.

RESULTS
Formalization efforts

For all six logical rules extensive formalization efforts and
assumptions were needed to enable leveraging EHR data
(Table 1), which required close collaboration between medical
informaticians, nephrologists, and EHR data experts. These
efforts included identification of suitable ICD-10 codes (see
Supplementary data, Excel file), medications, defining addi-
tional computable criteria (e.g. how maintenance dialysis is
defined), additional time windows (e.g. number of days to
discard around acute disease episodes), and validation criteria
(e.g. for kidney tubular disorders or pathological abnormalities
diagnosis codes).

Chronic kidney disease patient identification workflow

Out of 108 854 included patients, the implementation of the six
logical rules and their pooling resulted in 17 805 CKD patients
(16.4%). The highest proportion was obtained with the certain
CKD diagnosis codes logical rule (n = 9121; 8.4%) and the low-
est using medications (n = 2467; 2.3%), and kidney replacement
therapy (KRT) (n = 2277; 2.1%) logical rules (Fig. 2).

After applying the chronicity criterion, CKD counts using
KDIGO-CKD Decreased eGFR and KDIGO-CKD Albuminuria log-
ical rules were reduced by factors of 1.9 and 3.8, respectively,
while the KDIGO-CKD KRT logical rule led to a 4.4-fold re-
duction. For the KDIGO-CKD Other Markers of Kidney Dam-
age logical rule, there was a 6.5- and 1.6-fold decrease in
the urine sediments and ICD-10 branches, respectively. The



8 | D.Fernandez-Llaneza et al.

persistence criterion also had a substantial impact on CKD
counts in the KDIGO-CKD KRT logical rule, leading to a 2.5-fold
decrease.

Patient characteristics at index date across cohorts

The proportion of females ranged from 39.4% to 43.8% and the
median age between 58 and 73 years across all cohorts (Table 3).
Concerning comorbidities, >75% of CKD patients had moder-
ate to high CCI. The majority of CKD patients across cohorts
had more than five active prescriptions. The Medications and
KDIGO-CKD Albuminuria cohorts displayed the highest health-
care utilization, and KDIGO-CKD KRT and KDIGO-CKD Other
Markers of Kidney Damage cohorts showed the lowest.

In general, stages G3 and A3 were most frequent (Table 4).
Serum electrolytes and biochemical measurement summary
statistics were comparable across cohorts. Overall, the KDIGO-
CKD KRT and Medications logical rules had the highest propor-
tions of abnormal serum electrolytes and biochemical measure-
ments.

Analysis of overlap between logical rules

The six logical rules resulted in cohorts with high overlap rang-
ing from 67.0% to 93.7% (Fig. 3). The Medications logical rule and
KDIGO-CKD KRT logical rules showed the highest overlap with
others, both at 93.7%, whilst the Certain CKD Diagnosis Codes
logical rule identified the largest proportion of non-overlapping
CKD patients (36.0%). Notably, 2725 (34.0%) CKD patients iden-
tified by the KDIGO-CKD Decreased eGFR logical rule and 1585
(35.5%) identified by the KDIGO-CKD Albuminuria logical rule
lacked a certain CKD diagnosis code. Additionally, 4387 (48.1%)
CKD patients identified with the Certain CKD Diagnosis Codes
logical rule were not captured by any laboratory-based logical
rule. A total of 3392 (45.5%) CKD patients identified with the
KDIGO-CKD Other Markers of Kidney Damage logical rule were
also missed by laboratory-based ones. Additional analyses can
be found in Supplementary Fig. S3. Lastly, as CKD is primarily
diagnosed based on eGFR or albuminuria measurements as per
KDIGO-CKD, we additionally analyzed the degree of non-overlap
(i.e. missingness) of KDIGO-CKD eGFR and KDIGO-CKD Albumin-
uria logical rules with all logical rules (Fig. 3): (i) KDIGO-CKD
Decreased eGFR rule: in 6020 (75.1%) patients missing albumin-
uria; (ii) KDIGO-CKD Albuminuria rule: in 2464 (55.2%) missing
eGFR,; (iif) KDIGO-CKD KRT rule (transplant only): in 689 (30.3%)
patients missing eGFR and in 1165 (51.2%) patients missing al-
buminuria; (iv) KDIGO-CKD Other Markers of Kidney Damage
rule: in 4288 (65.3%) patients missing eGFR and in 5366 (70.4%)
patients missing albuminuria; (v) Certain CKD Diagnosis Codes
rule: in 4870 (53.4%) patients missing eGFR and in 7177 (78.0%)
patients missing albuminuria; (vi) Medication rule: in 764 (31.0%)
patients missing eGFR and in 1241 (50.3%) patients missing al-
buminuria.

Sensitivity analyses

Imposing the 90-day chronicity window resulted in 12.2% and
15.8% decrease in counts for the KDIGO-CKD Decreased eGFR
and KDIGO-CKD Albuminuria logical rules, respectively, when
compared with a 30-day window (Supplementary Fig. S4). For
the persistence criterion, the greatest count rise was noted af-
ter allowing a single eGFR spike, leading to an increase from
8382 (i.e. no spikes within 90-day window) to 8944 CKD patients
(+6.7%) (Supplementary Fig. S5). For albuminuria/proteinuria

persistence criterion, a change from 4465 CKD patients with
no A-stage troughs to 5090 CKD patients (+14.0%) was noted
(Supplementary Fig. S5). For the acute disease episode uncon-
foundedness criterion, 8193 CKD patients were identified using a
+7-day window and 8021 CKD patients using a +31-day window,
representing a 2.1% decrease in counts (Supplementary Fig. S6).

Electronic health record data quality analysis

The application of logical rules is impacted by EHR data quality.
Patient demographic data lacked race/ethnicity categories. The
absence of internationally accepted clinical terminology, like
LOINC, necessitated using multiple local codes to extract similar
laboratory measurements. Additionally, lack of code granularity
affected the discernment between CKD stages (e.g. G3a vs G3b)
and identifying specific conditions like Alport syndrome, requir-
ing manual verification in the problem list. Additionally, medical
diagnoses can be registered in various places in an EHR system,
leading to discrepancies that need to be resolved.

DISCUSSION

Extensive efforts and a substantial number of assumptions were
needed to formalize the CKD definition as specified in KDIGO-
CKD into a set of computer-interpretable logical rules. Further-
more, the rules derived from existing CKD e-phenotypes re-
quired additional formalization efforts to align with the Dutch
healthcare setting and the assessment of certainty for a set of
ICD-10 codes. Implementation of the derived six logical rules on
EHR data resulted in a cohort of 17 805 CKD patients (16.4%). We
observed substantial variability in identified CKD proportions
across logical rules (2.1%-8.4%), although baseline characteris-
tics were broadly similar. Overlap analysis revealed variations
in the percentage of patients commonly identified by the logical
rules (67.0%-93.7%). In addition, CKD counts were clearly im-
pacted by criteria like chronicity or persistence, which to date
are still applied inconsistently [19, 33, 34].

Previous studies have shown that CKD prevalence in hospi-
tal EHR data varies between 1.5% and 30.7% and our estimates
fall within this range [22, 35, 36]. However, direct comparisons
are challenging due to differences in settings, data elements,
definitions, and logical rules. In our study, we validated ICD-10
codes and applied progressively stringent criteria to laboratory
measurements to ensure alignment with KDIGO-CKD [14], re-
vealing potential sources of variability between EHR-based stud-
ies. Consistent with a prior Danish study [23], we found notable
variability in CKD counts depending on which criteria were ap-
plied to laboratory-based logical rules. Sensitivity analyses fur-
ther emphasized the influence of different thresholds, under-
scoring the importance of harmonizing CKD definitions across
epidemiological studies and implementing them consistently
[19, 25, 37].

Beyond laboratory measurements, our study identified an-
other overlooked source of variability, namely, the selection of
diagnosis codes. For instance, the Certain CKD Diagnosis Codes
logical rule, confirmed in this study by three nephrologists, and
the KDIGO-CKD Other Markers of Kidney Damage logical rule,
based on KDIGO-CKD and CKD phenotyping studies [15-18, 26],
utilized distinct sets of ICD-10 codes. Comparing diagnosis codes
across studies revealed limited consensus in diagnosis code se-
lection [22, 38]. Therefore, we explored the impact of further
validation for diagnosis codes indicative of structural abnormal-
ities with laboratory measurements or an additional diagnosis
code.


https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf073#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf073#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf073#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf073#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf073#supplementary-data
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** KDIGO-CKD Other Markers of Kidney Damage AND Certain CKD Diagnosis Codes

Figure 3: UpSet plot for assessing overlap and concordance (intersection) patterns between logical rules. The UpSet plot is a visual way of representing a multidimen-
sional Venn diagram and consists of three parts: a bar plot (top), a dot and segments heat map (bottom), and a horizontal bar plot (left). In the bar plot (top), the x-axis
shows the unique intersection patterns between logic rules and the y-axis represents the absolute frequency of intersection patterns. The bars and dots are colored
according to the number of intersections (overlap), i.e. coral for one intersection (CKD patients exclusively identified by that one logic rule) and teal for more than one
intersection (CKD patients who are identified by more than one logic rule). When interpreting the graph, the bar plot on the left-hand side provides information about
the total counts, whilst the bar plot at the top provides information about the frequency of patterns. Beneath the graph, there is a table with statistics for each logical
rule. The data elements used in each logical rule are indicated in brackets. The statistics shown are the total unique CKD patient counts, total unique CKD patient
counts non-overlapping with other logic rules, total unique CKD patient counts overlapping with other logic rules, total unique CKD patient counts overlapping with
logical rules using laboratory values only (i.e. KDIGO-CKD Decreased eGFR and KDIGO-CKD Albuminuria), total unique CKD patient counts overlapping with logical
rules using ICD-10 codes only (i.e. KDIGO-CKD Other Markers of Kidney Damage, Certain CKD Diagnosis Codes) and the logical rule with which there is most overlap.
Notably, the Certain CKD Diagnosis Codes and the KDIGO-CKD KRT logical rules are mutually exclusive, as patients were programmatically removed from the former
logical rule if they were also identified by the latter logical rule. ATC, anatomical therapeutic chemical; N/A, not applicable.

Ideally, ICD-10 codes should reflect CKD status based on due to the small number of new patients identified. However,
eGFR or albuminuria/proteinuria findings. However, over one- this rule may still serve as a valuable additional layer of valida-
third of patients identified via decreased eGFR or albumin- tion for CKD e-phenotypes, particularly in cases where medica-
uria/proteinuria measurements had no corresponding certain tion use strongly indicates advanced stages of CKD [27, 41].
CKD ICD-10 code registered (Fig. 3), concordant with results from Key strengths of our study include a multidisciplinary ap-
a Canadian study [28]. Issues with ICD-10 code registration, un- proach to derive six logical rules, leveraging various EHR data
certainty around the parties responsible for maintaining the di- elements, a comprehensive ICD-10 code selection informed by
agnosis list, and a limited perceived utility may contribute to this literature, and detailed cohort analyses, all serving as an op-
[39]. Conversely, over a half of CKD patients identified with the portunity to increase standardization for a computable CKD
Certain CKD Diagnosis Codes logical rule lacked corresponding definition.
eGFR (53.4%) or albuminuria (78.0%) data (Fig. 3). This may be due However, limitations exist, such as the absence of a for-
to multiple factors, such as the academic nature of our hospital, mal clinical validation for the proposed logical rules, potentially
where patients are often referred from other settings with a CKD leading to false positives. However, this was a deliberate deci-
diagnosis but may not have enough laboratory measurements sion given the objective of this study. Misclassification bias is
within our institution to confirm it. Additionally, some patients also possible, for instance, in relation to the fact that we did
may already have a diagnosis of kidney disease, but have not yet not utilize cystatin C as a confirmatory test due to limited use
progressed to stage G3 or A2, such as those with polycystic kid- [14, 42]. We also note that this was not a part of a systematic
ney disease. Notably, relying exclusively on eGFR values to iden- screening effort and therefore EHR registration of CKD may have
tify CKD patients would capture less than half of the actual CKD been impacted by established practices in our setting. Finally,
population in our hospital (n = 8021; 45.0%). This contrasts with this study does not include general practitioners’ laboratory data
previous reports, which suggest that ‘at least a fifth’ of the CKD as in other studies [23, 35, 36], given the lack of a suitable data
population would be understudied, whereas our findings indi- infrastructure in the Netherlands, in contrast to a few other Eu-
cate a much higher proportion [19]. These observations further ropean countries [43]. Thus, it is hoped that initiatives like the
reinforce the idea that relying on a single data element can lead European Health Data Space spearheaded by the European Com-
to an underestimation of CKD amongst hospitalized patients mission will spur advances in data exchange [43].

[35, 40]. Our findings carry relevant implications for clinicians,

Based on our findings, the Medication logical rule, which in- researchers, and guideline developers. Clinicians can use our

cludes a decreased eGFR/albuminuria validation step, identifies findings to improve EHR data quality of the CKD patients, by
relatively few additional CKD patients (Fig. 3; Supplementary resolving the discrepancies between laboratory findings and
Fig. S3). Whilst the inclusion of the validation step ensures speci- diagnosis code registration. For kidney (pharmaco)epidemiology
ficity by confirming CKD, its standalone utility may be limited researchers, our results indicate that relying solely on logical
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rules based on laboratory measurements and certain CKD diag-
nosis codes may not always adequately capture a CKD cohort
[19, 23, 25], as outlined in the KDIGO-CKD recommendations [14].
Notably, KDIGO-CKD allows the derivation of additional logical
rules [37], like KDIGO-CKD Other Markers of Kidney Damage,
which considers structural and urine sediment abnormalities,
and KDIGO-CKD KRT, both of which were introduced in this
study, along with a medication-based rule. Whilst it is acknowl-
edged that diagnosis codes may be better suited for detecting
patients with structural abnormalities than laboratory measure-
ments [19], efforts to standardize their identification through
diagnosis codes have not yet reached maturity. Additionally, the
underutilization of urine sediments as potential CKD indicators
highlights a gap in current practices. Therefore, refining logical
rules for CKD cohort capture using EHR data will require ongo-
ing collaboration across fields to ensure accurate representation
and optimal extraction [11]. Further discussions within the
research and clinical communities are essential to achieve
consistency and applicability in various research contexts.
Given the persisting discrepancies in CKD e-phenotypes, this
study also highlights opportunities to enhance the CKD defini-
tion for computer frameworks. Some key steps may include a
structured approach to designing crisp logical rules, a careful
consideration for selecting the most appropriate diagnosis codes
to identify CKD patients, and targeted efforts to emphasize
the importance of ascertainment criteria like chronicity, persis-
tence, how to handle acute disease episodes in inpatient set-
tings, and any other computable validation requirements. In ad-
dition, it provides a basis for starting to engage in discussions on
other aspects of CKD identification, such as an age-adjusted CKD
definition and classification [44, 45] or biological fluctuations of
laboratory value thresholds [46]. Indeed, these factors can im-
pact the inclusion of groups at risk of progressing to CKD who
are also candidates for medication safety studies. Ultimately,
before designing and validating yet another CKD e-phenotype,
achieving a broad consensus on a computer-interpretable CKD
definition is essential to minimize redundancy, enhance com-
parability across studies, and ensure accurate identification and
monitoring of hospitalized CKD patients using EHR data.

CONCLUSIONS

As more EHR-based (pharmaco)epidemiological analyses are
being conducted, careful attention must be given to EHR-
based CKD cohort capture. This study demonstrates propor-
tions, overlap, and the sources of variability in CKD patient
counts resulting from the application of six logical rules, whilst
showing broadly comparable baseline characteristics across co-
horts. Our study can help guide efforts in the direction of
formalizing and standardizing a CKD definition for computer
frameworks.

SUPPLEMENTARY DATA

Supplementary data are available at Clinical Kidney Journal online.
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