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Abstract

Background Identifying patients on dialysis among those with an estimated glomerular filtration rate (¢GFR) < 15 mL/
min/1.73 m? remains challenging. To facilitate clinical research in advanced chronic kidney disease (CKD) using electronic
health records, we aimed to develop algorithms to identify dialysis patients using laboratory data obtained in routine practice.
Methods We collected clinical data of patients with an eGFR < 15 mL/min/1.73 m? from six clinical research core hospitals
across Japan: four hospitals for the derivation cohort and two for the validation cohort. The candidate factors for the clas-
sification models were identified using logistic regression with stepwise backward selection. To ensure transplant patients
were not included in the non-dialysis population, we excluded individuals with the disease code Z94.0.

Results We collected data from 1142 patients, with 640 (56%) currently undergoing hemodialysis or peritoneal dialysis (PD),
including 426 of 763 patients in the derivation cohort and 214 of 379 patients in the validation cohort. The prescription of PD
solutions perfectly identified patients undergoing dialysis. After excluding patients prescribed PD solutions, seven laboratory
parameters were included in the algorithm. The areas under the receiver operation characteristic curve were 0.95 and 0.98
and the positive and negative predictive values were 90.9% and 91.4% in the derivation cohort and 96.2% and 94.6% in the
validation cohort, respectively. The calibrations were almost linear.

Conclusions We identified patients on dialysis among those with an eGFR < 15 ml/min/1.73 m?. This study paves the way
for database research in nephrology, especially for patients with non-dialysis-dependent advanced CKD.
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Introduction

In diseases such as chronic kidney disease (CKD), where
it takes a long time to reach traditional endpoints [1, 2],
observational studies are an important source of evidence
[3-6]. The primary data sources for observational stud-
ies include cohorts [7-9], registries [10, 11], and data
generated from routine clinical practice, also known as
real-world data (RWD) [12, 13]. Classical randomized
controlled trials (RCTs) typically involve the prospective
collection of high-quality information from patients with
specific attributes in a methodologically rigorous manner
to ensure high internal validity. However, classical clinical
trials often enroll a very limited population to assess the
efficacy and safety of treatments despite enormous devel-
opment costs. Given the diversity of patients with CKD
who present with varying etiologies, disease progression,
and complications [14, 15], there is a growing demand for
evaluating the efficacy and safety of treatments tailored
to individual patients, a concept also known as personal-
ized medicine. Conducting RCTs to meet these diverse
needs is impractical, and the complementary use of RWD
is increasingly in demand [16, 17].

RWD sources derived from routine clinical practice in
Japan are generally categorized into claims and hospital-
based data such as electronic health records (EHRs) [18].
Unlike other RWD sources, clinical research using EHR
data can incorporate laboratory results, which has led to
significant advancements in the study of kidney diseases
in recent years [19]. The Japan Chronic Kidney Disease
Database (J-CKD-DB), established in 2014, produced a
series of important research findings [20-22]. Notably,
an observational study of sodium-glucose cotransporter-2
inhibitors demonstrated their efficacy in a real-world set-
ting [23], making them a valuable precedent in Japan.
However, the database currently lacks information on kid-
ney replacement therapy (KRT), requiring the use of an
eGFR < 15 mL/min/1.73 m? as a surrogate endpoint. Con-
sequently, patients with an eGFR < 15 mL/min/1.73 m?
could not be included. Several clinical trials on advanced
CKD stages (G4 and G5) have been conducted in recent
years [24-27], leading to a growing demand for evidence
using RWD. Indeed, the eGFR at the time of initiating
KRT in Japan and Taiwan is as low as 5-6 mL/min/1.73
m?, compared to approximately 10 mL/min/1.73 m? in
the United States and European countries [28, 29], sug-
gesting that patients with CKD in these regions endure a
prolonged G5 stage. However, the proportion of patients
with an eGFR < 15 mL/min/1.73 m? who are on dialysis
remains unclear in real-world clinical settings.

To further facilitate the generation of real-world evi-
dence (RWE) utilizing EHR databases in Japan, we

aimed to investigate the dialysis status in patients with an
eGFR < 15 mL/min/1.73 m? and to develop algorithms for
classifying whether a patient is currently undergoing dialy-
sis, using data from the clinical research core hospitals
across Japan. Such classification models would enhance
RWE studies using EHR databases in Japan, particularly
where dialysis profile information is not directly available.

Materials and methods
Data source and patient selection

Each institution has its own database or data warehouse.
Data were collected from six clinical research core hos-
pitals: Hokkaido University Hospital, Tohoku Univer-
sity Hospital, The University of Tokyo Hospital, Nagoya
University Hospital, Okayama University Hospital, and
Kyushu University Hospital. In these hospitals, most
patients undergo in-center maintenance dialysis at neigh-
boring hospitals or clinics. The clinical research core hos-
pitals are designated medical institutions in Japan that play
a central role in advancing high-quality clinical research
and investigator-initiated trials at the international level.
These hospitals are crucial for developing innovative phar-
maceuticals, medical devices, and medical technologies
originating from Japan.

First, patients who had an eGFR value of <60 ml/
min/1.73 m? at any point during the window period
(April 1, 2018, to September 30, 2018) were enrolled
and measured at least three times until March 31, 2020,
with 730 + 90 days apart between the oldest and the new-
est dates. The index date was defined as the date of the
first measurement of eGFR during the window period.
The primary analysis aimed to develop and validate clas-
sification models using data from patients with an eGFR
value < 15 mL/min/1.73 m?. To exclude patients who had
undergone kidney transplantation, we removed those with
the disease code Z94.0. We also investigated the records of
all patients at Nagoya University Hospital to obtain infor-
mation on whether they had undergone KRT and com-
pared the baseline characteristics among patients with an
eGFR > 60, 15-60, and < 15 mL/min/1.73 m2.

The first four hospitals were designated as the deriva-
tion cohorts and the latter two hospitals were designated
as the validation cohorts. This study was conducted in
accordance with the principles of the Declaration of Hel-
sinki. The ethical review board approved the study pro-
tocol. The requirement of written informed consent was
waived. The classification model was developed in accord-
ance with the TRIPOD statement [30].
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Clinical data

Clinical data including laboratory parameters, prescription
medicine, and disease name codes were collected 30 days
before the index date. The laboratory parameters included
complete blood counts including white and red blood cells
(WBC and RBC), hemoglobin, hematocrit, mean corpuscu-
lar volume (MCV), mean corpuscular hemoglobin (MCH),
mean corpuscular hemoglobin concentration (MCHC), and
platelet count, total protein, serum albumin, transaminase,
alkaline phosphatase (ALP), gamma-glutamyl transpepti-
dase (y-GTP), lactate dehydrogenase (LDH), blood uric
nitrogen (BUN), eGFR, uric acid (UA), sodium, potassium,
phosphorus, calcium, magnesium, creatine kinase (CK),
brain natriuretic peptide (BNP), C—reactive protein (CRP),
cholinesterase, total, high- and low-density lipoprotein (LDL
and HDL) cholesterol, triglyceride, and total bilirubin. ALP
and LDH levels were measured using the Japan Society of
Clinical Chemistry (JSCC) methods. We defined Na—Cl gap
as the values of sodium minus chloride.

Prescription medicines included medicines that were
prescribed only in that hospital and were classified based
on the World Health Organization Anatomical Therapeutic
Chemical (WHO-ATC) codes (Supplementary Table 1). PD
solutions were identified using the Therapeutic Category of
“3420.” Disease names were coded using the International
Classification of Diseases 10th Revision (ICD-10) codes.
We selected the kidney disease—related ICD-10 codes listed
in Supplementary Table 2.

Data acquisition of dialysis information
through chart review

Local investigators identified patients who underwent any
form of KRT through a medical chart review. Patients whose
baseline eGFR value was < 15 mL/min/1.73 m? were des-
ignated for chart review. Medical chart reviews were per-
formed by investigators with a medical doctor’s license.
KRT includes hemodialysis (HD), peritoneal dialysis (PD),
and kidney transplantation. PD combined with HD was clas-
sified as PD. The outcome of interest was a prevalent HD
or PD at the index date. Prevalent dialysis refers to ongoing
maintenance dialysis treatment provided in a dialysis facil-
ity or at home and does not include dialysis for temporary
kidney impairment, such as in acute kidney injury.

Development of algorithms to classify patients
undergoing dialysis treatment at baseline

To explore candidates for classification models, we per-
formed logistic regression analysis to examine the asso-
ciation between factors and the outcome, adjusted for age,
sex, and eGFR at baseline. We further explored the factors

@ Springer

associated with the outcome using a stepwise approach with
backward selections: removing factors with P-values >0.15.
Because the assignment of disease codes at each facility was
not standardized and given that prescription medications
were only prescribed at that facility, we could not ascertain
prescription information at other facilities. Therefore, we
utilized laboratory data to develop the classification models
for the primary analysis. We then added disease names and
prescription information as candidates for the development
of the classification models.

Statistical analysis

Baseline characteristics were summarized by stratifying the
patients who were undergoing dialysis treatment at baseline
for both derivation and validation cohorts. Continuous vari-
ables are presented as mean (standard deviations) or median
(interquartile ranges) and categorical variables are reported
as numbers (%). Intergroup comparisons were conducted
using the chi-squared test for categorical variables and either
the Student’s 7-test or Wilcoxon rank-sum test for continuous
variables. Logistic regression analysis was used to examine
the association of laboratory parameters, prescription medi-
cine, and disease name codes with the outcome. We used
variables that were available to > 80% of the participants.
Among the factors strongly correlated with each other, we
selected the variables with the lowest P-values. Candidate
factors for the classification models were obtained using
stepwise backward selection. Missing values were addressed
through multiple imputations with chained equations, result-
ing in 100 datasets for estimating prediction scores. The
discrimination performance was assessed using the area
under receiver operating characteristic curves (AUCs) and
the cutoff values were calculated using the Youden index.
The primary model was selected based on the highest AUC
observed in the derivation cohort. Calibration plots were
used to compare between observed frequency and the pre-
dicted probabilities. To assess the relative impact of each
parameter, the values were standardized by dividing them by
the standard deviation and the standardized estimates were
calculated using logistic models. Statistical significance was
set at P <0.05. All statistical analyses were performed using
Stata MP 18.0 (StataCorp., TX, USA).

Results

Patient selection and baseline characteristics

We obtained data from 37,573 patients from six hospi-
tals. Of the 37,573 patients, the number of patients with

an eGFR > 60, 15-60, and < 15 mL/min/1.73 m? was 4891,
31,510, and 1172, respectively. Among the 1172 patients
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37,573 Patients who had ever had an eGFR value of
<60 mL/min/1.73 m2 in the window period*
and had at least three eGFR measurements in study periodt.

{36,401 Baseline eGFR 15 mL/min/1.73 m? |

—v| 30 Patients with a disease code of Z94.0 |

1,142 Study subjects |

!

|763 Derivation cohort |

|
:

l

| 379 Validation cohort |

426 On dialysis | |337 Noton dialysis | |214 On dialysis | |165 Not on dialysis |

Fig. 1 Patient flow diagram. The number of patients who had ever
had an eGFR value of <60 mL/min/1.73 m? was 37,573. After exclu-
sion, 1142 eligible patients were divided into the derivation cohort

with an eGFR < 15 mL/min/1.73 m?, we further excluded
those with the code Z94.0 (n=30). This resulted in 1,142
patients, of whom 640 patients (56%) were currently under-
going HD or PD (Fig. 1).

We included 763 patients (426 on dialysis; 55.8%) in the
derivation cohort and 379 patients (214 on dialysis; 56.5%)
in the validation cohort. The baseline characteristics of the
patients are shown in Table 1. The distribution of eGFR
across the different modalities of KRT is shown in Fig. 2.
Patients undergoing PD had the lowest eGFR, followed
by those on HD. Patients on dialysis were more likely to
have higher values of hemoglobin, BUN, and Na—ClI gap,
and lower values of UA. Regarding the disease name code,
N18.0, which was no longer valid during the study period,
was dominant in patients on dialysis in the derivation cohort,
but not in the validation cohort. Patients on dialysis were
more likely to have the code of T85.7 in both cohorts.
Regarding medication information, PD solutions were only
prescribed for patients on dialysis, whereas antihypertensive
medications were less likely to be prescribed to patients on
dialysis.

We also examined the patient data from Nagoya Univer-
sity Hospital. Of the 7435 patients, the number of patients
with an eGFR > 60, 15-60, and < 15 mL/min/1.73 m? was
1251, 5965, and 217, respectively. Most of the patients on
HD or PD were included in the eGFR < 15 mL/min/1.73
m? group (114/117 [97.4%]), whereas all patients who had
undergone kidney transplantation were in the eGFR > 15 mL/
min/1.73 m? group. Patients in the eGFR < 15 mL/min/1.73

(n=763) and the validation cohort (n=379). *W:mdow period:
Between April 1, 2018, and September 30, 2018. 'Study period:
Between April 1, 2018, and March 31, 2020

m? group were low in hemoglobin, albumin, cholinesterase,
and total, HDL, and LDL cholesterol, and high in BUN,
UA, phosphorus, BNP, and CRP (Supplementary Table 3).

Developing a classification model

Although PD solutions were not prescribed to all patients
on PD, all patients for whom PD solutions were prescribed
were on HD or PD, that is, PD solutions perfectly classi-
fied patients on dialysis. After excluding patients prescribed
PD solutions, factors associated with dialysis are shown in
Supplementary Table 4. Multivariable-adjusted logistic
regression analyses led to the classification model includ-
ing following factors (Table 2): Model 1 included MCH,
MCHC, albumin, BUN, eGFR, Na—Cl gap, and UA; Model
2 included RBC, hematocrit, albumin, BUN, eGFR, Na—-Cl
gap, and UA after excluding MCH and MCHC; and Model
3 included albumin, BUN, eGFR, Na-Cl gap, and UA. In
Model 1, the odds ratios per standard deviation (95% confi-
dence intervals) were substantially high for the Na—Cl gap
(2.54 [1.83-3.52]) and low for eGFR (0.16 [0.12-0.23]) and
BUN (0.27 [0.20-0.38]).

We also added disease codes and prescription information
into the model. In addition to the above-mentioned factors,
disease codes T85.7 and N18.0, and calcium-channel block-
ers were selected (Model 4). The predicted probabilities of
dialysis status and classification were calculated using the
Supplementary calculator.
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Performance of the classification model

The prediction scores were distributed bimodally in both
cohorts, and the AUCs were 0.95 and 0.98, indicating excel-
lent discrimination (Fig. 3). The calibration plots showed
an almost linear pattern, indicating excellent calibration
(Fig. 4). The sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV) were excellent
in both cohorts, with values of 93.4%, 88.1%, 90.9%, and
91.4% in the derivation cohort and 95.8%, 95.2%, 96.2%,
and 94.6% in the validation cohort, respectively) (Table 3).
At each facility, the PPV was greater than 80% (Supple-
mentary Table 5). The other models demonstrated compa-
rable performance (Supplementary Table 6), and excluding
hospitalized patients yielded similar results (Supplementary
Table 7). When disease codes and prescription information
were added to the model, the performance of the latter was
slightly better; however, the difference in model performance
was not substantial (Supplementary Fig. 1). Calibration plots
also showed an almost linear pattern (Supplementary Fig. 2).

Discussion

In this study, we clearly classified patients with an
eGFR < 15 mL/min/1.73 m? into those on dialysis and
those not on dialysis with an excellent discrimination per-
formance. This was meaningful in that this study paves the
way for RWD analysis of non-dialysis-dependent advanced
CKD including stage G5 in Japan. The PPVs were greater
than 80% for all hospitals in this study, indicating that the
models were highly versatile. To the best of our knowledge,
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this was the first chart review to use large-scale data from
patients with CKD stage G5. The study findings are valu-
able in countries where the linkage between hospital-based
data and public data reflecting dialysis status is challenging.

Kidney-related parameters (e.g., eGFR, BUN, and UA),
anemia-related parameters (e.g., MCHC and MCH), and
serum albumin were included in the classification models.
The levels of eGFR were lower in patients undergoing dialy-
sis than in those with non-dialysis-dependent CKD. This
was reasonable because the levels of eGFR in patients who
initiated dialysis were around 5 or 6 mL/min/1.73 m? on
average. BUN levels may be associated with uremia, which
is particularly evident in late-stage non-dialysis-dependent
CKD. The fact that the eGFR levels were low in patients on
PD was also reasonable because patients on HD often visit
tertiary-care educational hospitals the day after a dialysis
session; thus, the levels of eGFR were higher in patients on
HD than in those on PD. MCH and MCHC were included
in the model because of the iron status and renal anemia in
late-stage non-dialysis-dependent CKD patients. Anemia is
often managed well with hematopoietic agents in patients on
dialysis rather than in patients with non-dialysis-dependent
CKD. Thus, variables related to anemia strongly contrib-
uted to this classification model. Hemoglobin levels and red
blood cell counts were also associated with dialysis status;
however, these variables were removed during the variable
selection process because of their strong correlation.

The Na—Cl gap can be a surrogate of serum bicarbonate
concentration [31], and a low Na—Cl gap indicates hyper-
chloremic metabolic acidosis without an anion gap, which is
associated with the prognosis of patients with non-dialysis-
dependent CKD [32]. In contrast, a high Na—Cl gap indicates
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Table 2 Regression coefficients and standardized odds ratios in each Model in the derivation cohort

Model 1 Model 2 Model 3 Model 4

AUC: 0.9508
(95% CI: 0.9341-0.9675)

AUC: 0.9487
(95% CI: 0.9315-0.9658)

AUC: 0.9500
(95% CI: 0.9331-0.9669)

AUC: 0.9593
(95% CI: 0.9449-0.9737)

Cut off point: 0.13621932 Cut-off point: 0.21675129 Cut off point: 0.40055719 Cut off point: 0.21814708

Regression OR per SD Regression OR per SD Regression OR per SD Regression OR per SD
coefficient coefficient coefficient coefficient
Albumin —0.8420557  0.66 (0.51-  —0.8169266  0.67 (0.52-  —0.9358818 0.63 (0.48—  —0.8296468  0.66 (0.50—
0.85) 0.86) 0.82) 0.88)
BUN —0.0711404  0.27 (0.20-  —0.0717403 0.27 (0.20-  —0.0701483 0.28 (0.20-  —0.0752203  0.26 (0.18-
0.38) 0.38) 0.39) 0.37)
eGFR — 0.5460093 0.16 (0.12-  —0.5441751 0.16 (0.12-  —0.5433849  0.16(0.12-  —0.5031476  0.19 (0.13—
0.23) 0.23) 0.23) 0.27)
Na-Cl gap 0.2331772 2.54 (1.83—  0.2292866 250 (1.81-  0.2191977 240 (1.72-  0.1839276 2.09 (1.45-
3.52) 3.47) 3.37) 2.99)
Uric acid —0.267085 0.63 (0.47-  —0.3107151 0.58 (0.44-  —0.287648 0.61 (0.45-  —0.2339113  0.66 (0.49—
0.84) 0.78) 0.81) 0.90)
MCH —0.3497718 1.51 (1.12- 0.1688315 1.50 (1.10-
2.02) 2.04)
MCHC 0.1703894 0.67 (0.49- —0.3714643  0.65 (0.47-
0.90) 0.89)
RBC — 1.098978 0.52 (0.30-
0.89)
Hematocrit, % 0.1467186 2.08 (1.17-
3.69)
T85.7 1.357285 3.89 (1.04-
14.6)
N18.0 1.467646 4.34 (2.38-
7.94)
CCB —0.7974775  0.45 (0.23-
0.88)
Constant 10.50713 - 4.68405 - 4.255136 - 12.27361 -

Prediction scores can be calculated using the regression coefficients for each model. ORs per SD were determined by dividing numerical varia-
bles by their respective SDs. MCH Mean corpuscular hemoglobin; MCHC Mean corpuscular hemoglobin concentration; BUN Blood urea nitro-
gen; eGFR Estimated glomerular filtration rate; Na—Cl gap, sodium-chloride gap; AUC Area under receiver operating characteristic curve; OR

Odds ratio; SD standard deviation

a high level of serum bicarbonate, that is, metabolic alka-
losis, or a counteraction of nonvolatile acid accumulation,
such as ketone bodies, lactic acid, and uremic toxins, which
is also known as metabolic acidosis with anion gap elevation
[33]. Regarding metabolic alkalosis, post-dialysis-measured
plasma bicarbonate is usually 2-5 units higher than the pre-
dialysis concentration [34]. This can be affected by the pre-
scribed dialysate bicarbonate concentration [35], and online
HDF, which provides a large amount of bicarbonate, leading
to metabolic alkalosis [36]. The type of dialysate and dialy-
sis modality can affect plasma bicarbonate concentrations,
even several hours after HD sessions [37]. Currently, nearly
half of patients with HD undergo online HDF in Japan, sug-
gesting that a certain percentage of patients may have meta-
bolic alkalosis. The plasma bicarbonate concentrations were
unavailable in this study; therefore, we plan to conduct a

future study to determine whether these patients have truly
metabolic alkalosis.

Incorporating disease codes and prescription information
into the classification models slightly improved the classi-
fication performance. However, as the code of N18.0 was
abolished during the study period, we may need to inves-
tigate the model performance using other disease codes in
the future. Moreover, the code T85.7 may include dialysis
catheter-related infections or complications, suggesting
that we merely identified patients who had developed the
complications. Regarding the prescription information, the
prescription of PD solutions is straightforward, as it may
represent patients currently on PD. The decreasing propor-
tion of antihypertensive agent prescription in patients under-
going dialysis should be interpreted with caution. This may
have included patients who were not undergoing dialysis at

@ Springer
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Fig. 3 Distribution of prediction scores and receiver operating char-
acteristic curves in the derivation and validation cohorts. Distribu-
tion of prediction scores in the derivation and validation cohorts (a
and b, respectively). The scores were calculated using the following
equation: Prediction score=0.1383124 X MCH - 0.3254763 x MCHC

the university hospitals; therefore, this may not be useful in
the future, when linkage to prescriptions at other hospitals
becomes possible.

This study has several limitations. First, determining
whether a patient was undergoing KRT was challenging if
it was not recorded in the EHR. We requested that local
investigators thoroughly review the medical records to cap-
ture this information as accurately as possible. Second, it
was challenging to identify kidney transplant patients. If
patients had a history of transplantation and regularly visited
the hospital, their disease codes might have been registered;
however, if they had not been registered, this information

@ Springer

— 0.7117655 x Alb — 0.0699673 x BUN — 0.5168784 x eGFR +0.194
965 x Na—Cl gap — 0.2364415x UA +10.90525. The receiver operat-
ing characteristic curves show excellent discrimination performance
of the model at the cut-off point of — 0.147 in both the derivation and
validation cohorts (¢ and d, respectively)

could have been missing. Even after excluding patients with
the code Z94.0, there may still be kidney transplant patients
in the non-dialysis population. Nevertheless, the number of
patients with a history of transplantation was limited in the
current dataset, resulting in only a minor impact on model
performance. Third, the use of prescription medications
and the assignment of disease codes could vary substan-
tially across hospitals, and updates may be required owing
to potential changes in the ICD-10 codes. Despite these
variations, the performance of the model was consistent
across different facilities when disease codes and prescrip-
tion information were included. Fourth, although laboratory
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Fig.4 Calibration plots for observed frequency and predicted prob-
ability. a Derivation cohort. b Validation cohort

data are generally objective, the timing of blood sampling is
not always consistent, which can affect the model accuracy.
Prospective research is needed to collect clinical informa-
tion with a defined schedule. Fifth, in this study, HD and
PD were grouped together as ‘dialysis’ rather than classi-
fied separately. This approach was necessary because some
patients currently undergoing HD had a long history of PD
and continued to receive abdominal lavage with PD solu-
tions to prevent encapsulating peritoneal sclerosis, and
others were undergoing combined PD and HD. Due to the
complexity of categorizing these cases, all patients on HD
or PD were classified as being on dialysis. Sixth, restricting
the study population to patients with at least three eGFR
measurements during approximately 2 years of follow-up
provided us with sufficient data to investigate hemodialysis
status at the index date in stable CKD patients. We could
not completely exclude the possibility of immortal-time bias
by restricting the study population to survivors. Although
our inclusion criteria helped increase the data reliability,
we need to carefully consider selection bias and limited
generalizability. Finally, the generalizability of this study
may be limited by its focus on patients treated at clinical
research core hospitals, which are tertiary teaching hospitals
in Japan. Nevertheless, this study offers valuable insights, as
it involved chart reviews of over 1000 patients with stage G5
CKD to evaluate dialysis profiles and develop classification
models. Despite these challenges, the classification perfor-
mance remained excellent.

Conclusion

In this study, we developed and validated an algorithm that
was capable of identifying patients undergoing dialysis using
laboratory data extracted from EHRs. Our findings demon-
strate that the proposed algorithm can accurately classify
patients undergoing dialysis in those with CKD Stage G5.
The high accuracy of this classification suggests that the
algorithm can serve as a robust tool for future database stud-
ies that target populations with advanced CKD. By enabling
more precise identification of these patients, this algorithm

Table 3 Model performance HD or PD

Not on dialysis

Sensitivity Specificity PPV NPV

Derivation cohort: AUC =0.9508 (95% confidence interval: 0.9341-0.9675)

> Cut point 398
< Cut point 28

93.4% 88.1% 90.9% 91.4%
297
Validation cohort: AUC=0.9770 (95% confidence interval: 0.9603-0. 9937)
95.8% 95.2% 96.2% 94.6%

> Cut point 205
< Cut point 9

157

HD Hemodialysis; PD Peritoneal dialysis; PPV Positive predictive value; NPV Negative predictive value;
AUC Area under receiver operating characteristic curve
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is expected to facilitate more extensive and rigorous research
in this area, ultimately contributing to a deeper understand-
ing and improved management of advanced CKD. Thus, this
study provides a foundational framework upon which future
research can build, marking an important step forward in the
utilization of RWD in nephrology research.
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tary material available at https://doi.org/10.1007/s10157-024-02614-3.
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