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Abstract
Static and dynamic predictive model for chronic kidney disease
progression: KNOW-CKD study

Wooju An
Integrated Major in Department of Preventive Medicine
Seoul National University
College of Medicine
Introduction: Chronic kidney disease (CKD) is recognized as a major public health
problem worldwide. The estimated global prevalence of CKD is 13.4% (11.7-15.1%),
and it is estimated that 4.902 to 7.083 million patients with end stage renal disease
(ESRD) need kidney replacement treatment. The number of patients with CKD
increased by 8% annually from 2016 to 2020 in Korea. In addition, the incidence
and prevalence of ESRD patients are increasing. In longitudinal observational study,
CKD patients had nonlinear or long-term non-progress rather than steady eGFR
reduction over time. Therefore, we need a dynamic model that uses latest-available-
measurement rather than a static model that uses data from a baseline visit. The
objective of this study is to compare our data with a dynamic and static predictive

model using a conventional statistical model and machine learning methods.
Methods: Data were collected from the Korean Cohort Study for Outcomes in
Patients With Chronic Kidney Disease (KNOW-CKD). We analyzed data for 1,585
patients with CKD, excluding patients with autosomal dominant polycystic kidney
disease (ADPKD). Missing values were imputed by multiple imputation. The
primary outcome was a composite of the first occurrence of a 50% decline in eGFR
from the baseline value or the onset of ESRD during follow-up. We made a static
which is using baseline values and dynamic prediction model using the latest
available measurement values. Cox proportional hazards, random survival forest,
gradient boosting machine, and elastic net were used in predictive model. We split

dataset into training and validation set by four methods which are split-sample,



temporal follow-up, temporal registration, and geographical validation. The model’s
performance was evaluated using time-dependent area under curve (AUC).
Results: Among 1,585 subjects, mean age was 54.9 + 12.1 years and 37.2% were
women. Mean urine albumin/creatinine ratio was 1.1 + 1.5 g/g and the mean
baseline estimated glomerular filtration rate (eGFR) was 493 + 28.7
mL/min/1.73m?. The mean systolic blood pressure was 127.7 + 16.6 mmHg.
Subjects with diabetes mellitus (DM) comprised 27.2% of the study subjects. From
baseline to 3-years follow up, the hazard ratios (HRs) of eGFR and DM decreased
and C statistics increased. Time-dependent AUC showed the similar tendency in cox
and machine learning methods. Furthermore, it demonstrated a good level of
discrimination capability in internal validations by split-sample, temporal follow-up,
temporal registration, and geography methods.

Conclusions: In this study, we compared between static and dynamic models,
finding that dynamic model showed stable and high time-dependent AUC values in
all predictive models. Considering eGFR, which is difficult to predict, dynamic
models that predict short-term events may be better when developing prediction

models of CKD progression.

Keywords: Chronic kidney disease, predictive model, internal validation, machine
learning, random survival forest, gradient boosting machine, elastic net
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1. Introduction

1.1. Epidemiology of chronic kidney disease

Chronic kidney disease (CKD) is defined as an abnormality of the kidney structure
or function that lasts more than three months, which has a specific health effect. This
is defined as a glomerular filtration rate (GFR) less than 60 mL/min/1.73m? or one
or more markers of kidney dysfunction including albuminuria . The main causes of
CKD are diabetes mellitus, hypertension, glomerulonephritis, and polycystic kidney
disease (PKD). PKD is a common hereditary renal disease (1).

CKD is recognized as a major public health problem worldwide (2). The estimated
global prevalence of CKD is 13.4% (11.7-15.1%), and it is estimated that 4.902 to
7.083 million patients with end stage renal disease (ESRD) need kidney replacement
treatment (2). As a result of a cross-sectional sample of the Korea National Health
and Nutrition Examination Survey (KNHANES) from 2011 to 2012, the prevalence
of CKD was estimated to be 7.9% in adults over the age of 19 in Korea (3).
According to data from the Health Insurance Review & Assessment Service, the
number of patients with CKD increased by 8% annually from 2016 to 2020 in Korea
(Figure 1) (4). In addition, the incidence and prevalence of ESRD patients are
increasing. The prevalence of ESRD in 2019 has doubled over the past 10 years (5).
ESRD corresponds to the fifth stage of CKD in which kidney function cannot be
restored, and treatment of ESRD imposes significant social direct and indirect costs
(6). Early diagnosis is important because the progression process of CKD occurs
gradually over a long period of time, and in many cases progresses without any
symptoms. By classifying patients to diagnose CKD progression early through a
prediction model, early treatment can slow the progression and prevent

complications.
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Figure 1. Number of patients with chronic kidney disease in Korea, 2016-2020.

1.2. Prediction model

These days, many studies have made prediction models for development or
progression of CKD (7-13). Up to 2012, 26 articles were reported on 30 CKD
occurrence and 17 CKD progression prediction models (14). The split sample
approach, which is a widely used method of dividing data at an appropriate rate, is
used to evaluate the performance of the model. Several studies used a split-sample
approach that randomly selects a portion of the data to derive a predictive model and
to evaluate the model by selecting the remaining portions (7-10). These studies can
show unfair and biased evaluations of the predictive models (15). Therefore, it is
necessary to evaluate the model by dividing the data in various ways. When
evaluating the performance of the model, there are studies that present a standard
ROC curve analysis that assumes for an individual as fixed over the whole study

period (11-13). In the survival analysis, it is necessary to construct a time-dependent



ROC curve at several time points using additional information on the disease onset
time of each individual (16). In a longitudinal observational study, CKD patients had
nonlinear or long-term non-progress rather than a steady eGFR decline over time (17,
18). Therefore, we need a dynamic model that uses the latest-available-
measurements rather than a static model that uses data from a baseline visit. In the
case of an annual follow-up prospective cohort, progression of CKD should be

predicted through short-term predictions.

1.3. Objectives

The objective of this study was to compare our data with a dynamic and static
predictive model using a conventional statistical model and machine learning
methods. We further analyzed predictive models using machine learning methods
and a conventional static model. To evaluate these models, we divided the dataset by

four different methods and used time-dependent area under curve (AUC).

2. Methods

2.1 Data source and study population

The Korean Cohort Study for Outcomes in Patients With Chronic Kidney Disease
(KNOW-CKD) is a nationwide prospective cohort study involving 9 general tertiary-
care hospitals in Korea. The KNOW-CKD was a multi-center prospective cohort
study with a total of 2,341 patients enrolled from 2011 to 2015 in Korea voluntarily
providing informed consent, excluding 103 patients without data for isotope dilution
mass spectrometry (IDMS)-calibrated creatinine. Furthermore, KNOW-CKD
enrolled Korean patients with CKD aged 20 to 75 years and with CKD stages 1 to 5
who were in non-dialysis-dependent. The detailed design and method of the study

have previously been described elsewhere (19). The eGFR was determined using the



CKD-Epidemiology Collaboration equation (20). The exclusion criteria were as
follows: (1) inability or unwillingness to provide written consent, (2) previous
chronic dialysis or organ transplantation, (3) heart failure (New York Heart
Association class 3 or 4) or cirrhosis (Child-Pugh class 2 or 3), (4) past or current
history of malignancy, (5) pregnancy, or (6) a single kidney due to trauma or kidney
donation. Among 2,238 patients, we excluded 59 without available data on renal
outcome. Autosomal dominant polycystic kidney disease (ADPKD) is one of the
main causes of ESRD (21). Because it is caused by mutations either in PKD1 or
PKD2, subjects in the PKD subgroup have different collective characteristics from
hypertensive  nephropathy = (HTN), diabetic nephropathy (DN) and
glomerulonephritis (GN). Therefore, we also excluded 594 patients who had PKD

or no genomic DNA available. We finally analyzed 1,585 patients in this study

(Figure 2).

Total enrolled patients (2011 - 2015)
N=2,341

Excluded (N=103)

Violation of inclusion criteria (N=16)
No IDMS creatinine measurements (N=83)
Violated inclusion criteria and no TDMS Cr (N=4)

h 4

Patients eligible for baseline analysis and longitudinal followup
N=2,238

Excluded (N=653)

Missing data in Renal outcome (N=59)
Excluding PKD (N=357)
Non genotyping (N=237)

4—' . Using random forest algorithm to compensate missing values

Patients included in the analysis
N=1,585

Figure 2. Flow chart of the study participants. Abbreviations: PKD, polycystic

kidney disease.



2.2 Measurements and selection of variables

Demographic details were collected from all participants, including age and sex. The
eGFR was estimated using the Chronic Kidney Disease Epidemiology Collaboration
(CKD-EPI]) equation using creatinine(20). Resting blood pressure was measured
with electronic sphygmomanometers and cuffs of appropriate size three times for the
average blood pressure. Diabetes (DM) was defined by self-reporting or use of
hypoglycemic medications. The body mass index (BMI) was calculated by dividing
the initial body weight (kg) by height squared (m?). Urine albumin/creatinine ratio
(UACR) was calculated as the urine albumin concentration divided by the urine
creatinine concentration (g/g). Through backward variable selection, which is a
statistical variable selection method, and conference with clinicians, our study

constructed a model by putting clinically important variables in order.

2.3 Outcome definition

The primary outcome was a composite of the first occurrence of a 50% decline in
eGFR from the baseline value or the onset of ESRD during follow-up. ESRD was
defined as the initiation of dialysis or kidney transplantation. The study protocol
indicated a creatinine measurement at 0, 6, and 12 months and then yearly thereafter.
However, patients with CKD stage > 3 were under close observation and had been
followed up at 1- to 3-month intervals by all participating centers. Regardless of the

study protocol, patients who reached the end points were reported by each center.

2.4 Development and evaluation of a predictive model

In this study, four predictive models were established to predict the progression of
CKD. Cox proportional hazards (CPH) model is conventional statistical technique
to explore the correlation between the survival time and covariates. Gradient

boosting machine (GBM) is an additive algorithm, and a boosting technique is



applied to construct weaker classifiers into multiple iterations to get an improved and
stronger model. The main idea of boosting is to add new models to the ensemble
sequentially. In essence, boosting attacks the bias-variance-tradeoff by starting with
a weak model and sequentially boosts its performance by continuing to build new
trees, where each new tree in the sequence tries to fix where the previous one made
the biggest mistakes (22). Random survival forest (RSF) is one of the ensemble
machine learning methods with randomly produces independent decision trees, each
of which receives a random subset of samples and randomly selects a subset of
variables at each split in the tree for prediction. The average of the prediction of each
individual tree is the result in the final prediction from the random survival forest
algorithm (23). Elastic net is a type of normalized linear regression that adds
constraints on linear regression coefficients to prevent the model from overfitting.
Elastic net is a model compromised of the Ridge and Lasso regression.

We evaluated the model performance of the linear CPH model in the training set
using the concordance index. The concordance index, or C-index, is a global measure
of discriminative power of a survival model. We also used time-dependent receiver
operating characteristic (ROC) curves, and the AUC values for discrimination
accuracy to evaluate the performance at the specific prediction time points, of 1, 2,
and 4 years, and the AUC was calculated by bootstrap. Each of the AUCs was
compared using the paired t-test. The 3-year AUC was excluded because the missing
value obtained in the 2-year period was more than 90%. Time-dependent AUC was
performed using the risksetROC R package (24). Cumulative/dynamic (C/D),
incident/dynamic (I/D), and incident/static (I/S) were proposed to estimate the time-
dependent sensitivity and specificity for the censored event-times (25). The
incident/dynamic defined individuals with events at time point t as the case group
and individuals without events at time point t as the control group. In our study, it
was appropriate to use an incident/dynamic because the aim of this study was for

early treatment by identifying patients at high risk of CKD progression in the near



future (26). The standard ROC curve analysis defines the disease state of an
individual after assuming that it is fixed for the entire study period (16). However,
research periods generally require long follow-up, and during this period, the
individual has a different time for the onset of the disease. Time-dependent ROC
curve analysis enables us to configure and compare ROC curves at multiple time
points using information about the onset time by observing the disease status of an

individual at each time point (16).

2.5 Statistical analysis

The baseline characteristics of the study participants are described using the means
with standard deviations (SD), and frequency is described using percentages for
categorical variables. Student’s t-test for continuous variables and Chi-squared test
for categorical variables were used to verify if there were significant differences.
We made a static model using demographic and laboratory data from the baseline to
the hospital and a dynamic model using the latest available measurement values. In
the dynamic model, we included sex and diabetes mellitus as time-independent
variables using the baseline value and other variables using the latest available
measurement values.

We split the dataset into a training set and a validation set by four methods. Split-
sample method divided the dataset into 70% and 30% subsets using the caret R
package (27). We considered creating balanced splits of the data, which means that
random sampling occurs within each class and preserves the overall class distribution
of the data. Temporal follow-up method defined those who were followed up until
the eighth year as the training set and those who did not develop a renal outcome
before the eighth year and were followed up until the ninth year as the validation set.
Temporal registration method divided the dataset into those who were registered at
1, 2, and 3 years and at 4 and 5 years in the same institution, which was split into

70% and 30%. Geography method divided the dataset into hospitals in the



metropolitan area and province, which was split into 80% and 20% (28). The

methods of splitting the dataset in this study are summarized in Figure 3.
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Figure 3. Flow chart of different methods for constructing predictive models. We split the dataset into a training and a validation set by four
methods. (A) Split-sample: divided the dataset into 70% and 30%. (B) Temporal follow-up: divided into those who followed up until the eighth
year as training set and those who followed up until the ninth year among those who have not developed renal outcome until the eighth year as

validation set. (C) Temporal registration: divided the dataset into those who were registered at 1, 2, 3 years and at 4, 5 years in the same institution.
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(D) Geography: divided the dataset into hospitals in metropolitan area and province.



In this study, four predictive models were trained to predict the progression of CKD.
CPH model, GBM, RSF, and elastic net were trained using the survival, gbm,
RandomForestSRC, and glmnet R packages, respectively (29-31).

We used a grid search to investigate the combination of hyperparameters and defined
the optimal hyperparameter with the best performance on a given dataset
(Supplementary Table 1-3). Multiple imputation was performed using the
MissForest package in R (32). MissForest is another machine learning-based data
imputation algorithm that operates on the Random Forest algorithm. By averaging
over many unpruned classifications or regression trees, random forest intrinsically
constitutes a multiple imputation scheme.

The proportional hazard assumption of the Cox proportional hazard model was tested
using the Schoenfeld residuals test (33) (Supplementary Table 4-6). eGFR violated
the proportional hazards assumption. To solve that problem, we applied non-
parametric models based on RSF, GBM, and elastic net as an alternative approach to
the Cox proportional hazards models when the PH assumption was violated.

Data management and statistical analyses were performed using the R (version 4.1.2)

statistical software.
3. Results

3.1 Baseline characteristics of the study population

Table 1 shows the baseline characteristics of the study subjects comparing before
and after imputation. Among 1,585 subjects, mean age was 54.9 + 12.1 years and
37.2% were women. Mean UACR was 1.1 + 1.5 g/g and the mean baseline eGFR
was 49.3 + 28.7 mL/min/1.73m?. The mean SBP was 127.7 + 16.6 mmHg.
Subjects with DM comprised 27.2% of the study subjects. The proportion of BMI
higher than 30 kg/m? was 6.9%. Age between renal event and non-renal event group

was not statistically significant (54.7 vs 55.0, Student’s t-test p=0.69). UACR was

10 2] 1



higher in renal event group than that in non-renal event group (1.8g/g vs 0.7g/g,
Student’s t-test p<0.01). eGFR was lower in renal event group than that in non-renal
event group (30.1mL/min/1.73m? vs 58.2 mL/min/1.73m?, Student’s t-test p<0.01).
SBP was higher in renal event group than that in non-renal event group (131.8mmHg
vs 125.7 mmHg, Student’s t-test p<0.01). Sex between renal and non-renal event
groups was not statistically significant (39% vs 36.3%, Chi-squared test p=0.32).
Renal event group was more likely to have DM than non-renal event group (43.8%
vs 19.4%, Chi-squared test p<0.01). Number of subjects with BMI of 30 kg/m? or
above was not different between renal and non-renal event groups.

There was no difference in the values before and after imputation.

11 A 2 1TH



Table 1. Baseline demographic and clinical characteristics of KNOW-CKD subjects before and after multiple imputation

Before imputation After imputation

Total Renal' event  Non-renal event p Total Renal' event Non-renal event p

(n=1,585) group group (n=1,585) group group

(n=505) (n=1,080) (n=505) (n=1,080)

Mean (SD) Mean (SD) Mean (SD) Mean (SD)  Mean (SD) Mean (SD)
Age (years) 54.9 (12.1) 54.7 (11.8) 55.0 (12.3) 0.69 54.9 (12.1) 54.7 (11.8) 55.0(12.3) 0.69
UACR (g/9) 1.1 (L.5) 1.8 (1.9) 0.7 (1.1) <0.01 1.1 (L.5) 1.8 (1.9) 0.7 (1.1) <0.01
((enci‘lli/Rminll.Bmz) 49.3 (28.7) 30.1(19.2) 58.2 (28.0) <0.01 49.3 (28.7) 30.1(19.2) 58.2 (28.0) <0.01
SBP (mmHg) 127.7 (16.6) 131.8 (17.8) 125.7 (15.7) <0.01 127.7 (16.6)  131.8 (17.8) 125.7 (15.7) <0.01

N (%) N (%) N (%) N (%) N (%) N (%)
Female 589 (37.2) 197 (39.0) 392 (36.3) 0.32 589 (37.2) 197 (39.0) 392 (36.3) 0.32
DM 431 (27.2) 221 (43.8) 210 (19.4) <0.01 431 (27.2) 221 (43.8) 210 (19.4) <0.01
BMI (kg/m?) (=30) 109 (6.9) 36 (7.1) 73 (6.8) 0.90 110 (6.9) 37(7.3) 73 (6.8) 0.76

Note: Values for categorical variables are given as number (percentage); values for continuous variable, as mean =+ standard deviation or median
[interquartile range]. eGFR was calculated using the CKD-EPI creatinine equation. The variables were compared in the following ways: female, male as
reference; DM, patients without DM as reference; BMI, <30 as reference.

1. Composite of the first occurrence of a 50% decline in eGFR from the baseline value or the onset of ESRD during follow-up. ESRD was defined as the
initiation of dialysis or kidney transplantation

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP,
systolic blood pressure.
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Table 2 shows the results of CPH analysis using training sets by four methods to
divide the dataset of baseline. The hazard ratios (95% CI) of eGFR in multiple model
were 0.94 (0.93-0.94) for each increase of 1 mL/min/1.73m? in split-sample, 0.94
(0.93-0.94) for each increase of 1 mL/min/1.73m? in temporal follow-up, 0.94
(0.93-0.95) for each increase of 1 mL/min/1.73m? in temporal registration, 0.94
(0.94-0.95) for each increase of 1 mL/min/1.73m? in geography. The hazard ratios
(95% CI) of UACR in multiple model were 1.49 (1.40-1.57) in split-sample, 1.53
(1.46-1.61) in temporal follow-up, 1.54 (1.46-1.63) in temporal registration, 1.55
(1.46-1.63) in geography. The hazard ratios (95% CI) of SBP in multiple model were
1.11 (1.04-1.19) for each increase of 10 mmHg in split-sample, 1.09 (1.03-1.15) for
each increase of 10 mmHg in temporal follow-up, 1.08 (1.01-1.15) for each increase
of 10 mmHg in temporal registration, 1.07 (1.006-1.14) for each increase of 10
mmHg in geography. The hazard ratios (95% CI) of DM in multiple model were 1.58
(1.24-2.01) in split-sample, 1.78 (1.44-2.19) in temporal follow-up, 1.82 (1.46-2.26)
in temporal registration, 1.54 (1.22-1.94) in geography.

Table 3 shows the results of CPH analysis using training sets by four methods to
divide the data of 1-year follow up. The hazard ratios (95% CI) of eGFR in multiple
model were 0.92 (0.91-0.93) for each increase of 1 mL/min/1.73m? in split-sample,
0.92 (0.91-0.93) for each increase of 1 mL/min/1.73m? in temporal follow-up, 0.92
(0.91-0.93) for each increase of 1 mL/min/1.73m? in temporal registration, 0.92
(0.92-0.93) for each increase of 1 mL/min/1.73m? in geography. The hazard ratios
(95% CI) of UACR in multiple model were 1.23 (1.18-1.28) in split-sample, 1.24
(1.20-1.29) in temporal follow-up, 1.73 (1.61-1.86) in temporal registration, 1.65
(1.53-1.77) in geography. The hazard ratios (95% CI) of SBP in multiple model were
1.14 (1.05-1.24) for each increase of 10 mmHg in split-sample, 1.11 (1.03-1.96) for
each increase of 10 mmHg in temporal follow-up, 1.12 (1.04-1.22) for each increase
of 10 mmHg in geography. The hazard ratios (95% CI) of DM in multiple model
were 1.50 (1.17-1.94) in split-sample, 1.79 (1.43-2.24) in temporal follow-up, 1.48
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(1.17-1.88) in temporal registration, 1.28 (1.003-1.63) in geography.

Table 4 shows the results of CPH analysis using training sets in four methods to
divide the data of 3-year follow up. The hazard ratios (95% CI) of eGFR in multiple
model were 0.92 (0.90-0.93) for each increase of 1 mL/min/1.73m? in split-sample,
0.91 (0.89-0.92) for each increase of 1 mL/min/1.73m? in temporal follow-up, 0.92
(0.91-0.93) for each increase of 1 mL/min/1.73m? in temporal registration, 0.92
(0.91-0.93) for each increase of 1 mL/min/1.73m? in geography. The hazard ratios
(95% CI) of UACR in multiple model were 1.71 (1.50-1.96) in split-sample, 1.76
(1.55-2.00) in temporal follow-up, 1.81 (1.61-2.03) in temporal registration, 1.93
(1.69-2.20) in geography.

Each table showed similar results among the four methods to divide the dataset.
From baseline to 3-year follow up, the HRs of eGFR and DM decreased and C

statistics increased.
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Table 2. Hazard ratios for chronic kidney disease progression in the training sets in the static models that use data from baseline

Split-sample!

Temporal follow-up?

Temporal registration®

Geography*

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)°®

HR (95% CI)°

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

eGFR (mL/min/1.73m?)

UACR (g/g)
Age (years)

SBP (mmHg)

Female
DM

BMI (kg/m2) (=30)

C-index

0.94 (0.93-0.94)
1.57 (1.50-1.65)
1.01 (0.996-1.01)

1.23 (1.16-1.31)

1.06 (0.86-1.31)
3.00 (2.43-3.70)
1.19 (0.81-1.77)

0.94 (0.93-0.94)
1.49 (1.40-1.57)
0.97 (0.96-0.98)

1.11 (1.04-1.19)

0.84 (0.67-1.05)
1.58 (1.24-2.01)
0.83 (0.55-1.25)
0.87

0.94 (0.93-0.95)
1.62 (1.55-1.69)
1.00 (0.99-1.01)

1.27 (1.20-1.34)

1.06 (0.88-1.28)
3.26 (2.70-3.93)
1.20 (0.84-1.71)

0.94 (0.93-0.94)
1.53 (1.46-1.61)
0.97 (0.96-0.98)

1.09 (1.03-1.15)

0.85 (0.70-1.03)
1.78 (1.44-2.19)
0.89 (0.62-1.28)
0.87

0.94 (0.93-0.95)
1.58 (1.50-1.66)
1.00 (0.996-1.01)

1.26 (1.19-1.34)

1.05 (0.86-1.29)
3.16 (2.58-3.86)
1.24 (0.84-1.84)

0.94 (0.93-0.95)
1.54 (1.46-1.63)
0.98 (0.97-0.98)

1.08 (1.01-1.15)

0.82 (0.67-1.01)
1.82 (1.46-2.26)
1.01 (0.68-1.51)
0.85

0.94 (0.94-0.95)
1.67 (1.59-1.75)
1.00 (0.99-1.01)

1.25 (1.18-1.33)

0.98 (0.80-1.21)
2.97(2.43-3.63)
1.15(0.79-1.67)

0.94 (0.94-0.95)
1.55 (1.46-1.63)
0.97 (0.96-0.98)

107 (1.006-
1.14)

0.84 (0.68-1.04)
1.54 (1.22-1.94)
0.83 (0.57-1.22)
0.86

Note: The variables were compared in the following ways: female, male as reference; DM, patients without DM as reference; BMI, <30 as reference.

1. Training set which consists of 70% of all patients.

2. Training set which consists of all patients following up 8-years.

3. Training set which consists of recruited patients from 2011 until 2014.
4. Training set which consists of patients registered at hospitals in Seoul.

5. A crude analysis without adjustment.
6. All predictors were included in the model.
Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP, systolic blood pressure; HR, hazard ratio
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Table 3. Hazard ratios for chronic kidney disease progression in the training sets in the dynamic models that use data from 1-year follow up

Split-sample!

Temporal follow-up?

Temporal registration®

Geography*

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)°®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

eGFR (mL/min/1.73m?)

0.91 (0.90-0.92)

0.92 (0.91-0.93)

0.91 (0.90-0.92)

0.92 (0.91-0.93)

0.92 (0.91-0.93)

0.92 (0.91-0.93)

0.92 (0.91-0.93)

0.92 (0.92-0.93)

UACR (g/g) 1.22 (1.19-1.25) 123 (1.18-1.28)  1.24(1.21-1.26) 124 (1.20-1.29)  1.50 (1.44-1.56) 173 (1.61-1.86) 151 (1.46-1.57)  1.65(1.53-1.77)
Age (years) 1.00 (0.996-1.01)  0.97 (0.96-0.98)  1.00 (0.99-1.01) 0.97 (0.96-0.98)  1.00(0.996-1.01)  0.98 (0.97-0.99)  1.00 (0.99-1.01)  0.97 (0.96-0.98)
SBP (mmHg) 132 (1.23-1.41) 1.14 (1.05-1.24)  1.35(1.27-1.43) 1.11 (1.03-1.96) 130 (1.22-1.39) 1.03(0.95-1.12) 140 (1.31-1.49)  1.12 (1.04-1.22)
Female 1.06 (0.86-1.31)  0.70(0.55-0.89)  1.06 (0.88-1.28) 0.77 (0.62-0.95)  1.05 (0.86-1.29) 0.78 (0.62-0.98)  0.98 (0.80-1.21)  0.78 (0.62-0.98)
DM 3.00 (2.43-3.70) 1.50 (1.17-1.94)  3.26 (2.70-3.93) 1.79 (1.43-2.24)  3.16 (2.58-3.86) 148 (1.17-1.88)  2.97 (2.43-3.63) }'ég) (1.003-
BMI (kg/m?) (=30) 143(0.99-2.05)  0.74(0.44-123)  1.38(0.998-1.92)  0.73(0.47-1.14)  1.38 (0.96-1.99) 1.01 (0.66-1.52)  1.33(0.95-1.88)  1.00 (0.67-1.50)
C-index 0.89 0.89 0.88 0.88

Note: The variables were compared in the following ways: female, male as reference; DM, patients without DM as reference; BMI, <30 as reference.
1. Training set which consists of 70% of all patients.

2. Training set which consists of all patients following up §-years.

3. Training set which consists of recruited patients from 2011 until 2014.

4. Training set which consists of patients registered at hospitals in Seoul.

5. A crude analysis without adjustment.

6. All predictors were included in the model.

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP, systolic blood pressure; HR, hazard ratio
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Table 4. Hazard ratios for chronic kidney disease progression in the training sets in the dynamic models that use data from 3-years follow up

Split-sample!

Temporal follow-up?

Temporal registration®

Geography*

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)°®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

HR (95% CI)®

eGFR (mL/min/1.73m?)

0.89 (0.88-0.90)

0.92 (0.90-0.93)

0.89 (0.88-0.90)

0.91 (0.89-0.92)

0.90 (0.89-0.91)

0.92 (0.91-0.93)

0.90 (0.89-0.91)

0.92 (0.91-0.93)

UACR (g/g) 1.88 (1.79-1.98) 1.71 (1.50-1.96)  1.88 (1.80-1.96) 1.76 (1.55-2.00)  1.89 (1.80-1.98) 1.81 (1.61-2.03)  1.93 (1.84-2.03)  1.93 (1.69-2.20)
Age (years) 1.00 (0.996-1.01)  0.97 (0.96-0.99)  1.00 (0.99-1.01) 0.97 (0.95-0.98)  1.00 (0.996-1.01)  0.98 (0.96-0.99)  1.00 (0.99-1.01)  0.97 (0.96-0.99)
SBP (mmHg) 1.29 (1.20-1.38) 1.09 (0.97-1.22)  1.33 (1.25-1.42) 1.02 (0.91-1.15)  1.32(1.23-1.42) 1.06 (0.96-1.18)  1.36(1.26-1.47)  1.07 (0.94-1.22)
Female 1.06 (0.86-1.31)  0.75(0.52-1.07)  1.06 (0.88-1.28) 0.88 (0.63-1.24)  1.05 (0.86-1.29) 0.84 (0.62-1.13)  0.98 (0.80-1.21)  0.88 (0.63-1.22)
DM 3.00 (2.43-3.70) 130 (0.89-1.91)  3.26(2.70-3.93) 1.33(0.92-1.92)  3.16 (2.58-3.86) 1.26 (0.90-1.77)  2.97 (2.43-3.63)  1.03 (0.72-1.49)

BMI (kg/m?) (=30)

C-index

1.50 (1.07-2.11)

0.85 (0.46-1.58)
0.90

1.42 (1.04-1.93)

0.64 (0.36-1.14)
0.91

1.34 (0.95-1.90)

0.64 (0.38-1.10)
0.90

1.34 (0.96-1.86)

0.58 (0.32-1.06)
0.90

Note: The variables were compared in the following ways: female, male as reference; DM, patients without DM as reference; BMI, <30 as reference.
1. Training set which consists of 70% of all patients.

2. Training set which consists of all patients following up §-years.

3. Training set which consists of recruited patients from 2011 until 2014.

4. Training set which consists of patients registered at hospitals in Seoul.

5. A crude analysis without adjustment.

6. All predictors were included in the model.

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP, systolic blood pressure; HR, hazard ratio
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3.2 Validation of prediction models

Performance of prediction models comparing the static and dynamic models were
described in Table 5, 6 and Figure 4-7.

Most of time-dependent AUC values of the dynamic model were higher than those
of the static model. The results of split-sample validation were as follows. Time-
dependent AUC of CPH model were 0.814 (0.780-0.841) in 2 years, 0.805 (0.775-
0.840) in 4 years from static model vs 0.843 (0.807-0.870) in 2 years, 0.892 (0.853-
0.931) in 4 years from dynamic model. Time-dependent AUC of GBM were 0.825
(0.791-0.855) in 2 years, 0.819 (0.786-0.847) in 4 years from static model vs 0.874
(0.837-0.912) in 2 years, 0.866 (0.824-0.905) in 4 years from dynamic model. Time-
dependent AUC of RSF were 0.792 (0.749-0.832) in 2 years, 0.760 (0.723-0.794) in
4 years from static model vs 0.839 (0.789-0.891) in 2 years, 0.809 (0.729-0.871) in
4 years from dynamic model. Time-dependent AUC of elastic net were 0.813 (0.784-
0.845) in 2 years, 0.795 (0.765-0.829) in 4 years from static model vs 0.864 (0.828-
0.896) in 2 years, 0.892 (0.852-0.932) in 4 years from dynamic model.

The results of temporal follow-up validation were as follows. Time-dependent AUC
of CPH model were 0.771 (0.705-0.833) in 2 years, 0.759 (0.699-0.820) in 4 years
from static model vs 0.807 (0.753-0.861) in 2 years, 0.871 (0.811-0.916) in 4 years
from dynamic model. Time-dependent AUC of GBM were 0.806 (0.739-0.868) in 2
years, 0.779 (0.722-0.828) in 4 years from static model vs 0.843 (0.793-0.891) in 2
years, 0.875 (0.827-0.922) in 4 years from dynamic model. Time-dependent AUC of
RSF were 0.793 (0.707-0.923) in 2 years, 0.659 (0.601-0.755) in 4 years from static
model vs 0.851 (0.755-0.947) in 2 years, 0.775 (0.677-0.867) in 4 years from
dynamic model. Time-dependent AUC of elastic net were 0.780 (0.712-0.852) in 2
years, 0.757 (0.701-0.812) in 4 years from static model vs 0.813 (0.771-0.850) in 2
years, 0.875 (0.818-0.918) in 4 years from dynamic model.

The results of temporal registration validation were as follows. Time-dependent

AUC of GBM were 0.848 (0.814-0.896) in 2 years, 0.808 (0.748-0.894) in 4 years

v
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from static model vs 0.889 (0.855-0.916) in 2 years, 0.871 (0.807-0.951) in 4 years
from dynamic model. Time-dependent AUC of RSF were 0.804 (0.763-0.862) in 2
years, 0.695 (0.625-0.795) in 4 years from static model vs 0.866 (0.829-0.906) in 2
years, 0.850 (0.762-0.951) in 4 years from dynamic model.

The results of geographical validation were as follows. Time-dependent AUC of
GBM were 0.862 (0.821-0.904) in 2 years, 0.807 (0.768-0.837) in 4 years from static
model vs 0.915 (0.880-0.939) in 2 years, 0.862 (0.789-0.921) in 4 years from
dynamic model. Time-dependent AUC of RSF were 0.832 (0.789-0.875) in 2 years,
0.719 (0.683-0.771) in 4 years from static model vs 0.905 (0.862-0.937) in 2 years,
0.812 (0.734-0.890) in 4 years from dynamic model.

This result showed the similar tendency in cox and machine learning methods.
Furthermore, it demonstrated a good level of discrimination capability in all methods

of splitting data.
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Table 5. Comparison of time-dependent AUC between cox, GBM, RSF in predicting progression of chronic kidney disease from baseline

Model

1-yr AUC (95% CI)

2-yr AUC (95% CI)

4-yr AUC (95% CI)

Split-sample validation

Cox

GBM

RSF

Elastic net

Temporal follow-up validation
Cox

GBM

RSF

Elastic net

Temporal registration validation
Cox

GBM

RSF

Elastic net

Geographical validation

Cox

GBM

RSF

Elastic net

0.854 (0.810-0.893)
0.856 (0.805-0.899)
0.822 (0.775-0.869)

0.857 (0.811-0.896)

0.781 (0.708-0.846)
0.825 (0.755-0.891)
0.899 (0.774-0.988)
0.790 (0.721-0.859)

0.855 (0.816-0.897)
0.856 (0.817-0.916)
0.850 (0.798-0.916)
0.843 (0.797-0.895)

0.885 (0.856-0.918)
0.884 (0.852-0.918)
0.880 (0.842-0.912)
0.863 (0.829-0.899)

0.814 (0.780-0.841)
0.825 (0.791-0.855)
0.792 (0.749-0.832)

0.813 (0.784-0.845)

0.771 (0.705-0.833)
0.806 (0.739-0.868)
0.793 (0.707-0.923)
0.780 (0.712-0.852)

0.837 (0.805-0.871)
0.848 (0.814-0.896)
0.804 (0.763-0.862)
0.820 (0.783-0.854)

0.856 (0.818-0.895)
0.862 (0.821-0.904)
0.832 (0.789-0.875)
0.839 (0.798-0.876)

0.805 (0.775-0.840)
0.819 (0.786-0.847)
0.760 (0.723-0.794)

0.795 (0.765-0.829)

0.759 (0.699-0.820)
0.779 (0.722-0.828)
0.659 (0.601-0.755)
0.757 (0.701-0.812)

0.825 (0.768-0.888)
0.808 (0.748-0.894)
0.695 (0.625-0.795)
0.797 (0.733-0.877)

0.798 (0.761-0.834)
0.807 (0.768-0.837)
0.719 (0.683-0.771)
0.775 (0.739-0.813)

Abbreviations: AUC, area under the curve; GBM, gradient boosting machine; RSF, random survival forest
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Table 6. Comparison of time-dependent AUC between cox, GBM, RSF in predicting progression of chronic kidney disease from latest available

measurement

Model

1-yr AUC (95% CI)!

2-yr AUC (95% CI)?

4-yr AUC (95% CI)}

Split-sample validation

Cox

GBM

RSF

Elastic net

Temporal follow-up validation
Cox

GBM

RSF

Elastic net

Temporal registration validation
Cox

GBM

RSF

Elastic net

Geographical validation

Cox

GBM

RSF

Elastic net

0.854 (0.810-0.893)
0.857 (0.810-0.900)
0.822 (0.775-0.869)

0.857 (0.811-0.896)

0.781 (0.708-0.846)
0.814 (0.748-0.883)
0.899 (0.774-0.988)
0.790 (0.721-0.859)

0.855 (0.816-0.897)
0.859 (0.816-0.921)
0.850 (0.798-0.916)
0.843 (0.797-0.895)

0.885 (0.856-0.918)
0.882 (0.851-0.918)
0.883 (0.845-0.919)
0.863 (0.829-0.899)

0.843 (0.807-0.870)
0.874 (0.837-0.912)

0.839 (0.789-0.891)
0.864 (0.828-0.896)

0.807 (0.753-0.861)
0.843 (0.793-0.891)
0.851 (0.755-0.947)
0.813 (0.771-0.850)

0.789 (0.711-0.901)
0.889 (0.855-0.916)
0.866 (0.829-0.906)
0.729 (0.646-0.871)

0.801 (0.690-0.912)
0.915 (0.880-0.939)
0.905 (0.862-0.937)
0.770 (0.645-0.904)

0.892 (0.853-0.931)
0.866 (0.824-0.905)

0.809 (0.729-0.871)
0.892 (0.852-0.932)

0.871 (0.811-0.916)
0.875 (0.827-0.922)
0.775 (0.677-0.867)
0.875 (0.818-0.918)

0.916 (0.865-0.955)
0.871 (0.807-0.951)
0.850 (0.762-0.951)
0.904 (0.855-0.946)

0.887 (0.852-0.926)
0.862 (0.789-0.921)
0.812 (0.734-0.890)
0.882 (0.840-0.926)
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1. Predicted by baseline.
2. Predicted by 1-year follow-up data.

3. Predicted by 3-years follow-up data.
Abbreviations: AUC, area under the curve; GBM, gradient boosting machine; RSF, random survival forest
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Figure 4. Time-dependent ROC curves for progression of chronic kidney disease static models at t=1, 2, 4 years in the (A) split-sample validation
set (B) temporal follow-up validation set (C) temporal registration validation set (D) geographical validation set. The ROC curves of clinical
parameters model for COX, GBM, RSF. Abbreviations: TP, true positive; FP, false positive; AUC, area under the curve; ROC, receiver operating
characteristic; GBM, gradient boosting machine; RSF, random survival forest; eGFR, estimated glomerular filtration rate; UACR, urine albumin-

to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP, systolic blood pressure.
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Figure 5. Time-dependent ROC curves for progression of chronic kidney disease dynamic models at t=1, 2, 4 years in the (A) split-sample
validation set (B) temporal follow-up validation set (C) temporal registration validation set (D) geographical validation set. The ROC curves of
clinical parameters model for COX, GBM, RSF. Abbreviations: TP, true positive; FP, false positive; AUC, area under the curve; ROC, receiver
operating characteristic; GBM, gradient boosting machine; RSF, random survival forest; eGFR, estimated glomerular filtration rate; UACR, urine

albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP, systolic blood pressure.
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In order to compare the AUC values of the static and dynamic models, paired t-test
was performed with the AUC values extracted from Table 5 and 6 (Table 7). The
average AUC (95% CI) for 2 year for the static model was 0.818 (0.747-0.889), and
the average AUC (95% CI) for 2 years for the dynamic model was 0.837 (0.705-
0.969). The average AUC (95% CI) for 4 years for the static model was 0.772 (0.669-
0.876), and the average AUC (95% CI) for 4 years for the dynamic model was 0.865
(0.774-0.956). The dynamic model outperformed the static model at all-year AUCs,

which are significantly different.
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Table 7. Comparison of time-dependent AUC between static and dynamic model in predicting progression of chronic kidney disease

Model 2-yr AUC (95% CI)! 4-yr AUC (95% CI)?
Static? 0.818 (0.747-0.889) 0.772 (0.669-0.876)
Dynamic* 0.837 (0.705-0.969) 0.865 (0.774-0.956)
p <0.01 <0.01

1. Mean value of 2 years AUC for all prediction models according to the validation methods.
2. Mean value of 4 years AUC for all prediction models according to the validation methods.
3. Prediction model using demographic and laboratory data from the baseline to the hospital.
4. Prediction model using the latest available measurement values.
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4. Discussion

Our study compared the dynamic predictive model developed with the latest
available measurement values with the static predictive model developed with the
baseline values at the first visit to the hospital. In the case of the static model, the
AUC values gradually decreased over years 1, 2, and 4, and in the case of the
dynamic model, the AUC values tended to be stable or increased. Both the cox and
machine learning methods generally showed high AUC values in the dynamic model.
It also showed good performance in the discrimination capability for all methods of

splitting the data.

4.1 Comparison with previous studies

In a recent study, a CKD progression prediction model was constructed using
machine learning methods based on logistic regression. Although the predictive
model was constructed using Elastic net, Lasso, Ridge, XGboost, SVM, random
forest, ANN, and k-NN methods, the model was constructed with a small number of
samples, and survival data analysis over time was not performed (11). Furthermore,
although CKD progression prediction models are designed to be optimal for
development samples by proceeding only with internal validation, their accuracy

may be reduced due to overfitting when testing on similar individuals (34, 35).

4.2 Strengths and limitations

Our work has the following limitations. First, the majority of time dependent AUC
values tended to be stable, gradually decreasing, or increasing, but the AUC values
sharply dropped in random survival forest and elastic net. The discriminative power
seems to be low due to a lack of samples. Second, the cox model provides clinically
understandable results on covariate effects, while machine learning is close to “black

box” models. Although our study analyzed prediction models with machine learning,
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there is a limitation in providing meaningful interpretations due to the characteristics
of black box models. Technology development for machine learning is necessary to
ensure the reliability of these machine learning models. Third, when comparing the
performance of machine learning and the cox model in a recent paper, the machine
learning-based model performed as well as the cox regression (36). In our study, the
result of the machine learning showed a performance similar to that of the cox model.
Fourth, the temporal follow-up method may have excluded those who had an
outcome until an eight-year follow-up, excluding those who had a rapid progression
of CKD. The temporal follow-up method of our study seems to have caused a
selective survival bias, also called Neiman’s fallacy. Fifth, because of the
proportional hazard assumption was violated, we estimated biased results using the
cox proportional models.

Our study has several strengths. First, the performance of the model was evaluated
by dividing the data by four methods, and the performance of the validation showed
a good level of discrimination capability. Second, in the field of cancer, machine
learning or deep learning papers using survival analysis are emerging (36, 37), but
they are insufficient in the field of CKD. Our study constructed a machine learning
study considering the survival time, making them useful analytical tools for
predicting CKD progression. Third, time-dependent AUC values for evaluating the
performance of the prediction model that varies over time were presented. Basically,
the epidemiological concept focuses on a cumulative event to define the case, but

our study evaluated the performance during various time with time-dependent AUCs.

5. Conclusion

In this study, we compared static and dynamic models finding that the dynamic
model showed stable and high time-dependent AUC values in all predictive models.
We confirmed that the eGFR and UACR are important impacts in RSF and GBM,

and UACR and DM are important impacts in elastic net on the predictability of the
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model. Considering the eGFR, which is difficult to predict, dynamic models that
predict short-term events may be better when developing prediction models of CKD
progression. Further studies are warranted to compare the static and dynamic
predictive models through the cox model satisfying the proportional hazard

assumption.
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Supplementary Table 1. Using grid search parameter optimization for static model that use baseline data

Algorithm

Grid search script

Validation

Optimal parameter

Random survival forest

Gradient boosting machine

Elastic net

tune(formula,
data=DB_train,
mtryStart=ncol(DB_train)/2,
nodesizeTry=c(1:9, seq(1,10,by=1)),
ntreeTry=5000)

expand.grid(
shirnkage= ¢(.01,.05, .1, .3),
n.minobsinnode= ¢(5,10,15),
RMSE =0)

cv.glmnet(x_train,
type.measure = 'C")

train, family

cox',

Split-sample validation
Temporal follow-up validation
Temporal registration validation
Geographical validation
Split-sample validation
Temporal follow-up validation
Temporal registration validation
Geographical validation
Split-sample validation
Temporal follow-up validation

Temporal registration validation
Geographical validation

nodesieze = 1

mtry = 4
nodesieze = 3
mtry =5
nodesieze = 4
mtry =4
nodesieze = 2
mtry =4

Shrinkage = 0.01
n.minobsinnode = 5
Shrinkage = 0.01
n.minobsinnode = 5
Shrinkage = 0.01
n.minobsinnode = 5
Shrinkage = 0.01
n.minobsinnode = 15
lambda.min = 0.037
lambda.min = 0.028
lambda.min = 0.035
lambda.min = 0.023
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Supplementary Table 2. Using grid search parameter optimization for dynamic models that use data from 1-year follow up

Algorithm Grid search script Validation Optimal parameter
Random survival forest tune(formula, Split-sample validation nodesieze = 2
data=DB_train, mtry =5
mtryStart=ncol(DB_train)/2, Temporal follow-up validation nodesieze = 6
nodesizeTry=c(1:9, seq(1,10,by=1)), mtry =5
ntreeTry=5000) Temporal registration validation nodesieze = 3
mtry =7
Geographical validation nodesieze = 3
mtry =4
Gradient boosting machine expand.grid( Split-sample validation Shrinkage = 0.01
shirnkage= c(.01,.05, .1, .3), n.minobsinnode = 15
n.minobsinnode= ¢(5,10,15), Temporal follow-up validation Shrinkage = 0.3
RMSE =0) n.minobsinnode = 5
Temporal registration validation Shrinkage = 0.01
n.minobsinnode = 15
Geographical validation Shrinkage = 0.01
n.minobsinnode = 15
Elastic net cv.glmnet(x_train, y train, family = ‘'cox', Split-sample validation lambda.min = 0.029
type.measure = 'C") Temporal follow-up validation lambda.min = 0.130
Temporal registration validation lambda.min = 0.021
Geographical validation lambda.min = 0.017
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Supplementary Table 3. Using grid search parameter optimization for dynamic models that use data from 3-year follow up

Algorithm Grid search script Validation Optimal parameter
Random survival forest tune(formula, Split-sample validation nodesieze =7
data=DB_train, mtry =5
mtryStart=ncol(DB_train)/2, Temporal follow-up validation nodesieze =9
nodesizeTry=c(1:9, seq(1,10,by=1)), mtry = 4
ntreeTry=5000) Temporal registration validation nodesieze = 3
mtry =4
Geographical validation nodesieze = 4
mtry =5
Gradient boosting machine expand.grid( Split-sample validation Shrinkage = 0.3
shirnkage= c(.01,.05, .1, .3), n.minobsinnode = 5
n.minobsinnode= ¢(5,10,15), Temporal follow-up validation Shrinkage = 0.01
RMSE =0) n.minobsinnode = 15
Temporal registration validation Shrinkage = 0.01
n.minobsinnode = 5
Geographical validation Shrinkage = 0.3
n.minobsinnode = 5
Elastic net cv.glmnet(x_train, y train, family = 'cox', Split-sample validation lambda.min = 0.005
type.measure = 'C") Temporal follow-up validation lambda.min = 0.029
Temporal registration validation lambda.min = 0.059
Geographical validation lambda.min = 0.026
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Supplementary Table 4. Test for the proportionality in the cox model that use baseline data

Split-samplet Temporal follow-up? Temporal registration® Geography*
Statistic p-value Statistic p-value Statistic p-value Statistic p-value

eGFR
(ML/min/1.73m?) 25.69 <0.01 14.81 <0.01 26.94 <0.01 17.75 <0.01
UACR (g/g) 0.24 0.63 0.58 0.44 0.01 0.90 0.11 0.74
Age (years) 0.52 0.47 0.08 0.77 0.01 0.91 0.26 0.61
SBP (mmHg) 7.01 0.01 8.00 <0.01 3.97 0.05 4.45 0.03
Female 0.17 0.68 0.58 0.45 0.33 0.57 0.02 0.89
DM <0.01 0.97 <0.01 0.96 0.45 0.50 0.36 0.55
BMI (kg/m?) (=30) 0.04 0.84 0.01 0.91 0.07 0.79 0.83 0.36

Note: The variables were compared in the following ways: female, male as reference; DM, patients without DM as reference; BMI, <30 as reference.

1. Training set which consists of 70% of all patients.

2. Training set which consists of all patients following up 8-years.

3. Training set which consists of recruited patients from 2011 until 2014.

4. Training set which consists of patients registered at hospitals in Seoul.

Tests based on the scaled Schoenfeld residuals.

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP,
systolic blood pressure; HR, hazard ratio
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Supplementary Table 5. Test for the proportionality in the cox model in that use data from 1-year follow up

Split-samplet Temporal follow-up? Temporal registration® Geography*
Statistic p-value Statistic p-value Statistic p-value Statistic p-value

eGFR
(ML/min/1.73m?) 50.9 <0.01 60.21 <0.01 38.69 <0.01 36.04 <0.01
UACR (9/9) 17.78 <0.01 51.13 <0.01 0.74 0.39 1.92 0.17
Age (years) 0.04 0.83 0.48 0.49 0.18 0.67 0.01 0.92
SBP (mmHg) 1.24 0.27 3.49 0.06 1.04 0.31 1.72 0.19
Female 0.14 0.71 0.50 0.48 0.21 0.65 0.24 0.63
DM 0.53 0.47 1.78 0.18 0.02 0.90 0.51 0.47
BMI (kg/m?) (=30) 5.3 0.02 8.19 <0.01 1.48 0.22 3.16 0.08

Note: The variables were compared in the following ways: female, male as reference; DM, patients without DM as reference; BMI, <30 as reference.

1. Training set which consists of 70% of all patients.

2. Training set which consists of all patients following up 8-years.

3. Training set which consists of recruited patients from 2011 until 2014.

4. Training set which consists of patients registered at hospitals in Seoul.

Tests based on the scaled Schoenfeld residuals.

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP,
systolic blood pressure; HR, hazard ratio
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Supplementary Table 6. Test for the proportionality in the cox model that use data from 3-year follow up

Split-samplet Temporal follow-up? Temporal registration® Geography*
Statistic p-value Statistic p-value Statistic p-value Statistic p-value

eGFR
(ML/min/1.73m?) 19.62 <0.01 20.21 <0.01 27.24 <0.01 26.67 <0.01
UACR (g/g) 3.2 0.07 0.07 0.79 1.94 0.16 5.78 0.02
Age (years) 0.07 0.79 4.12 0.04 0.05 0.82 0.98 0.32
SBP (mmHg) 3.91 0.05 0.73 0.39 1.82 0.18 2.29 0.13
Female 1.36 0.24 0.88 0.35 1.06 0.30 1.56 0.21
DM 0.75 0.39 0.01 0.92 0.03 0.86 0.82 0.36
BMI (kg/m?) (=30) 1.27 0.26 1.58 0.21 1.07 0.30 1.13 0.29

Note: The variables were compared in the following ways: female, male as reference; DM, patients without DM as reference; BMI, <30 as reference.

1. Training set which consists of 70% of all patients.

2. Training set which consists of all patients following up 8-years.

3. Training set which consists of recruited patients from 2011 until 2014.

4. Training set which consists of patients registered at hospitals in Seoul.

Tests based on the scaled Schoenfeld residuals.

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP,
systolic blood pressure; HR, hazard ratio
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Supplementary Table 7. Baseline demographic and clinical characteristics of KNOW-CKD subjects with no genomic DNA available before and after multiple
imputation

Before imputation After imputation
Total Renal! group Non-renal ) Total Renal! Non-renal D
(n=2,238) (n=720) group (n=2,238) group group
(n=1,518) (n=720) (n=1,518)
Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Age (years) 53.67 (12.24) 54.41 (11.70) 53.32(12.48) 0.05 53.67(12.24) 54.41(11.70) 53.32(12.48) 0.05
UACR (g/9) 0.90 (1.42) 1.61 (1.86) 0.57 (1.00) <0.01 0.94 (1.44) 1.69 (1.87) 0.58 (0.99) <0.01
‘(arﬁllj?min/l.nmz) 53.07(30.72) 32.87(21.30) 62.66 (29.85) <0.01 53.07(30.72) 32.87(21.30) 62.66 (29.85) <0.01
127.83 132.01 127.88 132.08
SBP (mmHgQ) (16.20) (17.51) 125.87 (15.17) <0.01 (16.18) (17.44) 125.88 (15.16) <0.01
N (%) N (%) N (%) N (%) N (%) N (%)
Female 871 (38.9) 294 (40.8) 577 (38.0) 0.22 871 (38.9) 294 (40.8) 577 (38.0) 0.22
DM 518 (23.1) 277 (38.5) 241 (15.9) <0.01 518 (23.1) 277 (38.5) 241 (15.9) <0.01
BMI (kg/m?) (=30) 146 (6.6) 50 (7.0) 96 (6.4) 0.62 147 (6.6) 51(7.1) 96 (6.3) 0.56

Note: Values for categorical variables are given as number (percentage); values for continuous variable, as mean + standard deviation or median
[interquartile range]. eGFR was calculated using the CKD-EPI creatinine equation. The variables were compared in the following ways: female, male as
reference; DM, patients without DM as reference; BMI, <30 as reference.

1. Composite of the first occurrence of a 50% decline in eGFR from the baseline value or the onset of ESRD during follow-up. ESRD was defined as the
initiation of dialysis or kidney transplantation

Abbreviations: eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio; DM, diabetes mellitus; BMI, body mass index; SBP,
systolic blood pressure.
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