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Which prognostic model predicts kidney failure best? A comprehensive external validation
study in patients with advanced chronic kidney disease, accounting for the competing risk of
mortality
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Abstract

Background

Various prediction models have been developed to predict the risk of kidney failure in patients with
chronic kidney disease. However, guideline recommended models have yet to be compared head-to-
head, validation in advanced chronic kidney disease (CKD) patients is lacking, and most models don’t
account for competing risks. The aim of the current study is to externally validate 11 existing models
of kidney failure in two large cohorts of advanced CKD patients, whilst taking the competing risk of
death into account.

Methods

The models were validated in EQUAL, a European prospective cohort of older advanced CKD patients
and the Swedish Renal Registry (SRR) of nephrology-referred CKD patients. Model performance was
assessed with discrimination and calibration.

Results

1580 patients from EQUAL and 13489 patients from the SRR were included. The average C-statistic
over the 11 validated models was 0.74 in EQUAL and 0.80 in the SRR compared to 0.89 in previous
validations. Most models with longer prediction-horizons overestimated the risk of kidney failure
considerably. The 5-year Kidney Failure Risk Equation (KFRE) overpredicted risk by 10% -18%. The 4
and 8 variable 2-year KFRE and the 4-year Grams model showed excellent calibration and good
discrimination in both cohorts.

Conclusion

Existing models can accurately predict kidney failure in patients with advanced CKD. For a shorter
time-frame of 2 years, the KFRE had a good performance despite the fact that this model does not
account for competing events. However, models that predicted over a longer time-frame of 5 years

overestimated risk due to the competing risk of death.



Significance statement

Most kidney failure prediction models have been developed and validated on cohorts with a wide
range of disease severity, without accounting for the competing risk of death. A head-to-head
comparison is lacking for guideline recommended models, currently used in clinic. Therefore, the
current study provides a comprehensive external validation of kidney failure prediction tools in two
advanced CKD cohorts, taking the competing risk of death into account. Models that predicted over
a longer time-frame of 5 years overestimated risk due to the competing risk of death. In advanced
CKD patients the 8 variable 2-year kidney failure risk equation is recommended for short-term
predictions surrounding RRT preparation. The 4-year Grams model, which accounts for competing

risk, is most suitable for longer-term predictions.

Introduction

The worldwide burden of chronic kidney disease (CKD) on public health is large and increasing, with
an estimated worldwide prevalence of 844 million people.r As CKD can lead to kidney failure, striving
towards the most optimal treatment and decision-making is of high importance.? Obtaining
individualized risk-based information is key as rates of progression vary highly between individuals.?
Risk assessment is important to inform patients, guide treatment decisions and provide information
for planning and prioritization of resources.®* Specifically for nephrologists and other advanced CKD
care providers risk assessment is central to individualized management and can be used for
decisions regarding vascular access placement, other dialysis preparations and counselling on kidney
transplant options. For such outcomes a short-term prediction (over 1 or 2 years) is most
informative.3* In addition risk assessment can guide referral back to primary care for CKD treatment,
this calls for a long-term prediction (over 4 or 5 years).2* Finally, receiving information on prognosis

can relieve uncertainty and distress on disease progression, for patients with advanced CKD.”



Multiple prediction models have been developed that provide individualized information on the risk
of kidney failure in CKD patients.5? These existing models have been externally validated to various
degrees and are recommended in multiple guidelines.**> 3 The decisional dilemma underlying the
clinical use of such models varies depending on the care setting and disease severity of the patient.
Though existing models have shown to predict kidney failure with high discrimination, most were
developed and validated on CKD patients with a wide range of disease severity from various care
settings. Head-to-head comparison of multiple models is lacking, particularly in patients with

advanced CKD (stage 4/5).16 V7

In patients with advanced CKD the competing risk of death plays an important role in risk
assessment. Most existing models do not consider this competing event in the risk estimation.®
Competing risk is more important to consider in frail, older populations in which the competing
event occurs frequently, and when predicting over long time frames. Most existing kidney failure
prediction models censor patients that die. As this censoring is assumed to be uninformative (e.g.
unrelated to the risk of kidney failure) the resulting prognosis should be interpreted as the risk of
kidney failure in a hypothetical setting in which patients do not die. This risk is an overestimation of
the true risk of kidney failure.’® For patients with a high risk of dying prior to kidney failure, a less
aggressive treatment may be in their best interest. If the competing risk of death is disregarded,
these patients may undergo unnecessary dialysis preparation, including a vascular access surgery.?®
Though a recent publication recommends that kidney failure calculators should account for death as
a competing risk, many of these calculators (which do not account for competing risks) are already
used in clinic.?° As these prediction models are used to predict risk of kidney failure (and not the
hypothetical risk of kidney failure given that no patient dies), we deem external validation in which

the observed risks are calculated taking competing risks into account of paramount importance.



Therefore, the aim of this study is to externally validate published models that predict kidney failure
in two large cohorts of advanced CKD patients whilst taking the competing risk of death into account
in the assessment of predictive performance. Models that can be employed in patients with
advanced CKD for timely RRT preparation and informing patients on their expected prognosis were

included.

Methods

Selecting prediction models for validation

A recent systematic review, conducted by our research group, identified prediction models for renal
replacement therapy (RRT) initiation in CKD patients.!” As the review included articles published up
to December 31°t 2017, we updated the search to include articles published up to December 31°
2018. For the current study we formulated a number of inclusion criteria. Firstly, the model must
have been developed for a general CKD population. Secondly, only models that predict initiation of
renal replacement therapy within a specified time-frame were considered for validation. Thirdly,
models were only validated if they provided calculation options to determine an individual’s risk of
RRT. For studies that did not provide this the authors were contacted via email and requested to
provide a calculation option. Finally, we only included models that included advanced CKD patients
as part of the development population, as our goal was to validate models that were applicable for
use in advanced CKD patients. For RRT preparation, a short-term model is more relevant whilst for
opting for less aggressive treatment regiments or referral back to primary care for CKD follow-up,
longer term predictions might be preferred. For each included model, the risk of bias and

applicability to our prognostic question was assessed using the PROBAST tool.?

Validation cohorts

The current study follows the TRIPOD (transparent reporting of a multivariable prediction model for



individual prognosis or diagnosis) guidelines (TRIPOD-checklist given in supplement).222 All included
prediction models were validated in two cohorts of CKD patients, the European Quality Study
(EQUAL) and Swedish Renal Registry (SRR). EQUAL is an ongoing international European prospective
multi-centre cohort study of older nephrology-referred CKD patients.?* Patients 265 years were
included in Germany, Italy, the Netherlands, Poland, Sweden, and the United Kingdom. Patients
were recruited at the nephrology clinic when their estimated glomerular filtration rate (eGFR) first
dropped below 20 ml/min/1.73m? and each patient is followed for 4 to 8 years. Patients with acute
kidney injury or previous RRT were excluded. Clinical characteristics and lab values are registered
every 6 months. Patients were included between March 2012 and December 2018. Some patients’
kidney function increased above 20 ml/min/1.73m? at study baseline, as eligibility assessment took
place earlier. Thus, for the main analysis we restricted to patients with an eGFR between 8-30

ml/min/1.73m? at baseline.

The SRR is an ongoing registry of CKD patients from 98% of the nephrology clinics in Sweden.
Patients are registered when they are first referred to the nephrologist with an eGFR below 30
ml/min/1.73m? or when the eGFR first drops below 30 ml/min/1.73m?, with an option for the clinics
to include patients earlier, when their eGFR drops below 45 ml/min/1.73m?. Though the registry
started in 2005 the current study restricted to patients included from January 1t 2012 till June 30
2018. This was done to include only incident patients and because SRR patients included between
2005 and 2011 comprise 1-2% of the CKD-prognosis consortium population used for the
development of the updated kidney failure risk equation (KFRE) and CKD G4+ risk calculator
(referred to as the Grams model). The main analysis was restricted to patients 18 years and older

with an eGFR between 8 and 30 ml/min/1.73m? at the time of registry.

Predictors

All predictors were measured at baseline, this was the first visit after the patient was included in



either EQUAL or the SRR. For EQUAL this was within 6 months of recruitment, when the patient first
had an eGFR below 20 ml/min/1.73m?2. For the SRR this is at the first registered visit at a nephrology
clinic with an eGFR under 30 ml/min/1.73m?. Both these baseline timepoints were considered
clinically relevant moments for RRT prediction specifically for managing expectations on prognosis
and preparing for RRT. Patients with an eGFR under 8 ml/min/1.73m? at baseline were excluded as
their late presentation makes RRT prediction less meaningful. The predictors are shown in table 1.
The eGFR equation that was used in each original prediction model was used in our model
validation, this was the CKD-EPI equation for the KFRE, Grams model and KPNW score, and the
MDRD equation for all other models and risk-scores. For predictors not available in the validation

cohorts, proxies were used (see supplement).

Outcome

The outcome of all validated models was kidney failure defined as RRT-treated end stage kidney
disease, which comprises start of haemodialysis, peritoneal dialysis, or pre-emptive kidney
transplantation. To calculate the observed risk of the outcome RRT, cumulative incidence functions
were used in which the competing event was death before RRT. Patients that completed the study

without death or RRT and patients that were lost to follow-up were right-censored.?®

Statistical analysis

Continuous baseline characteristics are presented as mean values with standard deviations or
median values with interquartile ranges when not normally distributed. Categorical variables are
presented as valid percentages. Missing data were assumed to be largely missing at random.
Therefore, 10-fold multiple imputation with fully conditional specification was performed separately
in both validation cohorts using the R-package ‘mice’. All predictors, various patient characteristics,

outcome and death were included in the imputation models.?® %’



For each model the probabilities of RRT were calculated per individual (prediction formulas given in
supplement). The performance of each model was then assessed in both validation cohorts based on
discrimination and calibration. Discrimination is a relative measure of how well a model can
discriminate between people with and without the event of interest. To assess discrimination time-
to-event C-statistics were computed for each validated model. The competing event of death was
taken into account by censoring patients who die at infinity, thereby indicating that these patients
cannot experience RRT after death.?® C-statistics were pooled over the ten imputation datasets
according to Rubin’s Rules.?® A C-statistic of 1 is perfect, 0.5 is equal to chance and >0.8 is generally
considered good for prognostic models.3® Importantly, the C-statistic of the same model can vary
highly depending on the validation population. A more homogeneous population will make it

difficult to distinguish low and high-risk patients and will result in a lower C-statistic.3!

Calibration determines whether the absolute predicted risks are similar to the observed risks. First,
the predicted probabilities were combined over the ten imputation datasets by calculating the mean
probability per patient. The observed risk of kidney failure was calculated using crude cumulative
incidence functions, this allowed us to take the substantial competing risk of death before RRT into
account.” The calibration-in-the-large is the overall observed risk of RRT compared to the predicted
risk. A calibration plot presents the predicted risk and the observed risk, such that the 45° line
indicates perfect agreement between predicted and observed. These plots were computed using a
smoothed (lowess) regression line and patient deciles grouped by predicted risk.3? The distribution
of predicted probabilities is shown in histograms per validated model and separate calibration plots

were computed per model.

To assess the impact of taking competing risk into account, each model’s predicted probabilities
were also compared to observed risks in which the competing risk was not accounted for. For Cox

prediction models the observed risk was assessed by censoring patients who died before RRT and



calculating a Harrel’s C-statistic. For (multinomial) logistic models this was done by assuming
censored/died patients did not have the outcome and calculating an AUC. To explore the influence
of eGFR at baseline three sensitivity analyses were performed in which the SRR was restricted to
patients with an eGFR of 8-20, 20-30 and 8-45 ml/min/1.73m?. Additionally, all analyses in EQUAL
were repeated excluding Swedish patients, as these patients are most likely also included in the SRR.

All analyses were performed in R version 3.5.1.

Results

Models selected for validation

In our previous systematic review 20 studies were identified that developed and/or validated
prediction models for RRT in a general CKD population and the update of our search strategy
identified an additional 5 studies. 17 A flowchart of the model selection process is given in Figure S1
(supplement). Many studies did not provide calculation options for absolute risks and a total of 7
studies containing 11 prediction models were finally included for external validation. The
characteristics of these 11 models are shown in Table 1. In general, the models use similar
predictors, with age, eGFR and sex being the most commonly used. The majority was developed in
patients with an eGFR between 0 and 60 ml/min/1.73m?2. Only one study (by Grams et al.) took the
competing risk of death into account during model development, the majority were Cox prediction
models which censored patients who died. The prediction horizon ranged from 1 to 5 years. The risk
of bias and applicability per model is shown in supplemental Table S1. All studies were scored as
having an overall high risk of bias mainly due to competing risks not being accounted for, missing
data not being handled appropriately and it being unclear at what time-point predictors were
assessed. When assessing applicability, all models were applicable to our research question
concerning the included predictors and outcome. However, the models had a varying degree of

applicability to our patient population. Though each model included patients with advanced CKD in



the development population, only the VA model and Grams model were developed on exclusively
advanced CKD patients. The development population of these models resembles our validation
cohorts much closer than some of the other development populations. For instance, in the KPNW
cohort only 7% of patients had CKD stage 4, and none of the included patients had CKD stage 5. This

marked difference in populations can heavily influence external validation results.

Baseline characteristics

Baseline characteristics for EQUAL and the SRR are shown in Table 2. In general, EQUAL patients are
slightly older, have a slightly lower kidney function and substantially more comorbidities. The SRR
patients have more heterogeneity in the continuous predictors and are more similar to the
derivation cohorts of the validated models than the EQUAL patients. This is most apparent for the
important predictors age and eGFR (see supplement Figure S2). Extensive baseline tables of EQUAL
and the SRR including number of missing values are given in the supplement (Table S2 and S3). For
most predictors the proportion of missing values was low. Laboratory values had the highest amount
of missings, as the time of measurement sometimes didn’t coincide with study baseline and only
routinely collected lab data was used. The two subsequent lab measurements (at 6 and 12 months)
were included in the imputation models to estimate these missing values. Smoking, ethnicity and

mean corpuscular volume were not collected in the SRR.

Outcome assessment

In total, 1580 patients from EQUAL were included. Of these patients 458 started RRT within 5 years
of study inclusion. Of the RRT initiators 74% started on haemodialysis, 23% on peritoneal dialysis and
3% received a pre-emptive kidney transplant. The median observation time was 24 months. A total
of 330 patients died before RRT initiation and 215 patients withdrew or were lost to follow-up. A
total of 13489 patients were included from the SRR, of which 2764 started RRT within 5 years. Of

these patients 58% started on haemodialysis, 35% on peritoneal dialysis and 6% received a pre-
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emptive kidney transplant. The median observation time was 21 months. A total of 3357 patients

died before RRT start and no patients were lost to follow up.

Predictive performance of validated models

In general, the models had a good discrimination, see Table 3. The average validated C-statistic
reported in the original papers was 0.89. In EQUAL the average C-statistic was 0.74 and in the SRR it
was 0.80. The C-statistics in EQUAL ranged from 0.611 (Johnson score) to 0.807 (VA model) and in
the SRR they ranged from 0.662 (Johnson score) to 0.835 (2-year Grams model). For short-term
prediction the VA model showed the best discriminatory performance. For long-term prediction the
Landray model had the highest C-statistics. In the sensitivity analysis where patients who died were
censored and the competing risk therefor not accounted for, the average C-statistic was slightly
higher (0.75 in EQUAL and 0.82 in the SRR, see Table S4). Increasing and decreasing the eGFR range
of included SRR patients moderately increased and decreased the C-statistics, respectively (Table

S6).

The calibration-in-the large (shown in Table 4) was reasonably accurate for the Grams models and 2-
year KFREs, but most models predicting over a longer horizon overestimated the risk of RRT. In
Figure 1 and 2 each model’s calibration is plotted per validation cohort. In both EQUAL and the SRR,
the 4 and 8 variable 2-year KFRE and 4-year Grams model are most accurate. The sensitivity analysis
in which competing risks were not accounted for in the observed risks, showed markedly different
calibration results (Table S5, Figure S5 & S6). When censoring for patients who die, the 5-year KFREs
have an almost perfect calibration in the SRR. The 4 variable 5-year KFRE predicts an average RRT
risk of 40.9% in the SRR, the observed risk when censoring for death is 40.8% but the observed risk
calculated whilst taking competing events into account is 31.0%. This discrepancy is further
exaggerated in high-risk patients, who not only have a high risk of kidney failure but also of dying.

The 8 variable 5-year KFRE on average overpredicted risk of RRT by 18% in EQUAL and by 17% in the

11



SRR. The distribution of predicted probabilities is shown in Figure S3 and S4. Calibration remained
similar when varying SRR eGFR exclusion criteria and when excluding Swedish patients from EQUAL

(see supplement, Table S7 & S8, figure S7-S10).

Discussion

Main findings

The current study externally validates 11 prediction tools that predict the risk of kidney failure
treated with RRT within one to five years. The discrimination and calibration of these models were
assessed within two different cohorts of advanced CKD patients, taking into account the competing
risk of death. In general, the C-statistics showed reasonable to good discrimination, though
considerably lower than reported in previous studies which were performed on CKD patients with a
wider range in disease severity. The apparent decline in discrimination may be explained by the
narrower case-mix of our validation cohorts, compared to the development populations. The
agreement between observed and predicted risks varied greatly per model. By accounting for death
before kidney failure in the observed risks, it became apparent that models predicting over a longer

time-frame overestimated the risk of RRT. This was most extreme for high-risk patients.

Comparison with other studies

In recent years many prediction models have been developed and compared to the KFRE. However,
no previous study has validated multiple independent prediction models in the same external
cohort. Additionally, the KFRE has not been externally validated while taking competing risks into
account. As different countries show considerable variation in CKD progression rates and mortality,
it is important to validate these models in various settings.3® The C-statistic is highly dependent on
the study population and its heterogeneity in predictor values.3* In our cohorts of advanced CKD

patients these predictor values are more homogeneous than in many of the development cohorts,
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which included patients with a wide range in disease severity. This explains the lower C-statistics
observed in the current study. Our findings that C-statistics decreased as we restricted the
population to smaller eGFR ranges further exemplify this and the importance of selecting validation

populations that correspond to the proposed clinical use of the prediction model.?*

Competing risk

The failure to consider the competing risk of death can bias prediction models and result in
predicted risks that are too high. This bias is more extreme in frail patient populations and for long
follow-up durations, as the competing event of death is more frequent in such settings.?°3¢ After
accounting for the competing risk of death, we found that models with shorter prediction horizons
(of 1 or 2 years) were not biased much; our main results were very similar to our sensitivity analyses
in which competing risks were ignored. The 2-year KFRE specifically showed an accurate calibration;
it seems taking the competing risk of death into account is not necessary for these short-term
predictions in patients with advanced CKD. However, models predicting over 5 years significantly
overestimated the risk of RRT in our advanced CKD population. The 5-year KFRE showed a structural
over-prediction of RRT risk which can be fully attributed to the competing risk of death (as shown in
our sensitivity analyses). The failure to consider the competing risk of death can result in incorrect
predicted 5-year risks, this in turn may lead to poor treatment decisions. To our knowledge the
current study is the first to externally validate existing logistic and Cox models for a competing risk

scenario.

Strengths and limitations

The current study has a number of strengths. It provides a comparison of multiple prediction models
in the same cohorts in a structured, comprehensive and methodologically sound fashion.
Specifically, the first external validation of the Grams model and the comparison of this with the

KFRE is critical for evidence-based-medicine as both have been recommended in guidelines.®** This
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study does employ somewhat unconventional statistical methods. From a statistical point of view, it
seems inconsistent to validate a logistic or Cox model as if it were a competing risk model (e.g. Fine
& Gray or Markov models), it is therefore common practice to validate Cox prediction models as
developed (by censoring patients who die before RRT). Though this approach was considered, we
decided against it as the observed risk is then the risk of RRT in the hypothetical scenario in which no
patients would die. If we validate Cox models as such, our external validation might show a perfect
prediction, though this risk is not interpretable or of use in clinical practice. By taking death into
account in the observed risks, we give a better representation of the true RRT risks and the ability of
these models to predict this. Furthermore, it is unique that the two validation cohorts are
contemporary European nephrologist-referred patients. However, our findings should be placed in
light of a number of limitations. Firstly, not all predictors were available in our cohorts and the use of
proxies might have influenced model performance. Secondly, it is a major limitation that patients
who chose to forgo RRT and opted for conservative care are not included in our kidney failure
outcome, due to limitations of the data. As conservative care is becoming a more frequent approach
in many European countries, particularly in older patients, this may have resulted in an
underestimation of kidney failure incidence. Thirdly, both cohorts contain routinely collected clinical
data, though this can be perceived as a strength because it mirrors routine clinical nephrology care,
it is a limitation concerning the completeness of laboratory data. To deal with this missingness as
best as possible multiple imputation was used. In addition, almost 14% of patients in EQUAL were
lost to follow-up, if this dropout is related to kidney failure or death, this may have led to some form
of selection bias which in turn may lead to miscalibration. Fourthly, this external validation study
cannot ascertain the best model for non-European countries or different patient populations such as
primary care cohorts.3” Model performance was tested in only two advanced CKD cohorts, one
which included only older patients; validation in other cohorts may show different model
performance. And finally, this study does not provide evidence on how to use these models to guide

binary clinical decisions in individual patients.
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Clinical implications

When selecting a prediction model the intended use as well as discrimination and calibration should
be considered. 3% Good discrimination allows for a large range of predicted risks*® and calibration is
important for accurate absolute risk prediction. A predicted risk that is too high or too low may
result in wrong treatment decisions. In the nephrology clinic, short-term risk predictions are
probably most relevant, particularly when considering that these predictions can be updated at
every follow-up visit. RRT prediction could improve the timing of providing treatment option
information and counseling, timing of referral for vascular access, initiating transplant investigation
and guide referral back to primary care for CKD treatment and follow-up. This would allocate more
valuable specialist resources to patients with high risk of disease progression. For predicting short-
term kidney failure risk in advanced CKD patients, we would recommend the 4 or 8 variable 2-year
KFRE. These models would be suitable for the timing of RRT preparation. For longer prediction
horizons the 4-year Grams model is recommended. These recommendations are based on
consistently good discrimination and calibration results in both validation cohorts, the robust
development data underlying these models, and the availability of an easy to use web-calculator.
When validating these models in a competing risk scenario they remained accurate. The 2-year
Grams model under-estimated the risk of kidney failure in high risk patients considerably, if this
model is used and predicts risks >40% these are most likely underestimations of the actual risk. As
both Grams models predict the risk of multiple adverse outcomes including cardiovascular disease
and death before and after RRT start, these models are more informative and conducive for decision
making. We therefore agree with the KDIGO conference report and recommend the use of the
Grams models in advanced CKD patients for predicting RRT, with a preference for the 4-year Grams
model.® Further external validation of the other outcomes predicted by the Grams models is
advised. The 4 and 8 variable 5-year KFREs substantially overpredicted the risk of RRT in both

cohorts when considering the competing risk of death, these are therefore not recommended for
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use in the nephrology clinic. The Landray model performed reasonably well but overpredicted in
higher risk patients and the lack of a web application makes use more difficult. The VA model
overestimated risks greatly and Marks model showed mediocre performance, these are not
recommended. The two categorical risk scores (KPNW and Johnson) performed poorly in our
validation and their use is discouraged in nephrology referred patients with CKD stage 4+; these

scores appear to be inapplicable to this population.

Future studies

We would advise against future development of similar prediction models of RRT, as existing models
have shown consistently good results. It would be valuable to evaluate these models in other
clinically relevant settings and populations, including the calculation of the model-based
concordance measure, which allows quantification of how case-mix heterogeneity influences each
model’s discriminative capability in validation.** Furthermore, these models might be recalibrated to
various settings and to correct for the competing risk of death. Additionally, studies should look into
optimal risk thresholds to base specific clinical decisions on and assess the impact of using such
models in clinical practice. This would preferably be done in a clinical impact trial to assess whether
using such models will benefit patients.>4** If these models are integrated in clinical practice, they
would be updated at every visit, this should also be considered in future studies. Further work on
competing risk and dynamic prediction models is warranted. For prediction models that are used on
chronically ill patients in clinical practice, we encourage researchers to externally validate such
existing (logistic and Cox) prediction models whilst taking competing risks into account. Finally,
future studies might focus further on predicting other quality of life related outcomes such as
symptom burden, functional and cognitive status and hospitalization as these are highly relevant to

patients.*>48

Conclusions

16



This study is the first to provide a comprehensive validation of all available models that predict
kidney failure in patients with CKD. The validation has been performed in two cohorts of advanced
CKD patients. We found that for short-term predictions the 4 and 8 variable 2-year KFRE are most
suitable for predicting the risk of kidney failure. For this 2-year time-frame the predictions were
accurate, despite the model not accounting for the competing risk of death. However, when
predicting over a longer time frame, the 5-year KFREs overestimated the actual risk of RRT
considerably due to the competing risk of death. Use of these models should be reconsidered in

patients with advanced CKD (stage 4/5) and instead the 4-year Grams model is recommended.
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Tables & Figures

Table 1. Characteristics of validated prediction models.

Model Predictio Predictors Type of Competing Derivation Country Mea Mea Sample Previous
n predictio risk model population nage n size external
horizon n tool. eGFR validations,
country and
C-statistic.”
VA 1year Age, eGFR, congestive Cox No eGFR<30 USA 78 25 1866 1x
model#° heart failure, SBP, s. formula age 2 65 USA
potassium, s. albumin years C-stat: 0.82
Grams 2 years Age, eGFR, sex, race, Multino Yes eGFR <30 29 72 24 264,296 -
model4 CVD, diabetes, SBP, mial cohorts
UACR, smoking formula from 5
& continen
webtool ts
KFRE 4v 2 years Age, eGFR, sex, UACR Cox No eGFR<60 31 74 46 267,479% -
model>° formula cohorts
& from 4
webtool continen
ts
KFRE 8v 2 years Age, eGFR, sex, UACR, Cox No eGFR<60 31 74 46 40,2212 -
model>° s. albumin, s. formula cohorts
phosphate, s. & from 4
bicarbonate, s. calcium  webtool continen
ts
Grams 4 years Age, eGFR, sex, race, Multino Yes eGFR <30 29 72 24 234,286 -
model*4 CVD, diabetes, SBP, mial cohorts
UACR, smoking formula from 5
& continen
webtool ts
KFRE4v 5 years Age, eGFR, sex, UACR Cox No eGFR<60 31 74 46 267,4792 3x, USA, UK,
model>° formula cohorts Netherlands
& from 4 C-stat: 0.83,
webtool continen 0.88, 0.95
ts
KFRE 8v 5 years Age, eGFR, sex, UACR, Cox No eGFR<60 31 74 46 40,2212 1x
model° s. albumin, s. formula cohorts Netherlands
phosphate, s. & from 4 C-stat: 0.89
bicarbonate, s. calcium  webtool continen
ts
Landray 5years s. creatinine, sex, Cox No eGFR<60 UK 62 22 382 1x,
model>! UACR, s. phosphate formulab UK
C-stat: 0.91
Marks 5 years Age, eGFR, sex, Logistic No eGFR<60 UK 79 33 3396 1x
model3? micro-albuminuria, formula UK
macro-albuminuria C-stat: 0.96
KPNW 5 years Age, eGFR, sex, Risk No eGFR 15-60 USA 75 47 22,460 1x
score® diabetes, diabetic score USA
complications, C-stat:0.95
antihypertensive
medication, SBP,
haemoglobin,
albuminuria
Johnson 5 years Age, eGFR, sex, Risk No eGFR 15-60 USA 73 46 9782 -
score>3 diabetes, score

hypertension, anemia
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Abbreviations: SBP: systolic blood pressure, eGFR: estimated glomerular filtration rate, CVD: cardiovascular disease, uACR:
urinary albumin creatinine ratio, s.: serum, 4v: 4 variable, 8v: 8 variable, USA: United States of America, UK: United
Kingdom. "Data based on previously conducted systematic review of these studies.!’

asample size of external validation and recalibration meta-analysis, these recalibrated models are validated in the current
study. The original KFRE model was developed on 3449 patients. 13

bMade available through personal communication with author.

Table 2. Baseline characteristics of the EQUAL cohort and Swedish renal registry (SRR)

EQUAL cohort SRR
n=1580 n=13489

Age (year) 76.2 (70.7-81.5) 74.3 (65.7-81.2)
Sex (% male) 65.5% 61.3%
Current smoker (%) 9.1% -
Country of residence (%)

Germany 8.5% 0%

Italy 24.3% 0%

The Netherlands 15.0% 0%

Poland 4.2% 0%

Sweden 18.1% 100%

United Kingdom 29.9% 0%
Primary Kidney Disease (%)

Diabetes mellitus 20.3% 21.5%

Glomerular disease 9.2% 6.9%

Hypertension 36.4% 30.2%

Other 34.2% 41.4%
Comorbidities (%)

Cardiovascular disease 62.2% 33.1%

Hypertension 91.7% 73.2%

Diabetes mellitus 42.1% 36.4%
Laboratory parameters

eGFR (MDRD, ml/min/1.73m?) 18.5 (4.7) 21.9(5.7)

Urinary ACR (mg/mmol) 40 (8 - 165) 36 (7 - 155)

Serum Calcium (mmol/L) 2.24 (0.32) 2.29(0.29)

Abbreviations: RRT: renal replacement therapy, eGFR: estimated Glomerular Filtration Rate, MDRD:
Modification of Diet in Renal Disease formula, ACR: albumin creatinine ratio. Lab values are shown S| units and
can be converted to conventional units as follows: urinary ACR in mg/g: multiply by 8.85, calcium in mg/dL:
multiply by 4.0.
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Table 3. Discrimination of validated models in EQUAL and the SRR

Time- Original C-statistic C-statistic (95%Cl) C-statistic (95%Cl)

frame (95%Cl) EQUAL SRR
VA model 1 year 0.823° 0.807 (0.778-0.836) 0.835 (0.823-0.847)
Grams model 2 years 0.814 (IQR: 0.755-0.850)°  0.763 (0.730-0.797) 0.842 (0.833-0.851)
KFRE 4v model 2 years 0.90 (0.89-0.92)? 0.757 (0.718-0.795) 0.838 (0.828-0.847)
KFRE 8v model 2 years 0.89 (0.88-0.91)? 0.777 (0.747-0.808) 0.838 (0.828-0.848)
Grams model 4 years 0.784 (IQR: 0.745-0.852)°  0.742 (0.713-0.771) 0.826 (0.818-0.834)
KFRE 4v model 5 years 0.88 (0.86-0.90)® 0.745 (0.712-0.779) 0.812 (0.804-0.820)
KFRE 8v model 5 years 0.86 (0.85-0.88)® 0.760 (0.732-0.787) 0.807 (0.798-0.816)
Landray model 5 years 0.91 (0.87-0.96)® 0.778 (0.753-0.802) 0.805 (0.797-0.813)
Marks model S5years  0.960 (0.947-0.974)¢ 0.705 (0.682-0.728) 0.779 (0.771-0.787)
KPNW score 5 years 0.95 (0.94-0.97)® 0.656 (0.637-0.675) 0.762 (0.754-0.769)
Johnson score 5years  0.89¢ 0.611 (0.591-0.630) 0.662 (0.654-0.671)

Abbreviations: 4v: 4 variable, 8v: 8 variable.
aExternal validation results. Papparent C-statistic, received via email from M. Grams. cTemporal validation result
(development cohort was nested in external validation cohort). 9 Internal validation result (bootstrapped).

Table 4. Calibration-in-the-large of validated models in EQUAL and the SRR

Time-frame

EQUAL

Predicted vs. observed

SRR

Predicted vs. observed

VA model
Grams model
KFRE 4v model
KFRE 8v model

Grams model
KFRE 4v model
KFRE 8v model
Landray model
Marks model
KPNW score
Johnson score

1 year

2 years
2 years
2 years

4 years
5 years
5 years
5 years
5 years
5 years
5 years

17.5% vs 12.7%
20.0% vs 23.7%
22.3%vs. 23.7%
24.5% vs. 23.7%

30.3% vs 35.2%
51.0% vs 36.8%
55.2% vs 36.8%
42.1% vs 36.8%
24.6% vs 36.8%
55.8% vs 36.8%
42.2% vs 36.8%

15.5% vs 7.9%

15.7% vs 16.1%
17.1% vs 16.1%
20.3% vs 16.1%

25.8% vs 26.8%
40.9% vs 31.0%
47.7% vs 31.0%
31.8% vs 31.0%
21.5% vs 31.0%
38.3% vs 31.0%
31.5% vs 31.0%

Abbreviations: 4v: 4 variable, 8v: 8 variable.
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Figure 1: Calibration plots per validated model in EQUAL. The predicted probability is shown
on the x-axis and the observed kidney failure rate given on the y-axis. The dotted 45 degree
line represents perfect agreement between predicted and observed probability. The
smoothed line is a lowess line through all predicted risks and corresponding observed risks.
The dots represent a decile of the validation population (10%), ranked by predicted
probability. For the KPNW score and Johnson score, each dot represents a risk group
category, which corresponds to the risk score categories. The observed probability was
calculated with cumulative incidence functions.
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Figure 2: Calibration plots per validated model in the SRR. The predicted probability is

shown on the x-axis and the observed kidney failure rate given on the y-axis. The dotted 45
degree line represents perfect agreement between predicted and observed probability. The
smoothed line is a lowess line through all predicted risks and corresponding observed risks.

The dots represent a decile of the validation population (10%), ranked by predicted
probability. For the KPNW score and Johnson score, each dot represents a risk group
category, which corresponds to the risk score categories. The observed probability was
calculated with cumulative incidence functions.
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