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Rationale & Objective: Hospitalization is common
in patients with advanced chronic kidney disease
(CKD). Predicting hospitalization and related out-
comes would be benecial for hospitals and pa-
tients. Therefore, we aimed to (1) give an overview
of current prediction models for hospitalization,
length of stay, and readmission in patients with
advanced CKD; (2) externally validate these
models; and (3) develop a new model if no valid
models were identied.

Study Design: Systematic review, development,
and external validation study.

Setting & Participants: We were interested in
prediction models of hospitalization, length of stay,
or readmission for patients with advanced CKD.
Our available development and validation data
consisted of hemodialysis, peritoneal dialysis, and
advanced CKD patients not receiving dialysis from
a Dutch dialysis and European advanced CKD
cohort.

Selection Criteria for Studies: We systematically
searched PubMed. Studies had to intentionally
develop, validate, or update a prediction model in
adults with CKD.

Analytical Approach: We used the PROBAST for
risk of bias assessment. Identied models were
externally validated on model discrimination (C-
statistic) and calibration (calibration plot, slope,
and calibration-in-the-large). We developed a Fine-
Gray model for hospitalization within 1 year in
patients initiating hemodialysis, accounting for the
competing risk of death.

Results: We identied 45 models in 8 studies. The
majority were of low quality with a high risk of bias.
Due to underreporting and population-specic
predictors, we could only validate 3 models.
These were poorly calibrated and had poor
discrimination. Using multiple modeling strategies,
an adequate new model could not be developed.

Limitations: The outcome hospitalization might be
too heterogeneous, and we did not have all rele-
vant predictors available.

Conclusions: Hospitalizations are important but
difcult to predict for patients with advanced CKD.
An improved prediction model should be developed,
for example, using a more specic outcome (eg,
cardiovascular hospitalizations) and more predictors
(eg, patient-reported outcome measures).

Chronic kidney disease (CKD) affects >10% of people
worldwide and is a leading cause of years of life lost

and death.1 Moreover, CKD may lead to other adverse
outcomes, such as cardiovascular events and hospitaliza-
tions, which increasingly occur with decreasing kidney
function.2 Moreover, patients with CKD often have a
longer length of stay (LOS) in the hospital and are more
often readmitted to the hospital: hospitalized patients with
CKD have 20% higher risk of readmission, dialysis patients
have 76% higher risk, and patients with a kidney transplant
have 85% higher risk than hospitalized individuals without
CKD.3

As increased risk of hospitalization has a strong impact on
health care planning,4 being able to anticipate hospitaliza-
tions may assist hospitals and health care providers in
adequate health care planning. Moreover, CKD patients are
highly affected by hospitalizations, with hospitalizations
possibly being a traumatic experience and reducing quality of
life.5-7 In the Standardized Outcomes in NephroloGy (SONG)
initiative,8 patients indeed indicated that they wanted more
information about their risk of hospitalization.9,10

Knowing what to expect (eg, hospitalization risk or
expected LOS) could support patients in preparing for
their future and coping with their disease. Prediction
models that focus on predicting outcomes relevant to
hospitalizations, such as the risk of hospitalization, pre-
dicted LOS, or probability of being readmitted, can
provide such risk estimates. Readmission models may
further aid in prescribing post-discharge medication and
shared decision making regarding follow-up visits. The
majority of prediction models in CKD have focused on
outcomes traditionally of interest to the health care pro-
vider, such as disease progression,11-13 mortality,14-16

and cardiovascular events.17-19 Moreover, prediction
models for the general population might not perform as
well in a disease-specific population.20 However, a recent
Kidney Disease: Improving Global Outcomes report
urged attention toward patient-relevant outcomes such as
hospitalizations.21 An overview of current prediction
models for hospitalization is needed to determine
whether this need for prediction models is being met and
to identify any remaining gaps.
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Therefore, we aimed (1) to identify, give a systematic
overview of, and appraise currently available prediction
models for the risk of hospitalization, LOS, and read-
mission in patients with CKD; (2) to externally validate
any identified models in the target populations of hemo-
dialysis (HD) patients, peritoneal dialysis (PD) patients,
and advanced CKD not receiving dialysis (aCKD-ND) pa-
tients; and (3) to develop a new model in HD patients for
the 1-year risk of hospitalization if no valid models were
identified.

METHODS
The prespecified protocol is available at https://osf.io/e5
phq/. Deviations including their rationale are available
(Supplemental methods – Protocol deviations). We fol-
lowed the Preferred Reporting Items for Systematic Re-
views and Meta-Analyses statement22 and the Transparent
Reporting of a multivariable prediction model for Indi-
vidual Prognosis or Diagnosis guidelines23 (Supplemental
materials – Checklists). This study was approved by the
scientific committee of the Department of Clinical Epide-
miology at the Leiden University Medical Center (A184).
This study adheres to the Declaration of Helsinki.

Systematic Review
We searched PubMed for studies published in English that
aimed to predict the risk of hospitalization, hospital
readmission, or LOS in patients with CKD. The search
string was developed together with an experienced
librarian (Supplemental methods – Search string). The
search was performed on June 4, 2024. All identified
studies were independently screened on title and abstract
by 2 researchers (RJJ and JM), after which the remaining
studies were independently screened for inclusion based
on their full text by 2 researchers (RJJ and JM). In case of
disagreements between reviewers, MvD served as arbi-
trator. References of the included studies were cross-

referenced for further eligible studies. The inclusion
criteria for studies were as follows: (1) the study must
intentionally develop, externally validate, or update a
multivariable prognostic prediction model; (2) the study
population must consist of adults (aged ≥18 years) with
CKD (estimated glomerular filtration rate [eGFR] <60 mL/
min/1.73 m2) or adults undergoing maintenance dialysis;
(3) the prediction model must predict hospital admission
with a prediction horizon of 5 years or less, or LOS at the
time of hospital admission; and (4) the data was sourced
from a longitudinal cohort.

Data were extracted by 1 researcher (RJJ) following the
Checklist for critical Appraisal and data extraction for
systematic Reviews of prediction Modelling Studies.24

Additionally, risk of bias and applicability were assessed
for all models using the Prediction model Risk of Bias
Assessment Tool (PROBAST).25

Data Sources
We used 2 data sources in this study. The first was the
Netherlands Cooperative Study on the Adequacy of Dialysis
(NECOSAD), which is a cohort study consisting of 2,045
incident dialysis patients included in 38 out of 49 dialysis
centers in the Netherlands between 1997 and 2006.26

Follow-up was performed every 6 months for a
maximum of 10 years.

The second was the European Quality (EQUAL) study,
an international prospective cohort study including 1,738
Dutch, United Kingdom, German, Italian, Polish, and
Swedish patients aged ≥65 years with an eGFR <20 mL/
min/1.73 m2.27 Follow-up occurred every 6 months for
up to 4 years. An additional follow-up was performed 3
months after dialysis initiation or when eGFR <10 mL/
min/1.73 m2.

Both data sources contained information on individuals’
demographics (age, sex, educational level, etc.), physical
examination (body mass index, blood pressure, etc.),
medical history (comorbid conditions, summary scores),
laboratory tests (eg, 24-hour urine, electrolytes, serum
creatinine), medication use (medication list, frequency),
health care access (hospital admissions and discharge,
admission diagnoses, etc.), and disease-specific informa-
tion (primary kidney disease, first nephrologist visit, etc.).

For both data sources, the medical ethical committees of
participating centers approved data collection, and all pa-
tients provided written informed consent before inclusion.

External Validation
For all models, if information needed for external validation
(eg, intercept and regression coefficients) was unavailable,
authors were contacted via email to request any remaining
information needed. On no response, 1 reminder was sent.
For models with only regression coefficients available (ie,
intercept was not reported), we re-estimated the intercept in
the validation data (Supplemental methods – Re-estimating
intercepts).28 We validated the models in 3 target

PLAIN-LANGUAGE SUMMARY
Hospitalizations often occur in patients with advanced
chronic kidney disease. By predicting hospitalization
and related outcomes, patients can better prepare for the
future and cope with their disease. Therefore, we
searched existing literature for existing methods to
predict hospitalizations and related outcomes. Although
many algorithms exist, they are often not available for
use or are not reliable. We then developed our own
algorithm to predict hospitalization in the coming year.
However, it also did not predict reliably. In this study,
we summarize what failed in existing prediction algo-
rithms, what we learned from predicting hospitalization
ourselves, and how to proceed to allow reliable pre-
dictions of hospitalizations.
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populations using our available data sources: HD patients
(NECOSAD), PD patients (NECOSAD), and aCKD-ND pa-
tients (EQUAL). aCKD-ND patients that started receiving
dialysis were censored at dialysis initiation.

Models were validated using calibration-in-the-large
(the difference of the mean observed outcome and the
mean predicted outcome; 0 is perfect), the calibration
slope (the slope of the calibration line; 1 is perfect), and
calibration plots. Calibration plots contained deciles of
predicted versus observed risk and a locally estimated
scatterplot smoother. Models with a binary outcome were
additionally validated on their discrimination using the C-
statistic (ranging from 0 to 1, with 0.5 being as good as
flipping a coin and 1 being perfect discrimination). Vali-
dation of time-to-event models was performed while taking
into account the competing risk of death.29,30 In calibration
plots, censoring events and competing risks were plotted
using jackknife pseudo-values (Supplemental methods –

Pseudo-values).31 Discrimination was assessed with
Wolbers’ adaptation for Harrell’s C-statistic.32

Model Development
We prespecified that if no valid models were identified, we
would develop a new model for the risk of hospitalization
within 1 year after the first 3 months of dialysis. Hospi-
talizations for vascular access were excluded. Predictors
were selected based on literature, availability, and clinical
relevance as determined by a nephrologist (JIR). Taking
into account the competing risk of death, the model was
developed using a Fine-Gray model in the NECOSAD HD
population. Individuals were censored at kidney trans-
plantation, loss to follow-up, or at 1 year after baseline.
Outcome assessment was independent of predictors. We
evaluated apparent performance and performed targeted
external validation in PD (NECOSAD) and aCKD-ND
(EQUAL) patients as described in External validation. In

Records identified through
PubMed
n = 314

Records after duplicates
removed
n = 314

Records screened on
title/abstract
n = 314

Records excluded
n = 302

Full-text articles assessed
for eligibility

n = 12

Records excluded
n = 5

- 1 did not intentionally develop,
validate, or update a multivariable
prognostic prediction model
- 3 did not predict an outcome of
interest
- 1 was a secondary publication on
the same study

Studies included in qualitative
synthesis

n = 8 (45 models)

Studies externally validated
n = 2 (3 models)

Studies included after
cross-referencing

n = 1

Figure 1. Flowchart showing inclusion of articles in the systematic review.
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aCKD-ND patients, the risk was estimated at a first eGFR
measurement of 20 mL/min/1.73 m2. Moreover, we re-
estimated the model in the target external validation
populations if they did not perform well.

Based on model performance, we tried additional
modeling strategies post hoc using logistic and Cox pro-
portional hazards models to improve model performance.
Additionally, one post hoc sensitivity analysis was per-
formed to predict a hospitalization of ≥3 days. We believe
that hospitalizations with longer LOS are a different type of
hospitalization (eg, more severe, less for diagnostic pur-
poses) and that predictors might influence this outcome
differently than for shorter hospitalizations. Moreover,
hospitalizations with longer LOS are more impactful for
patients.

Statistical Analysis
Continuous variables are presented as mean (standard de-
viation) or median [interquartile range] depending on
their distribution. Categorical variables are presented as
number (percentage). Missing data were imputed using
multiple imputation with 20 imputations and 20 iterations
(Supplemental methods – Missing data). For the developed
model, collinearity between predictors was assessed using
Spearman’s rank correlation coefficient. The linearity of
continuous predictors was visually assessed using restricted
cubic splines. The proportional hazards assumption was
evaluated by plotting the regression coefficient of each
variable as a function of time. Calibration slopes were
calculated using a regression model equivalent to the
development regression model (eg, Poisson regression for
a Poisson model). Confidence intervals for C-statistics were
calculated using 500 bootstraps. All statistical analyses
were performed in R version 4.4.0 (R Foundation for
Statistical Computing).

RESULTS

Identied Models
We identified 8 studies (Fig 1). Most studies developed
multiple models (Table S1), of which 1 (eg, the best per-
forming model) was deemed the primary model
(Table 1).33-40 All models were developed either with pa-
tients from the United States or from China, and 37 of the 45
models were developed in only 3 studies.37-39 Two models
predicted hospitalization rate in incident PD patients,33 2
models predicted 30-day readmission in maintenance HD
patients,35 27 models predicted 30-day readmission in CKD
patients in general,39 and 1 model predicted 30-day read-
mission in CKD stage 3-5 patients not receiving dialysis who
were discharged after a heart failure hospitalization34

(Table S2). One model predicted the risk of ≥1 hospitaliza-
tion, and 1 model predicted the risk of ≥6 hospitalizations,
both within 1 year in prevalent HD patients.36 The 90-day
risk of hospitalization in CKD stage 3-5 patients not
receiving dialysis was also predicted by 1 model.40 Prolonged
LOS in PD patients was predicted by ten models.37,38Ta
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The models for prolonged LOS and 90-day hospitali-
zation risk were predominantly developed using tech-
niques generally considered machine learning, such as
classification and regression trees and K-nearest neighbor
(Table 2, Table S3).33-40 Readmission models in general
CKD patients were mainly developed using a weighted
factorization machine. Other models were mainly devel-
oped using regression techniques (Poisson, logistic,
generalized additive). Most models did not report on the
model assumptions or predictor selection (Table S4).
Reporting of model performance was limited to apparent
performance or internal validation using bootstrapping or
cross-validation. Although most models reported a C-sta-
tistic (if applicable), calibration plots were often missing.
Instead, other performance measures were often used
(Table S5). One model was presented as a risk score (ie, no
coefficients were reported, but points per variable that on
summation indicated a certain risk group).

Of the 45 models, 7 reported coefficients needed to
calculate the linear predictor. No models reported in-
tercepts needed to transform the linear predictor into in-
dividual risks. After contacting the corresponding authors
via email, 3 authors responded. For 4 models (2 studies),
the required data were no longer available, while for 2
models (1 study), the models had been replaced by a set of
new models that were not published and not available for
external validation.

Quality of Models
When appraising model quality, multiple limitations were
identified (Table 3).42-44 The main limitations were the
inadequate handling of missing data and excluding in-
dividuals based on future information (Table S6). Addi-
tionally, some models were developed in small samples.
Continuous predictors were often dichotomized or used
without any report on whether the linearity of the pre-
dictors was checked. These problems are reflected by the
risk of bias results from the PROBAST (Table 4).33-40 The
PROBAST showed high risk of bias in the Participants
domain, mainly due to exclusion of individuals based on
future information, and in the Analysis domain, mainly
due to inadequate handling of missing data, continuous
variables, lack of performance assessment, and lack of
adjustment for overfitting (Table S7). Applicability was
adequate in all models as we had a broad review question.

External Validation
External validation of the models was strongly impeded by
the underreporting of model information, predictors
specific to select populations (eg, Chinese insurance type,
affiliation with center where research was performed), and
predictors that were not measured in our data sources (eg,
nadir intradialytic systolic blood pressure). A list of all
used predictors is available in Table S8. All external vali-
dations we were able to perform showed poor to low

Table 3. Overview of Shortcomings in Previous Prediction Models

Shortcoming Explanation Reference
Eligibility criteria based on future Future information is not available at the point in time when the

prediction model is intended to be used in clinical practice. This makes
it unclear whether a patient matches the target population of the
prediction model (for which the model’s performance was assessed)
and thus whether the model can be reliably used for that patient.

Moons et al42

Inadequate handling of missing data,
individuals with missing data often
being excluded

If the reason for missing data is informative (eg, sicker individuals less
often have laboratory data available and are more likely to be
hospitalized), the population in which the model was developed will
differ from the intended population. If a health care provider
encounters a patient in clinical practice that has missing data, they can
collect these missing data. However, this individual was not part of the
population on which the model was developed. Therefore, it is
uncertain whether the model will reliably perform in this individual as
well.

Royston et al43

Data-driven model building Data-driven model building increases the risk of overtting, resulting in
prediction models with lower performance in new patients.

Royston et al43

Categorization of continuous variables Categorization leads to a loss of information and, in the case of
categorization into ≥3 categories, requires estimation of additional
coefcients, further increasing risk of overtting.

Royston et al43

Not checking linearity for continuous
variables

Regression coefcients often assume linearity between the predictor
and the outcome. If a variable does not have a linear association with
the outcome (eg, body mass index, which is likely to have a U-shaped
association), the regression coefcient is an average of the effects
and does not represent the true effect.

Royston et al43

Calibration not shown Notwithstanding the importance of discriminative ability, it is important
for a prediction model to give predictions that represent the true risks
in the population. Without determining model calibration, this cannot
be assessed.

Ramspek et al44

Underreporting of models Individual risks cannot be calculated without the intercept and
regression coefcients or software containing the prediction model.
This impedes further validation efforts and actual implementation.

Ramspek et al44
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discrimination and calibration (Table S9, Figs S1-S3). Data
comparisons and available full prediction models with re-
estimated intercepts are available in Tables S10-S13.

Model Development
We developed a model for the risk of being hospitalized
within 1 year after starting dialysis in 1,020 incident HD
patients (Table S14, Fig S4). The predictors age, cardio-
vascular disease, diabetes mellitus, malignancy, eGFR
(before dialysis initiation), and body mass index were
selected based on literature, availability, and clinical rele-
vance (Table S15). In the development data, there were
557 hospitalizations, 51 deaths, and 412 censoring events.
The modeling assumptions were sufficiently met
(Table S16, Figs S5, S6). The apparent performance of the
model showed decent calibration but unsatisfactory
discrimination (Table 5, Fig 2A). When validating our
model in 620 PD patients with 336 hospitalizations, per-
formance was similar to that in the HD population, albeit
slightly worse (Table 5, Fig 2B). In 1,718 aCKD-ND pa-
tients with 654 hospitalizations, the model was unfit to
predict hospitalization risk (Table 5, Fig 2C).

For the post hoc Cox proportional hazards modeling
and logistic regression modeling strategies, assumptions
were also met (Figs S7-S9). The model performance was
slightly better but remained unsatisfactory in apparent and
external validations (Table 5, Figs S10-S11).

We also re-estimated the Fine-Gray model in the
external validation datasets (Supplemental results – Re-
estimating models). Model performance was improved
compared to the external validations of the original model
in these data, with decent calibration, but discrimination
remained low (Table 5, Fig S12).

In the sensitivity analysis in which we changed the
outcome to be predicted to hospitalization for ≥3 days,
the model performed better across internal and external
validations (Table 5), and models were better calibrated
(Figs S13-S15). However, the C-statistic remained low
for all models.

For completeness, the full model information for all
developed models is in Table S17. The formulas for
calculating individual risks are available in Supplemental
results – Calculating individual risks.

DISCUSSION
In this study, we identified, appraised, and externally
validated existing prediction models for hospitalization,
LOS, and readmission in HD, PD, and aCKD-ND patients.
We identified 45 models that had a multitude of short-
comings related to the data used, model development, and
model assessment and presentation. Therefore, we devel-
oped a new model to predict hospitalization within 1 year
after initiating HD. However, even when using sufficiently
large data sets, clinically relevant predictors, and suitable
methods, the model still performed unsatisfactorily. Sub-
sequently, we made clinically and methodologicallyTa
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informed decisions to improve the model (eg, different
modeling strategy), which had a marginal impact on
model performance.

Our study provides an overview of the current status
of risk prediction of hospitalization for patients with
advanced CKD. Patients have requested more informa-
tion about their risk of hospitalization,9,10 and predict-
ing patient-relevant outcomes such as hospitalizations
has also been stimulated internationally.21 Prediction
models for hospitalization outcomes have the potential
to be an important tool in personalized medicine and
shared decision making. By providing patients with a
personal indication of their risk of hospitalization, they
will have a better idea of what to expect of the future,
which can foster a feeling of control. This may be
especially helpful for incident dialysis patients as they
enter a new stage of their disease that is still largely
unknown to them. Additionally, if a patient knows that
they have a high risk of hospitalization, they may be
able to cope better with the hospitalization if it occurs,
as it is less unexpected.

No well-performing, validated, and methodologically
sound models currently exist for predicting hospitaliza-
tions in patients with advanced CKD, but the present study
allowed us to identify areas for improvement for future
prediction models for hospitalization.

One area of improvement for future prediction models
is the outcome definition. Predicting any reason for hos-
pitalization likely results in excessive outcome heteroge-
neity. There are many reasons for hospitalization,
including elective hospitalizations and short periods of
hospitalization for diagnostic purposes. Predictors might
differ in their predictive ability for different types of
hospitalizations, leading to their coefficients not being able
to simultaneously predict all these different types well. We
tried to partially counteract this by excluding hospitaliza-
tions for vascular access, which are often planned. Addi-
tionally, we performed a sensitivity analysis predicting
hospitalizations ≥3 days in length, which excludes the
majority of hospitalizations for observation purposes.
Although this slightly improved predictions, model per-
formance remained unsatisfactory. Future prediction

Table 5. Performance Measures of the Developed Model in the Development Data, in the Validation Data, and in the Validation Data
On Re-estimating in the Validation Data

Validation N Events CITL Calibration Slope C-Statistic (95% CI)
Original model
Fine-Gray
Apparent 1,020 557 0.001 1.000 0.55 (0.53-0.58)
PD 620 336 0.027 0.929 0.55 (0.52-0.58)
aCKD-ND 1,718 654 −0.288 0.160 0.52 (0.50-0.54)

Cox PH
Apparent 1,020 557 0.000 0.998 0.56 (0.53-0.58)
PD 620 336 0.024 0.890 0.55 (0.52-0.58)
aCKD-ND 1,718 654 −0.303 0.159 0.52 (0.50-0.54)

Logistic regression
Apparent 1,020 557 0.000 1.018 0.58 (0.54-0.61)
PD 620 336 0.027 1.103 0.59 (0.54-0.64)
aCKD-ND 1,718 654 −0.330 0.107 0.52 (0.49-0.54)

Re-estimation of original model
Fine-Gray
PD 620 336 0.002 1.014 0.56 (0.53-0.59)
aCKD-ND 1,718 654 0.070 0.926 0.57 (0.55-0.60)

Sensitivity analysis: predicting hospitalization of ≥3 d
Fine-Gray
Apparent 1,020 209 0.000 1.000 0.58 (0.55-0.62)
PD 620 154 0.064 0.846 0.59 (0.54-0.63)
aCKD-ND 1,718 437 0.018 0.353 0.55 (0.52-0.57)

Cox PH
Apparent 1,020 209 −0.001 1.002 0.59 (0.55-0.62)
PD 620 154 0.064 0.847 0.59 (0.54-0.63)
aCKD-ND 1,718 437 0.002 0.359 0.55 (0.52-0.57)

Logistic regression
Apparent 1,020 209 0.000 1.000 0.59 (0.55-0.63)
PD 620 154 0.064 0.885 0.60 (0.55-0.66)
aCKD-ND 1,718 437 −0.004 0.276 0.54 (0.51-0.57)
Abbreviations: aCKD-ND, advanced chronic kidney disease not receiving dialysis; CI, condence interval; CITL, calibration-in-the-large; PD, peritoneal dialysis.

Kidney Med Vol 7 | Iss 7 | July 2025 | 101016 9

Janse et al



models for hospitalizations might reduce the heterogeneity
in the outcome by only aiming to predict a subtype of
hospitalizations, such as specifically predicting cardiovas-
cular hospitalizations.

Another way of improving predictive performance is
through predictor selection. We only included clinical
predictors, such as cardiovascular disease. However, there
is considerable residual risk likely attributable to more
patient-centered factors. For example, patient frailty is
likely to have a high influence on the risk of hospitalization
and may therefore be highly informative. Although frailty
is difficult to capture, patient-reported outcome measures
do capture part of patient-specific wellbeing, such as
health-related quality of life and symptom burden. By
incorporating patient-reported outcome measures, per-
formance might be improved. Additionally, hospitaliza-
tions are partially influenced by time-varying factors, such
as intercurrent illnesses. Taking these into account in a
dynamic approach to predicting hospitalizations might
improve predictive performance.

Specifically for aCKD-ND, predictive performance
might also be improved by a development process (eg,
predictor selection, outcome specification) tailored to the
aCKD-ND population. Our model was developed for pa-
tients receiving HD and validated and re-estimated in in-
dividuals with aCKD-ND. Although re-estimation showed
slight improvement in performance, the aCKD-ND popu-
lation might differ too much in terms of baseline risk and
relevant predictors from a dialysis population to achieve
adequate predictions using a model developed for patients
on HD. A prediction model developed specifically for
aCKD-ND might have better predictive performance.

The heterogeneity between different health care systems
and countries is noteworthy when predicting hospitaliza-
tions. We accounted for this by allowing re-estimation of
the developed prediction models to finetune the models to
the health care system in which they were to be used.
However, as our models did not perform adequately
enough, re-estimation of prediction models for hospitali-
zation will require further attention once a good model is
developed.

Considering these areas of improvement, data that
contains relevant information is still required. Although
our data sources had large sample sizes and granular data,
we were missing some predictors we thought to be rele-
vant (eg, previous hospitalizations). Other data sources
containing this information are available, such as the
Chronic Renal Insufficiency Cohort Study,41 which con-
tains data on kidney measures, hospital admissions, and
quality of life. Using our results in combination with data
such as the Chronic Renal Insufficiency Cohort Study will
provide a good starting point for further improvement of
hospitalization prediction in patients with CKD.

Our study has several strengths. We used a broad review
question to identify prediction models for hospitalization,
LOS, or readmission in our population. By extracting
granular data from all models, we were able to get a broad

Figure 2. Calibration plots showing the predicted versus the
observed probabilities of being hospitalized within 1 year. Plots
are shown for the model in the development data (A), external
validation data targeted at peritoneal dialysis patients (B), and
external validation data targeted at patients with advanced
chronic kidney disease who are not receiving dialysis (C).
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overview of the current prediction models and their
shortcomings. We then developed our model according to
the current best practices with suitable methods. Addi-
tionally, we used data with a high number of events and
were able to perform targeted external validations in 2
relevant populations. Finally, although our model under-
performed, we were able to identify several lacunae that
might improve the performance of future models if
resolved. Nonetheless, our study also carries some limita-
tions. We could not determine the reason for all hospi-
talizations, limiting us to predicting hospitalizations in
general instead of a specific subset of hospitalizations. In
addition, strategies for hospitalizations might have
changed over time, leading to older data being less suited
to modern-day clinical practice. However, our strategy of
re-estimating underperforming models may alleviate this.
Moreover, we did not have access to all relevant predictors,
which might have improved predictions. Finally, cohort
studies might not include individuals with CKD that are
identified at a later stage in the disease process. These
patients might have a higher risk of hospital admission,
meaning that the model would work less well in all pa-
tients combined.

In conclusion, the risk of hospitalization for patients
with advanced CKD is an important but complex outcome
to predict. Current models are insufficient to predict hos-
pitalizations. Therefore, we urge researchers to develop
and validate better models, taking into account current
shortcomings and our suggestions for improvement, to
provide patients with adequate predictions of their risk of
hospitalization.
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