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Abstract
Objective  To compare the external validation performance of existing kidney disease risk prediction models for the 
general population, individuals with type 2 diabetes, and across various subgroups.

Materials and methods  We identified and compared 16 risk prediction models for chronic kidney disease (CKD) 
or kidney failure from 3 recent systematic reviews (7 models for the whole population, 9 models specific for type 
2 diabetes). We analysed 497,896 adults (age 38–73) in the UK Biobank data; of which 4·7% (n = 23,298) had type 2 
diabetes. Models were evaluated by discrimination and calibration performance with subgroup analyses by age, sex, 
ethnicity and pre-existing hypertension.

Results  During a total follow-up of 5·95 million person-years (median: 12·2 years; IQR: 1·4), predictive models for 
people without diabetes exhibited fair-to-excellent discrimination performance (c-indices: 0·695-0·806) but severely 
overpredicted risk. The O’Seaghdha model demonstrated the best overall performance for discrimination (c-index: 
0·806 [0·806-0·807]) and calibration (slope: 0·69, intercept: -0·011; Brier score: 0·03 [0·02,0·04]). Models including 
medications for diabetes showed superior performance. Discriminative performance was poorer for people with 
diabetes or hypertension. Severe miscalibration occurred for many models.

Conclusion  Most models demonstrated fair to excellent discrimination for CKD and good to excellent discrimination 
for kidney failure. Calibration performance was frequently suboptimal; most models substantially overpredicted CKD 
risk while underpredicting kidney failure risk, indicating that recalibration is warranted prior to clinical application. 
Model performance in individuals with diabetes or hypertension was poorer. Future CKD risk prediction model 
development should incorporate diabetes medication use to enhance discriminative capability.

Keywords  Chronic kidney disease, Kidney failure, Type 2 diabetes, Hypertension, External validation, Prediction 
model

Comparative performance of risk prediction 
models for kidney disease: an external 
validation using 0.5 million UK Biobank 
participants
Yikun Zhang1, Chun Hin Chan1, Hin Lai Ivan Lam1, David Bishai1, Philip Clarke2, Sydney C.W. Tang3 and 
Jianchao Quan1*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s12882-026-04991-1
http://crossmark.crossref.org/dialog/?doi=10.1186/s12882-026-04991-1&domain=pdf&date_stamp=2026-4-15


Page 2 of 10Zhang et al. BMC Nephrology          (2026) 27:338 

Introduction
Chronic kidney disease (CKD) is a leading cause of mor-
tality andmorbidity and has been forecasted to beco-
methe fifth leading cause ofworldwide deaths by 2050. 
Theburden of CKD is projected to increase dueto popu-
lation aging and the rising prevalence of diabetes and 
hypertension [1]. Diabetesis the leading cause of CKD 
and the prevalence of both conditions is on the rise [2]. 
The occurrence of CKD in individuals with diabetesis 
associated with increased risks of kidneyfailure, car-
diovascular disease and premature mortality [3]. Cur-
rent recommendations highlight the importance of 
earlyscreening for CKD in people with type 2 diabetes 
to enable treatments that improve patient outcomes and 
minimize healthcare costs [4]. As CKD is a complex con-
dition with multiple risk factors, validated risk predic-
tion models are essential for accurately identifying at-risk 
individuals and supporting targeted management, espe-
cially in outpatient and primary care settings.

Risk prediction models may significantly impact future 
CKD management, but none have been standardized for 
consistent clinical use despite widespread development 
across populations. A recent systematic review identi-
fied 36 risk models for healthy populations and 12 risk 
models for type 2 diabetes highlighting the broad scope 
and diversity of existing models [5]. While another sys-
tematic review and external validation of 21 prediction 

models in a Dutch diabetes cohort found good discrimi-
nation and validation [6], a meta-analysis of risk mod-
els for people with type 2 diabetes noted a high risk of 
bias in their validation [7]. These studies underscore the 
need for comparative assessment and external validation 
of risk models across diverse populations to determine 
their generalizability beyond specific disease cohorts. 
To address these uncertainties, we externally validated 
publicly available risk prediction models for the onset of 
CKD or kidney failure among individuals without pre-
existing kidney disease, using a large population-based 
cohort of 0.5 million people from the UK Biobank. Given 
the considerable variation in CKD prevalence between 
individuals with and without diabetes, we evaluated 
model performance separately in these subgroups [8]. 

Materials and methods
Model selection
We identified risk prediction models for CKD and kid-
ney failure in both general population and people with 
type 2 diabetes from three recently published systematic 
reviews [1–3]. A total of 20 models was identified for 
general population, of which 13 models were excluded 
(Table 1). We validated the seven remaining risk models 
for CKD (Chien, Nelson, Kshirsagar’s simplified categori-
cal model, Kshirsagar’s best-fitting categorical model, 
O’Seaghdha, Saranburut, and Umesawa) [9–14]. We 

Table 1  Risk prediction models included in this study
Model/Author Location Publication year Study period of derivation cohort Predicted time
General population
Chien (5)
(Clinical model)

Taiwan 2010 2003–2007 4 years

Kshirsagar (6)
(Simplified categorical model)

USA 2008 1987–2003 10 years

Kshirsagar (6)
(Best-fitting categorical model)

USA 2008 1987–2003 10 years

Nelson (7) Multi-national
(28 countries)

2019 1970–2017 5 years

O’Seaghdha (8) USA 2012 1995–2008 10 years

Saranburut (9) Thailand 2017 1985–2014 10 years

Umesawa (10) Japan 2017 1993–2006 10 years

People with type 2 diabetes
Dunkler (11)
(Laboratory model)

Multi-national
(40 countries)

2015 2003–2011 5.5 years

Jardine (12) Multi-national
(20 countries)

2012 2001–2008 5 years

Low (13) Singapore 2017 2002–2014 6 years

UKPDS OM2 (14) UK 2013 1997–2007 5 years

ZODIAC-36 (15)
(Cox regression model)

Netherlands 2015 1998–2009 10 years

ZODIAC-36 (15)
(Competing risk model)

Netherlands 2015 1998–2009 10 years

RECODe (16) USA 2017 2001–2009 10 years

Wan (17) China 2017 2010–2015 5 years

Elley (18) New Zealand 2013 2000–2010 5 years
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identified a further 31 models specifically for individu-
als with type 2 diabetes, of which 9 models were included 
in the analysis (Dunkler, Low, ZODIAC-36’s cox regres-
sion model, ZODIAC-36’s competing risk model, UKPDS 
OM2, Jardine, RECODe, Wan, and Elley) with 13 unique 
equations for CKD and kidney failure [15–22]. The 
remaining 22 models were excluded (detailed in Figure 
S1). Models were excluded if the predictive equations 
were not publicly available or if the required predictor 
variables were unavailable in the dataset. Models devel-
oped for patients with existing CKD or those predicting 
composite outcomes were also excluded to ensure consis-
tency with the study population and outcome definitions. 
Additionally, models with a prediction horizon of less 
than three years were excluded, as short-term risk pre-
dictions are considered less clinically actionable for the 
prevention and long-term management of CKD, a pro-
gressive condition. A literature search from December 
2021 to January 2025 identified no additional CKD risk 
prediction models beyond those found in the reviews.

Validation data
The validation dataset was derived from the UK Bio-
bank, a population-based cohort of 500,000 participants 
recruited from 2006 to 2010 in 22 assessment centres 
across the UK [23]. Hospital inpatient data, used in this 
study, were linked to NHS England, the Information 
and Statistics Division of Scotland, and the Secure Ano-
nymised Information Linkage system in Wales [24]. Our 
right-censored end-dates were 26 April 2021 and 5 May 
2021 for cohorts with and without type 2 diabetes respec-
tively. Data on UK Biobank participants include demo-
graphics, biomarker values, medication usage, disease 
diagnoses and healthcare service utilisation. The eGFR 
was calculated using the 2021 CKD-EPI equation. Diabe-
tes status was coded as a binary variable. Other disease 
diagnoses, include CKD and kidney failure, were coded 
using the International Classification of Diseases, Tenth 
Revision (ICD-10). Our analysis separated the validation 
cohort into people with and without type 2 diabetes. The 
validation cohort without diabetes had 474,598 individu-
als after excluding people with diabetes and pre-existing 
CKD or kidney failure. For the type 2 diabetes valida-
tion cohort, we identified people with recorded diabetes 
(excluding gestational diabetes and type 1 diabetes) and 
excluded those with pre-existing CKD or kidney failure, 
resulting in a total of 23,298 individuals.

Outcome
The outcomes of the validated models were CKD and 
kidney failure. The endpoint was the first occurrence of 
recorded diagnosis of CKD or kidney failure. Diagno-
sis records were coded using ICD-10. We tailored the 
outcome definitions to match each specific risk model. 

For models that did not provide specific ICD codes, we 
defined the CKD as abnormalities of kidney structure or 
function, as indicated by either estimated eGFR or albu-
minuria; and specified the CKD (R80, N181, N182, N183, 
N184, N189, N289, E112, E142, N083, N180, N185, N19, 
Z940, Z992, Y841) and kidney failure (N180, N185, N19, 
Z940, Z992, Y841) codes. To enhanced comparability and 
consistency across the various risk prediction models, we 
also present results using a uniform outcome definition 
aligned with these ICD codes. Detailed definitions used 
for each model are in Table S1.

Statistical analysis
We truncated the UK Biobank validation data to match 
the fixed prediction timespan for each model. For 
UKPDS OM2, we selected a 5-year time frame, consis-
tent with most type 2 diabetes models. Predicted risks 
were calculated using the UKPDS OM2 Simulation Soft-
ware [25]. Sex, smoking status, medication usage, and 
disease history were coded as binary values with numeri-
cal unit conversions where necessary.

Model performance was assessed using two key met-
rics: discrimination and calibration. Discrimination eval-
uates the model’s ability to differentiate between positive 
and negative outcomes and was measured using Uno’s 
concordance index (c-index), which accounts for the 
presence of competing risks. The c-index ranges from 0 
to 1, with values closer to 1 indicating better discrimina-
tive performance. The c-index calculates the area under 
the time-dependent receiver operating characteristics 
curve [26]. To enhance the robustness of these results, 
traditional ROC curves and the area under the ROC 
curve (AUC) were also evaluated. Performance inter-
pretation was based on the following thresholds: aver-
age (0.50–0.60), fair (0.60–0.70), good (0.70 − 0.80), and 
excellent (≥ 0.8) [27]. The 95% confidence intervals were 
calculated by bootstrapping 100 replications. Calibra-
tion evaluates the agreement between the observed and 
predicted values, was assessed with calibration plots, 
targeting an ideal slope of 1 and intercept of 0. Mild-to-
moderate miscalibration was defined as a slope between 
0.7 and 1.3. Predictive accuracy was quantified using the 
Brier score—the mean squared difference between pre-
dicted probabilities and observed outcomes—ranging 
from 0 to 1, with lower scores indicating greater accu-
racy [28]. Subgroup analyses were performed by sex, age, 
ethnicity, and hypertension status. Additionally, decision 
curve analysis (DCA) was employed to assess clinical 
utility. DCA estimates the net benefit, a weighted mea-
sure of true positives against false positives, to determine 
whether model-based clinical decision-making offers 
added value over default strategies of treating all or no 
patients. For each model, net benefit was calculated and 
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plotted across a range of decision thresholds, enabling 
direct comparison of their expected clinical usefulness.

We applied multiple imputation to predictors with 
< 20% missing values. This threshold for missingness is 
supported as robust by recent literature [29]. For predic-
tors with > 20% missing values, we imputed the sample 
means of the derivation dataset used for each model. The 
results were combined using Rubin’s Rules to account for 
variability across the imputed datasets [30]. To assess the 
impact of missing data, we performed sensitivity analyses 
using both complete case analysis (CCA) and, specifically 
for urinary albumin, multiple imputation as an alterna-
tive approach. All imputations were conducted using 
the Hmisc [31] and mice [32] packages in R statistical 
software.

Results
We evaluated a total of 16 models (seven developed 
for general population and nine models specifically for 
individuals with type 2 diabetes). Models were pub-
lished from 2008 to 2019 and were developed across 
Western countries, Asia, or multi-national populations. 
These models estimated the risk of CKD or kidney fail-
ure over prediction horizons ranging from 4 to 10 years 
from baseline. The study period for the derivation cohort 
spanned from the 1970s to the 2010s (Table 1).

Table 2 and Table S2 show the baseline characteristics 
of validation dataset of 474,598 participants without dia-
betes and 23,298 participants with type 2 diabetes in the 
UK Biobank. The mean age at diagnosis for diabetes was 
52.6 years (SD = 9.7), and the mean duration of diabetes 
was 7.9 years (SD = 7.5). Table S3 presents the differences 
in characteristics between subjects with and without 
missing urinary albumin data. All characteristics were 
similar except for higher urinary creatinine among the 
included participants compared to those excluded from 
the complete case analysis (median: 12,287 mmol/L vs. 
5,936 mmol/L for individuals without diabetes, 11,281 
mmol/L vs. 6,519 mmol/L for those with diabetes).

Most models included common predictors such as age, 
sex, BMI, blood pressure, and eGFR (Table S4). Table S5 
shows the number of events and event rate for each out-
come. In the cohort without diabetes, there were 15,670 
incidences of CKD (prevalence 3.3%) over 5,684,699 per-
son-years of follow-up (mean = 12.0 years, median = 12.2; 
IQR: 1.4). In the cohort with type 2 diabetes, there were 
3,598 incidences of CKD (prevalence 15.4%) and 561 
incidences of kidney failure (prevalence 2.4%) recorded 
over 265,852 person-years of follow-up (mean = 11.4 
years, median = 11.9 years; IQR: 1.6).

Validation performance
The risk prediction models for the general popula-
tion without diabetes exhibited good to excellent 

discriminative performance for CKD with c-indices 
between 0.69 and 0.81 (Table 3). The O’Seaghdha model 
exhibited highest discrimination with c-indices of 0.81. 
This finding was supported by consistent results from 
the ROC curve and the AUC. (Figure S2) In subgroup 
analysis (Fig.  1), the models demonstrated slightly bet-
ter discrimination for younger individuals compared to 
older ones (0.627–0.766 vs. 0.589–0.765). The c-index for 
non-white ethnicities in Kshirsagar’s best-fitting categor-
ical model is not presented in the figure due to insuffi-
cient data for subgroup analysis. The performance among 
people with hypertension was lower than those without 
hypertension (0.586–0.770 vs. 0.658–0.793). There was 
no discernible pattern by sex nor ethnicity.

All models for people without diabetes tended to over-
predict the risk of CKD (slope range: 0.13–0.69; intercept 
range: -0.020–0.002) (Fig.  2). The O’Seaghdha model 
demonstrated the best calibration performance with a 
slope of 0.69, an intercept of -0.011. This model consis-
tently exhibited the best calibration performance across 
all subgroups, except in male subgroup (Figure S3). No 
apparent differences in calibration performance were 
observed between the subgroups. Brier scores across 
the evaluated models ranged from 0.03 to 0.18, with the 
O’Seaghdha model achieving the lowest score of 0.03, 
indicating the highest overall predictive accuracy (Table 
S6). Although the Nelson and Umesawa models demon-
strated high discrimination, with C-indices exceeding 0.8; 
both models tended to overpredict risk, yielding Brier 
scores of 0.17 and 0.11, respectively.

DCA demonstrated that clinical utility was limited for 
all seven models when applied to individuals without 
diabetes. (Figure S4) At very low threshold probabilities 
(< 3%), most model yielded modest positive net benefits 
exceeding both default strategies. The Seaghdha model 
provided a positive net benefit at the higher threshold 
of 8%. However, across the broader clinically relevant 
threshold range (5–30%), all models approximated or fell 
below the “Treat None” reference, indicating that model-
guided decision-making conferred no incremental ben-
efit over not intervening.

Population with type 2 diabetes
In individuals with type 2 diabetes, model discrimina-
tion for CKD ranged from 0.603 to 0.758 and for kidney 
failure from 0.704 to 0.880 (Table  3). Using a uniform 
outcome definition yielded results similar to the indi-
vidualized model-specified definitions. An exception was 
the ZODIAC-36 model -designed for early-stage CKD—
demonstrated reduced performance in this standardized 
framework. The Nelson, Umesawa and O’Seaghdha mod-
els were performing well in predicting CKD, (c-indices: 
0.758, 0.753, and 0.737) and Elley model for predicting 
kidney failure (c-index: 0.880) (Table 3). The results from 
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the ROC curves and corresponding AUCs were con-
sistent with the c-index findings. (Figure S5, Figure S6) 
Most models demonstrated slightly better discrimina-
tion for non-white ethnicities than white ethnicities in 
predicting both CKD (0.623–0.776 vs. 0.596–0.754) and 
kidney failure (0.721–0.884 vs. 0.663–0.877). Minimal 
variation was observed between sex, age and hyperten-
sion status subgroups. (Figure S7, Figure S8)

In terms of calibration, the O’Seaghdha had the best 
performance with calibration slopes of 0.94 (inter-
cept − 0.034). Most models tended to overpredict CKD 
(slope range: 0.22–0.58, intercept range: -0.055-0.045), 
except for UKPDS OM2 and ZODIAC-36 (Fig.  2); and 
underpredict kidney failure (slope range: 3.08–5.29, 

intercept range: -0.081-0.006; Figure S9), except for 
ZODIAC-36 and the Wan model. The O’Seaghdha model 
demonstrated good performance in predicting CKD 
across most subgroups. (Figure S10). All models predict-
ing kidney failure showed severe miscalibration. There 
was no apparent difference in calibration performance 
between subgroups (Figure S11). Brier scores for the 
prediction of CKD ranged from 0.02 to 0.39, while Brier 
scores for the prediction of kidney failure ranged from 
0.01 to 0.10. The overall high accuracy observed for kid-
ney failure predictions, as reflected by lower Brier scores, 
was likely influenced by the low event rate of kidney fail-
ure compared to CKD (Table S6).

Table 2  Baseline characteristics of UK biobank validation dataset
Variables n (%) or mean (± SD)

Cohort without diabetes (n = 474,598) Cohort with type 2 diabetes (n = 23,298)
Demographics

Age (years) 56.9 (± 8.1) 60.5 (± 6.9)

  40–49 107,636 (22.7) 2,087 (9.0)

  50–59 156,114 (32.9) 6,479 (27.8)

  60–69 201,451 (42.4) 13,920 (59.7)

  70 and above 9,393 (2.0) 815 (3.5)

Ethnicity

  White 448,387 (94.5) 20,361 (87.4)

  Other 26,211 (5.5) 2,937 (12.6)

Sex

  Male 212,201 (44.7) 14,744 (63.3)

  Female 262,396 (55.3) 8,554 (36.7)

Clinical features
Smoking status

  Never 260,739 (54.9) 10,368 (44.5)

  Former smoker 161,238 (34.0) 10,209 (43.8)

  Current smoker 49,868 (10.5) 2,570 (11.0)

Diabetes

  Age at diagnosis of diabetes (year) - 52.6 (± 9.7)

  Duration of diabetes (years) - 7.9 (± 7.5)

BMI (kg/m2) 27.2 (± 4.6) 31.5 (± 5.8)

Diastolic blood pressure (mmHg) 82.3 (± 10.7) 81.5 (± 10.3)

Systolic blood pressure (mmHg) 139.5 (± 19.7) 143.6 (± 18.5)

Biomarkers
Urate (umol/L) 308 (± 79.7) 333.6 (± 85.3)

Hba1c (mmol/mol)* 35.4 (5.0) 51.7 (16.7)

Cholesterol (mmol/L) 5.8 (± 1.1) 4.5 (± 1.0)

LDL (mmol/L) 3.6 (± 0.9) 2.7 (± 0.7)

HDL (mmol/L)* 1.4 (0.5) 1.1 (0.4)

Triglycerides (mmol/L)* 1.5 (1.1) 1.9 (1.3)

White blood cell (10^9 cells/L)* 6.6 (2.2) 7.4 (2.5)

Creatinine (mmol/L)* 70.7 (17.7) 70.7 (17.7)

Urinary Creatinine (mmol /L)* 7477 (7682.0) 8,832 (7437)

Albumin (g/L) 45.2 (± 2.6) 45.0 (± 2.9)

Albumin in urine (mg/L)* 11.2 (10.1) 14.1 (25.4)

eGFR (ml/min/1.73 m2)* 85.8 (20.3) 87.8 (26.3)
* median (IQR)
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DCA indicated that most models predicting CKD 
provided meaningful clinical utility for predicting CKD 
among individuals with type 2 diabetes (Figure S12). In 
particular, the Saranburut, O’Seaghdha, and Umesawa 
models yielded sustained positive net benefit exceeding 
both the “Treat All” and “Treat None” strategies across 
a broad range of threshold probabilities (up to approxi-
mately 25–30%). For kidney failure prediction, DCA 
revealed generally modest clinical utility across all mod-
els, consistent with the low prevalence of this outcome 
(Figure S13). The Elley and Jardine models demonstrated 

the most sustained positive net benefit, exceeding the 
“Treat None” strategy across the threshold probability 
range of 0 to 30%, suggesting potential clinical value for 
risk-guided decision-making.

Sensitivity analysis
Multiple imputation of missing data did not impact the 
performance of general risk models for with people with-
out diabetes; c-index values remained within the 95% CIs 
of the CCA. In models for people with type 2 diabetes, 
imputation resulted in slightly lower c-indices (CCA: 

Table 3  Discriminative performance of the prediction models
Model C-index [95% CI]

Study-Specific
Outcome Definition

Standardized Outcome Definition

People without diabetes
Chronic Kidney Disease
Chien 0.719 [0.719–0.720] 0.719 [0.719–0.720]

Kshirsagar
(Simplified categorical model)

0.695 [0.695–0.696] 0.695 [0.695–0.696]

Kshirsagar
(Best-fitting categorical model)

0.708 [0.708–0.709] 0.708 [0.708–0.709]

Nelson 0.803 [0.803–0.804] 0.803 [0.803–0.804]

O’Seaghdha 0.806 [0.806–0.807] 0.806 [0.806–0.807]

Saranburut 0.772 [0.772–0.773] 0.772 [0.772–0.773]

Umesawa 0.800 [0.799-0.800] 0.800 [0.799-0.800]

People with type 2 diabetes
Chronic Kidney Disease
Chien 0.603 [0.602–0.603] 0.603 [0.602–0.603]

Kshirsagar
(Simplified categorical model)

0.652 [0.652–0.653] 0.652 [0.652–0.653]

Kshirsagar
(Best-fitting categorical model)

0.658 [0.658–0.659] 0.658 [0.658–0.659]

Nelson 0.758 [0.757–0.759] 0.758 [0.757–0.759]

O’Seaghdha 0.737 [0.736–0.737] 0.737 [0.736–0.737]

Saranburut 0.716 [0.715–0.717] 0.716 [0.715–0.717]

Umesawa 0.753 [0.751–0.754] 0.753 [0.751–0.754]

Dunkler
(Laboratory model)

0.615 [0.612–0.618] 0.615 [0.612–0.618]

Jardine 0.643 [0.642–0.643] 0.639 [0.639–0.640]

Low 0.621 [0.621–0.622] 0.621 [0.621–0.622]

*UKPDS OM2 0.676 [0.666–0.685] 0.669 [0.656–0.677]

ZODIAC-36
(Cox regression model)

0.696 [0.695–0.697] 0.603 [0.603–0.604]

ZODIAC-36
(Competing risk model)

0.699 [0.698-0.700] 0.610 [0.609–0.610]

Kidney failure
Elley 0.880 [0.879–0.881] 0.811 [0.810–0.813]

Jardine 0.806 [0.805–0.808] 0.806 [0.805–0.808]

RECODe 0.746 [0.743–0.748] 0.746 [0.743–0.748]

Wan 0.704 [0.703–0.704] 0.718 [0.717–0.718]

ZODIAC-36
(Cox regression model)

0.672 [0.672–0.673] 0.672 [0.672–0.673]

ZODIAC-36
(Competing risk model)

0.682 [0.681–0.682] 0.682 [0.681–0.682]

* Validation statistics [95%CI]. The results obtained from the UKPDS OM2 simulation software were validated using one dataset for each outcome
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0.587–0.768 vs. post-imputation: 0.603–0.758) for CKD 
prediction, except for the UKPDS OM2 model, where 
discrimination improved (c-index increased from 0.589 
to 0.676 as sample size grew from 8,222 to 21,460). For 
kidney failure prediction, the range of c-index values were 
within the 95% CIs of the CCA results, except for the two 
ZODIAC-36 models (CCA: Cox regression model: 0.746, 
competing risk model: 0.734 vs. post-imputation: Cox 
regression model: 0.682, competing risk model: 0.672). 
Calibration slopes did not improve after imputation. 
(Table S7) When missing values for urinary albumin was 
handled using multiple imputation (as opposed to mean 
imputation), discrimination performance improved for 
models in individuals without diabetes (mean imputation 
range: 0.695–0.806; multiple imputation range: 0.719–
0.833) and for most kidney failure prediction models 
in the type 2 diabetes cohort (mean imputation range: 
0.672–0.880; multiple imputation range: 0.830–0.961), 
except for the Wan model. However, for CKD prediction 
in people with type 2 diabetes, discrimination perfor-
mance worsened for several models, including Saranbu-
rut, Dunkler, and both ZODIAC-36 variants (Cox and 
competing risk). Calibration slopes did not show any 
notable improvement following imputation in these anal-
yses. (Table S8)

Discussion
We externally validated 16 published risk models for 
predicting CKD and kidney failure: seven models for 
the general population and nine models specifically for 

people with type 2 diabetes. Most models showed fair 
to excellent discrimination for CKD and good to excel-
lent discrimination for kidney failure, though perfor-
mance was slightly lower among those with diabetes or 
hypertension. Models incorporating medication use as 
predictors generally had better discriminatory power. 
Calibration performance was often suboptimal with most 
models severely overpredicted CKD and underpredicted 
kidney failure. The O’Seaghdha model demonstrated the 
best overall performance with relatively few predictors, 
suggesting its strong clinical applicability.

The models consistently overpredicted CKD risk in 
the general population without diabetes with more pro-
nounced overprediction in models with shorter predic-
tion times, e.g. Chien (4 years) and Nelson (5 years). In 
contrast, models for individuals with type 2 diabetes 
demonstrated better calibration performance though 
they still tended to overpredict CKD risk. However, these 
models generally underestimated the risk of kidney fail-
ure; predicting severe kidney complications associated 
with diabetes remains a challenge that warrants further 
development. These patterns of miscalibration highlight 
the necessity of recalibrating risk prediction models prior 
to clinical application. To address this, we performed 
intercept-only recalibration and re-assessed calibration 
performance (Table S9). The results demonstrated that 
even simple recalibration can significantly enhance cali-
bration performance in most models. Additionally, the 
ZODIAC-36 model, which initially exhibited low pre-
dicted risks and an excessively high calibration slope, 

Fig. 1  Discriminative performance of risk models by subgroup for population without diabetes. * Kshirsagar (a): Kshirsagar (simplified categorical model), 
Kshirsagar (b): Kshirsagar (best-fitting categorical model)
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showed substantial improvement following recalibration. 
This suggests that the initial miscalibration was predomi-
nantly attributable to systematic baseline differences 
(such as variations in outcome rates) rather than defi-
ciencies in the model’s discrimination of individual risk.

The discriminative performance of risk prediction 
models was lower for people with hypertension in pre-
dicting CKD. Risk prediction for people with hyperten-
sion may be complicated by the use of antihypertensive 
medications to protect kidney function. Notably the 
Umesawa model that includes antihypertensive medica-
tion as a predictor exhibited a smaller performance gap 
between people with and without hypertension. While 
most models included hypertension as a predictor, they 
did not consider use of antihypertensive medication. 
Models showed slightly better discrimination among 
younger individuals, potentially due to the increased 
complexity of comorbidities in older age groups. Perfor-
mance differences between ethnicities are expected given 
the development data used – some were multi-national 
with only 5 models developed exclusively from data in 

western countries. The UK Biobank is predominately 
white (87.4% and 94.5% of the validation sample with 
and without diabetes) and variations in sample size and 
heterogeneity among non-white ethnicities —including 
mixed, Asian, and Black backgrounds—might also con-
tribute differences in performance.

The risk models analysed in this study demonstrated 
similar discriminative performance in this indepen-
dent external validation against the UK Biobank dataset. 
While six of the risk models for the general population 
had previous externally validation, most of the models 
specifically for people with diabetes (six out of nine) had 
only undergone internal validation. Of the three exter-
nally validated models for people with diabetes, Dunkler 
and Nelson models exhibited weaker performance in this 
study compared to the external validation results in their 
original publications, whereas RECODe demonstrated 
stronger discriminative performance in this indepen-
dent external validation than reported in the original 
publication.

Fig. 2  Calibration plots for models predicting chronic kidney disease. * ZODIAC-36 (a): ZODIAC-36 (cox regression model), ZODIAC-36 (b): ZODIAC-36 
(competing risk model). Kshirsagar (a): Kshirsagar (simplified categorical model), Kshirsagar (b): Kshirsagar (best-fitting categorical model)
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Our study possessed several strengths. We validated 
openly available models identified globally from system-
atic reviews against a large dataset to ensure objective 
and robust external validation. We included models for 
the general population and models specifically for indi-
viduals with type 2 diabetes. We independently validated 
the models using both specific outcome definitions and 
uniform definitions and conducted robust sensitivity 
analyses. In addition to evaluating discrimination and 
calibration, we employed the Brier score to quantify pre-
dictive accuracy, providing a comprehensive assessment 
of model performance. Moreover, the UK Biobank is 
a large and reliable dataset of over 500,000 participants 
with a long follow-up time of over ten years. Previous 
studies have shown that using extensive administrative 
health records with ICD-10-based definitions can accu-
rately identify patients with kidney failure [33]. 

Nevertheless, our study was subject to several limi-
tations. Of the 16 models evaluated, 10 lacked specific 
ICD codes for outcome definitions, limiting their exter-
nal applicability. The use of ICD codes to identify cases 
also presented multiple challenges. The use of ICD codes 
to identify cases also presented multiple challenges. 
Previously, CKD was defined solely by eGFR [< 60 mL/
min/1.73  m²], until the 2013 KDIGO guidelines intro-
duced a combined definition using both eGFR and uri-
nary albumin [34]. Consequently, ICD codes assigned 
before 2013 may not capture all CKD cases, particularly 
those in the early stages. For instance, a study from Aus-
tralia found ICD-10 codes failed to identify 45.9% of CKD 
cases among patients admitted to general medicine [35]. 
Such under-documentation in ICD-based case ascertain-
ment may have partially contributed to the overestima-
tion of CKD prevalence observed in our study. Figure 
S14 illustrates the proportion of participants at baseline, 
classified by KDIGO based on GFR and urinary albumin 
levels, after excluding patients with CKD identified using 
ICD-10 codes. Moreover, participants included in the 
complete case analysis exhibited higher urinary albumin 
levels than those excluded, potentially leading to an over-
estimation of outcomes and affecting the study’s general-
izability. The elevated urinary creatinine observed among 
the included participants may be explained by their 
marginally greater BMI and mean age. Previous studies 
have shown that urinary creatinine excretion increases 
significantly with BMI [36]. Furthermore, although we 
performed intercept-only recalibration and reassessed 
calibration performance, future research should con-
sider more complex recalibration, particularly for mod-
els developed for individuals with type 2 diabetes or 
hypertension.

Aside from developing new models to predict the risk 
of CKD or kidney failure, external validation is a cru-
cial step to improve the accuracy and facilitate adoption 

in clinical practice. Global disparities in the burden and 
care of CKD have been previously identified, particularly 
in low-income and lower-middle-income countries [37]. 
There is a need to validate these CKD prediction mod-
els in different regions to help reduce global disparities in 
the burden and care of CKD.

In conclusion, in this independent comparative assess-
ment of 16 predictive risk models for CKD and kidney 
failure in a large population-based cohort, some models 
achieved fair to excellent discrimination performance. 
The O’Seaghdha model demonstrated the best overall 
performance in this large UK cohort. The discrimina-
tive performance for predicting CKD among individuals 
with diabetes or hypertension was poorer indicating a 
need for further development in these high-risk popula-
tions. Models including diabetes medication as a predic-
tor demonstrated superior discrimination performance. 
Recalibration prior to clinical application is needed for 
most models as they tended to severely overpredict CKD 
but underpredicted kidney failure.
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