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Abstract

Background The Kidney Failure Risk Equation (KFRE) is widely used for predicting kidney failure, but its external
validity in Latin America is limited. A previous study in Peru found that KFRE was miscalibrated but did not evaluate its
recalibration or clinical utility.

Methods We conducted a retrospective cohort study using data from EsSalud’s Renal Health Surveillance Program
(2013-2022), including 30,031 patients with chronic kidney disease (CKD) stages G3-4. Kidney failure was defined by
dialysis initiation or nephrologist-confirmed end-stage renal disease. Calibration was assessed using observed-to-
expected (O/E) ratios and differences, calibration slope, and intercept, while discrimination was evaluated using the
concordance index (C-index). Recalibrated models were developed, and decision curve analysis (DCA) was performed
to evaluate clinical utility.

Results The original KFRE demonstrated good discrimination (C-index: 0.88 at 2 years, 0.85 at 5 years) but poor
calibration in-the-large: O/E ratios indicated mean underestimation of risk at 2 years (O/E ratio: 1.84) and a slight
mean overestimation at 5 years (O/E ratio: 1.06). Original KFRE also had poor weak (slope: 0.58) and poor moderate
calibration. Recalibrated models improved calibration in-the-large, but none achieved good weak (all slope < 1) and
moderate calibration. However, DCA showed a higher net benefit for KFRE-based nephrology referrals (in original and
recalibrated by method D) compared to Peruvian and international guidelines, especially over a 5-year horizon.

Conclusions Despite miscalibration, KFRE remains valuable for guiding nephrology referrals in Peru, with recalibrated
models offering potential improvements. This is the first study in Latin America to rigorously assess the clinical utility
of KFRE.
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Background

Chronic kidney disease (CKD) is a growing global health
challenge, affecting about 10% of the population and
often leading to kidney failure, requiring costly inter-
ventions like dialysis or transplantation [1, 2]. Recent
guidelines, including NICE 2021 and KDIGO 2024 [3,
4], emphasize that accurate, individualized risk pre-
diction models can help reduce the burden of CKD by
identifying high-risk patients who may benefit from
early interventions. This enables healthcare providers to
make informed decisions about when to refer patients to
nephrology, allowing for the implementation of nephro-
protective strategies to slow disease progression and
facilitating timely planning for renal replacement therapy
(RRT), ultimately improving patient outcomes and opti-
mizing healthcare resources.

While international guidelines recommend the use of
the Kidney Failure Risk Equation (KFRE) for predicting
kidney failure [3, 4]its implementation in Peru remains
limited [5, 6]. The Peruvian Clinical Practice Guideline
instead relies on a combination of estimated glomerular
filtration rate (eGFR) and albuminuria for nephrology
referrals, similar to the earlier approach of NICE 2014
guidelines [7]. Despite endorsements from the Latin
American Nephrology Society to recommend KFRE [8]
concerns have persisted due to the lack of region-spe-
cific evidence supporting its utility. This highlights the
importance of externally validating prognostic models
like KFRE within the specific settings where they are
intended to be used [9-11]particularly in the Peruvian
and broader Latin American context.

Although KFRE has shown strong prognostic perfor-
mance in international contexts [12-28]recent stud-
ies have identified miscalibration in various countries
[16, 17, 19, 22, 23, 29, 30]. In Peru, a recent study found
KERE to perform well in a cohort from Lima, the coun-
try’s capital and largest urban center, but did not under-
take recalibration, raising questions about its nationwide
applicability [31]. Moreover, region-specific evidence
in Latin America is scarce, with no studies evaluating
the clinical utility of KFRE [32, 33]. Addressing this gap
is essential to provide evidence that supports the use of
KFRE in the Peruvian context and informs tailored CKD
management strategies. Therefore, this study aims to per-
form an external validation and recalibration of the KFRE
to predict kidney failure, as well as assess its clinical util-
ity in guiding decisions for referral and planning for RRT
in a nationwide cohort of patients with CKD stages G3-4
in Peru.

Methods

Study design, population and data source

We conducted a retrospective cohort study following
the Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD)
guidelines [11, 34] to externally validate, recalibrate and
assess the clinical utility of the KFRE model for predicting
the risk of kidney failure at 2-year and 5-year horizons in
patients diagnosed with chronic kidney disease (CKD)
stages 3—4 (eGFR>15 and <60 ml/min per 1.73 m?
between 2013 and 2022 across all 45 care networks of
EsSalud (see TRIPOD checklist in online Supplementary
Material). The data were collected and managed by the
National Renal Health Center as part of the national renal
health surveillance system (VISARE, by its Spanish acro-
nym). For health centers within the Rebagliati Network,
the largest in Lima, data were directly sourced from the
UMERC informatics application designed specifically for
this network to provide information to VISARE, as previ-
ously described [31]. Additionally, data from the Kaelin
Hospital were provided directly by the hospital itself due
to its special status as a public-private partnership, which
maintains its own renal health surveillance and does not
routinely report to the CNSR.

Validation model and predictors

We validated the 4-variable KFRE, which includes age
(scaled to 10 years), eGFR (ml/min per 1.73 m® using the
CKD-EPI formula), sex, and urinary albumin/creatinine
ratio (ACR) in mg/g [25]. Standardized laboratory pro-
tocols were followed across health facilities to measure
these predictors (see Supplementary Methods for details
on KFRE equations, coding of predictors, CKD-EPI for-
mula and laboratory considerations).

Outcome variable

The primary outcome was the time to kidney failure,
defined as the date of the first hemodialysis or peritoneal
dialysis based on administrative data from the National
Center for Renal Health or through specific ICD-10 diag-
noses (e.g., N18.5, N18.6, Z99.2, 749.1, 749.2, 794.0).
This computational phenotyping approach has been val-
idated in previous studies and is further detailed in the
Supplementary Methods. Death was considered a com-
peting risk, with mortality data obtained from both the
National Death System of Peru and the National Registry
of Identification and Civil Status, which together cover
more than 90% of all deaths in the country. For more
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information on the outcome definitions and data sources,
please refer to the supplementary material.

Follow-up time

Patients were followed until kidney failure, death or the
administrative censorship date (December 31, 2022),
whichever occurred first. Censoring occurred at loss to
follow-up or study end.

Sample size

Due to the comprehensive nature of the national data-
set, a specific sample size calculation was unnecessary.
All patients meeting inclusion criteria were analyzed
(see Fig. 1 and Table S4). Since the number of events
per EsSalud health network was significantly low—often
fewer than 100 events, and in many instances, nearly
zero—it was decided to evaluate the performance of
KERE across the entire country without considering
regions as separate clusters.

Statistical analysis

Initial data analyses were performed to identify extreme
values, inconsistencies, and missing data. Winsorization
of albumin-creatinine ratio (ACR) values at the 1.5th
and 98.5th percentiles was conducted [35]. Missing data
were managed using multiple imputation via Additive
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Regression, Bootstrapping, and Predictive Mean Match-
ing, creating 100 imputed datasets [36]. To ensure that
the imputation model was congenial (at least semicom-
patible) with the competing risk models used in the sub-
stantive analysis, interactions between all predictors and
the cumulative baseline hazards for kidney failure and
death were included in the imputation process [37]. This
step aimed to improve the accuracy of the imputations
and their compatibility with the intended analyses (see
Supplementary Methods for a detailed description).

For the external validation of the KFRE, model dis-
crimination was assessed using the concordance index
(C-index) at 2 and 5 years. In line with the TRIPOD
guidelines, model performance was evaluated through
both discrimination and calibration assessments, incor-
porating the consideration of competing risks based on
recent methodological recommendations [11]. Cali-
bration was evaluated through assessment of calibra-
tion in-the-large: observed-to-expected (O/E) ratios,
difference and calibration intercepts; weak calibration:
slopes calibration; and moderate calibration via calibra-
tion plots. All these measures were obtained accounting
for competing risk [38, 39]. The calibration curves were
obtained using LOESS smoothing applied to the cumu-
lative baseline hazard predicted by the Fine-Gray model
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Fig. 1 Regional distribution from EsSalud’s patients included in the analysis at national level
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for subdistribution hazards [38, 39]. See Supplementary
Methods for further details.

Recalibration was performed using four methods [35]:
Methods A and B used the traditional Cox model with-
out accounting for competing risks, as originally pro-
posed in the KFRE model by Tangri et al. [25]. Method A
adjusted baseline risk only, while Method B adjusted both
baseline risk and the magnitude of the linear predictor.
Methods C and D, in contrast, employed the Cause-Spe-
cific Cox model to account for competing risks. Method
C adjusted the baseline risk, and Method D combined
baseline risk adjustment with linear predictor adjustment
while considering competing risks.

Clinical utility was assessed using decision curve analy-
sis [40] by comparing the net benefit of the original and
recalibrated KFRE models against the Peruvian National
Guidelines [5, 6] and NICE 2014 Guidelines for nephrol-
ogy referral [7]. For each prediction horizon (2 and 5
years), we evaluated the utility of using KFRE to guide
decisions for referral and planning for renal replace-
ment therapy. Predefined reasonable decision thresh-
olds (based on existing literature) were used to identify
patients who might benefit from referral. For long-term
management and nephroprotection to halt or reverse
CKD progression, a 5-year horizon was used, with
thresholds typically ranging between 3—-5%°. For plan-
ning renal replacement therapy, the 2-year horizon was
considered, with decision thresholds set at higher prob-
abilities, usually around 20-40%°°.

The final estimates and standard errors were pooled
across the imputed datasets using Rubin’s rules, and 95%
confidence intervals were calculated based on these stan-
dard errors [41]. All statistical analyses were performed
using R version 4.3. The reproducible code used for this
analysis is available in an open GitHub repository (https
://github.com/psotob91/kfre-ckd-nationwide-essalud-pe
ru).

Language editing assistance The authors utilized Chat-
GPT-40, a Large Language Model (LLM) developed by
OpenAl, to review and improve the English grammar and
style of this manuscript. The Al tool was employed solely
for language editing purposes and was not used to gener-
ate or create any content.

Results

Study population

Out of 152,084 patients screened between January 1,
2013, and December 30, 2022, in all EsSalud facilities
nationwide under the VISARE program, 30,031 met
the selection criteria for CKD stages G3-4 (Fig. 2). Only
38.4% (11,540) had complete data for the four variables
required for KFRE estimation. After multiple imputa-
tions, all eligible individuals were included in the analysis.

Page 4 of 14

Table 1 summarizes the key sociodemographic and
clinical characteristics of the study population after
imputation. Of the total, 56.4% were women, and ages
ranged from 18 to 109 years, with a median age of 73.8
years. The prevalence of diabetes mellitus (41.5%) and
hypertension (75.8%) was high, with most participants
classified as stage G3a (61.6%) or G3b (27.3%). A detailed
comparison of population characteristics with and with-
out imputation is provided and according to outcome are
showed in Table S5 and S6, respectively.

Cumulative incidences of kidney failure at 2 and 5 years
were 2.73% (95% CI: 2.55%-2.92%) and 4.76% (95% CI:
4.51%-5.02%), respectively (Table S2). The cumulative
incidences of death without kidney failure were notably
higher, with values of 6.96% (95% CI: 6.67%-7.26%) at 2
years and 19.71% (95% CI: 19.22%-20.2%) at 5 years. The
detailed cumulative incidence curve for both kidney
failure and death are shown in Fig. 3. 2-year and 5-year
KFRE’s predicted risk is shown in Figure S1. The distribu-
tion of four KFRE equation variables is shown in Figure
S2.

Predictive performance of the original 4-variable KFRE
equation
KFRE showed good discrimination across all time hori-
zons, with C-indices of 0.88 (95% CI: 0.86-0.89) at 2
years and 0.85 (95% CI: 0.84—0.87) at 5 years (Table 2).
However, calibration was poor across all time horizons.

At 2 years, the model underestimated the risk of kidney
failure, as indicated by an observed-to-expected (O/E)
ratio of 1.84 (95% CI: 1.7-1.99). Although the calibration
intercept was not statistically different from zero (0.02,
95% CI: -0.13 to 0.18), the pronounced O/E ratio suggests
that the model underestimates the actual risk on aver-
age. At 5 years, the O/E ratio was closer to 1 at 1.06 (95%
CI: 1 to 1.13), which might initially suggest an alignment
between predicted and observed risks. However, the cali-
bration intercept was significantly negative (-0.47, 95%
CI: -0.59 to -0.35), reinforcing the presence of systematic
underestimation of the mean risk.

In both time horizons, the calibration slope was below
1 (0.58 for both 2 and 5 years), indicating overly extreme
predictions — underestimating risks for low-risk indi-
viduals and overestimating for high-risk individuals.
Calibration curves in Fig. 4 further illustrate these trends.
Overall, these results highlight that KFRE has poor mean,
weak and moderate calibration in Peruvian population of
EsSalud.

Recalibration of the KFRE model
Recalibration was performed using four methods (A-D).
Recalibrated equations has shown in Table 3.

As shown in Table 4, Method D had the best calibra-
tion-in-the-large at both 2 and 5 years, with O/E ratios
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Total patients in VISARE database
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(n=152084)
Not eligible due to age < 18 or CKD at other stages (n = 98969)
145 were < 18 years old
™ 98185 had normal or slightly reduced eGFR (CKD G1 or G2)
773 had renal failure (Stage G5)

Total potentially eligible patients
with CKD G3a-G4 and 2 18 years
(n=53115)

Excluded due to missing data in selection criteria (n = 22627 [42.6%])
L)l 18610 (35%) without evaluation date in VISARE
22627 (42.6%) without eGFR data to define CKD stages

Total patients included in the study
(n =30488)

N Excluded due to missing/implausible outcome data (n = 457 [1.5%])
91 (0.3%) without time-to-event outcome data
366 (1.2%) with implausible (negative) or irrelevant (zero) event times

Patients with CKD G3a-G4
(n =30031)

Fig. 2 Flowchart of study participant inclusion

close to 1 (1.02 at 2 years; 1.04 at 5 years) and calibration
intercepts not significantly different from zero. Despite
this, the calibration slope (0.81 for both time horizons)
indicates some underestimation in low-risk individuals
and overestimation in high-risk ones, failing in achieve
good weak calibration.

The calibration plots for Method D show a reasonable
alignment with the ideal 45-degree line, with minor over-
estimation at higher risk levels (Fig. 5). It’s important to
note that this overestimation at the upper tail involves
fewer data points, which may impact the curve’s stability.
In contrast, Methods A, B, and C show more pronounced
deviations, especially at the extremes. Thus, while
Method D is not perfectly calibrated, it offers the most
balanced performance among the recalibrated models.

Clinical utility of original model KFRE and recalibrated
versions

Figure 6 presents the decision curve analysis comparing
the net benefits of the original and recalibrated KFRE
models across 2-year and 5-year horizons. Method D
demonstrated the highest net benefit across most thresh-
olds; however, the difference was modest compared to
the original KFRE model. For example, at a 5% threshold
over 5 years, Method D had a net benefit of 0.0261, nearly
identical to the original model’s 0.0255.

All models, including the original KFRE and its reca-
librated versions, outperformed alternative referral
strategies based on the NICE 2014 guidelines and Peru-
vian National Guidelines across a range of thresholds.
This suggests that the KFRE models, despite calibration
issues, effectively balance harm and benefit by accurately
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Table 1 Baseline characteristics (at first recorded evaluation in
VISARE) of patients with CKD G3-4 included in the analysis

Characteristic N=30,031
Sex

Female 13,097 (43.6%)

Male 16,934 (56.4%)
Age (years)

Mean (SD) 73.8(11.1)

Median (Q1 - Q3) 75.0(67.0-82.0)

Min - Max 18.0-109.0
EsSalud Network

Metropolitan Lima 14,784 (49.2%)

Other Regions 15,247 (50.8%)
Hypertension

No 7,254 (24.2%)

Yes 22,777 (75.8%)
Diabetes Mellitus

No 17,567 (58.5%)

Yes 12,464 (41.5%)

Persistent Albuminuria Categories

Al
A2
A3
eGFR Categories
G3a
G3b
G4
CKD KDIGO Classification
Low risk
Moderately increased risk
High risk
Very high risk
Serum Creatinine (mg/dL)
Mean (SD)
Median (Q1 - Q3)
Min - Max

eGFR using CKD-EPI (ml/min/1.73 m?)

Mean (SD)
Median (Q1 - Q3)
Min - Max

Albumin-Creatinine Ratio (mg/qg)

Mean (SD)
Median (Q1 - Q3)
Min - Max
Urine Albumin (mg/dl)
Mean (SD)
Median (Q1 - Q3)
Min - Max
Urine Creatinine (mg/dL)
Mean (SD)
Median (Q1 - Q3)
Min - Max
Death at 2 years*
No
Yes

14, (48.8%)
10,095 (33.6%)
5,274 (17.6%)

18,491 (61.6%)
8,201 (27.3%)
3,339 (11.1%)

0 (0.0%)

9,403 (31.3%)
10,169 (33.9%)
10,459 (34.8%)

1.4 (04)
1.3(1.2-1.6)
0.9-45

459(10.8)
485 (39.4-54.5)
15.0-60.0

802.1 (3,534.1)
32.0(8.1-160.3)
0.6-27,8175

35.8(161.5)
1.6 (0.4-84)
0.0-1,365.2

60.8 (50.5)
49.2 (27.0-85.0)
0.1-2213

27,640 (92.0%)
2,391 (8.0%)
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Table 1 (continued)

Characteristic N=30,031
Outcomes at 2 years
Alive w/o Kidney Failure 27,227 (90.7%)
Kidney Failure 793 (2.6%)
Death w/o Kidney Failure 2,011 (6.7%)
Death at 5 years*
No 24,261 (80.8%)
Yes 5,770 (19.2%)
Outcomes at 5 years
Alive w/o Kidney Failure 23,579 (78.5%)
Kidney Failure 1,308 (4.4%)
Death w/o Kidney Failure 5144 (17.1%)

*Death after o before kidney failure

SD: standard deviation, IQR: first quartile and third quartile, ACR, urine albumin
to creatinine ratio; CKD, chronic kidney disease; eGFR, glomerular filtration rate
estimated by CKD Epidemiology Collaboration formula

identifying more patients for referral while minimizing
unnecessary ones.

At the 2-year horizon, the net benefit of both the origi-
nal KFRE and the recalibrated models was slightly supe-
rior to the “refer none” strategy at threshold probabilities
of 20% and 30%. For instance, at a 20% threshold over 2
years, Method D had a net benefit of 0.0016, while the
original model had a net benefit of 0.0015. However, at
higher threshold probabilities (>40%), the net benefit of
these models became lower than the “refer none” strat-
egy, indicating limited utility in these scenarios.

In summary, Methods D and B showed the highest
clinical utility, consistently demonstrating the highest
net benefits at both 2- and 5-year horizons. However,
these differences were relatively small, indicating that the
original KFRE model remains a viable option for clinical
decision-making.

Sensitivity analysis

A sensitivity analysis was performed without applying
winsorization to the extreme values of the ACR. Figure
S3 and S4 show the distribution of KFRE’s predicted
risks and four variables, respectively in the original data-
set without winsorization of ACR. The results remained
similar to the primary analysis (Table S9, Figures S5, S6
and S7), indicating that the winsorization of ACR values
did not significantly impact the predictive performance
or calibration of the KFRE model.

Discussion

Main findings

This study externally validated the KFRE multivari-
able model in a national cohort of EsSalud patients with
CKD stages 3—4, recalibrated KFRE for this population,
and assessed the clinical utility of the original and recali-
brated versions. While KFRE showed strong discrimina-
tion for predicting kidney failure at both 2 and 5 years,
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Fig. 3 Cumulative incidence function curves for Kidney Failure and Death in patients with CKD G3-4 included in the study

Table 2 External validation metrics for predictive performance
of the original 4-Variable KFRE model
Validation aspect and perfor-

Time horizon

mance measure t=2years t=>5years
Calibration

Average predicted risk 1.48% 4.48%
Average observed risk (95% Cl)  2.73% (2.54-2.92%)  4.76%

(4.51-5.02%)

O/E ratio (95% Cl) 1.84 (1.7 t0 1.99) 1.06 (1to 1.13)

O-E difference (95% Cl) 1.25% (1.05-1.44%)  0.29%
(0-0.58%)

Calibration intercept (95% Cl) 0.02 (-0.13t0 0.18) -047 (-0.59 to
-0.35)

Calibration slope (95% Cl) 0.58 (0.53 t0 0.63) 0.58 (0.54 to
0.62)

Discrimination

C-index up to t years (95% Cl) 0.88 (0.86 to 0.89) 0.85(0.84 to
0.87)

%, percentage; C-index, truncated agreement index; CKD, chronic kidney
disease; O/E and O-E, observed vs. expected ratio and differences, respectively;
t, time

it exhibited poor calibration. Two recalibrated models
(Methods B and D) improved calibration-in-the-large,
yet all recalibrated models struggled with weak or mod-
erate calibration. The recalibrated models maintained a
similar pattern to the original KFRE, overestimating risk
for high-risk individuals and underestimating it for low-
risk individuals.

Despite these calibration issues, the original and reca-
librated KFRE versions offered a net benefit compared to
the strategy of referring no patients. Their net benefit also
surpassed that of the Peruvian National Guidelines and
NICE 2014 guidelines across various thresholds. Thus,
while the original KFRE and its recalibrated versions may
not perfectly predict individual risk, they remain useful
tools for guiding nephrology referrals in Peru.

When assessing early referral for renal replacement
therapy preparation, the net benefit of KFRE at 2 years
turned negative at higher thresholds, indicating that
unnecessary referrals (false positives) may outweigh
correct ones (true positives). However, for decisions
involving long-term referral at 5 years, the KFRE models
showed a positive net benefit across thresholds of 3—10%,
indicating their utility in effectively identifying high-
risk patients who would benefit from early nephrology
intervention.

Comparison with previous literature

The 4-variable KFRE model has been externally validated
in over 30 countries across all continents [42]: North
America [12-15, 43-46]Europe [16-18]Asia [19-23]
Oceania [24, 30]and more recently, Latin America [31-
33]. However, apart from the cohorts from Chile and
Brazil in the 1990s used to recalibrate the initial KFRE
model and derive a specific equation for non-North
American countries [25]evidence on external validity in
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Original Model
(2 year KFRE)

Observed outcome proportions

0.0 02 04 06 08 1.0
Predicted risks
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Original Model
(5 year KFRE)

Observed outcome proportions

0.0 02 04 06 08 1.0
Predicted risks

Fig.4 Calibration curves of the original KFRE model. The predicted risk by the KFRE model is shown on the x-axis, and the observed risk on the y-axis. The
observed risk was estimated using cumulative incidence function curves to account for the competing risk of death without kidney failure. CKD: chronic

kidney disease

Latin America was absent for nearly two decades. Pre-
vious research in Peru showed KFRE’s good discrimi-
nation but highlighted poor calibration, a finding we
confirmed in a larger national cohort [31]. Other studies
in Latin America, such as those in Colombia and Uru-
guay, reported good discrimination and calibration but
lacked adequate validation methodologies, limiting the
comparability of their results with our findings [32, 33].
These methodological issues underscore the urgent need
to generate high-quality evidence on the applicability of
KFRE in clinical practice in Latin America, ensuring that
well-sound methods are used to properly validate prog-
nostic models.

In contrast, the literature from non-North American
regions, excluding Latin America, is more extensive.
Globally, studies consistently demonstrate KFRE’s high
discrimination (>0.80)'272%, but have identified moder-
ate calibration issues, particularly with overprediction
in high-risk groups. Differences in predictor profiles and
incidence rates do not fully account for the poor cali-
bration observed in Peru. For example, the renal failure
incidence rate in our study closely matches that of the
original model (see Table S8). However, our popula-
tion’s characteristics, including higher albuminuria levels,
higher diabetes prevalence, and exclusion of G5 stages,
may contribute to the observed miscalibration.

Importantly, our decision to exclude stage G5 patients
is well supported by both the intended clinical use of the

KFRE model and prevailing practices in the literature.
The KFRE is primarily designed for use in outpatient set-
tings where earlier stages of CKD (G3—-4) are managed,
and its application in stage G5 is inherently less useful,
as these patients are already recognized as high risk and
often follow different management pathways (e.g., con-
servative or palliative care). Notably, Tangri’s original
derivation and validation cohorts included a very low
proportion of G5 patients (approximately 5.3%) [25], and
several subsequent external validation studies have simi-
larly focused on patients with CKD stages G3—4 [27, 47].
This selective validation approach is common, valid, and
reasonable, as it ensures that the model’s calibration and
performance are most relevant to the population where it
is intended to be applied [34, 35, 48].

It is also important to note that although one might
argue that the exclusion of stage G5 patients could
explain part of the miscalibration, evidence from stud-
ies such as Ramspek et al. [16] indicates that calibra-
tion issues persist even when G5 patients are included.
Ramspek et al. [16] attribute these issues not solely to the
inclusion of patients with advanced CKD, but to a com-
bination of factors—including heterogeneity in clinical
profiles and the failure to account for the competing risk
of death. In fact, Tangri’s original model did not account
for this competing risk, leading to an overprediction of
renal failure risk in settings where the incidence of death
is high [25]. In our population, incidence of pre-dialysis
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Table 4 Validation metrics for predictive performance of recalibrated KFRE models

Page 10 of 14

Validation aspect and performance measure ~ Method A’ Method B? Method C3 Method D*
t=2years

Calibration

Average predicted risk 2.52% 2.82% 2.45% 2.69%

Average observed risk (95% Cl)
O/E ratio (95% Cl)

O-E difference (95% Cl)
Calibration intercept (95% Cl)
Calibration slope (95% Cl)
Discrimination

C-index up to t years (95% Cl)
t=>5years

Calibration

Average predicted risk
Average observed risk (95% Cl)
O/E ratio (95% CI)

O-E difference (95% Cl)
Calibration intercept (95% Cl)
Calibration slope (95% Cl)
Discrimination

C-index up to t years (95% Cl)

2.73% (2.54-2.92%)
1.08 (1.01 to0 1.16)
0.21% (0.02-0.4%)
-0.6 (-0.74 to -0.46)
0.58 (0.53 to 0.63)

0.88 (0.86 to 0.89)

4.48%

4.76% (4.51-5.02%)
1.06 (1.01t0 1.12)
0.28% (0.02-0.54%)
-047 (-0.57 t0-0.37)
0.58 (0.54 t0 0.62)

0.85(0.84 t0 0.87)

2.73% (2.54-2.92%)
0.97 (0.9 to0 1.04)
-0.09% (-0.28-0.1%)
-0.1(-0.2to 0)
0.82(0.75 t0 0.88)

0.88 (0.86 t0 0.89)

5.19%

4.76% (4.51-5.02%)
0.92 (0.87 t0 0.97)

-0.42% (-0.68% to -0.17%)

-0.16 (-0.23 t0 -0.08)
0.81(0.76 to 0.86)

0.85(0.84 t0 0.87)

2.73% (2.54-2.92%)
1.11 (1.04t0 1.19)
0.28% (0.09-0.47%)
-0.57 (-0.71 to -0.42)
0.58 (0.53 t0 0.63)

0.88 (0.86 t0 0.89)

4.14%

4.76% (4.51-5.02%)
1.15(1.09t0 1.22)
0.62% (0.37-0.88%)
-0.36 (-0.47 to -0.26)
0.58 (0.54 t0 0.62)

0.85(0.84 t0 0.87)

2.73% (2.54-2.92%)
1.02 (0.95 to 1.09)
0.04% (-0.15-0.23%)
-0.05 (-0.15 t0 0.05)
0.82(0.75 t0 0.88)

0.88 (0.86 t0 0.89)

4.59%

4.76% (4.51-5.02%)
1.04 (098 to 1.1)
0.18% (-0.08-0.43%)
-0.02 (-0.09 to 0.06)
0.81(0.76 to 0.86)

0.85(0.84 t0 0.87)

%, percentage; C-index, truncated agreement index; CKD, chronic kidney disease; O/E and O-E, observed vs. expected ratio and differences, respectively; time, time

"Method A: Baseline risk adjustment without considering competing risk

2Method B: Baseline risk adjustment +adjustment of linear predictor magnitude without considering competing risk

3Method C: Baseline risk adjustment considering competing risk

“Method D: Baseline risk adjustment+adjustment of linear predictor magnitude considering competing risk
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Fig. 5 Calibration plots for the recalibrated KFRE models showing observed outcome proportions against predicted risks. Recalibrated models using (A)
method A at 2 years, (B) method A at 5 years, (C) method B at 2 years, (D) method B at 5 years, (E) method C at 2 years, (F) method C at 5 years, (G) method
Dat 2 years, and (H) method D at 5 years. The red dashed line represents the ideal calibration line where predicted risks perfectly match observed propor-
tions. Blue points indicate the deciles of predicted risk, and the grey line represents a smoothed calibration curve
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Fig. 6 Decision curve analysis (DCA) for the original and recalibrated KFRE models, and alternative nephrology referral guidelines (NICE 2014 and Pe-
ruvian National Guidelines). Net benefit is plotted against the threshold probability for the (A) 2-year and (B) 5-year horizon. The lines indicate the per-
formance, in terms of net benefit, of different strategies: the original KFRE model, recalibrated KFRE models (Methods A, B, C, and D), Peruvian National
Guidelines, NICE 2014 Guidelines, and the strategies of referring all or none. The net benefit values show how each strategy performs in balancing the
correct identification of high-risk patients against minimising unnecessary referrals

death is 19.7% at five years, nearly four times the inci-
dence of renal failure for the same period, making it likely
that the Cox model would overestimate renal failure
in these high-risk group. This explanation aligns with
our observations and further supports our decision to
exclude stage G5 patients, thereby validating the model
in the specific outpatient context where it is intended to
be applied.

A key finding of this study is that the KFRE model
retains clinical utility despite its miscalibration. This
can be understood through the net benefit framework,
which emphasizes that a model may still be valuable if
the miscalibrations occur infrequently or in less criti-
cal subpopulations. In this study, the overall miscalibra-
tion was most pronounced in patients at the extremes
of risk, who represent a smaller fraction of the popula-
tion. Most patients had reasonably calibrated risk pre-
dictions, contributing to a higher net benefit in clinical
decision-making. Therefore, even with calibration issues,
the KFRE model remains a robust tool for predicting kid-
ney failure and guiding appropriate referrals, particularly
in resource-limited settings where optimizing healthcare
allocation is crucial. Importantly, this study is the first
in Latin America to rigorously evaluate the clinical util-
ity of the KFRE model, highlighting its potential role in
enhancing CKD management strategies in the region.

Strengths and limitations of this study

A major strength of this study is its large sample size of
30,031 CKD patients, providing robust statistical power.
Additionally, the use of VISARE surveillance data cap-
tures patients at primary healthcare centers nationwide,
who are often identified through screening programs tar-
geting individuals with diabetes, hypertension, or those
over 55 years of age. This real-world data from a nation-
wide screening program at the primary care level reflects
a population with characteristics that are both relevant
and underrepresented in the literature, providing valu-
able insights into CKD management.

However, we excluded 22,627 patients due to missing
eGER and other critical variables, with most missing data
attributed to albumin-to-creatinine ratio (ACR) measure-
ments (60.7%). This raises concerns about the usability of
KEFRE in settings where ACR testing is limited, emphasiz-
ing the need to strengthen laboratory capacities, particu-
larly outside of Lima, the capital of the country. In many
regions, the lack of ACR data is primarily due to short-
ages of supplies, which limits the full implementation
of risk prediction models like KFRE. To address missing
data in our study, multiple imputation was performed
under the assumption that data were missing at random
(MAR). We included auxiliary variables such as age, sex,
comorbidities, and lab values to make the MAR assump-
tion more plausible and enhance the accuracy of the
imputations. Nevertheless, the validity of this assumption
cannot be guaranteed, which remains a limitation.
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The geographical bias, with data predominantly from
Lima, also underscores the need for further research in
less-represented regions. Measurement errors in labora-
tory data, particularly outside of Lima, further highlight
the necessity for improved healthcare infrastructure,
including consistent access to ACR testing, to better sup-
port CKD risk prediction and management.

Implications for clinical practice and health systems

The KFRE model’s superior net benefit for predicting kid-
ney failure at 5 years offers a key opportunity for early
referral for secondary prevention, allowing nephrology
interventions to slow disease progression. For 2-year pre-
dictions, the model supports planning for renal replace-
ment therapy or conservative treatment. Recalibrated
KFRE versions outperformed current national refer-
ral strategies and NICE 2014 guidelines across various
threshold probabilities. This aligns with NICE 2024’s
updated recommendation of a KFRE score>5% or an
ACR>70 for nephrology referral.

In settings with limited nephrology resources, the
KFRE’s ability to identify high-risk patients can opti-
mize referrals and prevent unnecessary ones. The use
of a 3-5% risk threshold over 5 years has shown to be
effective in various healthcare settings. Retrospective
studies in Canada and the UK found that these thresh-
olds reduced late referrals for patients progressing to
kidney failure. Similarly, prospective evaluations noted
shorter nephrology wait times, particularly for high-risk
individuals.

However, the model’s utility at 2 years requires cau-
tion. Net benefit analysis suggests an advantage at thresh-
olds of 20—-30%, but this diminishes at thresholds above
35-40%, where unnecessary referrals outweigh the bene-
fits. For patients with higher risk probabilities, additional
tests may be required to avoid premature dialysis prepa-
rations. Lower thresholds like >20% can help optimize
sensitivity, aiding in early dialysis planning or transplant
referral.

Future research

Improving the KFRE model’s calibration, especially for
2-year predictions, may require substantial updates,
including re-estimating regression coefficients or modi-
fying predictors. While promising, this approach risks
overfitting and model instability. Therefore, using the
current KFRE model remains more practical despite its
limitations. Future studies should explore KFRE’s pre-
dictive performance in subgroups like children, young
adults, and those with diabetes, as emphasized by NICE
2024 guidelines. Assessing simplified versions of the
model, such as the 3-variable KFRE or proxies like urine
dipsticks, could also enhance its clinical applicability.
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In addition, cost-effectiveness analyses should be con-
ducted to evaluate the economic impact of implementing
KERE in clinical practice. Implementation studies exam-
ining the integration of KFRE into clinical workflows and
trials that evaluate its impact on patient outcomes are
needed to further establish its role in diverse healthcare
settings.

Conclusion

Despite calibration issues, the KFRE model, especially in
its recalibrated forms, remains a valuable tool for guiding
nephrology referrals in Peru, providing a higher net ben-
efit than current national guidelines. Its use can enhance
early identification of high-risk patients, improving
healthcare resource allocation in resource-limited set-
tings. Further research is needed to refine the model,
explore its utility in diverse subgroups, and integrate it
effectively into clinical practice.
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