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ABSTRACT 

Background. Kidney transplantation faces organ shortages, underscoring the need for early risk stratification of graft 
loss. We developed and validated a 12-month prediction model that treats death as a competing event. 
Methods. We conducted a retrospective cohort study of 2030 adult kidney transplant recipients ( 2008–2023) from 

Colombia’s largest transplant network. Models included a random survival forest for competing risks ( RSF-CR) and 
Fine–Gray ( FG) regression. Internal validation used stratified cross-validation. Model performance was evaluated via 
discrimination ( C-index) , calibration and clinical utility ( decision curve analysis) . 
Results. Key predictors included donor type, stroke cause of death ( deceased donor) , recipient age, donor creatinine, 
panel reactive antibodies ( PRA) class I > 20, expanded criteria donor, donor age, years on dialysis, PRA class II > 20, donor 
hypertension, donor–recipient compatibility and retransplantation. The RSF-CR model outperformed the FG, achieving a 
C-index of 0.87 ( versus 0.72) and high sensitivity ( 88%) . It accurately identified low-risk candidates ( negative predictive 
value 98%) and showed a positive net benefit. 
Conclusion. We developed and validated a predictive model for first-year graft loss in kidney transplant recipients using 
a machine learning for competing risks model. The model showed strong discriminative ability and moderate 
calibration. Further temporal validation in our population and external validation in other clinical contexts is required to 
ensure its applicability. 
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KEY LEARNING POINTS 

What was known: 
� Although first-year graft loss is relatively infrequent, its consequences can be catastrophic for patients, caregivers and trans- 

plant teams, and despite generally favourable long-term graft survival and careful preventive strategies, a subset of recipi- 

ents still experience graft failure within the first year. 
� Several donor and recipient risk scores exist, but most were developed in high-income settings, focus on pre- or perioperative 

variables and seldom account for death as a competing event for graft loss. 
� The role of modern machine learning methods for competing risks, and their added value over traditional regression-based 

models, has been underexplored in kidney transplantation, particularly in Latin American populations. 

This study adds: 
� We developed and internally validated a 12-month graft loss prediction model using a random survival forest for competing 

risks built exclusively on information available at the time of donor offer. 
� Compared with a Fine–Gray regression model, the machine learning model showed substantially higher discrimination ( C- 

index 0.87 versus 0.72) , better identification of low-risk patients ( negative predictive value 98%) and a positive net benefit 

on decision curve analysis. 
� Our study provides one of the first large, real-world competing risks machine learning models for kidney graft loss in Latin 

America, with transparent reporting of discrimination, calibration and clinical utility. 

Potential impact: 
� This model could support transplant teams in real-time donor acceptance decisions by objectively identifying candidates 

at risk of first-year graft loss using routinely collected pretransplant variables. 
� By separating donor–recipient combinations into low- and higher-risk strata, the tool may improve organ allocation, opti- 

mize use of expanded-criteria donors and facilitate risk communication with patients. 
� If future temporal and external validations confirm these results, the model could be implemented as a bedside or web- 

based calculator to enhance individualized prognostication in kidney transplantation programs, including in middle-income 

countries. 

INTRODUCTION 

The persistent shortage of donor organs poses a major challenge 
in kidney transplantation, with thousands of patients remaining 
on waiting lists annually, many of whom die before receiving 
a transplant [ 1 , 2 ]. This scarcity highlights the need for strate- 
gies that maximize graft longevity, ensuring each transplanted 
kidney provides lasting benefits. Precise risk stratification at the 
time of donor offer is essential to optimize outcomes, allowing 
clinicians to tailor donor–recipient matching in a way that min- 
imizes both early graft failure and mortality with a functioning 
graft [ 3 ]. 

Clinical decision-making in transplantation is inherently 
complex, requiring careful appraisal of donor suitability and re- 
cipient risk. A robust pretransplant predictive tool could en- 
hance early identification of high-risk candidates, optimize or- 
gan allocation and improve patient and graft outcomes. Al- 
though most prognostic models in kidney transplantation focus 
on medium- to long-term outcomes ( 5–10 years post-transplant) 
[ 4–7 ], comparatively few address early graft loss—a less frequent 
but clinically and economically devastating event. 

Although prognostic models have become increasingly valu- 
able in clinical practice, their performance in settings with com- 
peting risks remains underexplored [ 3 , 8 ]. Current approaches 
predominantly rely on Cox regression or survival machine learn- 
ing techniques [ 3 , 5 , 7–9 ], and few adequately account for com- 
peting risks such as when death precedes graft failure [ 10 , 11 ], 
which makes the prediction of failure less accurate. Notably, no 
study to date has applied random survival forest ( RSF) method- 
ology with competing risk analysis in kidney transplantation. 
RSF accommodates non-linear relationships, high-dimensional 
data and complex interactions without restrictive parametric 

assumptions, potentially outperforming traditional predictive 
methods. 

In this study we developed and validated a risk prediction 
model for first-year graft loss using RSF including death with a 
functional graft as a competing risk in a large national Colom- 
bian cohort. Our objectives were to compare machine learning–
based competing risk models with traditional Fine–Gray ( FG) 
regression, evaluate the impact of competing risk adjustment 
on prediction accuracy and create a practical clinical calcula- 
tor for risk stratification at the time of donor offer by incor- 
porating time-to-event analysis and proper handling of com- 
peting risks. The target population includes adult kidney trans- 
plant recipients in Colombia and the model is intended to sup- 
port clinical decision-making at the time of donor organ offer. It 
is intended for healthcare professionals involved in transplant 
evaluation and allocation, such as transplant nephrologists, sur- 
geons and coordinators, with the broader purpose of improving 
short-term graft survival and resource utilization in transplant 
programs. 

MATERIALS AND METHODS 

Study design and population 

We conducted a retrospective cohort study of 2030 adult kid- 
ney transplant recipients ( ≥18 years of age) who underwent 
surgery between July 2008 and July 2023 in the Colombiana 
de Trasplantes, the largest transplant network in Colombia, 
encompassing four centres nationwide. We excluded patients 
who developed arterial or venous thrombosis after transplan- 
tation because early vascular thrombosis is a surgical/technical 
complication that typically results in immediate graft loss or 
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nephrectomy and follows a causal pathway distinct from the 
immunologic and clinical mechanisms under investigation. The 
inclusion of these cases would artificially inflate early event 
rates and bias risk estimates. 

Organ allocation in Colombia is regulated by the govern- 
ment through its National Institute of Health ( Instituto Nacional 
de Salud) . Deceased-donor kidneys are distributed using geo- 
graphic criteria ( local, regional and national) , prioritizing local 
allocation within each region, and organs are offered nationally 
when no suitable regional match is identified. Allocation priority 
is primarily based on donor–recipient compatibility [ABO blood 
group, human leucocyte antigen ( HLA) and age] and recipient- 
related factors such as time on the waiting list and prior history 
of living kidney donation. Organ allocation and routine decision- 
making in Colombia do not incorporate the Kidney Donor Profile 
Index ( KDPI) . 

After transplantation, recipients are routinely followed by 
nephrology monthly as part of standard care. The program 

does not perform protocol biopsies and donor-specific anti- 
body ( DSA) monitoring is not routinely available, therefore im- 
munological risk assessment relies on clinical history and base- 
line immunological information. In our clinical practice, recip- 
ients are considered at higher immunological risk if they are 
retransplant candidates or have evidence of sensitization. Im- 
munosuppression follows a steroid-free maintenance protocol 
as standard practice. Cardiovascular risk is considered higher 
when any of the following are present: age > 45 years, > 4 years 
on dialysis, diabetes mellitus or established coronary artery 
disease. 

Living donors are typically selected among individuals with- 
out major comorbidities. Deceased-donor kidneys are accepted 
under standard criteria and expanded criteria. However, do- 
nation after circulatory death ( DCD) is not performed in this 
setting. During the study period, organ allocation and donor 
characterization did not routinely incorporate KDPI, and not all 
KDPI components were consistently registered during the pe- 
riod of study. Therefore, donor risk was described using routinely 
recorded clinical donor variables and expanded-criteria donor 
classification. 

Data source and collection 

The study utilized data from Colombiana de Trasplantes’ com- 
prehensive transplant registry. Data collection included baseline 
donor and recipient characteristics and immunological and clin- 
ical parameters. Data access for research was granted on 22 Au- 
gust 2024, after institutional review board approval. To safeguard 
confidentiality, only the principal investigator ( A.G.-L.) had ac- 
cess to identifiable patient information. 

Outcomes 

The event variable had three possible outcomes: end of follow- 
up with a functional graft ( right censoring) , graft loss and death 
with a functional graft. Our primary outcome was graft loss 
within the first year post-transplantation, defined as perma- 
nent return to dialysis. Death from any cause was considered 
as a competing event. The outcome was determined based on 
whichever of the two events—graft loss or death—occurred first. 
Patients with functioning grafts were right censored either on 31 
July 2024 or at the end of the 12-month follow-up period. A total 
of 205 ( 10.1%) patients were lost to follow-up and were censored 
at their last recorded follow-up date. 

Independent predictors 

The initial selection of independent predictors was informed by 
a thorough literature review of existing models for kidney trans- 
plant outcomes, complemented by clinical expert consultation 
to ensure the inclusion of clinically relevant variables. We in- 
corporated donor-related characteristics, sociodemographic fac- 
tors, clinical parameters and recipient medical history. 

Donor variables included age, body mass index ( BMI) , donor 
type ( living versus deceased) , hypertension, diabetes, serum cre- 
atinine, cause of death and expanded criteria ( for deceased 
donors) . Recipient characteristics included sociodemographic 
factors ( age, sex, BMI, adherence, social support network) , clin- 
ical variables ( underlying kidney disease, diabetes, hyperten- 
sion, peripheral vascular disease, cardiovascular disease, smok- 
ing, dialysis type, time on dialysis) and immunological risk fac- 
tors, including previous transplant, HLA compatibility, panel re- 
active antibodies ( PRA) class I and II and history of blood trans- 
fusions ( Supplementary File S1 , Table A1 ) . 

Variable selection was subsequently performed to refine the 
predictor set to optimize model performance and clinical rele- 
vance ( Supplementary File S1 , Table A4 ) . 

Sample size 

The sample size was calculated following Steyerberg’s recom- 
mendations [ 12 ] of having at least 10 events per parameter in- 
cluded in the model and a minimum of 100 events in total for 
validation studies. We expected to observe between 160 and 200 
events considering that cumulative graft loss within the first 
year post-transplant has been reported for 8–10% of cases and 
we had available data for ≈2000 transplanted patients, which 
would allow us to include 16–20 parameters in the final model. 

Model development, validation and implementation 

Model development was a sequential process with the follow- 
ing six steps: data preparation, variable selection, definition of 
training and validation datasets, model training, model evalua- 
tion and model presentation ( Fig. 1 ) . 

Two types of models were developed: a machine learning 
model—random survival forest for competing risks ( RSF-CR) —
and a traditional statistical model for competing risks—FG. 

This study adheres to the Transparent Reporting of a Multi- 
variable Prediction Model for Individual Prognosis or Diagnosis 
using Artificial Intelligence ( TRIPOD-AI) guidelines [ 13 ]. 

Step 1: Data preparation 

Missing data. We implemented multiple imputation by chained 
equations ( MICE) through the MICE library, performing five im- 
putations with five iterations each. We selected the random for- 
est algorithm as our imputation method due to its demonstrated 
effectiveness in handling both continuous and categorical vari- 
ables while capturing complex feature interactions [ 14 ]. The im- 
putation process encompassed 12 variables with varying miss- 
ingness rates: adherence and support network showed identi- 
cal missingness rates of 10.7%, while HLA compatibility markers 
( HLA-A, HLA-B and HLA-DR) each exhibited 0.8% missing data. 
For immunological profiling, we imputed PRA ( 0.9% for PRA-I and 
1.1% for PRA-II) , along with key donor characteristics including 
BMI ( 2.8% missing) , hypertension ( 2.0%) , diabetes ( 2.2%) , cause of 
death ( 0.2%) and serum creatinine levels ( 2.5%) . 
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Figure 1: Overview of the study workflow for developing and validating a predictive model for post-transplant outcomes. 

Step 2: Variable selection 

Relevant variables for the models were identified through a 
three-step approach: 

1. Literature review: We conducted a comprehensive review of 
prior studies to identify variables consistently associated with 
the outcome and relevant to our study context. 

2. Expert consultation: Clinical and methodological experts 
were consulted to assess the known and potential clinical sig- 
nificance of candidate variables. 

3. RSF-CR feature selection: The RSF-CR method was applied to 
integrate feature selection directly into the learning process. 

Variables were selected based on their variable importance 
measure ( VIMP) . Only variables with a VIMP > 0 were retained 
for model training. The final subset of variables was used to 
train both models ( RSF-CR and FG) in subsequent analyses 
( Supplementary File S1 , Table A4 ) . 

Step 3: Training and validation data 

We implemented a 10-fold stratified cross-validation approach 
for internal validation. This method was chosen to maintain 
the proportional distribution of minority classes ( graft loss and 
death) across all folds, given their relatively low incidence in the 
cohort. Stratification preserved the original event rates in both 
the training and validation sets, reducing bias and improving 
generalizability. 

The dataset was randomly partitioned into 10 equally sized 
folds, with each fold containing approximately the same pro- 
portion of events ( graft loss and death) as the original dataset. 
In each iteration, nine folds were used for model training and 
the remaining fold was used for validation. This process was re- 
peated 10 times. 

By using stratified cross-validation, we mitigated the risk of 
unbalanced representation of rare outcomes in individual folds. 
This approach also helped evaluate model stability across differ- 
ent data subsets, reducing overfitting and improving validity. 

Step 4: Model training and validation 

RSF-CR model. The RSF-CR model, introduced by Ishwaran et al. 
[ 15 , 16 ], extends the standard random forest algorithm originally 
developed by Breiman [ 17 ]. As our primary goal was risk pre- 
diction ( rather than treatment effect evaluation) , we used the 
event-specific cumulative incidence function ( CIF) as the model 
output instead of the hazard function. 

The RSF-CR model was constructed through the following 
steps: 

1. Bootstrap sampling: Draw k bootstrap samples from the train- 
ing dataset to construct k survival trees. 

2. Tree growth for each bootstrap sample: At each node, ran- 
domly select candidate variables and split the node to max- 
imize CIF separation using longrankCR from the random- 
ForestSRC package. 

D
ow

nloaded from
 https://academ

ic.oup.com
/ckj/article/19/5/sfag089/8526383 by guest on 07 M

ay 2026

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfag089#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfag089#supplementary-data


Predicting first-year kidney graft loss using a machine learning competing risks pretransplant model 5

3. Stopping rule: Tree growth terminates when terminal nodes 
reach the minimum size threshold ( nodesize parameter) . 

4. CIF estimation: Compute the cause-specific CIF for each tree. 
5. Aggregation: Average CIF estimators across all k trees to ob- 

tain the final prediction. 

A detailed mathematical description of the RSF-CR method- 
ology is available in the original work by Ishwaran et al. [ 15 ]. 

FG model. The FG modelling approach was implemented as fol- 
lows: the subdistribution hazard function was specified treat- 
ing competing events through weighted risk sets. Next, previ- 
ously selected covariates based on the VIMP were incorporated. 
The model was then fitted using maximum likelihood estima- 
tion with inverse probability weighting to handle censoring and 
competing risks. Subsequently, the CIF was derived from the 
estimated subdistribution hazards to provide clinically inter- 
pretable risk predictions. Finally, model performance was as- 
sessed. A detailed mathematical description of the FG method- 
ology is available in the original work by Fine et al. [ 18 ]. 

Class imbalance considerations. The primary outcome ( graft loss 
within 1 year) exhibited class imbalance ( 9.1% event rate) , con- 
sistent with real-world kidney transplant populations. We in- 
tentionally avoided sample balancing techniques ( e.g. oversam- 
pling or undersampling) to preserve the natural data distribu- 
tion and ensure a clinically realistic model validation. While 
class imbalance can affect traditional accuracy metrics, our cho- 
sen algorithms—RSF-CR and FG—are inherently robust to im- 
balance through ensemble learning and maximum likelihood 
estimation, respectively. Rather than artificially optimizing per- 
formance, we prioritized discrimination ( C-index) and potential 
clinical utility [net benefit, decision curve analysis ( DCA) ], en- 
suring that model performance reflects meaningful trade-offs in 
real-world decision-making. This approach aligns with current 
recommendations favouring external validity over artificial per- 
formance enhancement in clinical prediction models [ 19 , 20 ]. 

Model output. Both the RSF-CR and FG models generate individ- 
ualized predictions of the CIF for graft loss, accounting for death 
as a competing event. For each patient, the model estimates the 
probability of graft loss at 12 months post-transplant, while ap- 
propriately considering the competing risk of death. Although 
each model generates continuous probabilities, they were trans- 
lated into risk categories using a threshold to identify high risk 
of loss. This threshold was selected based on the observed inci- 
dence of the outcome, clinical relevance and risk stratification 
goals. 

Step 5: Model performance evaluation 

We evaluated model performance following methodological 
standards for clinical prediction models as outlined by Steyer- 
berg et al. [ 21 ]. Our comprehensive assessment examined 
both statistical performance—including discrimination and 
calibration—and potential clinical utility. Both the RSF-CR and 
FG models were evaluated for discrimination and calibration. 
The best-performing model was subsequently evaluated for po- 
tential clinical usefulness through DCA ( Supplementary File S1 , 
Table A2 ) . This approach aims at selecting a model that provides 
both statistically robust predictions and potential meaningful 
support for clinical decision-making [ 21–23 ]. 

Model discrimination. We assessed discrimination with Harrell’s 
C-index and selected the model that achieved superior discrim- 

ination ( higher C-index) while preserving calibration. Interpre- 
tation followed standard benchmarks: 0.5 indicates no discrimi- 
nation, 0.7 denotes acceptable clinical performance and ≥0.8 re- 
flects strong discriminative ability. 

Model calibration. We evaluated calibration using calibration 
curves, which visually compare the predicted and observed 
probabilities of the primary outcome. The curves indicate the 
agreement between model predictions and realized event rates 
across risk groups. 

Model potential utility. The potential clinical utility of the final 
model was assessed using decision analytic measures, includ- 
ing sensitivity, specificity and net benefit, complemented by DCA 

[ 21 ]. Because discrimination and calibration alone do not cap- 
ture practical value, we quantified the trade-off between bene- 
fits ( true positives) and harms ( false positives) [ 21 ]. The DCA was 
constructed according to the chosen threshold that defined pa- 
tients as at expected risk ( below the threshold) and at high risk 
of graft loss ( above the threshold) . 

Sensitivity and specificity were reported for a predefined 
threshold ( 0.09) . Net benefit incorporates the relative clinical 
consequences of misclassification by weighting false positives 
according to their harm. We also conducted a threshold-agnostic 
evaluation by plotting net benefit across a clinically relevant 
range and comparing the model against two default strategies: 
‘treat all’, where all patients are treated as high risk and re- 
ceive very intensive follow-up, and ‘treat none’, where all pa- 
tients receive usual care ( no high-risk management) . The model 
demonstrated superior clinical utility when its net benefit ex- 
ceeded that of these strategies, indicating its potential to opti- 
mize decision-making and clinical management of transplant 
recipients. All analyses were performed using the rmda pack- 
age in R version 4.5.2 ( R foundation for Statistical Computing, 
Vienna, Austria) , with results presented as decision curves for 
intuitive interpretation. 

Step 6: Model presentation 

A web-based risk prediction tool. After evaluating both models in 
terms of statistical performance ( discrimination and calibration) 
and potential clinical utility ( DCA) , the best-performing model 
was implemented into a user-friendly, web-based calculator us- 
ing Shiny apps. This tool provides individualized risk predictions 
for graft loss while accounting for death as a competing event, 
facilitating pre-transplant assessments for further prospective 
validation. 

OPEN SCIENCE 

Data and code sharing 

The code used to develop and evaluate all models is provided in 
the Supplementary File S2 . Access to the dataset may be granted 
upon reasonable request to the corresponding author, subject to 
approval by Colombiana de Trasplantes. If approved, data will 
be shared in anonymized form, in compliance with institutional 
policies, applicable ethical guidelines and legal regulations. 

Research ethics considerations 

This study was approved by the Research and Ethics Commit- 
tee of the Faculty of Medicine of Pontificia Universidad Javeriana 
( REF 266/2021) , in accordance with national and local ethical reg- 
ulations, as well as the principles outlined in the Declaration of 
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Helsinki. Given the retrospective design and nature of the study, 
the Committee waived the requirement for individual informed 
consent. 

RESULTS 

Outcome frequency and recipient characteristics 

The study had 2030 kidney transplant patients. A total of 186 pa- 
tients experienced graft loss ( 9.1%) and 60 patients died with a 
functional graft ( 2.96%) within 12 months after transplantation. 
The mean age of patients who experienced graft loss and death 
was significantly higher ( 45.9 and 53.2 years, respectively) com- 
pared with the no-event group ( 43.1 years) . Sex distribution was 
similar across groups, with males representing ≈59% of the to- 
tal population. Social support network adequacy and adherence 
rates were high across all groups, with no significant differences. 
Notably, patients who lost the graft had a higher prevalence of 
diabetes ( 19.4%) compared with the no-event group ( 16.0%) , and 
their mean BMI was slightly higher ( 24.1) compared with the no- 
event group ( 23.7) . 

Diabetes prevalence was significantly higher among patients 
who died ( 41.7%) compared with the no-event group ( 16.0%) . Pe- 
ripheral vascular disease was also more common among de- 
ceased patients ( 5.0%) compared with the no-event group ( 0.7%) . 
BMI was slightly higher in the death group ( mean 25.1) com- 
pared with the no-event group ( mean 23.7) . The type of un- 
derlying kidney disease varied significantly, with diabetes be- 
ing more prevalent among deceased patients ( 35.0%) compared 
with the no-event group ( 11.5%) . Time on dialysis was longer for 
patients who died ( mean 64.3 months) compared with the no- 
event group ( mean 48.6 months) . Compatibility of HLA markers 
showed no significant differences across groups. The character- 
istics of recipients are presented in Table 1 . 

Donor characteristics 

Table 2 presents a comparative analysis of donor characteris- 
tics across three groups. Deceased donors were predominant, 
especially in the graft loss ( 88.2%) and death ( 71.7%) groups, 
compared with 64.9% in the no-event group. Living donors ac- 
counted for 35.2% of the no-event group but were less repre- 
sented in those with adverse outcomes. The mean donor age in- 
creased progressively from the censored group ( 40.9 years) to the 
graft loss ( 44.6 years) and death ( 50.9 years) groups, with a sim- 
ilar trend observed in BMI. Comorbidities such as diabetes and 
hypertension were more prevalent in the graft loss and death 
groups. Notably, stroke as a cause of death ( deceased donors) 
was reported in half of the donors in the graft loss ( 50%) and 
death ( 50.0%) groups. Serum creatinine levels were slightly ele- 
vated in the graft loss group. Additionally, the proportion of ex- 
panded criteria donors was significantly higher in the graft loss 
( 39.2%) and death ( 48.3%) groups compared with the no-event 
group ( 21.6%) . 

Cumulative incidence of graft loss and death 

Figure 2 shows the cumulative incidence of graft loss and 
patient death over the 12-month follow-up period. Graft loss 
showed a progressive increase from 0.2% at 1 month to 9.1% at 
12 months, with the most notable increase occurring within the 
first 6 months post-transplant ( 6.4%) . In contrast, mortality re- 
mained relatively low throughout the period, starting at 0.1% in 

the first month and reaching 3.0% by month 12. At 12 months, 
overall patient and graft survival was 87.8%. 

Variable selection 

A total of 28 variables were initially screened. These variables 
were incorporated into an RSF-CR model. VIMP was assessed 
and ultimately 12 variables with a VIMP > 0 were retained. These 
12 variables were subsequently used as predictors in both the 
FG and RSF-CR model. The VIMP for the final model is shown in 
Fig. 3 . The complete variable selection process can be found at 
Supplementary File S1 , Table A4 . 

Training and validation cohorts 

A 10-fold cross-validation was conducted. One-fold was ran- 
domly selected to define the training and validation cohorts. The 
training ( n = 1827) and validation ( n = 203) cohorts showed com- 
parable distributions in key variables: donor serum creatinine 
[mean ± standard deviation ( SD) : 0.92 ± 0.37 versus 0.89 ± 0.70], 
donor age ( 41.8 ± 14.0 versus 39.4 ± 14.8 years) and donor BMI 
( 25.4 ± 3.75 versus 24.9 ± 3.98) . Recipient age ( 43.8 ± 13.2 ver- 
sus 42.3 ± 13.2 years) and time on dialysis ( 50.3 ± 46 versus 
47.7 ± 43 months) were closely aligned. Categorical variables—
such as donor type ( deceased donors 67.8% versus 61.6%) , causes 
of death, expanded criteria donors ( 24.6% versus 19.2%) , donor 
hypertension ( 17.1% versus 12.8%) and donor diabetes ( 2.2% ver- 
sus 1.0%) —showed broadly similar patterns, with small differ- 
ences consistent with sampling variability in the smaller vali- 
dation set ( Supplementary File S1 , Table A3 ) . 

MODEL TRAINING AND VALIDATION 

Random survival forest for competing risks 

To optimize the RSF-CR model, we conducted systematic hyper- 
parameter tuning using the randomForestSRC package ( version 
2025) in R [ 24 ]. The number of trees was tested across a range of 
500–1500 to ensure robust ensemble learning while maintain- 
ing computational efficiency. The mtry parameter, which con- 
trols the number of variables randomly sampled at each split, 
was evaluated between 1 and 9, with lower values enhancing 
sensitivity. Node size, determining the granularity of terminal 
nodes, was adjusted between 10 and 20 observations to balance 
model complexity and generalizability. CIF thresholds ranging 
from 0.09 to 0.3 were tested to determine the optimal cut-off, 
with the lower bound ( 0.09) selected based on the observed event 
incidence in the study population ( 9%) . This approach ensured 
that the threshold reflected the underlying epidemiology while 
aiming to maximize sensitivity and select the model with the 
highest C-index. 

FG model 

The FG subdistribution hazard model was trained to evaluate 
the risk of graft loss in the presence of death as a competing 
event. The model accounts for the cumulative incidence of graft 
loss while appropriately weighting competing events to avoid bi- 
ased predictions. To ensure comparability with the RSF-CR anal- 
ysis, the same covariates were included. All analyses were im- 
plemented in R using the randomForestSRC package ( version 
2025) [ 24 ], cmprsk package ( version 2024) [ 25 ] and riskRegression 
package in R version 2025 [ 26 , 27 ] 
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Table 1: Characteristics of kidney transplant recipients according to the observed outcome. 

Characteristics No event ( n = 1784) Graft loss ( n = 186) Death ( n = 60) Total ( N = 2030) P -value 

Age ( years, mean ( SD) 43.1 ( 13.1) 45.9 ( 13.5) 53.2 ( 11.8) 43.6 ( 13.2) < .001 
Sex, n ( %) .303 
Female 736 ( 41.3) 66 ( 35.5) 20 ( 33.3) 822 ( 40.5) 
Male 1048 ( 58.7) 120 ( 64.5) 40 ( 66.7) 1208 ( 59.5) 

Social support, n ( %) .775 
Functional 932 ( 52.2) 94 ( 50.5) 35 ( 58.3) 1061 ( 52.3) 
Inadequate 852 ( 47.8) 92 ( 49.5) 25 ( 41.7) 969 ( 47.7) 

Non-adherence, n ( %) 146 ( 8.2) 17 ( 9.4) 163 ( 8.3) 146 ( 8.2) .229 
History of smoking, n ( %) 489 ( 27.4) 58 ( 31.2) 20 ( 33.3) 567 ( 27.9) .554 
History of diabetes, n ( %) 286 ( 16.0) 36 ( 19.4) 25 ( 41.7) 347 ( 17.1) < .001 
History of coronary disease, n ( %) 57 ( 3.2) 8 ( 4.3) 4 ( 6.7) 69 ( 3.4) .451 
Peripheral vascular disease, n ( %) 13 ( 0.7) 2 ( 1.1) 3 ( 5.0) 18 ( 0.9) .006 94 
BMI, mean ( SD) 23.7 ( 3.86) 24.1 ( 3.89) 25.1 ( 3.38) 23.8 ( 3.85) .0364 
Underlying kidney disease, n ( %) .006 98 
Congenital 31 ( 1.7) 1 ( 0.5) 0 ( 0) 32 ( 1.6) 
Unknown 830 ( 46.5) 78 ( 41.9) 23 ( 38.3) 931 ( 45.9) 
Diabetes 206 ( 11.5) 30 ( 16.1) 21 ( 35.0) 257 ( 12.7) 
Glomerular 406 ( 22.8) 42 ( 22.6) 11 ( 18.3) 459 ( 22.6) 
Hypertension 181 ( 10.1) 23 ( 12.4) 2 ( 3.3) 206 ( 10.1) 
Obstructive 57 ( 3.2) 5 ( 2.7) 1 ( 1.7) 63 ( 3.1) 
Other 73 ( 4.1) 7 ( 3.8) 2 ( 3.3) 82 ( 4.0) 

Dialysis type .287 
Haemodialysis 920 ( 51.6) 114 ( 61.3) 32 ( 53.3) 1066 ( 52.5) 
Peritoneal dialysis 688 ( 38.6) 61 ( 32.8) 23 ( 38.3) 772 ( 38.0) 
Non-dialysis therapy 176 ( 9.9) 11 ( 5.9) 5 ( 8.3) 192 ( 9.5) 

Months on dialysis, mean ( SD) 48.6 ( 45.4) 59.2 ( 46.1) 64.3 ( 47.5) 50.0 ( 45.7) .001 66 
Previous transplant, n ( %) 56 ( 3.1) 6 ( 3.2) 2 ( 3.3) 64 ( 3.2) 1 
Transplant number, n ( %) .527 
1 1728 ( 96.9) 181 ( 97.3) 58 ( 96.7) 1967 ( 96.9) 
2 52 ( 2.9) 4 ( 2.2) 1 ( 1.7) 57 ( 2.8) 
3 4 ( 0.2) 1 ( 0.5) 1 ( 1.7) 6 ( 0.3) 

History of blood transfusions, n ( %) 682 ( 38.2) 83 ( 44.6) 17 ( 28.3) 782 ( 38.5) .132 
PRA class I > 20, n ( %) 531 ( 29.8) 71 ( 38.2) 11 ( 18.3) 613 ( 30.2) .0206 
PRA class II > 20, n ( %) 545 ( 30.5) 69 ( 37.1) 12 ( 20.0) 626 ( 30.8) .0789 
Compatibility HLA-A, n ( %) .414 
0 485 ( 27.2) 54 ( 29.0) 24 ( 40.0) 563 ( 27.7) 
1 911 ( 51.1) 96 ( 51.6) 28 ( 46.7) 1035 ( 51.0) 
2 388 ( 21.7) 36 ( 19.4) 8 ( 13.3) 432 ( 21.3) 

Compatibility HLA-B, n ( %) .193 
0 603 ( 33.8) 72 ( 38.7) 30 ( 50.0) 705 ( 34.7) 
1 874 ( 49.0) 86 ( 46.2) 24 ( 40.0) 984 ( 48.5) 
2 307 ( 17.2) 28 ( 15.1) 6 ( 10.0) 341 ( 16.8) 

Compatibility HLA-DR, n ( %) .856 
0 291 ( 16.3) 34 ( 18.3) 12 ( 20.0) 337 ( 16.6) 
1 900 ( 50.4) 99 ( 53.2) 31 ( 51.7) 1030 ( 50.7) 
2 593 ( 33.2) 53 ( 28.5) 17 ( 28.3) 663 ( 32.7) 

Variable definitions can be found in Supplementary File S1 . 

MODEL PERFORMANCE 

Model discrimination 

Table 3 presents a comparative analysis of performance metrics 
between the FG and RSF-CR model. The RSF-CR model achieved 
superior overall discrimination, as evidenced by a higher C- 
index of 0.87, indicating a strong ability to distinguish between 
patients at different risks of graft loss with death as a competing 
event, while the FG model showed acceptable performance with 
a C-index of 0.72. 

Model calibration 

Calibration curves for both models are shown in Fig. 4 . The x -axis 
represents the predicted risk and the y -axis the observed risk, 
both expressed as percentages. The diagonal line corresponds to 
perfect calibration, where predicted probabilities equal observed 
outcomes. The stepped black line depicts the actual observed 
incidence across prediction intervals, reflecting the model’s cali- 
bration performance. Overall, the RSF-CR model curve tracks the 
reference line more closely than the FG model, indicating bet- 
ter calibration; however, at higher predicted risks it falls below 
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Table 2: Characteristics of donors according to the observed outcome. 

Characteristics No event ( n = 1784) Graft loss ( n = 186) Death ( n = 60) Total ( N = 2030) P -value 

Donor type, n ( %) < .001 
Deceased 1157 ( 64.9) 164 ( 88.2) 43 ( 71.7) 1364 ( 67.2) 
Living 627 ( 35.1) 22 ( 11.8) 17 ( 28.3) 666 ( 32.8) 

Age ( years) , mean ( SD) 40.9 ( 13.9) 44.6 ( 14.0) 50.9 ( 14.4) 41.5 ( 14.1) < .001 
BMI, mean ( SD) 25.3 ( 3.74) 25.7 ( 3.86) 26.4 ( 4.44) 25.4 ( 3.78) .131 
Diabetes, n ( %) 35 ( 2.0) 6 ( 3.2) 2 ( 3.3) 43 ( 2.1) .628 
Hypertension, n ( %) 273 ( 15.3) 49 ( 26.3) 16 ( 26.7) 338 ( 16.7) < .001 
Stroke cause of death ( deceased donor) , n ( %) 604 ( 33.9) 93 ( 50.0) 30 ( 50.0) 727 ( 35.8) < .001 
Creatinine ( mg/dl) , mean ( SD) 0.912 ( 0.357) 1.01 ( 0.511) 0.927 ( 0.325) 0.921 ( 0.373) .0106 
Expanded criteria, n ( %) 386 ( 21.6) 73 ( 39.2) 29 ( 48.3) 488 ( 24.0) < 0.001 

Variable definitions can be found in Supplementary File S1 . 

Figure 2: Cumulative incidence curves for post-transplant outcomes during the first year post-transplant. The graph illustrates three key endpoints: death, graft loss 
( failure of the transplanted organ) and overall survival ( composite of death-censored graft survival) . Time is displayed in days post-transplant ( x -axis) , with the y -axis 
representing the cumulative probability of each event. 

the diagonal, suggesting risk overestimation. In contrast, the FG 

model tends to underestimate at low risks and overestimate at 
high risks of graft loss. 

MODEL UTILITY MEASURES 

Sensitivity, specificity and predictive values 

Table 3 summarizes model potential utility ( sensitivity, speci- 
ficity and predictive values) . At the selected threshold, the RSF- 
CR model achieved higher sensitivity ( 88% versus 56%) and a 

slightly better F1 score ( 0.66 versus 0.63) , whereas the FG model 
showed greater specificity ( 79% versus 55%) and positive pre- 
dictive value ( PPV; 21% versus 15%) . The RSF-CR model had a 
higher negative predictive value ( NPV; 95% for FG, 98% for RSF- 
CR) . These profiles translate into different error patterns: the 
RSF-CR model generates more false positives while the FG model 
produces more false negatives. After evaluating multiple thresh- 
olds, we chose the operating point that maximized sensitivity 
while retaining a reasonable specificity and the highest con- 
cordance index ( C-index) . This clinically oriented choice priori- 
tizes minimizing false negatives—so most high-risk patients are 
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Figure 3: Variable importance plot for the prediction model. Bars display the relative contribution of donor- and recipient-level predictors to the RSF-CR model’s per- 
formance. ‘Donor type’ was the most influential variable ( highest importance) . Importance values are expressed as percentages, scaled to the maximum contribution. 

Table 3: Comparison of performance metrics for the prediction of 
graft loss with death as a competing event using the FG and RSF-CR 
models. 

Metric FG RSF-CR 

C-index 0.72 0.87 
Accuracy 0.75 0.57 
F1 score 0.63 0.66 
Sensitivity 56% 88% 

PPV 21% 15% 

Specificity 79% 55% 

NPV 95% 98% 

These models were developed using a CIF threshold of 0.09, selected to maxi- 
mize sensitivity and identify the model with the best C-index. The RSF-CR model 
was trained using the following hyperparameters: ntree = 1000, nodesize = 18, 
mtry = 3, importance = TRUE, splitrule = ‘logrankCR’, classwt = class_weights 
[class_weights < - c( 1, 50, 1) ], nsplit = 5, seed = 1 and block.size = 1. 

identified early for intensified monitoring and implementation 
of preventive measures—accepting some increase in false pos- 
itives ( i.e. intensified follow-up rather than unnecessary trans- 
plant exclusion) . 

Decision curve for the final model 

The DCA in Fig. 5 evaluates the potential clinical utility of the 
RSF-CR model. The y -axis shows the standardized net benefit—
the balance between benefits ( true positives) and harms ( false 
positives) —across a range of risk thresholds on the x -axis. Model 
performance is compared with two default strategies: ‘treat all’, 

where all patients are treated as high risk and receive intensified 
follow-up, and ‘treat none’, where all patients receive usual care 
( no high-risk management) . 

The RSF-CR model yields a higher net benefit than both de- 
faults across a clinically relevant threshold range ( ≈0.09–0.25) , 
indicating added value by directing intensive follow-up to pa- 
tients with higher predicted risk with closer monitoring or pre- 
ventive strategies while avoiding unnecessary intensification 
in lower-risk patients. Although the net benefit decreases as 
thresholds become higher, it consistently remains superior to 
the default strategies, supporting its potential clinical utility. 

Model presentation 

Based on the performance and potential clinical utility of the 
RSF-CR model, we developed an interactive, web-based calcu- 
lator to facilitate individualized risk assessment for graft loss. 
This tool provides clinicians with real-time estimates of the 1- 
year cumulative incidence of graft loss, explicitly accounting for 
death as a competing event. The calculator is publicly avail- 
able at https://kidneytransplantmodels.shinyapps.io/Pretranspl 
ant-calculator/ 

DISCUSSION 

In this study, we developed and internally validated a novel 
model using RSF-CR to predict first-year graft loss at the time 
of kidney offer. The model incorporates both donor and recipi- 
ent characteristics and accounts for death as a competing event. 
The model showed strong discriminative performance ( C-index: 
0.87) , outperforming the traditional FG model ( C-index: 0.72) . A 
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Figure 4: Calibration plots: ( A) RSF-CR model and ( B) FG model.Calibration plots comparing predicted risk ( x -axis) and observed risk ( y -axis) . The diagonal line represents 
perfect calibration ( predicted = observed) . 

Figure 5: DCA of the RSF-CR model. Standardized net benefit ( y -axis) for the model ( red) is plotted against two default strategies—‘all’ ( grey: everyone treated as with a 

high risk of graft loss) and ‘none’ ( black: usual care without high-risk management) —across probability thresholds ( x -axis) . The model outperforms both defaults for 
thresholds ≈0.09–0.25.. 

total of 12 clinically relevant predictors were included and the 
model is presented as an accessible web-based calculator that 
might be used to support real-time clinical decision-making dur- 
ing donor offer evaluation once further external validation is 
conducted. 

Key findings and clinical implications 

The model identified several clinically established predictors of 
graft loss, including donor-related factors [expanded criteria sta- 
tus, donor type ( living versus deceased) , age, hypertension his- 
tory, donor biopsy and cause of death], recipient characteris- 
tics ( age, time on dialysis, previous transplant, diabetes) and im- 
munological characteristics ( PRA class I > 20, PRA class II > 20, 
donor–recipient compatibility) [ 3 , 5 , 9 , 28 ]. The predominance of 
donor-related variables in our analysis underscores their critical 
role in determining early graft outcomes, consistent with cur- 
rent understanding of how donor quality and senescence inter- 
act with recipient factors to influence transplant success. No- 
tably, our findings align with known pathophysiological mecha- 
nisms, reinforcing the model’s biological plausibility and clinical 
relevance. 

Some traditionally recognized risk factors—such as hepati- 
tis C infection status ( uncommon in our study population) and 
primary chronic kidney disease aetiology ( often undocumented 
due to limited access to kidney biopsy) —did not emerge as sig- 
nificant predictors in our cohort. This population-specific varia- 
tion underscores the importance of developing locally tailored 
prediction models that accurately reflect the clinical and epi- 
demiological context [ 21 , 23 , 28–30 ]. 

Comparative analysis showed that the RSF-CR model offered 
superior discrimination and a sensitivity-first profile ( C-index 
0.87 versus 0.72, sensitivity 88% versus 56%, F1 0.66 versus 0.63) , 
together with a higher NPV ( 98% versus 95%) . This supports its 
use as a screening tool to avoid missing truly high-risk cases. 
In contrast, the FG approach had better specificity ( 79% ver- 
sus 55%) and a slightly higher PPV ( 21% versus 15%) , but at the 
cost of substantially lower sensitivity—implying more false neg- 
atives and a greater risk of overlooking high-risk pairs. The RSF- 
CR’s high false positivity and low PPV indicates that some pairs 
flagged as high risk would ultimately not experience 1-year graft 
loss. Therefore, a high-risk classification should prompt targeted 
multidisciplinary reassessment and risk mitigation strategies 
rather than automatic organ refusal. 

D
ow

nloaded from
 https://academ

ic.oup.com
/ckj/article/19/5/sfag089/8526383 by guest on 07 M

ay 2026



Predicting first-year kidney graft loss using a machine learning competing risks pretransplant model 11

Importantly, this model has undergone only internal valida- 
tion, thus its clinical applicability needs further evaluation. Ex- 
ternal validation across diverse centres and prospective eval- 
uation of real-world impact are still required. In the interim, 
the model may be used to trigger a targeted, preferably mul- 
tidisciplinary, clinical reassessment that considers unmodeled 
factors, leverages complementary diagnostic information and 
guides perioperative and post-transplant mitigation strategies 
( e.g. optimizing cold ischaemia, tailoring induction and mainte- 
nance immunosuppression and intensifying monitoring) . Such a 
risk-adapted approach supports organ stewardship and patient 
safety while recognizing the constraints imposed by limited or- 
gan availability. 

Comparison with other models 

Our RSF-CR model builds upon and complements existing pre- 
diction tools for kidney transplant outcomes [ 4–6 , 31–38 ], as 
identified in the systematic review by Riley et al. [ 3 ]. While pre- 
vious models have provided valuable frameworks for risk as- 
sessment, our approach introduces several refinements tailored 
to enhance potential clinical utility and methodological robust- 
ness. The systematic review identified 28 models predicting graft 
loss, most of which were developed in US populations. These 
models have significantly advanced the field, although their ap- 
plication in other healthcare settings requires further valida- 
tion. This study reflects real-world kidney transplantation prac- 
tice in a Latin American middle-income setting, where follow-up 
is delivered through structured monthly nephrology visits, but 
certain tools commonly used in high-income registries—such 
as protocol biopsies, routine DSA surveillance, DCD donation 
and KDPI-based donor stratification—are not routinely imple- 
mented. Our study expands the set of prediction tools by incor- 
porating data from a Colombian cohort, offering insights that 
may be applicable to similar middle-income clinical settings. 
On the other hand, the KDPI/Kidney Donor Risk Index ( KDRI) 
were not part of the organ allocation system in our setting and 
were therefore not routinely calculated or recorded during the 
study period; consequently, we did not include the KDPI/KDRI 
as predictors, prioritizing the use of routinely available donor 
and recipient information to maximize the model’s applicabil- 
ity in our clinical context. We acknowledge, however, that this 
choice may limit direct comparability with widely used interna- 
tional models developed in registries where the KDPI/KDRI are 
standard. 

Existing models predominantly focus on long-term out- 
comes ( 5–10 years post-transplant) [ 4–7 ], which are essential for 
understanding overall graft longevity. Our work complements 
these efforts by targeting medium-term graft loss ( 1-year post- 
transplant) , a period with distinct clinical implications for pa- 
tient management and resource allocation. 

Notably, some models ( e.g. the Maryland Aggregate Pathology 
Index) [ 31 ] leverage histopathological variables, which can offer 
granular prognostic insights. However, such data are not univer- 
sally available at the time of donor offer. Our model prioritizes 
routinely collected clinical variables, ensuring broader applica- 
bility across diverse clinical environments. 

Methodologically, current models primarily use Cox regres- 
sion and do not account for competing risks, such as patient 
death [ 3 ]. Our RSF-CR model addresses this by incorporating 
competing risk analysis, aligning with contemporary recom- 
mendations. This approach provides a more accurate prediction 
of graft failure risk as it accounts for the possibility of death with 
a functional graft [ 39 ]. 

Calibration, a key aspect of model performance, has been in- 
frequently reported in previous studies [ 40 , 41 ]. In our valida- 
tion, we evaluated both discrimination and calibration, apply- 
ing rigorous internal validation procedures. Although the RSF- 
CR model showed a slight overestimation at high risks, its overall 
calibration supports its clinical applicability. Furthermore, while 
existing tools are often embedded in static scoring systems, we 
developed an interactive web-based calculator that may be used 
for real-time risk assessment, facilitating further validation to 
support clinical decision-making during donor evaluation [ 21 ]. 

Strengths 

This study introduces significant methodological innovations 
in kidney transplant outcome prediction. To our knowledge, 
this represents the first predictive model that successfully inte- 
grates machine learning techniques with competing risk anal- 
ysis specifically designed for first-year graft outcome assess- 
ment. This novel approach overcomes the restrictive parametric 
assumptions inherent in traditional regression methods while 
properly accounting for mortality as a competing event, thereby 
addressing well-documented limitations in existing prognostic 
tools. 

The research derives additional strength from its incorpo- 
ration of comprehensive clinical data from Colombia’s largest 
transplant network, providing particularly valuable insights for 
middle-income healthcare systems, where such predictive mod- 
els are scarce yet critically needed. 

Our study followed current methodological standards 
throughout its design and implementation. This study em- 
ploys advanced techniques for handling missing data through 
multiple imputation and utilizes stratified cross-validation to 
ensure robust internal validation of results. Furthermore, strict 
adherence to TRIPOD-AI guidelines guarantees transparent 
reporting of all model development and validation processes. 
Importantly, the inclusion of DCA suggests the net potential 
clinical benefit of the model across a range of threshold prob- 
abilities, supporting its potential for real-world application in 
clinical decision-making. 

A practical feature of this work is the development of an in- 
teractive web-based calculator that translates the model into an 
accessible tool. Rather than serving as a definitive clinical instru- 
ment, it provides a straightforward way to explore individualized 
risk estimates. Importantly, this also offers a practical platform 

for conducting future external validations, which are essential 
before broader adoption in routine clinical practice. 

Limitations 

While this study has the potential to advance kidney transplant 
outcome prediction, several limitations must be acknowledged. 
First, the dataset exhibited significant class imbalance, with cen- 
sored cases substantially outnumbering graft loss and death 
events. Although machine learning methods like RSF-CR are rel- 
atively robust to imbalance, this skewed distribution may still 
influence model performance metrics, particularly for minority 
classes. We mitigated this through stratified sampling, but the 
imbalance remains an inherent limitation of working with real- 
world transplant data where unfavourable outcomes are fortu- 
nately rare. This imbalance is also a reflection of the actual clin- 
ical distribution, and thus some degree of model performance is 
intentionally sacrificed in favour of clinical utility. 

Importantly, although this study draws on the largest trans- 
plant network in Colombia, the overall sample—and especially 
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the number of events—is modest. Accordingly, our findings 
should be viewed as preliminary, pending confirmation in larger 
cohorts and external validation. 

Second, the model currently lacks external validation beyond 
our institutional network. While internal validation provides ini- 
tial evidence of good overall discrimination, calibration and po- 
tential clinical utility, the model requires validation with new 

patients in our network and across other Colombian transplant 
centres with varying patient characteristics and clinical proto- 
cols and in international cohorts, particularly from other Latin 
American countries with similar healthcare systems. 

Future work 

These limitations highlight important next steps: prospective 
validation across diverse Latin American settings, potential 
model recalibration for specific subpopulations and eventual in- 
tegration with existing international risk prediction systems. 
Completing this work will be essential for transforming this 
model into a widely applicable clinical decision aid. 

CONCLUSIONS 

We developed and internally validated a 12-month graft loss 
prediction model for kidney transplant recipients using RSF-CR. 
The model showed strong discrimination and moderate cali- 
bration. DCA suggested a potential net benefit advantage over 
two default strategies—‘treat all’ ( treat everyone as high risk 
with intensified follow-up) and ‘none’ ( usual care, no high-risk 
management) —across clinically relevant thresholds. Presented 
as a user-friendly web application, the tool could support real- 
time discussions during donor offers. However, the model pro- 
duced a high rate of false positives, which may limit direct 
clinical adoption without threshold optimization and calibra- 
tion review. External validation across transplant centres and 
populations—particularly in other Latin American settings—
remains essential to establish generalizability and clinical im- 
pact. With such validation, the tool could help optimize donor–
recipient matching and improve graft outcomes. 
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