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Abstract

Background Renal transplantation is the preferred treatment for end-stage chronic kidney disease but requires lifelong immu-
nosuppression, increasing the risk of infections such as urinary tract infection (UTT). UTI in kidney transplant recipients can
lead to serious complications, including acute kidney injury, reduced graft survival, and increased mortality. Machine learn-
ing can enhance risk detection accuracy and support proactive management of complications. This study aims to develop a
machine learning-based approach for predicting urinary tract infections in kidney transplant recipients, facilitating the early
identification of high-risk individuals.

Methods Retrospective cohort of 29,340 anonymized records from a Colombian transplant center to develop and compare
machine learning models for predicting UTT in post-kidney transplant patients. Fifteen machine learning models were evalu-
ated using 41 sociodemographic and clinical variables. Model performance was assessed using metrics such as accuracy
and area under the ROC curve (AUC).

Results Both models are good, with Random Forest achieving 93.57% accuracy, 94.43% AUC, 92.5% sensitivity, and 95.2%
specificity. XGBoost achieved 91.14% accuracy, 91.65% AUC, 90.8% sensitivity, and 92.6% specificity. Feature importance
analysis revealed that key predictors included Body mass index (BMI), use of mofetil mycophenolate or sodium mycophe-
nolate, donor type, hypertension, diabetes mellitus, use of steroids, re-transplantation, serum levels of tacrolimus and sex
of the recipient.

Conclusion This study demonstrates the potential of machine learning models to predict UTI in kidney transplant patients,
offering a tool for early intervention and personalized care. Implementing these models in clinical settings could improve
patient outcomes and reduce healthcare costs by preventing severe complications associated.
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Introduction

Kidney transplantation is the best therapeutic option for
treating end-stage chronic kidney disease (CKD) [1]. To
prevent rejection, patients must take immunosuppressive
medications; however, the use of immunosuppression
increases the risk of infection [2]. Among the infections
affecting transplant patients, urinary tract infection (UTI)
is the most frequent and it is associated with acute kidney
injury (AKI), decreased graft survival, and increased mor-
tality [3, 4]. Additionally, they lead to increased treatment
costs, reduced quality of life, and greater time devoted to
caregiving by family members [5].

Multiple ML-based strategies have been developed to
support UTI identification, most commonly leveraging
routinely available clinical and laboratory data [6, 7] Fre-
quently used predictors include demographic characteris-
tics (e.g., age and sex), symptoms such as dysuria, urinary
frequency, suprapubic pain, and foul-smelling urine, and
standard urinalysis finding particularly leukocyte esterase,
nitrites, pyuria, hematuria, bacteriuria, and epithelial cells.
Some models also incorporate prior urine culture results
and comorbidities such as diabetes. In contrast, several
biomarkers (e.g., NGAL, IL-1p, MMP9, CXCLS) have
been explored mainly in research settings and are not part
of routine UTT assessment in most transplant programs.
Overall, this heterogeneity of candidate predictors high-
lights the potential for ML models to integrate routinely
collected data to improve early risk prediction and timely
recognition of UTL.

However, despite the high burden and clinical con-
sequences of UTI after kidney transplantation, early rec-
ognition remains challenging in routine care, particularly
because immunosuppression can attenuate typical symptoms
and because clinical decision-making often relies on het-
erogeneous information from symptoms, urinalysis, prior
microbiology, and comorbidities. In this setting, delays
in identifying patients at increased risk may translate into
potentially avoidable morbidity and graft-related compli-
cations. Moreover, most published ML models have been
developed in specific healthcare systems with distinct patient
profiles, antimicrobial resistance patterns, laboratory work-
flows, and follow-up practices; as a result, their performance
and calibration may not generalize to other regions without
local validation and adaptation [6, 7]. Consequently, there
is a need for context-specific, early-stage prediction models
that leverage variables routinely captured in real-world prac-
tice and can be implemented within transplant programs.
Therefore, this study aims to develop and compare machine
learning models to enable early identification of UTI in
kidney transplant recipients, leveraging routinely available
clinical variables from a Latin American population.
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Methodology
Study design

In this retrospective cohort study, we developed and com-
pared machine learning models to predict symptomatic uri-
nary tract infection (UTI) within the first post-transplant year
among kidney transplant recipients treated at Colombiana
de Trasplantes. The analytic dataset comprised sociodemo-
graphic and clinical information collected as part of routine
care. A total of 51 variables were available; 41 were used
as candidate predictors, while 10 corresponded to identi-
fication/administrative fields and were not used for model
training. The primary endpoint was a clinically documented
symptomatic UTI requiring assessment and treatment,
encompassing both lower UTI (e.g., cystitis) and upper UTI
(e.g., pyelonephritis).

Patients and methods

We used routinely collected data from adult kidney trans-
plant recipients followed at Colombiana de Trasplantes
between January 2017 and March 2023. Eligible patients
were >18 years old, had a registered kidney transplant, and
had follow-up at our center. Patients with <1 year of follow-
up were excluded.

An initial extraction from the institutional data warehouse
yielded 29,340 anonymized records, which reflect clinical
documentation entries and follow-up records and therefore
may include multiple records per patient across time. After
selection criteria were applied and deduplication using
unique patient identifiers, these records corresponded to
959 unique kidney transplant recipients with UTI. Because
the dataset was imbalanced, we applied class balancing for
model development, resulting in a final patient-level analytic
dataset of 1,918 observations (959 UTI; 959 non-UTI) used
for training, validation, and testing.

UTI definition

The outcome was defined as >1 symptomatic UTI within the
first post-transplant year. Symptomatic UTI was established
when the medical record documented urinary symptoms
and/or systemic signs compatible with infection (e.g., dysu-
ria, urgency/frequency, suprapubic discomfort, flank pain,
fever) with supportive paraclinical evidence when available
(urinalysis and/or urine culture), operationalized as a clini-
cally diagnosed and treated episode. To reduce misclassifi-
cation, episodes consistent with colonization/asymptomatic
bacteriuria (positive culture without compatible symptoms/
signs and/or explicitly documented as asymptomatic and
not treated) were not counted as outcome events, whereas
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episodes with compatible symptoms/signs and antimicro-
bial treatment for UTI, with or without culture confirmation,
were classified as symptomatic UTI events for the primary
endpoint.

Given the limitations of retrospective clinical records to
reliably discriminate among syndromic subtypes (e.g., ure-
thritis, cystitis, and pyelonephritis), we modeled a compos-
ite symptomatic UTI endpoint rather than subtype-specific
diagnoses.

Imputation

Two imputation techniques were explored: Multiple Imputa-
tion by Chained Equations (MICE) and mean imputation.

MICE is a widely used approach that models each vari-
able conditionally on the others to generate multiple plau-
sible values for missing data. This iterative method effec-
tively captures relationships between variables, making it
a statistically robust technique, particularly when data are
Missing at Random (MAR). However, MICE can be com-
putationally demanding and may introduce variability if not
properly fine-tuned.

Mean imputation is a simpler and more computationally
efficient method, where missing values are replaced with
the mean of the observed values for that variable. While this
technique preserves the overall mean of the dataset, it may
underestimate variance and distort correlations between var-
iables. Despite these limitations, mean imputation is often
preferred when computational efficiency is a priority and
when statistical tests confirm that it maintains the original
data distribution effectively.

Machine learning modeling

Because the outcome distribution in the original cohort was
imbalanced, we used random under-sampling (underbalanc-
ing) of the majority class during model development. Spe-
cifically, we retained all patients with UTI within the first
post-transplant year and randomly selected an equal number
of patients without UTI to match the minority class. This
resulted in a final patient-level balanced analytic dataset of
1918 observations (959 UTI; 959 non-UTTI), which was used
for model training, validation, and testing.

A comparison of 15 classification machine learning mod-
els was conducted to predict urinary tract infection (UTI)
in kidney transplant patients. These models include Light
Gradient Boosting Machine, Extra Trees Classifier, Random
Forest Classifier, Extreme Gradient Boosting, Decision Tree
Classifier, Gradient Boosting Classifier, AdaBoost Classifier,
K Neighbors Classifier, Logistic Regression, Quadratic Dis-
criminant Analysis, Naive Bayes, Ridge Classifier, Linear
Discriminant Analysis, SVM - Linear Kernel, and Dummy
Classifier.

Feature selection

In this study, two variable selection methods were explored:
SelectKBest and Featurewise selection.

SelectKBest allows the selection of the most relevant
variables for prediction by performing individual statistical
tests between each variable and the target outcome. Numer-
ical variables are typically evaluated using ANOVA tests
(F-score), and categorical variables using Chi-square tests.
Variables with higher statistical scores (indicating stronger
predictive power) are retained, simplifying and improving
the predictive model.

Featurewise selection involves independently analyzing
each variable or feature in the dataset to assess its individ-
ual predictive capability. By evaluating variables separately
based on their unique contributions, this method identifies
and retains only those that significantly enhance the model’s
predictive accuracy, resulting in a simpler and more robust
model.

To select the most relevant variables in predicting UTI in
kidney transplant patients, the Featurewise variable selection
technique was used. This technique involved an iterative pro-
cess in which the individual characteristics of each variable
were evaluated in relation to the study’s objective. Impor-
tance metrics were calculated for each variable, such as
mutual information and correlation coefficients, to determine
their contribution to the predictive model. Additionally, the
variables selected by these two algorithms were discussed
with experts from Colombiana de Trasplantes to validate
their relevance and pertinence. To simplify the model and
improve its interpretability, variables with lower relevance
were removed. Subsequently, the Variance Inflation Factor
(VIF) was implemented to identify multicollinearity; those
with the highest VIF scores (>11) were excluded, ensuring
that the resulting dataset was robust and capable of enhanc-
ing the accuracy of the prediction model (Fig 1).

Model training

The dataset was divided into two subsets: 80% was allocated
for model training and 20% for validation. To estimate the
model’s performance on unseen data and reduce overfitting,
a 10-fold cross-validation technique was implemented on
the training subset, which internally used 90% of the data
for training and 10% for testing in each fold (Fig 1). The
remaining 20% of the data was reserved for final validation
to assess the model’s generalization capability.

For model training, the database was divided into 70% for
training, 15% for validation, and 15% for testing. To estimate
the model’s performance on unseen data and avoid overfit-
ting, a 5-fold cross-validation technique was implemented

(Fig 1).
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Metrics

Finally, the performance of the trained models was evalu-
ated using metrics from the confusion matrix, specificity,
sensitivity, F1-score, precision, and receiver operating char-
acteristic (ROC) curves. This was one of the main criteria
for model selection, as it provides a more thorough evalu-
ation of the model’s ability to discriminate between cases
and controls. By analyzing the relationship between the true
positive rate (TPR) and the false positive rate (FPR), it facili-
tated the identification of which model best fits the data.

For each implemented model, the metrics were calculated
using the test set. The results obtained among the different
models were compared to determine which model performed
best in detecting urinary tract infections in hospitalized kid-
ney transplant patients.

Model evaluation

To assess the performance of the trained models, we used
standard classification metrics derived from the confusion
matrix, including accuracy, sensitivity, specificity, F1-score,
and area under the receiver operating characteristic curve
(AUC). ROC curves were employed to evaluate discrimina-
tive performance by comparing the true positive rate (TPR)
to the false positive rate (FPR). In addition, calibration curves
were generated to assess the agreement between predicted
probabilities and observed outcomes, ensuring the reliabil-
ity of the model’s risk estimates. To further evaluate clinical
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Final model

applicability, decision curve analysis (DCA) was conducted
to quantify the net benefit of each model across different
probability thresholds. Together, these methods allowed for a
comprehensive evaluation and informed selection of the most
effective and clinically relevant model.

Ethical approval

The principles of the Helsinki Declaration and Colombian
regulations established in Resolution 8430 of 1993, which sets
the scientific, technical, and administrative standards for health
research and the protection of clinical data, will be adhered to.
Furthermore, the current proposal is framed within the first
global report on artificial intelligence (AlI) applied to health
in 2021. It is classified as minimal-risk research since a retro-
spective documentary method is employed, and there are no
modifications to the biological, physiological, psychological,
or social variables of the study participants, thus informed
consent is not required. The study has been approved by the
ethics committee of Universidad El Bosque (CIE 2022-092).
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Results
Exploratory analysis

Among patients who developed UTI, the mean age was
42.3 years and 60% were women. Most transplants were
from deceased donors (63.7%). Comorbidity burden was
substantial: 80.8% had hypertension and 17.6% had dia-
betes mellitus. The mean body mass index was 24.1 kg/
m?. Dysuria was the most frequently reported symptom
(60.7%). Escherichia coli was the most common isolated
pathogen (53.2%), and meropenem was the antibiotic most
frequently administered (40.5%). Hospitalization was
required in 7.9% of cases. (Supplementary file Table S1
and S2).

Preprocessing

The dataset was first split into training and validation sets,
with 80% of the data allocated to training and 20% to vali-
dation. The number of records per class is 767 in the train-
ing dataset. In the validation dataset, each class has 192
records. A stratified split approach was used to ensure that
the class proportions remained balanced in the training
and validation sets. This method preserves the original
class distribution in each subset, preventing biases in the
model’s learning process.

Before evaluating the models, data preprocessing was
conducted. This included an analysis of missing data,
revealing a 35% rate of missing values. The variables with
the highest percentage of missing data were admission
date, hospitalization, length of hospitalization, and acute
rejection date. The latter three were considered Missing
Not At Random (MNAR), meaning the absence of data
is related to events or factors inherent to the variable.
For example, in the case of acute rejection, if there is no
information, it is because acute rejection did not occur
(Fig. S1).

No outliers or duplicate data were found. Variables
were encoded using LabelEncoder to facilitate the impu-
tation of missing data and the evaluation of machine learn-
ing models.

Two imputation methods were tested: MICE and mean
imputation, with the latter being ultimately selected.
After imputing the data using two techniques (MICE and
mean imputation), two tests were conducted to maintain
the original variance of the data: one parametric (Stu-
dent’s t-test) yielded t-statistic: 0.0 with p-value: 1.0, and
one non-parametric (Mann—Whitney U test) resulted in
U-statistic: 169,164,759,460.5 with p-value: 1.0 for the
mean imputation dataset. For the MICE imputed dataset,

U-statistic: 153,794,462,224.5 with p-value: 1.0 was
obtained. The higher U-statistic indicates that the dis-
tribution of the mean-imputed dataset is more similar to
the original distribution, suggesting that mean imputation
preserved the data structure better compared to MICE.
For this reason, mean imputation was ultimately selected.

Variable selection

Once the database was inputted, selecting the most relevant
variables for predicting UTI in kidney transplant patients
was conducted using SelectKBest and Featurewise tech-
niques (Fig. S1).

The variables selected by these two algorithms were dis-
cussed with experts from Colombiana de Trasplantes to vali-
date their relevance and appropriateness. Subsequently, the
Variance Inflation Factor (VIF) was implemented to identify
multicollinearity by assessing the degree of redundancy or
correlation among independent variables. Variables with the
highest VIF values (greater than 11) were excluded, thereby
improving the interpretability and reliability of the resulting
model coefficients.

The variables that remained under these criteria were:
body mass index, mycophenolate mofetil, mycophenolate
sodium, prednisone, deflazacort, tacrolimus level, sex,
hypertension, diabetes mellitus, re-transplantation, and
donor type, ensuring that the resulting dataset was robust
and capable of improving the accuracy of the prediction
model.

Model evaluation

Among the fifteen machine learning algorithms evaluated,
the Random Forest Classifier achieved the highest perfor-
mance. During tenfold cross-validation, it yielded an average
accuracy of 93.57%, an AUC of 94.43%, a recall of 93.57%,
and a precision of 94.32% (Table 1). The low standard devia-
tion of these metrics indicates high model consistency and
minimal overfitting across folds.

Performance metrics per fold are detailed in Table 2,
which shows consistently high values across all

Table 1 Performance metrics and standard deviations for cross-vali-
dation with test data

Metric Mean Standard deviation
Accuracy 0.9357 0.0310
AUC 0.9443 0.0338
Recall 0.9357 0.0310
Precision 0.9432 0.0254
F1-score 0.9353 0.0314
Specificity 0.9529 0.0424

@ Springer



International Urology and Nephrology

Tablg 2_ Cross—val‘idation Fold Accuracy AUC Sensitivity Precision F1-score Specificity
prediction with test data (Recall)
0 0.9537 0.9563 0.9537 0.9576 0.9536 0.9589
1 0.9074 0.9451 0.9074 0.9219 0.9066 0.9828
2 0.9074 0.9078 0.9074 0.9219 0.9066 0.9082
3 0.9439 0.9464 0.9439 0.9464 0.9438 0.9489
4 0.9346 0.9285 0.9346 0.9421 0.9343 0.9224
5 0.8972 0.8955 0.8972 0.9146 0.8960 0.8938
6 0.8972 0.9043 0.8972 0.9086 0.8964 09114
7 0.9907 1.0000 0.9907 0.9908 0.9907 1.0093
8 0.9720 0.9862 0.9720 0.9735 0.9719 1.0004
9 0.9533 0.9733 0.9533 0.9547 0.9532 0.9933
a Table 3 Performance metrics of random forest and XGBoost models
Confusion Matrix on the external validation set
Metric Random forest XGBoost
120 Accuracy 91.67% 90.48%
AUC 92.43% 91.65%
100 Sensitivity 93.10% 91.38%
E Precision 92.50% 89.74%
et
© 80 € Fiscore 92.80% 90.56%
g 50 8 Specificity 94.05% 92.86%
= Comparison of accuracy, AUC, sensitivity, precision, Fl-score, and
40 specificity for both models evaluated on unseen data
20
0 1 ., . . . .
Predicted Label sensitivity of 93.10%, and specificity of 94.05%. In com-
b parison, XGBoost performed slightly lower across all met-

Fig.2 Confusion matrices of the random forest and XGBoost model.
a Random Forest Model: The confusion matrix indicates 142 true
negatives, 128 true positives, 16 false negatives, and 2 false positive.
b XGBoost Model: The confusion matrix shows 139 true negatives,
133 true positives, 11 false negatives, and 5 false positives

indicators. Confusion matrices for both the Random Forest
and XGBoost models are presented in Fig. 2, allowing for a
direct comparison of their classification performance on the
external validation set. The Random Forest model achieved a
higher number of true positives and true negatives, reflecting
a more balanced classification capacity and fewer misclas-
sifications compared to XGBoost.

The external validation set, representing 15% of the
original dataset, was used to assess the generalization
capability of the best-performing models. As shown in
Table 3, Random Forest maintained robust predictive
power with an AUC of 92.43%, accuracy of 91.67%,
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rics, though still within acceptable clinical ranges.

Figure 3 presents the ROC curves for both Random
Forest and XGBoost models in the external validation
set. The Random Forest model consistently outperformed
XGBoost in terms of area under the curve. To evaluate
model calibration, Fig. 4 displays calibration plots com-
paring predicted and observed probabilities. The Random
Forest model demonstrated better alignment, indicating
more reliable risk estimates. Additionally, clinical util-
ity was explored using decision curve analysis (DCA),
shown in Fig. 5. Across a range of decision thresholds,
the Random Forest model offered greater net benefit than
XGBoost, reinforcing its practical value for identifying
patients at risk of UTL.

Lastly, the relative importance of predictors is presented
in Fig. 6, which shows the top contributing variables to
UTI prediction. These include obesity, use of mycopheno-
late mofetil or sodium, donor type, hypertension, diabetes
mellitus, prednisone or deflazacort use, re-transplantation,
tacrolimus level, and recipient sex.
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Fig.3 ROC curves of the random forest and XGBoost model. a Ran-
dom Forest Model: The ROC curve demonstrates an AUC of 94.43%.
b XGBoost Model: The ROC curve demonstrates an AUC of 91.65%

Discussion

The first comparison of machine learning models to predict
urinary tract infection (UTI) in kidney transplant patients
within a Latin American population was conducted. The
results obtained in this study open new opportunities for the
integration of machine learning techniques into the clinical
management of transplant patients. Both models demon-
strated strong performance in predicting urinary tract infec-
tions among kidney transplant recipients. While the Random
Forest model slightly outperformed XGBoost in terms of
discrimination, calibration, and overall predictive accuracy,
the results from both approaches indicate robust generaliz-
ability and clinical applicability. These findings suggest that
either model could be effectively implemented in similar
clinical contexts to support early identification and manage-
ment of UTIs. Additionally, the most significant variables
related to the occurrence of UTI in transplant patients were
identified. In order of importance: body mass index (BMI),

Calibration curve
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Fig.4 Calibration curves of the random forest and XGBoost model.
a Random Forest Model: The calibration curve closely follows the
ideal diagonal, suggesting strong agreement between predicted and
observed probabilities. b XGBoost Model: The curve shows slight
deviation from ideal calibration, particularly at higher predicted prob-
abilities

use of mycophenolate mofetil or mycophenolate sodium,
donor type, hypertension, diabetes mellitus, use of predni-
solone or deflazacort, requirement for re-transplantation,
serum tacrolimus levels, and recipient sex.

Regarding BMI, we found that obesity significantly
increases the risk of developing UTI in kidney transplant
patients. These results are consistent with those recently
described by Sobral Antonelli et al. [8], reporting that
transplant patients with increased abdominal circumference,
visceral fat area, and total fat mass experienced more uri-
nary infections (p=0.014, p=0.020, and p=0.018, respec-
tively). Key mechanisms in the immunological alteration
associated with obesity include hormonal changes, increased
concentrations of insulin and leptin, which have direct con-
sequences on immunometabolism and inflammation, a

@ Springer
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Fig.5 Decision Curve Analysis (DCA) of the final models. a Ran-
dom Forest Model: Displays a consistently higher net benefit across
a wide range of threshold probabilities. b XGBoost Model: Shows
good clinical utility, though slightly lower net benefit compared to
Random Forest

positive regulatory effect on glucose absorption and oxida-
tive metabolism, mainly in T lymphocytes, and an increase
in the number of inflammatory cells (CD8 + lymphocytes,
CDA4Thl and CD4Th17 lymphocytes, and M1 macrophages)
[9]. Additionally, modifications in the composition and
quantity of extracellular vesicles derived from adipocytes
regulate immune activation and systemic metabolism, along
with alterations in the biosynthesis of oxylipins formed from
polyunsaturated fatty acids, which are crucial for controlling
inflammation [9].

Regarding the use of immunosuppressants (including
corticosteroids) may be explained by the risk of infection
by suppressing key components of the immune system and
weakening natural barriers in the urinary tract [10, 11].
In our study, the use of mycophenolate mofetil was more
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important than mycophenolate sodium for predicting UTI.
Regarding the difference between mycophenolate mofetil
and mycophenolate sodium, mycophenolate sodium was
initially designed to reduce the frequency of gastrointes-
tinal symptoms, but not to decrease the risk of UTI [12].
In any case, the use of immunosuppressants remains a
fundamental risk factor, as it is modifiable and allows for
risk reduction through the implementation of appropriate
preventive strategies [13].

The type of donor is also relevant [14]. It is important
to consider that living donors are evaluated beforehand for
bacteriuria prior to the intervention, and it is likely that the
recipient of a living donor requires less immunosuppres-
sion. More research is needed in this case to reach a con-
clusive justification. Some studies have established that the
presence of hypertension or diabetes mellitus increases the
risk of UTI [14]. Diabetes generates multiple alterations
in the immune system response, a previous study suggests
presence of dysfunctional adipose tissue, liver dysfunc-
tion, and skeletal muscle dysfunction collectively contrib-
ute to the increased circulatory levels of proinflammatory
factors [13]. Therefore, strict control of diabetes would
possibly decrease the risk of presenting UTI. Regarding
hypertension, we found it to be an important factor in pre-
senting UTI, some authors propose that these patients have
alterations in their intestinal microbiota profiles [15].

When comparing our results with previous studies,
multiple studies demonstrate the significant role of female
sex in predicting UTI in kidney transplant patients [14].
An explanation for the higher frequency in women is the
shorter urethra length and changes in the urethral and vagi-
nal microbiota associated with the use of immunosuppres-
sants [16, 17]. Our study is consistent with most of the
existing literature. Therefore, one of the most relevant var-
iables in the clinical context of our study is re-transplanta-
tion. Bodro et al. has shown that surgical manipulation of
the urinary tract and UTI caused by MDR organisms have
a higher risk of UTI [18]. Thus, our findings are consistent
with previous evidence regarding the risks associated with
re-transplantation as a risk factor for UTIL.

Our study aligns with previous research on machine
learning for UTI prediction but presents distinct meth-
odological strengths. Taylor et al. and Burton et al. used
XGBoost on large retrospective cohorts, achieving high
specificity (94.9% and 60.93%, respectively) but lower sen-
sitivity (61.7% and 95.2%) compared to our models. Ozkan
et al. tested multiple models, reporting higher accuracy
for ANN (98.3%) but with a small sample size (n=59),
which limits generalizability. Heckerling et al. combined
ANN with genetic algorithms, obtaining lower sensitiv-
ity (82.1%) and specificity (74.4%), relying primarily on
symptom-based predictors rather than transplant-specific
risk factors [6, 7]. These differences highlight the impact
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Fig.6 Feature importance

of the random forest and
XGBoost model. a Random
Forest Model: The most
relevant variables include body
mass index, mycophenolate
mofetil or sodium, donor type,
hypertension, diabetes mel-
litus, prednisone or deflazacort
use, re-transplantation, serum
tacrolimus level, and sex. b
XGBoost Model: The most
influential predictors are similar,
although with slight varia-
tions in the relative importance
assigned to each variable
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of study population, dataset size, and predictor selection
on model performance.

To ensure the effective integration of our predictive mod-
els into clinical practice, it is essential that its outputs are
both interpretable and actionable for healthcare providers.
This study highlights key predictive variables, such as BMI,
immunosuppressant use, and donor type, which are well-
established clinical factors and can be seamlessly incorpo-
rated into existing risk assessment workflows. Additionally,
the model’s predictions could be integrated into electronic
health records (EHR) to enable real-time risk stratification,
supporting early interventions such as closer monitoring or
prophylactic antibiotic strategies for high-risk patients. At
our center, we have implemented visualization tools to pre-
sent predictive insights in a clear and structured manner,
and these have proven to be valuable for clinical decision-
making. We consider the expansion of such tools to be a
crucial step toward enhancing the practical application of
machine learning models in patient care.

10.0186711
0.0171479

.00 0.02 004 006 0.08 010 0.12 0.14 0.16

Importance

However, it is important to consider the limitations
associated with this study. The main limitation is the use
of retrospective data, which can introduce biases related
to the quality and integrity of clinical records. Further-
more, although the models demonstrated robust perfor-
mance with the data used, it is necessary to validate it
in different populations and clinical settings to ensure its
generalizability and effectiveness. The study’s strengths
lie in its high predictive performance. It employs rigorous
methodologies, including robust feature selection and data
balancing, ensuring reliable and clinically relevant results.
Additionally, expert validation of key predictors highlights
the model’s potential for improving patient outcomes and
integrating machine learning into clinical practice. Finally,
the implementation of these models in clinical practice
requires interdisciplinary collaboration among physicians,
data engineers, and health administrators. It is crucial to
develop training strategies and usage protocols that facili-
tate the adoption of this technology, ensuring that the ben-
efits of machine learning translate into tangible improve-
ments in care quality and patient outcomes.

@ Springer
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Conclusion

This study demonstrates the potential of machine learning
in improving early detection of UTIs in kidney transplant
recipients through a strict and systematic methodology. By
applying ML models to a well-defined set of clinical and
laboratory variables, we developed a structured approach for
risk assessment that could support timely interventions and
personalized patient care. While the results are promising,
external validation in diverse populations is needed to con-
firm the model’s applicability. Future efforts should focus on
real-time integration into electronic health records and the
development of decision-support tools to facilitate clinical
adoption, ultimately improving post-transplant management.
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