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Abstract

Urosepsis primarily caused by multidrug-resistant Enterobacteriaceae is a major public health problem due to high
mortality rates and a large diagnostic delay using conventional culture methods. This delay often translates to
inappropriate empirical antibiotic treatment, exacerbating the problem of antimicrobial resistance. This review
determines if ensemble-based machine learning models, especially those that use inflaimmatory markers, can help
bridge this diagnostic gap. Ensemble based tree models, such as Extreme Gradient Boosting, might outperform
traditional models when used to analyze structured clinical data to predict risk more effectively. Using model
interpretability, such as SHapley Additive exPlanations, is a key factor to determine that C-reactive protein,
procalcitonin, and the ratio of procalcitonin to albumin are key predictors. Implementing these transparent, data-
driven systems may facilitate implementation of precision antimicrobial stewardship. By closing this diagnostic
window ultimately enables individualized therapeutic interventions, minimizing the inappropriate second-line
antibiotic use and improving patient survival rates.
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Introduction

Urosepsis is a life-threatening systematic inflammatory response to infections arising from the urinary system
or genitalia which often leads to organ dysfunction. It represents approximately 25% of all cases of sepsis and has
a high mortality rate of 30-40% [1]. Which can escalate to 60% in specific, highly vulnerable populations [2]. The
microbiological spectrum of urosepsis is overwhelmingly dominated by the Enterobacteriaceae family. These
pathogens are the most significant cause of morbidity and mortality in patients with urosepsis and are responsible
for the majority of systemic urologic infections [3]. Over time, the complex evolutionary adaptations of this
bacterial family have driven the emergence of multidrug-resistant organisms (MDROs), which are considered to
be bacteria that are resistant to three or more antimicrobial classes. The emerging resistance is a significant global
public health threat with 700,000 deaths annually worldwide, with 200,000 of those deaths being newborns [4].
When looking at the particular group of septicemia cases, Escherichia coli (E. coli) is the predominant causative
pathogen associated with urinary tract infections acquired both in the hospital and the community, accounting for
80% of all cases of uncomplicated urinary tract infections [5]. E. co/i comprises 61% of the blood culture isolates
of specific septicemia cases. Although E. ¢o/i appears to be the most common pathogen, especially among female
patients, the antimicrobial resistance profile of E. co/i appears to be worsening rapidly. In fact, 50% of the E. co/i
isolates display resistance to at least one antibiotic, while 13% to 25.4% display resistance to trimethoprim-
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sulfamethoxazole. From a mechanistic perspective, the development of extended-spectrum beta-lactamase (ESBL)
resistance appears to represent a significant change in the therapeutic paradigm for Enterobacteriaceae. This
appears to develop primarily as a result of the acquisition of plasmids that produce beta-lactamase, which
breakdown the amide bond of the beta-lactam ring [6]. Furthermore, these plasmids, especially those carrying the
genes for cefotaximases, tend to be horizontally transmitted along with resistance genes for aminoglycosides and
fluoroquinolones, creating a robust multidrug-resistant (MDR) profile [7]. Indeed, the rising trend of resistance is
substantially triggered by the dissemination of the ST131 lineage and ESBL genes globally [8]. Thus, the levels of
ESBL production among urinary E. /i infections have reached alarming rates, with resistance rates as high as 79%
in Tirkiye and 64% in Egypt [9]. Kiebsiella pnenmoniae is the second most frequently isolated uropathogen, with rates
ranging from 11.1% to 15.7% in different clinical settings [10]. In intensive care unit (ICU) settings, Klebsiella
pneumoniae has established itself as a major concern, responsible for 65.9% of bacteriuria that often progresses to
systemic shock. The high virulence and resistance capacity of Klebsiella pnenmoniae are attributed to specific enzymes
such as Klebsiella pneumoniae carbapenemase (KPC) and New Delhi metallo-beta-lactamase (NDM-1), which have
been directly linked to the failure of carbapenem-based regimens in treating life-threatening infections. The
widespread effect of this pathogen on a global scale is reflected in the 790,000 deaths recorded in 2019,
underscoring the recurring inability of conventional empiric regimens to treat this infection effectively [11]. Proteus
mirabilis adds another layer of complexity to the problem of urosepsis, being one of the most prominent members
of this group and the major contributor of catheter-associated urinary tract infections (CAUTIs). This bacterium
also presents unique challenges for therapy, given its inherent resistance and capacity for the acquisition of
additional resistance mechanisms [12]. In contrast, less virulent species, such as Ewnterococci and Pseudomonas
aeruginosa, are more commonly seen in immunocompromised patients, while the remaining 16% of blood culture
isolates consists of other minor Enterobacteriaceae species.

Infections from these MDR Enterobacteriaceae are very unpredictable, with mortality rates for patients with
MDR urinary tract infections ranging from 40 to 50%. In cases involving the bloodstream, the mortality rate can
increase to as high as 70% [1]. Since these organisms can tolerate conditions that are exposed to significant
antimicrobial pressure, the effectiveness of traditional antibiotics can be diminished. This changing environment
creates a critical diagnostic gap, as the identification of MDROs can be difficult. Traditional phenotypic and
culture-based diagnostic methods, although considered the gold standard, work-intensive and require
approximately more than 48 hours to yield actionable antimicrobial susceptibility results [13]. Consequently,
clinicians are often required to use broad-spectrum empirical therapy on an appropriate basis during this waiting
time period, may have a chance of negative patient outcomes [14]. Conversely, delays in intervention and treatment
not only worsen clinical outcomes but also contribute to the escalating global antimicrobial resistance crisis, which
highlighting the need for rapid, predictive, data-driven diagnostic tools [15]. Eatly recognition of systemic
inflaimmation is therefore critical to guide timely targeted therapy, prevent disease transmission, and reduce the
high mortality burden associated with these conditions [16]. Inflammatory laboratory biomarkers such as C-
Reactive Protein (CRP) and Procalcitonin (PCT), are integral to this eatly clinical decision-making process.
Notably, the PCT/Albumin ratio (PAR) has been shown to act as a reliable predictor with an 84.62% sensitivity
and 96.0% specificity at identifying bacteriuria [17]. Nevertheless, conventional scoring systems such as the
Sequential Organ Failure Assessment (SOFA) score have shown considerable limitations in the diagnosis of eatly
sepsis due to their low sensitivity and high false-negative rate [18]. Although the clinical utility of individual
biomarkers and scoring systems is increasing, the complexity in diagnosing sepsis using these biomarkers alone
still cannot be resolved effectively, leading to considerable gaps in diagnosis that hinder the implementation of
appropriate eatly interventions [19].

In order to overcome these limitations, advanced ensemble-based machine learning (ML) models have emerged
as potential solutions. Unlike traditional linear scoring systems, ML models process high-dimensional electronic
health records—including vital signs, historical antibiotic exposure, and dynamic biomarker fluctuations to identify
complex, non-linear clinical patterns. By iteratively learning from vast datasets, these algorithms optimize clinical
decision support by calculating specific outcome probabilities and may support earlier risk stratification while
conventional culture-based results are pending [20]. Among these methods, Extreme Gradient Boosting
(XGBoost) has shown promising predictive performance in urosepsis and related urinary tract infection outcomes.
In a study of critically ill patients with urosepsis, XGBoost demonstrated the highest predictive performance
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among the evaluated models, with an Area Under the Receiver Operating Characteristic (AUROC) of 0.904 in the
training cohort and 0.869 in the internal validation cohort [2]. Its ability to model non-linear relationships and
interactions among clinical variables, together with regularization strategies that help control overfitting, makes it
a relevant candidate for clinical prediction. Its ability to model non-linear relationships and interactions among
clinical variables, together with regularization strategies that help control overfitting, makes it a relevant candidate
for clinical prediction. Thus, comparative evaluation of ensemble machine learning architectures is important for
assessing their performance in predicting multidrug-resistant Enterobacteriaceae urosepsis using clinical,
laboratory, and relevant biomarker data. The incorporation of data-driven predictive systems into the clinical
workflow and electronic health records systems has the potential to enhance precision antibiotic stewardship
through the early prediction and optimization of patient care. This review analyze the potential clinical usefulness
of ensemble machine learning models for the early prediction of urosepsis due to MDR Enterobacteriaceae.
Specifically, the present objectives are related to finding out how first obtaining dynamic inflammatory markers
and employing clever methods of feature selection enhance risk assessment before traditional culture results are
available and considers the potential role of explainable artifical intelligence systems will help in converting
complex predictions into clear, practical clinical decision support systems. Utimately, this review seeks to outline
pathways for bridging the diagnostic delay and advancing precision antimicrobial stewardship.

Materials and Methods

Search Strategy

A comprehensive literature review was performed to explore the use of ensemble machine learning
architectures for the prediction of multidrug-resistant Enterobacteriaceae urosepsis. Relevant studies were
identified through a search of the major electronic data bases, including PubMed, Scopus, Web of science,
ScienceDirect and Google Scholar. To provide a comprehensive understanding of the basic biomarker literature,
as well as the prevailing trends in prediction algorithms, the investigation has been limited to eligible literature
published between January 2010 and February 2026 was considered. Each research database has been interrogated
with the utilization of relevant combinations of the standardized vocabulary (if existent), keywords used in the
literature, and Boolean filtering combined with language filtering and filtering relating to the type of publications
offered by the respective platform. A comprehensive analysis of the search formulations used in each database is
presented in Table 1, MeSH terms were employed only in the PubMed search since MeSH is unique for PubMed,
and so we utilized equivalent free-text terms in other databases using the same Boolean operators.

Selection and Description of Literature

To ensure a focused and reproducible review, we followed strict eligibility criteria for literature selection that
are relevant to the review. we included English-language research, clinical validations, and reviews evaluating tree-
based ensemble architectures for predicting infection, septic shock, or multidrug resistance. Eligible studies were
required to integrate structured electronic health records or dynamic inflammatory biomarkers, such as C-Reactive
protein, Procalcitonin, or the Procalcitonin/albumin ratio into their predictive models. Random Forest and
XGBoost were selected specifically as search terms because they are well known types of bagging- and boosting-
based ensemble methods which are frequently tested in predictive tasks involving structured clinical data and
electronic health records. We excluded non-English texts, preprints, isolated case reports, and purely theoretical
computer science papers without direct clinical applications to infectious disease management.
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Table 1: Database-specific search strategies, Boolean combinations, MeSH terminology, and filters applied in the
literature search

Database Search String MeSH Terms Applied Filters Applied
PubMed ("Sepsis" OR "Urinary Tract Infections") | Sepsis; Urinary Tract Infections; Language: English;
AND "Enterobactetiaceae” AND "Drug | Enterobacteriaceae; Drug Document type:
Resistance, Multiple, Bactetial" AND Resistance, Multiple, Bacterial; Clinical Study,
("Machine Learning" OR "Ensemble Machine Learning; Procalcitonin; C- | Review; Year
models" OR "XGBoost" OR "Random Reactive Protein; Antimicrobial range: 2010-2026
Forest") Stewardship
Scopus TITLE-ABS-KEY(("sepsis" OR "urinaty | Not applicable Language: English;
tract infection") AND Document type:
"enterobactetiaceae" AND "multidrug Article, Review;
resistant” AND ("machine learning" OR Year range: 2010-
"ensemble model" OR "XGBoost" OR 2026
"random forest"))
Web of TS=(("sepsis" OR "urinary tract Not applicable Language: English;
Science infection") AND "enterobacteriaceae" Document type:
AND "multidrug resistant" AND Article, Review;
("machine learning" OR "ensemble Year range: 2010—
model" OR "XGBoost" OR "random 2026
forest™))
ScienceDirect | (sepsis OR "urinary tract infection") Not applicable Language: English;
AND enterobacteriaccae AND Document type:
"multidrug resistance" AND ("machine Research article,
learning" OR "ensemble model" OR Review; Year
XGBoost OR "random forest") range: 2010-2026
Google "urosepsis" "multidrug resistant” Not applicable Language: English;
Scholar "Enterobactetiaceae" "machine learning" Year range: 2010—
("XGBoost" OR "Random Forest") 2026; patents and
citations excluded

Applications of Ensemble Machine Learning Architectures

The application of ML models has become increasingly vital for addressing the critical more than 48 hours
diagnostic gap in urosepsis by enabling early risk stratification and precision antibiotic stewardship through the
integration of inflammatory biomarkers, such as CRP, PCT, and the PCT/Albumin ratio. These models evaluate
dynamic clinical indicators including urea nitrogen, urine output, and alkaline phosphatase alongside prior
antibiotic exposures to predict significant adverse prognostic events and resistance profiles. For the specific
prediction of MDR Enterobacteriaceae urosepsis, ML classifications predominantly feature tree-based ensemble
architectures, notably Random Forest (RF) and XGBoost, alongside baseline algorithms like logistic regression
and support vector machines. From the body of the literature, a set of primary validation studies were identified
as directly meeting the clinical criteria for predicting urosepsis, urinary tract infections, and associated multidrug-
resistant Gram-negative bacterial infections using structured electronic health records and laboratory biomarkers.
These primary studies are compiled, evaluated, and contrasted in Table 2.

Recent studies have demonstrated the application of machine learning to predict infection-related outcomes,
antimicrobial resistance, and clinical risk in UTT and urosepsis. Among the evaluated methods, tree-based ensemble
algorithms, particularly RF and XGBoost, have shown promising predictive performance across several clinical
applications. Wei et al. developed and internally validated algorithms for predicting prognosis in critically ill patients
with urosepsis. Random Forest, LASSO, Boruta, and XGBoost were used for variable identification and feature
selection, followed by comparison of seven machine learning algorithms. XGBoost demonstrated comparatively
better performing model, achieving an AUROC of 0.904 in the training cohort and 0.869 in the internal validation
cohort, with SHAP analysis used to interpret the model predictions [2]. Tolan et al. evaluated Random Forest and
CatBoost models using 691 clinical E. coli isolates to predict antibiotic resistance, with Random Forest showing
comparatively higher predictive performance among the evaluated models [9]. Pan et al. developed and validated
a model to predict MDR-K. pneumoniae-related septic shock in 1,385 patients. LASSO regression and Boruta
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were used to identify seven predictors, after which seven machine learning methods were evaluated. Logistic
regression was selected as the optimal model, achieving an AUROC of 0.906 and 0.865 in the training and
validation cohorts, respectively [14]. Similarly, Almalki et al. evaluated XGBoost, LightGBM, Random Forest, and
HistGradientBoostingClassifier for predicting antimicrobial resistance using (Electronic Health Record) EHR-
derived variables, with XGBoost achieving an AUROC of 0.902 [20]. Rich et al. developed decision tree, boosted
logistic regression, and Random Forest models using EHR data from 9,990 patients to predict resistance to
sulfamethoxazole-trimethoprim (SXT), nitrofurantoin (NIT), ciprofloxacin (CIP), and multidrug resistance, with
AUROC:s ranging from 0.58 to 0.66 across the evaluated outcomes [21]. Yang et al. have developed interpretable
machine learning models by means of logistic regression, XGBoost, TabNet, and TabNetself to predict non-
susceptibility to antibiotics including NIT, SXT, CIP, and levofloxacin (LVX) in complicated UTIs with XGBoost
showing the best overall predictive performance among the other models [22].

Ultimately, Choi et al. validated Al models for predicting UTI and urine culture results and the risk of
bloodstream infection in the course of an urinary tract infection with XGBoost yielding AUROC values of 0.967
and 0.955, respectively [23]. Collectively, these studies illustrate the potential in the use of machine learning,
particularly XGBoost for infection-related risk and antimicrobial resistance prediction. XGBoost appears
promising across several studies, although its performance varies with the dataset and modelling strategy. Thus,
no single algorithm can be considered universally superior. XGBoost may represent a strong candidate when it
comes to biomarker-integrated prediction and early risk stratification, while its clinical utility in antibiotic selection
and patient care requires prospective validation.

Table 2: Comparative Summary of Machine Learning Studies in Infection Management: Data Characteristics,
Predictors, Model Performance, Validation, and Clinical Outcomes.

Model/
Study S](?:;::e Sasrir;;e)le SF;:;EZ; Predictors AUROC / Validation Outcome
SHAP
Weiet |MIMIC-IV |n=1,389 LASSO Age, vital XGBoost Internal Major adverse
al. v3.1 (Beth | urosepsis regression and | signs, prior AUROC: 0.904, |validation on | prognostic
(2025) Israel ICU patients | Boruta comorbiditie- |F1: 0.791. 30% holdout | events & 28-
2] BIDMC, (70% train | algorithm for |s, urine SHAP test set; cross- | day mortality
2008-2022) | [n=980], variable output, global/local validation in  |in ICU
30% test reduction biochemical  |interpretability |LASSO
[n=403]) biomarkers
Tolan et | Umraniye n=691 Clinical Demographics | Random forest; | 10-fold cross- | Multidrug
al. General postoperati- | domain , patient age, | CatBoost validation on | resistance
(2025)  |Surgery ve E. coli selection surgery ward, [AUROC:0.99 | test partitions | (MDR)
[9] Clinic, isolates based on previous for some classification
Istanbul (10- postoperative | antibiotic use | antibiotics in
yr EHR) metadata SHAP global postoperative
feature rankings E. coli
Lee et | Multi-centre |n=206,087 Multivariable | 105 variables: |RF AUROC: Prospective Pathogen
al. cohort, adult UTT regression prior UTI 0.941 (NIT), temporal susceptibility
(2024) |Hong Kong | patients selection + history, 0.939 (SXT), validation on | to NIT, SXT,
[10] (teaching (77.6% train | clinical expert |previous drug |0.937 (CIP). independent | CIP, LVX
and [2015-19], consensus susceptibility | SHAP XAI 2020 cohort
community | 22.4% test
hospitals) [2020])
Khorasa |Isfahan n=150 P. Wavelet-based | Radiomics RF ACC: 0.95, |5-fold cross- | Biofilm-
ni et al. | University | mirabilis feature features, Spec: 0.97, Sens: | validation forming
(2024) |clinical CAUTI extraction and | microscopic | 0.88, AUC: 0.98 capacity &
[12] laboratory | catheter radiomics morphologic- antibiotic
database strains selection al metrics resistance
profiles
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Model/
Study Slc?l?rtje Sasrir;lz le SFe?:ct:lii)en Predictors AUROC / Validation Outcome
SHAP
Mengsir | Thatphano- |n=624 RFECV, SES, |41 features: Ensemble 5-fold cross- | Carbapenem-
ietal. m Crown MDR-GNB |SelectKBest, | prior drugs, AUROC: 0.933, |validation with | resistant and
(2025) | Prince patients and Variance |length of stay, |TabNet GridSearch MDR-GNB
[13] Hospital, (80/20 Threshold devices, ward | AUROC: 0.883. | hyperparame- | carriage
Thailand train/test SHAP local XAI | ter tuning prediction
split)
Pan et |Huai'an No. |n=1,385 LASSO 99 variables: | XGBoost Internal 10- Septic shock
al. 1 People's MDR regression and | demographic, |AUROC: 0.913, | fold cross- risk and
(2025) | Hospital, Klebsiella Boruta feature |SO2, pH, RF: 0.931. validation on | hemodynami-c
[14] Nanjing pneumoniae | selection HCO3-, CRP, |SHAP feature |test partition |deterioration
Med Univ  |infected PCT, BUN importances
patients
Almalk-i | Stanford n=1,000 Delta feature |11 XGBoost, Independent | Bacterial
et al. Dryad cohort exclusion comorbidity | LightGBM, and |20% holdout | susceptibility
(2025) |ARMD (Merged (>99% domains, RF AUROC: test partition | to beta-
[20] EHR dataset: missing); medication 0.902. SHAP validation lactams and
database 4,982,642 clinical history, XAI fluoroquinolo
(2025) rows) (80/20 | reduction median vitals nes
split)
Rich et |UF Health [n=9,990 Univariable Sex, UTI Moderate BLR | K-fold cross- | Predicting
al. Integrated clinics screening history, AUROC: 0.58- | validation with | SXT, NIT,
(2022) |Data cohort EHR | followed by catheterization | 0.66. No SHAP | caret package |CIP, and
[21] Repository, |records (2- | backward , renal disease, |implemented multi-drug
Florida decade stepwise dementia, resistant UTTs
database) elimination HTN
Yang et | Mass n= 101,096 |Feature Prior XGBoost Temporal NIT, SXT,
al. General and | samples selection antibiotic AUROC: 0.686— | validation CIP, and LVX
(2023) |Brigham & | complicate-d | based on prior | resistance, 0.793 across across clinical | non-
[22] Women's and exposures and | prior exposure | NIT, SXT, CIP, | cohorts susceptibilit-y
Hospital, uncomplicat | EHR windows, and LVX;
Boston ed UTI covariates comorbiditie-s | TabNet: 0.662
cohorts
Choi et | Gangnam Dev: 10-parameter | Automated XGBoost UTT | External Urine culture
al. Severance n=259,187; |reduced urinalysis, AUROC: 0.967, | validation on | positivity and
(2024)  |Hospital, Ext Val: clinical model | daily CBC UT-BSI: 0.955. |independent |secondary
[23] Yonsei, n=062,255 feature (monocyte, SHAP plots secondary bloodstream
Seoul adults selection WBC, CRP, cohort infection
vitals)

Methodological Considerations for Ensemble Models in Biomarker Integration

Evalnation of Ensemble Machine 1 earning Models

Extreme Gradient Boosting, an advanced version of Gradient Boosted Decision Trees (GBDT), has emerged
in several reviewed studies as a strong-performing architecture for high-dimensional clinical integration in the
prediction of antimicrobial resistance. According to systematic review results, the GBDT model has a mean
AUROC of 0.80; however, the performance range is consistent at 0.77-0.90 for a real-world setting [24]. For
example, a study was conducted on the development of a prognosis prediction model for urosepsis patients using
the MIMIC-1V (Medical Information Mart for Intensive Care) database. In the study, the developed model showed
the highest performance with an AUROC of 0.904; the model was able to capture complex interactions among
variables such as urine output, age, and biochemical markers compared to other models such as RF and logistic
regression [5]. This capability is further validated in comparative clinical trial studies in which XGBoost showed
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better prediction capability in resistance to co-amoxiclav and piperacillin/tazobactam compared to conventional
clinical evaluation and five-factor risk score approaches [25].

The Random Forest architecture, although robust in design, has a lower mean AUROC score of 0.75 with a
broader range from 0.58 to 0.98 in different clinical studies [24]. Despite this variance, large-scale measure confirm
that RF performs significantly better than logistic regression in approximately 69% of binary classification tasks
[26]. In studies predicting E. coli resistance and urosepsis encounters, RF models achieved median accuracy and
F1-scores of approximately 0.90, outperforming Naive Bayes and neural networks. While RF can reach a peak
AUROC of 0.90 specific narrow phenotypes, such as ampicillin and ertapenem resistance, it remains more
susceptible to performance variance when integrated with broad EHR data [9]. However, recent advancements in
deep learning have introduced competitive alternatives, Graph Neural Networks (GNNs), which have
outperformed individual RF models by incorporating topological features of patient-healthcare worker
interactions, achieving an AUROC of 0.93 compared to the 0.86 achieved by RF in similar cohorts [27].

While logistic regression has the advantage of being more robust against overfitting, especially for smaller data
sets such as the prediction of septic shock from MDR Klebsiella pneumoniae infections, larger data sets have
consistently shown the superiority of the ensemble methods (RF and XGBoost) for the prediction of septic shock
and other rare outcomes such as MDR infections [6].

Even though the ensemble machine learning methods have shown considerable advantages compared to other
algorithms, XGBoost showed comparatively better-performing method for the management of MDR urosepsis
prediction because of the use of L1 and L2 regularization for the prevention of overfitting, especially for high-
dimensional datasets; however, its performance may vary across datasets and modelling strategies. Perhaps the
most critical advantage of the XGBoost method, however, has been the demonstration of the highest recall rate
of 88% for resistant cases, ensuring that such infections are addressed promptly and the catastrophic consequence
of failure to diagnose resistance is avoided [12]. In a direct comparison using the Antibiotic Resistance
Microbiology Dataset, XGBoost produced the better performance in terms of AUROC of 0.902, outperforming
the Random Forest model, which produced a performance of 0.876 [5]. Furthermore, the GBDT model is
technically more appropriate to capture the complex relationships between inflammatory markers like PCT and
CRP, making the model a good engine for data-driven precision medicine in diagnosis and antibiotic stewardship.

Performance Metrics across Tabular Clinical Manifolds

Ensemble learning models outperform Deep neural networks (NNs) on the structured, tabular manifolds that
are characteristic of clinical datasets. There exists evidence that, while deep learning techniques are known to
perform exceptionally well on unstructured data, such as images that display smooth spatial patterns, NNs are
generally found to be overparameterized, lacking the specific inductive biases that are needed to converge to the
optimal solution on tabular datasets [22]. This problem is further compounded by the fact that NNs are “black-
box” models, meaning that they are not transparent about how they operate, unlike the tree-based structures that
are characteristic of ensemble learning techniques [28]. Moreover, the heterogeneous features and irregular target
functions of tabular clinical data are difficult for neural networks to learn. Neural networks have rotational
invariance and an inherent bias towards learning over smooth functions. This limits their performance on features
with unique semantic meaning, like age and biomarker levels. In contrast, tree-based ensemble models have been
successful in learning this task because they have independent feature learning, preserving the orientation of the
input data to learn the piecewise constant decision boundaries characteristic of antimicrobial resistance [29]. This
same independent feature learning also make these models are naturally robust to uninformative features and
multicollinearity, allowing them to fit the “rough” patterns typical of healthcare datasets where NNs often fail to
converge or generalize.

Several studies verify this claim of superiority through comparative analysis of the paradigms, and most of them
report the better performance of GBDT and RF in comparison to logistic regression and neural networks on
structured electronic health records data. While accuracy, sensitivity, and specificity are commonly reported, the
AUROC is commonly cited as the most important evaluation metric for these machine learning-based models [30].
Therefore, XGBoost and RF may perform competitively in some medium-sized clinical datasets, it is important to
assess their performance against other alternative methods in the specific population and prediction task.
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Feature Selection: Boruta and L. ASSO in Biomarker Integration

The use of dimensionality reduction techniques, such as LASSO regression and the Boruta algorithm, plays a
vital role in the identification of high-impact predictors for high-dimensional urosepsis data. LASSO regression
helps in the identification of vital parameters by reducing the coefficients of less informative variables to zero,
which helps avoid multicollinearity and overfitting. In a similar term, the use of Lasso shrinkage has been successful
in identifying high-value predictors for electronic health records for the estimation of the risk of antibiotic
resistance for hospitalized patients [31]. In comparative evaluations of variable selection methods for omics data,
Boruta was identified as the most powerful and sensitive approach for detecting causal variables [32].
Consequently, by using SHAP to interpret the results, we can see that the model heavily relies on specific biomarker
concentrations, with high starting PCT levels and the PAR frequently ranking as the top predictors. During the
process validation of the XGBoost model, removal of prior antibiotic resistance data and biomarkers resulted in
the reduction in predictive performance of AUPRC (Area Under the Precision-Recall Curve), indicating that
historical resistance data constitutes the most influential predictor MDR Enterobacteriaceae [22]. Therefore, by
integrating these selected features, ensemble models bridge the diagnostic gap and facilitate data-driven precision
antibiotic stewardship.

Synergistic Biomarkers: The Raw Signal for ML Models

The recognition of systemic inflammation is fundamental for to urosepsis management, as the worsening of a
simple urinary tract infection to life-threatening organ failure is primarily being facilitated by the host's pro-
inflaimmatory cascade. While cultures remain the gold standard for definitive diagnosis, their inherent time delay
necessitates the use of rapid laboratory biomarkers to provide a “raw signal” for both clinical decision-making and
machine learning integration. Among these biomarkers, CRP and PCT have been the most widely used biomarkers
for the diagnosis of bacteriuria and rule-out testing in ICU settings. PCT has shown an AUROC of 0.884 for the
detection of bacteriuria, while CRP has shown significantly higher sensitivity (90.1%) and negative predictive value
(93.0%) compared with PCT (83.1% and 90.2%, respectively). This indicates the potential of CRP as an effective
biomarker for rule-out testing [33]. However, taking into consideration the equivalent diagnostic capabilities of the
two markers within the general population, clinical consensus has been reached that the simultaneous detection of
the two markers is more advantageous than the individual detection of the two markers. This enhances the
diagnostic accuracy significantly and allows clinical interventions up to 48 hours before the culture results.

Apart from these standard markers, PAR has appeared as a unique and reliable independent biomarker for the
distinction of urosepsis from acute pyelonephritis. The ideal clinical cutoff value is >0.44, which shows a sensitivity
of 84.6% and a specificity of 96.0%. The exceptionally high specificity is of considerable value for the proper use
of antibiotics as it helps in the accurate stratification of high-risk patients and avoids the misuse of broad-spectrum
antibiotics in low-risk patients [34]. Moreover, PCT is an essential factor in predicting the occurrence of bacteremia
and the load of bacteria in pyelonephritis, and it is observed that a PCT of <0.25 pg/L is adequate to exclude
bacteremia [35]. Furthermore, studies carried out in tertiary healthcare centers observed that 97.1% of patients
with urosepsis have PCT levels of more than 2.0 ng/mL, thus proving the reliability of PCT as an indicator of
bacterial load [306].

In order to complement these biochemical markers, the SOFA score has commonly been utilized for assessing
the extent of organ dysfunction in patients with sepsis, providing a quantitative measure for assessing the
progression and resolution of disease. The incorporation of PCT levels with the SOFA score has the potential for
improving the prediction accuracy for therapeutic interventions in uroseptic shock patients [37]. These biomarkers
serve as a highly precise raw signal for advanced machine learning models, which include gradient boosting decision
trees that have utilized Postoperative PAR as a major predictive feature for model development, with model
AUROC values as high as 0.90. The SHAP analysis has identified these features as part of the top five predictors
for urosepsis, providing a highly transparent and clinically relevant model for assessing disease progression [27].
This integration with ML frameworks allows for the precision medicine paradigm, which enables the move from
the empirical standardized approach to a personalized risk stratification approach, thus reducing the diagnostic
delay.
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Clinical Utility and Decision Support Systems

Real-Time Risk Categorization

The clinical utility of machine learning improves the prediction and management of urosepsis by converting
complex information from the electronic health record data into a risk stratification framework that may provide
eatlier risk stratification before conventional cultute results become available and could potentially inform empitic
antimicrobial decision-making. These frameworks categorize clinical isolates by the probability of non-
susceptibility to a specific antimicrobial agent, based on predetermined probability thresholds. The inclusion of a
low-risk category ensures a 20% false negative rate, which safeguards the initial empiric therapies. Patients with
resistant isolates have a significantly higher probability of being classified as high risk, which provides a robust
warning for clinicians. Such models may have potential implications for antimicrobial stewardship and resource
utilization; however, their effects on treatment decisions, healthcare costs, and patient outcomes require
prospective evaluation [34]. The predictive capability for outbreak detection provides a positive impact on the
reduction of economic costs and patient survival. By using real-time data, it allows for accurate and specific
diagnosis and treatment planning in both community and hospital setting.

Interpretability via SHAP

In order to encourage the use of clinical models and develop trust among healthcare practitioners, it is vital to
address the problem of the “black box™ that exists with complex algorithms, which is achieved with the help of
advanced interpretability tools like SHAP. The values generated by SHAP help explain the clinical model by
showing how each clinical feature, like the Procalcitonin/Albumin ratio, age, and urine output, contributes to a
particular prediction made by the model. Global interpretability is achieved with the help of summary plots that
show how each clinical feature contributes, on average, to the model, highlighting postoperative
Procalcitonin/Albumin ratio and Interleukin-6 as key contributors for urosepsis risk [38]. This also suggests that
clinical and non-clinical factors have a significant influence on the prediction made by the model for
Enterobacteriaceae colonization. The use of SHAP allows healthcare practitioners to understand the rationale for
high-risk scores by relating them to relevant biological variables and informing hemodynamic optimization
strategies.

Quantifying Impact on Antimicrobial Stewardship

The current global pandemic of antimicrobial resistance is a direct result of diagnostic delays, which in turn
lead to the overuse of broad-spectrum antimicrobials, thus highlighting the need to improve the current
antimicrobial stewardship program. However, the addition of machine learning-based systems significantly
strengthens this program by reducing the misuse of empirical antimicrobial agents and moving towards a more
personalized rather than standardized antimicrobial prescribing program. Constrained machine learning allows the
healthcare system to minimize the rate of mismatched treatment by over 30%, while maintaining the target
distribution of drug usage [23]. Specific algorithmic applications, such as the XGBoost model, have further
demonstrated the potential to decrease the over-prescribing of broad-spectrum agents by over 41% while
maintaining rigorous safety levels for high-risk patients [24]. Apart from the elimination of over-prescribing, the
predictive tools also act as decision aids that incorporate optimized second-line agents, such as fluoroquinolones,
and have shown better therapeutic selection compared with conventional practices [22]. In addition, the predictive
tools also reduce the overall unnecessary treatment with antibiotics by 18%, while the coverage rates are maintained
at the same level. The benefits are also evident, especially for vulnerable groups, with the predictive tools allowing
for the escalation of treatment for 20.83% of pediatric and complex urinary tract infections, ensuring that high-
risk patients receive the appropriate treatment up to 48 hours eatlier than conventional culture methods [39].
Furthermore, this is supported by the value of these interventions through the use of a decision curve analysis,
which shows that machine learning-informed approaches provide a greater net benefit within a certain range of
probabilities compated to universal prophylaxis [4]. Thus, these developments improve patient safety on the
individual level and resource allocation on the institutional level through a precision-based framework for the
management of infectious diseases.
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Discussion

Methodological Limitations and Reporting Standards

The combination of ensemble machine learning strategies with inflammatory biomarkers marks a big
improvement over the traditional scoring systems, but a thorough assessment of evidence shows that important
methodological limitations still persist. The methods used in the studies included in Table 2, is mostly based on
electronic health record data, which brings the risk of selection bias and incomplete data. In most cases, the
methods used for handling missing biomarker variables are often inadequate and poorly elaborated, since any
wrong imputation will lead to the detection of data leakage during the process of tuning. Moreover, several
methods lack appropriate external validation, obtaining a maximum estimate of forecasting accuracy only through
means of internal cross-validation. To convert in to practical clinical application of these predictive models in
future research, standardized principles of reporting should be strictly adhered to TRIPOD-AI (Transparent
Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis—Artificial Intelligence) and
PROBAST-AI (Prediction model Risk of Bias Assessment Tool for Al) with the focus on transparency of the
calibration and the validity issues of the models being developed.

Biomarker Heterogeneity and the Cutoff challenges

Inflammatory biomarkers such as CRP, PCT, and the PCT/Albumin ratio provide significant raw signals, their
clinical interpretation is very complex. It is hard to determine just one perfect cut-off point for these biomarkers
because biological processes do not shift radically and instead are seen as a risk continuum absolutely. Therefore,
several retrospective datasets will lead to totally different cut-offs depending on the type of cohort. Moreover,
CRP and albumin levels are influenced by multiple clinical confounders, including hepatic function, nutritional
status, fluid resuscitation, and non-infectious systemic inflammation. There are many variations in the hepatic
function, nutritional status, fluid resuscitation volume, and non-infectious systemic inflammation. It is important
to take all the confounding variables into consideration.

Variation in M1 Architectures and Performance Metrics

The assertion that tree ensemble models always outperform neural networks when it comes to tabular clinical
data is not straightforward. Although XGBoost and Random Forest are indeed very useful tools, recent
developments in deep learning models for tabular data like TabNet and TabPFN have proven to have great
performance that incorporates decision tree-like elements into neural networks. Additionally, most of the
evaluation of those models focuses too much on AUC and accuracy. In MDR Enterobacteriaceae urosepsis case,
where the significant class imbalance affects evaluation (multidrug resistant cases represent a smaller class), those
metrics may not be useful. So rigorous evaluation must prioritize calibration curves, Positive and Negative
Predictive Values (PPV/NPV), and threshold-dependent decision metrics that account for prevalence dependence
to ensure clinical safety.

Rethinking Explainability in Al

The application of explainable Al (XAI), in particularly SHAP, is frequently oversimplified in clinical literature.
Recent appraisals argue that XAl research is often built on ill-defined objectives, warning that popular explanation
methods are frequently incapable of answering causal clinical questions. In high-dimensional data, SHAP value
may attribute high importance to variables that are not direct causal relationship with urosepsis or resistance, but
confounded with them via indirect statistical associations, collider effects, or suppressor variables. while SHAP
provides transparency into the mathematical functioning of the model, the identified features may be scientifically
irrelevant, necessitating cautious clinical interpretation.

Clinical Deployment and Regulatory Governance

The ultimate utility of these predictive algorithms hinges on overcoming significant deployment hurdles.
Retrospective high performance must be substantiated through prospective clinical trials and decision curve
analysis to quantify the true net clinical benefit compared to standard universal prophylaxis. Furthermore,
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integration into live clinical workflows requires robust Al governance to foster clinician trust and mitigate alert
fatigue. From a regulatory perspective, navigating the deployment of Al as a Software as a Medical Device (SaMD)
requires adherence to emerging legal frameworks, such as the EU Al Act (European Union Artifical Intelligence Act),
which classifies medical Al as high-risk. Similatly, rigorous clinical evaluation may require alignment with strict
investigational frameworks, such as navigating FDA regulations under 21 CFR 312.40 for investigational new drugs
(IND) if the Al directly guides the administration of unapproved therapeutic regimens or novel investigational
dosing strategies. Thus, to overcome existing translational gap requires a multidisciplinary approach that integrate
data science, clinical pharmacology, and regulatory compliance.

Conclusion

Current evidence indicates that ensemble machine learning methods, including XGBoost in several reviewed
studies, show promise for the eatly prediction and risk stratification of multidrug-resistant Enterobacteriaceae
urosepsis through integration of clinical, laboratory, and relevant biomarker data. However, their performance
varies across datasets and modelling techniques, and the predominantly retrospective evidence is insufficient to
establish clinical utility or improved patient outcomes. Prospective muti-center validation and clinical trails are
therefore necessary to determine generalizability and make these models applicable in practice for routine
antimicrobial decision-making process and potential optimization of individualized patient care.
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