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Abstract

Background Carbapenemase-Producing Enterobacteriace (CPE) poses a critical concern for infection prevention and
control in hospitals. However, predictive modeling of previously highlighted CPE-associated risks such as readmission,
mortality, and extended length of stay (LOS) remains underexplored, particularly with modern deep learning
approaches. This study introduces an eXplainable Al (XAl) modeling framework to investigate CPE impact on patient
outcomes from Electronic Medical Records (EMR) data of an Irish hospital.

Methods We analyzed an inpatient dataset from an Irish acute hospital (2018-2022), incorporating diagnostic codes,
ward transitions, patient demographics, infection-related variables and contact network features. Several Transformer-
based architectures (e.g., TabTransformer, TabNet) were benchmarked alongside traditional machine learning models.
Clinical outcomes were predicted, and XAl techniques were applied to interpret model decisions.

Results Our framework successfully demonstrated the utility of Transformer-based models, with TabTransformer
consistently outperforming baselines across multiple clinical prediction tasks, especially for CPE acquisition (Area
Under Receiver Operating Characteristic and sensitivity). We found infection-related features, including historical
hospital exposure, admission context, and network centrality measures, to be highly influential in predicting patient
outcomes and CPE acquisition risk. Explainability analyses revealed that features like “Area of Residence”,
"Admission Ward” and prior admissions are key risk factors. Network variables like “Ward PageRank” also
ranked highly, reflecting the potential value of structural exposure information.

Conclusion This study presents a robust and explainable Al framework for analyzing complex EMR data to

identify key risk factors and predict CPE-related outcomes. Our findings underscore the superior performance of

the Transformer models and highlight the importance of diverse clinical and network features. The transparent
interpretability offered by our XAl approach provides actionable insights for infection prevention and control, paving
the way for more targeted interventions and ultimately enhancing patient safety within acute healthcare settings.
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Background

Infection Prevention and Control (IPC) is a cornerstone
of modern healthcare, aiming to reduce the spread of
healthcare-associated infections (HCAIs) and mitigate
their significant impact on patients, healthcare profes-
sionals, and hospital systems. Among the most urgent
threats in this domain are Carbapenemase-Producing
Enterobacterales (CPE)—a class of multidrug-resistant
organisms that diminish treatment efficacy in clinical
environments [1, 2]. The World Health Organization
formally recognizes HCAIs as a critical patient safety
concern through its International Classification for
Patient Safety (ICPS) [3]. In Ireland, CPE has emerged
as a national health priority, with case numbers rising
steadily over the past decade [4-7]. This growing burden
underscores the need for smarter surveillance, screening
strategies, and data-driven models to support timely IPC
interventions [7, 8].

This work is part of the ARK-Virus project, an interdis-
ciplinary initiative focused on advancing IPC practices
across Irish acute hospitals [9]. By combining expertise
in microbiology, human ergonomics, informatics, and
data science, the project seeks to develop risk-aware,
evidence-based frameworks to support healthcare deci-
sion-making [10, 11]. Within this framework, our work
focuses on using Al technologies to strengthen IPC for
CPE infections, leveraging longitudinal data from Elec-
tronic Medical Records (EMRs) and applying machine
learning (ML) to investigate how transmission risk,
screening strategies, and patient characteristics intersect
with clinical outcomes [12].

CPE infections are known to associate with poor
patient outcomes, including prolonged hospital stays,
higher in-hospital mortality, and increased risk of read-
mission [13, 14]. In this study, we aim to quantify these
impacts more systematically by modeling three key clini-
cal endpoints: 30-day readmission, in-hospital mortal-
ity, and length of stay (LOS). By leveraging Al, we aim
to gain actionable insights into the correlation and cau-
sation between CPE infection and the patient outcomes,
informing both clinical risk stratification and hospital
resource planning.

Recent advances in Al have significantly contributed
to IPC, especially in the surveillance and prediction of
HCAIs, antimicrobial resistance (AMR), and timely
intervention planning [15-17]. Numerous models have
been developed to forecast colonization risks of multi-
drug-resistant organisms at hospital admission by lever-
aging features such as prior antibiotic use, comorbidities,
invasive procedures, and long-term care exposure [18,
19]. Contact network-based features—derived from

ward co-location and patient trajectories have also been
explored to model in-hospital transmission risk [20, 21],
while large-scale EMR-based models like ARGai 1.0 have
demonstrated the utility of Transformer-based architec-
tures in tasks ranging from gene expression classification
to pathogen detection [22]. However, specific attention to
CPE remains limited, especially within the Irish health-
care context. Prior studies on CPE typically focus on
individual risk factors [23-27], but rarely integrate con-
tact data or interpretability frameworks. We summarize
the known CPE risk factors reported in the literature in
Table 1.

Transformer-based models such as Med-BERT [29],
BEHRT [30], Hierarchical BEHRT [31], CORE-BEHRT
[32], and EHR-Mamba [33] have shown strong per-
formance for EMR-based patient outcome prediction.
These models leverage specialized embeddings for age,
visit gaps, and diagnoses, often pretrained on large-scale
EMR corpora and fine-tuned for downstream clinical
tasks. Tabular deep models like Convolutional Networks
[34], TabNet [35], TabTransformer [36], ResNet [37], and
TabPEN [38] have similarly demonstrated effectiveness
across general tabular datasets, but not quite well stud-
ied in healthcare domain. In parallel, explainability has
become a critical component in model adoption. While
tools like SHAP and LIME are commonly used for global
interpretation [39-41], techniques like DeepXplainer
[42] and recommendations by Wani et al. [43] highlight
the need for interpretable models in clinical environ-
ments. Recently, gradient-based approaches such as Inte-
grated Gradients have been used to gather finer insight
into deep model behavior [44], even for medical models
[33]. Our study builds upon this work by benchmarking
recent tabular and EMR-specific models for CPE out-
come prediction, embedding contact network features,
and applying integrated explainable Al (XAI) tools to
support actionable insights.

To model these phenomena, we use a real-world ano-
nymized EMR dataset from an Irish acute hospital span-
ning four years of inpatient admissions. We employ a
mix of machine learning models—ranging from tra-
ditional gradient-boosted trees to explainable deep
learning approaches such as ResNet, TabNet and Trans-
former-based architectures—to capture complex tem-
poral and contextual patterns that influence CPE risk
and outcomes. More importantly, we introduce contact
network-derived features based on patient room over-
laps and exposure histories to model potential trans-
mission pathways within the hospital. Given the critical
nature of care in such a setting and known challenges of
deep model transparency, we emphasize explainability
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Table 1 Common risk factors for CPE acquisition identified in

literature

Risk Factor References
Prior antimicrobial use (carbapenems, cephalosporins, [23, 28]
fluoroquinolones)

Recent hospitalization (within past year) [23, 24]
Prolonged hospital stay (>20days) [26, 28]
Stay in high-risk wards (e.g., ICU, transplant units) [18, 23]
Use of invasive devices (e.g., catheters, ventilation) [19, 26]
Surgical interventions [23]
Comorbidities (e.g., diabetes, CKD, malignancy) [19, 25]
Cross-border healthcare exposure or patient transfers [24, 28]
Residence in long-term care facilities [18,21]
Severity of illness or immunosuppression [19,25]

throughout, applying multiple XAI techniques to under-
stand feature contributions and to build trust in model-
driven IPC strategies.

Objective. This work presents a domain-centered,
explainable AI modeling framework for investigating
CPE impact on clinical outcomes in an Irish hospital.
Rather than proposing novel architectures, we aim to
systematically apply and evaluate existing state-of-the-
art Transformer-based models in a real-world healthcare
setting, with a focus on IPC-relevant insights.

Research Questions. This study is guided by three
central research questions:

+ (RQ1) How do infection-related features impact on
future patient outcomes such as 30-day readmission,
in-hospital mortality, and LOS?

+ (RQ2) Which patient features are the most
predictive of CPE infection risk?

+ (RQ3) Can deep learning and XAI methods identify
distinctive patterns among CPE-positive patients at
the cohort level, and how can these tools support
personalized analysis at the individual level?

Contributions. The main contributions of this study are:

+ We benchmark a suite of traditional, deep, and
Transformer-based models on a rare and newly
gathered CPE dataset, offering comparative
performance insights.

+ We incorporate contact network-derived features
to model in-hospital exposure, supporting nuanced
analysis of CPE acquisition dynamics.

+ We utilize Integrated Gradients to study both
global and individual-level patterns of infection and
risk. With this, we generate clinically actionable
findings on the potential operational effectiveness of
screening and isolation strategies, directly supporting
IPC optimization.
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Dataset

Dataset description

We utilize anonymized inpatient records from a national
acute hospital in Ireland, collected between January 2018
and February 2022 as part of the ARK-Virus project [9].
The dataset is derived from multiple sources including
the national Hospital Inpatient Enquiry (HIPE) system
and Patient Admission System from the hospital dis-
charge database of an Irish acute hospital [45, 46], and
includes nearly one million bed-day records.

Each entry contains structured metadata on patient
demographics, admission and discharge details, ward
transfers, and International Classification of Diseases
(ICD-10) codes for diagnoses and procedures [47]. Addi-
tionally, the dataset contains results from CPE screening
tests conducted during hospitalization. Most CPE-pos-
itive cases in our dataset are identified through these
routine screenings, which primarily detect coloniza-
tion (organism presence without symptoms) rather than
active infection. As shown in Fig. 1, CPE-positive patient
cohort seems to exhibit slightly higher numbers of read-
missions, ward transitions, diagnoses, and longer lengths
of stay compared to CPE-negative patients. Full summary
statistics of the data and a comprehensive overview of the
feature types included is presented in Appendix.

Cohort construction and preprocessing
We constructed our study cohort by applying a multi-
stage filtering and preprocessing pipeline:

1. Anonymized data was shared on all acute inpatient
admissions between January 1, 2018 and February
28, 2022.

2. Data on adult patients (age >18) with hospital stays
of at least 48 hours and at least one prior admission.

3. CPE status was assigned based on the presence
of a positive screening test during the admission.
In-hospital mortality was identified using the
discharge status field.

4. To simulate prospective evaluation, we performed a
chronological data split, allocating 90% of episodes to
the training set and 10% to the test set.

To reduce diagnostic code sparsity while retaining clini-
cal meaning, we applied code generalization: diagnosis
codes were truncated to the first three digits of the ICD-
10 hierarchy, and procedure codes to the first five dig-
its. This approach aligns with prior research on medical
code abstraction [48—50]. Missing entries were encoded
as "None”, and duplicate rows or empty columns were
removed to ensure data integrity.
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Fig. 1 Distribution of the two studied patient cohorts based on CPE screening status, whether it is positive (CPE+) or negative (CPE-), m: CPE-, m: CPE+

Feature engineering

Past episodes features

Patient history plays a critical role in personalized risk
modeling. Studies show that incorporating visit-level
sequences of clinical events enhances predictive per-
formance [51-53]. While our dataset lacks fine-grained
timestamps, we extract cumulative historical features
(e.g, such as the total number of diagnoses, comorbidi-
ties, ward transfers, and prior admissions) to summa-
rize past medical activities. This approach is expected to
maintain the predictive utility of longitudinal data while
being compatible with both static tabular models and
Transformer-based architectures.

Ward transitions features

During a patient’s hospital stay, following diagnosis, they
may be transferred between different medical wards to
receive specialist care or for bed management reasons.
According to the research we gathered in Table 1, ward
information can contain useful information that are
indicative of CPE infection. To capture this, we compute
the frequency of admissions to both admission and dis-
charge wards, which the model encodes as numerical and
categorical features, respectively. These features are pre-
sented in the Appendix as “No. Acute Department

visits’, “No. Emergency Department visits’
“Admission Ward’,and “Discharge Ward”

CPE-related features

CPE screening data plays a central role in our analy-
sis. We extracted variables indicating whether a patient
underwent CPE testing during an admission, as well
as the corresponding results (positive/negative).
some cases, diagnosis codes also contained CPE-related
entries. Screening is conducted in accordance with Irish
Health Service Executive [54], typically for surveillance
or diagnostic purposes. These screening variables serve
as outcome labels in our CPE acquisition modeling (in
Sect. “CPE infection forecast”), and as input features in
our patient outcome prediction tasks (in Sect. “Patient
Outcome forecast”). Their presence enables us to evalu-
ate their influence on model predicting the clinical
outcomes.

Through out the paper, for the ease of writing, we use
the term “CPE-positive” as a patient who has had at
least one positive result on CPE screening, regardless of
whether this reflects carriage or active infection. We note
that infection status can change over time (e.g., clearance
of infection or subsequent acquisition), while screening
captures both colonization and infection events. This
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definition is adopted for consistency and interpretability
within our modeling framework

Contact network features

To capture potential transmission dynamics within the
hospital, we constructed daily patient contact networks
at the ward level. Two patients were considered in con-
tact if they occupied the same ward on the same day. Any
patient who shared a ward with a CPE-positive case was
marked as exposed.

From these networks, we computed a set of graph-
based features for each patient admission, including node
degree, closeness centrality, and daily contact counts
(formal definitions of these terms can be found in Appen-
dix). These features were aggregated over the hospital
stay. While prior studies have used finer spatial granu-
larity (e.g., room- or building-level) [20], we limited our
analysis to ward-level data due to availability constraints.
We report the statistics of these features in the Appendix.

Methodology

Overview of the framework

Our approach integrates structured EMR data with con-
tact network-derived features to forecast both clinical
outcomes and infection risks. As shown in Fig. 2, we
combine information from multiple sources including
demographics, past episode summaries, ICD-10 codes
(and their textual descriptions), and in-hospital patient

Data Processing
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contact networks. Each feature type is encoded sepa-
rately according to its data modality.

For numerical features, we use multi-layer perceptron
(MLP) layers to project them into the shared embedding
space. Categorical variables are encoded via lookup tables
to obtain dense vector embeddings. All projected repre-
sentations are aligned into a common hidden dimension
and concatenated before model fusion.

To preserve diagnostic history, we incorporate all diag-
nosis and procedure codes from both the index admission
and prior hospitalizations. Prior work has demonstrated
that leveraging longitudinal data in this way significantly
improves predictive accuracy [12, 23, 24].

Clinical codes are among the most informative inputs
for modeling patient trajectories and predicting out-
comes [55]. However, their high dimensionality and spar-
sity introduce significant challenges. To mitigate this, we
perform code generalization (as described in Sect. “XAI
techniques” and utilize a publicly available pretrained
embeddings [56]. By doing this, the list of billing codes
patients received during the admission are transformed
into a list of feature vectors. These vectors are then,
similarly, projected into the shared embedding space by
another MLP layer. For the procedure codes, which lack
pretrained resources, we train embedding layers from
random initialization.

To further address sparsity and enhance generalization,
we enrich the clinical code representations with semantic
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Fig. 2 Overview of the proposed framework for processing and modeling structured EMR data. The pipeline integrates demographic data, ward history,
diagnosis codes, and contact network features into transformer-based predictive models
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embeddings derived from their textual descriptions. Spe-
cifically, we use a pretrained BioBERT model' to gener-
ate 768-dimensional semantic vectors for each ICD code
description. These vectors are then linearly projected to
match the model’s shared input dimension, allowing for
integration with other feature types.

The encoded features are processed through a model-
specific backbone—such as ResNet, attention-based
models, or Transformer variants—and subsequently pro-
jected into a unified embedding space. These combined
representations are then passed through a MLP head
for final prediction. We benchmark several recent deep
learning models tailored for structured or EMR data,
each utilizing its own encoding and feature fusion strat-
egy, as detailed in Sect. “Explainable AT

XAl techniques

To deepen our understanding of model behavior and
uncover patterns in the data, we incorporate a range of
XAI techniques, selected to be compatible with the deep
learning architectures used in this study. In particular, we
focus on Integrated Gradients (IG) [44], a theoretically
grounded method for attributing prediction outcomes to
input features. Despite its strong theoretical foundations,
IG remains underutilized in clinical tabular modeling, as
noted by Allgaier et al. [57].

Unlike SHAP, which relies on sampling an exponen-
tially large space of possible feature combinations to
approximate feature contributions [58], IG computes
gradients along a path from a baseline input to the actual
input. This makes it both computationally efficient and
well-suited for interpreting predictions from differentia-
ble deep models. IG also enables flexible use cases, from
estimating global feature importance across populations
to individualized explanations at the patient level.

To address our research questions—identifying key
predictors of patient outcomes—we calculate feature
attributions using IG across multiple benchmarked mod-
els (TabNet, TabTransformer and ResNet) and cross-val-
idation folds. For each model, we compute the IG values
relative to a baseline input, and then average the resulting
scores across all samples. Feature importance rankings
are derived by aggregating these scores across the results
and ranked. We report and visualize the top contribut-
ing features per outcome, providing insights into which
variables consistently influence model decisions in Sect.
“Explainable AT

Experimental designs

Validation method and performance metrics

Many researchers have studied suitable evaluation met-
rics for classification tasks within the healthcare domain

!we leveraged model from http://huggingface.com/nlpie/tiny-biobert
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[59]. They have emphasized the importance of not rely-
ing solely on a subset of metrics, as doing so could
potentially yield misleading results when implementing
models in clinical settings. To comprehensively assess
model performance, we employ multiple evaluation met-
rics, including Sensitivity, Specificity, Area Under the
Receiver Operating Characteristic Curve (AUROC) and
Area Under the Precision Recall Curve (AUPRC).

Specificity places a stronger emphasis on correctly clas-
sifying negative samples, while sensitivity aims to mini-
mize the misclassification of positive instances, making
it a critical metric in medical studies [59]. AUROC and
AUPRC has gained popularity in healthcare ML due to
their favorable properties when dealing with imbalanced
classes. They are used to distinguish between positive
and negative classes across different threshold settings
regardless of class distribution, making it an effective bal-
ance measurement.

To assess the robustness of our models, we employ
cross-validation techniques, particularly stratified 5-fold
cross-validation. This allows consistent distribution of
classes, ensuring stability in the benchmarking results.
Following the guidance of [59], we avoid sharing data
from the same patients across different folds to prevent
introducing bias during the parameter tuning phase. We
report the mean and standard deviation of model perfor-
mance across these folds, and predictions made on the
test set.

Baseline comparison

We benchmark a broad set of Transformer-based archi-
tectures alongside traditional machine learning models
tailored for tabular and EMR-based patient data. These
models range from established tree-based ensembles to
recently proposed neural architectures. The comparison
results are summarized in Table 2.

XGBoost [60], LightGBM [61], and CatBoost [62].
These gradient boosting frameworks serve as strong
baselines for structured data. Patient records are rep-
resented using frequency-based vectors of categori-
cal medical codes combined with aggregate statistics of
numerical features.

ResNet. We implement a ResNet-based model follow-
ing the tabular adaptation proposed in [63], which dem-
onstrates that residual connections in MLP architectures
can achieve competitive performance. In their bench-
marks, this approach sometimes outperforms more com-
plex attention-based models.

TabNet [35]. TabNet uses sequential attention to select
salient features at each decision step, enabling both
interpretability and efficient learning. Its encoder com-
prises feature transformers, attentive transformers, and
a feature-masking mechanism. The decoder reconstructs
inputs via a sequence of feature transformer blocks.


http://huggingface.com/nlpie/tiny-biobert

Pham et al. BMC Medical Informatics and Decision Making

(2025) 25:391

Page 7 of 16

Table 2 Benchmark performance of baseline and transformer-based models on three clinical outcome prediction tasks using AUROC

/ AUPRC
Model 30-day Readmission In-Hospital Mortality Length of Stay
AUROC 1 AUPRC 1 AUROC 1 AUPRC 1 RMSE |
XGBoost 0.824 (0.010) 0432 (0.020) 0.702 (0.032) 0.024 (0.005) 20.328 (2.306)
CatBoost 0.827 (0.005) 0446 (0.015) 0.714 (0.015) 0.024 (0.028) 16.066 (0.170)
LightGBM 0.814 (0.055) 0.438 (0.065) 0.713(0.028) 0.024 (0.001) 16.703 (0.286)
TabNet [35] 0.827 (0.005) 0.440 (0.009) 0.732 (0.006) 07 (0.001) 54.766 (26.21)
ResNet [37] 0.830 (0.001) 0.457 (0.006) 0.697 (0. 006) 0.023 (0.001) 16.161 (0.086)
TabPFN [38] 0.828 (0.002) 0.455 (0.004) 0.700 (0.010) 0.024 (0.003) 15.713(0.018)
TabTransformer [36] 0.834 (0.004) 0.461 (0.007) 0.728 (0.022) 07 (0.003) 15.463 (0.109)
CoreBEHRT [32] 0.678 (0.001) 0309 (0.003) 9(0.030) 0.017(0.001) 46.82 (0.509)

The results are trained using cross-validation and benchmarked on our data testset

Sparse attention via sparsemax encourages the model to
focus on a subset of input dimensions, providing inter-
pretable insights into feature relevance.

TabTransformer [36]. TabTransformer leverages self-
attention to generate contextual embeddings for cate-
gorical features before combining them with continuous
inputs in a downstream MLP. Its column-wise Trans-
former encoder is particularly effective in modeling high-
cardinality categorical data, which is common in EMRs.

TabPFN [38]. TabPEN is a few-shot tabular classifier
that emulates Bayesian inference using a Transformer
trained entirely on synthetic data. It directly outputs cali-
brated class probabilities without requiring fine-tuning.
Though originally designed for small-scale datasets, we
include it as a fast and lightweight baseline to assess how
well strong priors generalize to real-world healthcare
data, despite its limit of 500 features and 10,000 training
samples.

CoreBEHRT [32]. CoreBEHRT builds on the BEHRT
architecture by modeling visit-level sequences using age
embeddings, time gaps, and discretized medical values.
While powerful for temporal EMR data, our applica-
tion context is limited by coarse-grained (bed-day level)
timestamps and the absence of lab or medication data.
Consequently, CoreBEHRT only utilizes clinical code
sequences, which may restrict its effectiveness compared
to other models with richer feature sets.

Handling class imbalance

Patient clinical outcomes, such as 30-day readmission or
mortality or CPE-related outcomes, are often rare, lead-
ing to highly imbalanced datasets. To mitigate this issue,
we employed a range of training strategies:

+ Focal Loss [64] is used as the primary classification
loss, which down-weights easy negatives and focuses
learning on hard, minority-class examples.

+ Random Oversampling is applied during training,
as shown to be effective in our previous work [12],

ensuring minority-class samples are adequately
represented.

+ Balanced Batch Sampling is used to maintain class
parity within mini-batches, ensuring that gradients
are not dominated by the majority class, especially
helpful for deep neural networks.

These methods help prevent the model from becoming
biased toward negative (non-readmission or non-mor-
tality) outcomes and improve sensitivity to rare events.
Evaluation across folds confirms that these strategies
contribute to more stable training and improved detec-
tion of high-risk patients.

Results

Quantitative results

Patient outcome forecast

We evaluate a broad set of baseline and Transformer-
based models on three clinically relevant outcome pre-
diction tasks: 30-day readmission, in-hospital mortality,
and length of stay (LOS). Results are summarized in
Table 2. All models were trained using cross-validation
and evaluated on a held-out test set, ensuring consistent
comparisons across architectures.

As can be seen from the table, Transformer-based
models (apart from CoreBEHRT) consistently outper-
form traditional gradient boosting methods (XGBoost,
CatBoost, LightGBM) across nearly all tasks. In particu-
lar, TabTransformer achieves the best overall perfor-
mance—achieving the highest AUROC and AUPRC for
30-day readmission and the lowest RMSE for length-of-
stay prediction. These results highlight its ability to effec-
tively capture complex tabular dependencies in EMRs.

TabNet also demonstrates competitive performance,
particularly on the in-hospital mortality task, where its
attention-driven feature selection appears well-suited for
distinguishing high-risk patients. ResNet and TabPFN
follow closely behind, with TabPFN showing impressive
results on LOS prediction despite its data constraints
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(limited to 10,000 samples and 500 features), indicating
strong potential in resource-constrained settings.

In contrast, CoreBEHRT underperforms across all
tasks, particularly on readmission and LOS prediction.
This may be due to the model’s focusing exclusively on
sequential ICD codes—without incorporating aggregated
hospital-level features such as ward transfers, demo-
graphics, or contact networks. These findings reinforce
the importance of integrating both structured clinical
codes and broader contextual features when modeling
real-world hospital outcomes. One of the reasons for this
may be the relatively coarse granularity of the ward-based
contact measures and perhaps room or bed-based mea-
sures would have more impact, if that data was available.

CPE infection forecast

In addition to forecasting patient outcome, we evalu-
ated the feasibility of predicting CPE acquisition risk at
admission by training models on screened patients, using
only input features unrelated to HCAIs. Specifically, we
excluded any downstream infection or outcome labels
and constructed the prediction task using pre-admission
features (e.g., patient history, current admission ward)
and in-hospital contact network metrics derived from
ward co-location. This setup simulates a real-world sce-
nario in which hospitals must assess CPE carriage risk
early using available admission and contact informa-
tion, before any lab-confirmed diagnosis is made, before
any clinical confirmation. We further leverage explain-
ability methods to assess the influence of contact-based
versus pre-admission features, identifying whether the
model learns transmission-relevant signals from network
structure.

Table 3 Benchmark performance of baseline and transformer-
based models on CPE risk estimation task using AUROC / AUPRC

Model AUROC AUPRC Sensitivity Specificity
XGBoost 0.755(0.043)  0.036(0.019) 0.075 0.960
(0.081) (0.070)
CatBoost 0.645 (0.078)  0.027(0.025) 0.028 0.996
(0.020) (0.002)
LightGBM 0.719(0.092)  0.030(0.021) 0.034 0.996
(0.028) (0.005)
TabNet [35]  0.558(0.083)  0.111(0.055) 0.125 0.996
(0.031) (0.004)
ResNet [37]  0.773(0.030)  0.046 (0.030) 0.150 0.969
(0.125) (0.039)
TabPFN [38] 0.719(0.051)  0.022(0.010) 0.000 1.000
(0.000) (0.000)
TabTrans- 0.781 (0.057)  0.080(0.017) 0.425 0.909
former [36] 0.211) 0.071)
CoreBEHRT  0.522(0.127)  0.015(0.008)  0.000 1.000
[32] (0.000) (0.000)

All models evaluated on the same held-out test set using cross-validation
setting
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As shown in Table 3, Transformer-based models such
as TabTransformer and ResNet outperform traditional
boosting methods across AUROC and sensitivity, with
TabTransformer achieving the highest AUROC (0.781)
and notably strong sensitivity (0.425), whereas most
other models fall below 0.2, highlighting its robustness in
identifying true positives in a highly imbalanced setting.

While AUPRC remains low due to extreme class imbal-
ance, TabNet demonstrates a competitive edge in preci-
sion (AUPRC=0.111), suggesting that attention-based
tabular models may offer utility in identifying a smaller
pool of high-risk individuals. Notably, CoreBEHRT
underperforms due to its lack of access to the full feature
set, reinforcing the need for aggregated representations
beyond sequential clinical codes. These results demon-
strate that early risk estimation of CPE is feasible using
contact-informed features, paving the way for targeted
screening and timely IPC intervention.

Explainable Al
Global feature importance
Patient outcome tasks

To address our first research question— “How do infec-
tion-related features impact on patient outcomes such
as 30-day readmission, in-hospital mortality, and
Suture LOS?”, we analyze feature importance across all
outcome tasks using IG.

Figures 3 and 4 present the rankings of input features
based on IG attribution scores, aggregated across five
cross-validation folds and three model architectures
(TabTransformer, ResNet, TabNet). Features are ranked
by their median importance across models and folds,
where lower ranks indicate greater predictive influence.

Firstly, we analyze the attribution scores of CPE-related
clinical codes in Fig. 3 to assess their contribution to out-
come prediction. On average, these ICD-10-CM codes
rank relatively low—typically beyond position 650 out
of approximately 1,000 total codes—indicating limited
standalone impact on the model’s predictions. Among
the outcomes, the length of stay (“NEXT LOS”) task
shows slightly higher variability, with a few instances
where CPE-related codes receive notably higher impor-
tance rankings. This suggests that while these features
may influence predictions in specific contexts, their
global contribution remains limited.

While patient contact network features were included
to provide contextual information about intra-hospital
dynamics, their overall contribution to outcome pre-
diction appears moderate. For 30-day readmission, in-
hospital mortality, and length of stay, variables such as
"Ward Closeness Centrality”, “Ward Pag-
eRank”, "Ward Degree Centrality”,and "Epi-
sode Isolated” generally rank between 15 and 25
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CPE-related ICD Token Ranking (0 = Most Important)

Fig. 3 Impact of CPE-related ICD-10CM diagnosis codes on patient outcome modeling using IG

out of over 40 features, suggesting a mid-range impor-
tance across tasks.

These results indicate that contact network metrics
offer supplementary value to the models, particularly in
capturing structural aspects of patient flow. However,
they are not among the most consistently influential fea-
tures across the dataset. The wide interquartile ranges
observed for some of these variables suggest that their
relevance may vary by context or patient subgroup—
potentially becoming more prominent in localized set-
tings. Overall, their contribution appears to complement,
rather than dominate, the predictive utility of other clini-
cal and demographic features.

CPE infection forecasting

To address our second research question—“Which
patient features are the most predictive of CPE infec-
tion risk?”—we assess which features contributed most
to CPE acquisition prediction using the same method

and report in (Fig. 4d). The top-ranked features included
"Area of Residence” and “Admission Ward”,
suggesting that the model found contextual and ward-
specific entry points informative, as found in the list of
CPE risk factors in Table 1. “Ward PageRank”, a net-
work centrality measure, also ranked highly, indicating
that ward-level contact structure may contain useful sig-
nals for identifying potential acquisition risk.
Additionally, several historical features—such as “No.
Previous Readmissions”, LOS
Total”, and "No. Previous Diagnoses”—con-
sistently appeared among the top contributors. This
reflects the model’s use of longitudinal patient informa-
tion when estimating risk. While these patterns highlight
potentially important data signals, they represent model-
driven associations and should not be interpreted as
causal or clinical risk factors without further validation.

"Previous
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Fig. 4 Feature importance rankings based on integrated gradients for each prediction task. Shown in (a), (b) and (c) are network-related and infection-
related features (definitions can be found in Appendix). Whereas, (d) demonstrates top predictive features of CPE acquisition from our benchmarked
models. Lower ranks indicate higher importance. gg: Demographics, g Network features, g: Past episode features, gg: Current episode features

Embedding projection

Beyond population-level analysis, we explore cohort-
level representations using embedding visualizations of
both clinical codes and patient episodes, shown in Figs.
5and 6.

We project patient-level embeddings from the best-
performing model in Table 3 (TabTransformer) using
t-SNE. As shown in Fig. 5, episodes involving CPE-pos-
itive patients are visibly clustered together on one side
of the embedding space. This occurs despite CPE status
not being used as an explicit training label, indicating
that the model implicitly learns meaningful clinical pat-
terns related to CPE carriage. Such clustering highlights
the model’s ability to recognize between patient cohorts,
proving its training capability.

Figure 6 illustrates a t-SNE projection of pretrained
embeddings for the ten most frequent ICD code groups

in our dataset, following grouping conventions from [56].
Codes are aggregated by their highest-level categories
and projected into 2D space using t-SNE. The resulting
plot reveals a clear separation between different diagnos-
tic categories, suggesting that the embeddings capture
semantic relationships among codes. The “infectious
and parasitic” group, shown in black, forms a con-
tiguous cluster, though some codes appear closer to other
categories—indicating shared or overlapping characteris-
tics. This visual structure supports the use of pretrained
embeddings in representing clinical semantics and inter-
code dependencies.

Together, these visualizations suggest that deep learn-
ing models can capture latent representations that
reflect real-world clinical structure and infection risks.
Embedding projections offer a complementary per-
spective to traditional attribution methods by revealing
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Fig.5 t-SNE projection of learned patient episode embeddings from TabTransformer. Colors denote CPE status: gg CPE-, pg [CPE+

global patterns in patient populations and code seman-
tics. These findings support the model’s ability to detect
infection-related characteristics even in the face of class
imbalance, and demonstrate their value for visualizing
patient flow and infection risk at scale—both essential for
hospital IPC decision-making.

Personalized explaination
In a recent study, Duell et al. proposed a modified version
of IG tailored to capture temporal dynamics in patient
records, enabling the analysis of evolving patient charac-
teristics over time [65]. In contrast, our approach treats
each hospitalization episode independently, as our fea-
tures are aggregated as static data rather than modeled as
temporal sequences. To illustrate the potential impact of
CPE on frequent readmissions, we present a case study
of a representative patient in Fig. 7. While this individual
example suggests that CPE-related risks may contribute
to multiple short-term readmissions, it should be empha-
sized that this observation cannot be generalized due to
the limited number of CPE-positive cases in the dataset.
Figure 7 visualizes the attention dynamics across
sequential episodes for the selected patient, highlight-
ing how the model assigns importance values to different

ICD code groups over time. The heatmap’s color intensity
indicates the contribution of each group to the predicted
risk of readmission for the following episode.

In this sample, we identify three distinct hospitalization
phases in the patient’s trajectory: episodes t0-t3, t4, and
t5. In the first phase, increased IG values to CPE-related
codes coincides with a cluster of closely spaced readmis-
sions, suggesting possible CPE acquisition and microbio-
logical diagnosis. Additionally, in most phases, diagnoses
related to the nervous system and digestive appear more
prominently. This example demonstrates the potential of
attribution methods to support personalized risk profil-
ing and retrospective investigation of recurrent readmis-
sion drivers.

Discussion

This study presents a practical application of deep tabu-
lar learning and Transformer-based models for assessing
CPE-associated risks using real-world EMR data. Rather
than proposing novel architectures, our contribution lies
in developing a flexible explainable AI (XAI) framework
that integrates diverse patient features to support infec-
tion prevention and control (IPC) efforts.
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Transformer-based models, particularly TabTrans-
former, consistently outperformed traditional baselines
in AUROC across all predictive tasks. However, perfor-
mance on precision-recall metrics remained modest
due to the dataset’s inherent class imbalance. Since this
imbalance is inherent to many rare event risks like CPE,
this may limit practical applications without new ways
to aggregate data such as multi-microbial event studies
such as TREE [66]. For the CPE acquisition task, Tab-
Transformer also achieved the highest sensitivity score,
suggesting its potential utility in identifying high-risk
patients who may otherwise be missed under rule-based
screening criteria. While not a diagnostic tool, such a
model could assist IPC staff in prioritizing patients for
early screening, potentially based on admission infor-
mation (“Area of Residence”, “Admission
Ward”), and historical indicators such as number of
prior admissions and diagnoses, thereby reducing man-
ual workload and enabling more proactive surveillance.

To address data imbalance, we applied targeted miti-
gation strategies, including focal loss and balanced
sampling, alongside the introduction of contact net-
work-derived features. These variables provide spatial
and contextual insight by capturing patient movement
and potential exposure pathways within the hospital.
Although these network features did not consistently
rank among the top predictors across all tasks, their pres-
ence in mid-tier importance and variability across folds
suggest that they may offer complementary value in spe-
cific scenarios.

Our flexible use of Integrated Gradients for interpret-
ability allows deeper inspection of model predictions.
Feature attribution analyses revealed that CPE-related
clinical codes had limited contribution to outcome
prediction—likely a reflection of the small number of
confirmed cases in the dataset. Nonetheless, several lit-
erature-supported risk factors for CPE acquisition (e.g.,
prior admissions, length of stay, admission ward) were
ranked highly in the acquisition task, demonstrating that
the model can recover meaningful associations from
daily EMR data. Additionally, embedding visualizations
suggest that the model learns distinguishable represen-
tations for CPE-positive patients, further supporting its
potential for cohort-level stratification.

Finally, in practice, this framework can be integrated as
a risk-scoring module into hospital IPC systems. Given
EMR and patient location data, the system outputs: (1)
impact of CPE prevalence on patient outcomes (2) risk of
CPE acquisition and (3) correlated features behind each
prediction. Moreover, an interpretability dashboard can
flag patients who may benefit from targeted screening
or preemptive isolation—especially those falling outside
national criteria. For example, a patient with frequent
short admissions across multiple wards and high contact
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network exposure might be flagged for screening, even if
they do not meet criteria such as previous inpatient care
in the last twelve months or ICU admission. This bridges
the gap between prediction and action, aligning model
capabilities with IPC goals.

Limitations & future works

The short timeframe of our dataset further exacerbates
data imbalance, with CPE-positive cases representing
only 0.2% of all recorded episodes. Data imbalance is a
major concern when using Al technologies to deal with
real-world AMR datasets since it can cause ML models
to output inconsistent and unreliable results [67]. The
insufficient sample size hinders the DL model’s ability
to effectively learn and draw robust conclusions about
HAlI-related risks. Fitzpatrick et. al [15] also points out
the requirement for a high-quality representative data-
set to develop accurate models for HCAI surveillance.
In our dataset, the quality of the clinical coding is highly
dependent on the information in the discharge summary
that were collected, which we found to be inconsistent
among different coders, but effects can be mitigated by
generalizing the codes. Moving forward, it is crucial to
address this challenge by prioritizing the collection of
more extensive and high-quality datasets. This will enable
the development of more accurate and reliable mod-
els, ultimately improving clinical risk management and
patient outcomes. Exploring aggregation across related
infection events (e.g., multi-microbial studies) could also
help improve signal for model training. Nonetheless, we
believe that our proposed model and XAI techniques
hold promise for application in other desired patient
groups.

A promising direction to address these limitations lies
in the use of autoregressive longitudinal modeling. Our
recent work, NOSOS [68], demonstrates that foundation
models designed for token-by-token generation can learn
temporal dynamics in patient health trajectories more
robustly, even in imbalanced settings. These models treat
EMR data as a generative sequence and have shown resil-
ience to missing data and rare outcomes. Integrating such
generative approaches with infection prevention and
control tasks may enable more accurate unsupervised
forecasting of HCAIs over time, particularly in resource-
constrained or low-prevalence settings.

Another avenue worth exploring is the refinement
of TabPFN-based models [38]. Although TabPFN per-
formed surprisingly well under the small-data regime, it
is currently limited by constraints on input dimensional-
ity and sample size. With recent developments in scal-
ing few-shot learning for tabular data, future work could
investigate whether adapting or retraining TabPFNs on
larger, healthcare-specific priors can further improve
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their generalization and performance in imbalanced
infection datasets.

Another important consideration is data privacy and
generalizability. Our analysis is constrained to a single
Irish hospital, and patient privacy protections prevented
linking patient data across hospital systems. This limi-
tation introduces a risk of mislabeling—for instance, if
patients were readmitted elsewhere without correspond-
ing records. Therefore, future work should explore multi-
institutional datasets, such as MIMIC-III/IV [69, 70], to
validate our findings in broader settings and ensure more
robust generalization across clinical contexts. Moreover,
while AUROC values were strong across tasks, the rela-
tively modest precision-recall performance highlights a
limitation for practical applications, where high preci-
sion is critical for identifying small groups of high-risk
patients. Precision-oriented methods such as calibrated
thresholds, cost-sensitive learning, or ensemble strategies
should be explored to better support real-world clinical
decision-making.

Conclusion

This study presents an explainable Al framework for
investigating CPE-related risks and outcomes using
structured EMR data from an Irish acute hospital. We
benchmarked a suite of traditional and Transformer-
based models, finding TabTransformer to consistently
outperform baselines across multiple clinical prediction
tasks, particularly in AUROC and sensitivity for CPE
acquisition. The integration of diverse patient features—
including ward history, contact networks, and clini-
cal codes—allowed for a comprehensive analysis of
infection-related outcomes. Throughout, explainability
analysis was conducted via the flexible use of Integrated
Gradients and embedding visualizations, enabling trans-
parent model interpretation. Our study addressed four
key research questions:

(RQ1) Our findings show that infection-related features,
including historical hospital exposure and admission
context, are moderately associated with patient outcomes
such as readmission, mortality, and LOS. Contact net-
work variables—designed to capture in-hospital expo-
sure—ranked mid-tier in feature importance, suggesting
contextual relevance in certain scenarios but not domi-
nating model predictions. CPE diagnosis codes, due to
data scarcity, had limited impact on outcome forecasting.
(RQ2) For predicting CPE acquisition risk, the most
influential features included “Area of Residence”,
”“Admission Ward”, and historical indicators such
as number of prior admissions and diagnoses. These
features align with known CPE risk factors in the lit-
erature, indicating that the model successfully recovers
associations from routine EMR data. Network centrality
measures like “Ward PageRank” also ranked highly,
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reflecting the potential value of structural exposure
information.

(RQ3) Our results show that explainable Al techniques,
particularly Integrated Gradients and embedding pro-
jections, enable multi-level insights into the model’s
handling of CPE-positive patients. At the cohort level,
CPE-positive episodes form distinguishable clusters in
the embedding space, suggesting the model can capture
latent characteristics associated with this subgroup. At
the individual level, attribution visualizations reveal how
diagnostic histories and contact-related features contrib-
ute to predictions, offering interpretable signals that may
support more tailored IPC interventions. While these
patterns are not clinically validated, they highlight the
potential of XAl to support case-level audit and decision-
making in real-world hospital workflows.

Overall, our framework offers a practical, interpre-
table pipeline for infection risk estimation that could be
deployed in hospital IPC systems to guide early screen-
ing, risk scoring, and resource allocation.
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