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Doctoral Program Statement

The classification of this doctoral program falls under the PNRR 352 (code: 38-033-19-
DOTT1433495-2235) scholarship framework, which requires the development of two integrated
research projects. The main project of the PhD focuses on the development of machine learning and
deep learning models aimed at classifying, predicting, or detecting major cardiac events in the
clinical monitoring of heart transplant patients. This research is conducted within the academic
environment of the University of Padua and is aligned with the goals of personalized medicine and
clinical decision support within the national healthcare system (SSN). As part of the program, six
months of research were conducted abroad at London South Bank University (LSBU) under the
supervision of Professor Enrico Grisan, whose expertise in biomedical signal and image processing
contributed to the refinement and advancement of my computational modeling and machine
learning knowledges. In addition, the PNRR 352 scholarship mandates a period of 18 months
dedicated to an industrial research project. In this case, the project has been carried out in
collaboration with 14 Consulting S.R.L., a multidisciplinary engineering firm based in Padua, Italy,
specializes in hydrological and hydraulic modeling. I have been actively involved in the
development of artificial intelligence models and ad hoc software tools for hydrological engineering
applications. Although the fields of application differ, the underlying methodological approach
based on Al and data-driven modeling demonstrates a shared potential for cross-disciplinary impact
and future integration into public service infrastructures, including healthcare.



Summary

Heart transplantation represents the most effective treatment for patients with end-stage heart
failure. Despite advances in surgical procedures and immunosuppressive therapies, long-term graft
survival remains threatened by major complications such as acute cellular rejection (ACR) and viral
infections, especially Cytomegalovirus (CMV). Endomyocardial biopsy (EMB) is currently the
clinical standard for monitoring graft rejection, but complementary molecular and computational
approaches are emerging to support and refine diagnostic assessment. Recent advances in
biomarker discovery are paving the way for non-invasive, accurate, and early detection of adverse
conditions, combined with routine EMB. These developments are increasingly supported by
computational approaches that enable the integration of molecular signatures into predictive models
for improved graft surveillance. In this thesis, I developed and validated a series of computational
models based on machine learning (ML) and deep learning (DL) techniques to improve diagnostic
precision and predictive capability in the post-transplant follow-up, with a strong emphasis on
interpretability including data-scarce scenarios. The first part of this thesis presents a systematic
bootstrap analysis conducted on a large publicly available microarray dataset (E-MTAB-8026),
aimed at evaluating a machine learning framework specifically designed for data-scarce scenarios
with a focus on interpretability. The study investigates the impact of data augmentation and feature
selection techniques on classification performance and model transparency in omics data. The
proposed pipeline integrates synthetic data generation, L1-regularized logistic regression (LASSO),
and kernel-based classifiers to jointly optimize predictive accuracy and features selection. This
framework was used to simulate clinically relevant low-sample conditions. Building upon this
foundation, the second part of the thesis introduces AugPred, a machine learning pipeline
specifically designed for post-transplant patient follow-up. AugPred was applied to the
classification of Acute Cellular Rejection versus Cytomegalovirus infection using miRNA
expression profiles obtained from endomyocardial biopsies of transplanted patients. Despite the
limited sample size (n=11), the pipeline demonstrates that, through targeted data augmentation and
robust feature selection, it is possible to train high-performing classifiers even in highly data-scarce
scenarios. Comparative analyses confirmed its superior performance and interpretability over
baseline approaches, while pathway enrichment analysis validated the involvement of the selected
miRNAs in immune and infection-related biological processes. In the third part of the thesis, a
multilayer network approach was employed to model miRNA-mRNA interactions derived from
endomyocardial biopsy (EMB) samples of control patients, as well as those with ACR and CMV
infection. By applying an ensemble PageRank centrality strategy, we identified miRNAs with
phenotype-specific regulatory roles, that act as modulator between different conditions. These
miRNAs were further validated through pathway enrichment analysis (PEA) for investigating the
biological meaning. This network-based framework highlighted the potential of centrality-driven
models to uncover molecular signatures associated with rejection and infection processes. The
fourth section is dedicated to time series modeling, initially developed in collaboration with an
industrial partner in the hydrological domain. Through the comparison of ARIMAX, LSTM
recurrent neural network, and physical based models, I explored techniques for modeling sequential
data, forecasting strategies, and the influence from external variables. The methodological insights
gained were later transferred to the biomedical domain. Specifically, I applied a Variational
Autoencoder (VAE) deep learning architecture coupled with LASSO regression to identify clinical
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and pharmacokinetic covariates influencing tacrolimus exposure in heart transplant patients. This
approach allowed for a compact, interpretable latent representation of time concentration profile of
tacrolimus drug absorption, enabling personalized immunosuppressive therapy planning. In
summary, this thesis presents a set of machine learning pipelines and network-based frameworks
specifically designed for data-scarce biomedical contexts, with specific focus on the follow-up of
heart transplant patients. Spanning from omics-based classification to covariate modeling and
biomarker discovery, the developed methodologies aim to advance precision medicine by
enhancing the interpretability of complex biological data and enabling the early detection of adverse
events in cardiac transplantation.



Abbreviations

ACR Acute Cellular Rejection
AMR Antibody — Mediated Rejection
Al Artificial Intelligence
ARIMAX AutoRegressive Integrated Moving Average with exogenous
variables
CL Clearance
CMV Cytomegalovirus
CVAE Conditional Variational Autoencoder
DDT Transport Document
EMB Endomyocardial Biopsy
EMBC Engineering in Medicine and Biology Conference
FN False Negatives
FP False Positives
GAN Generative Adversarial Network
GO Gene Ontology
hsa- Homo sapiens (prefix for human miRNAs)
IS Interaction Score
ISHLT International Society for Heart and Lung Transplantation
KEGG Kyoto Encyclopedia of Genes and Genomes
KSVM Kernel Support Vector Machine
LCa Lung Cancer
LASSO Least Absolute Shrinkage and Selection Operator
LSBU London South Bank University
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
miRNA microRNA
mRNA messenger RNA
NSE Nash—Sutcliffe Efficiency
NTLD Non-Tumor Lung Disease




OD Other Diseases
PEA Pathway Enrichment Analysis
PI Interaction Probability
PK Pharmacokinetics
PopPK Population Pharmacokinetics
RNN Recurrent Neural Network
RNA Ribonucleic Acid
SNP Single Nucleotide Polymorphism
TP True Positives
TN True Negatives
VAE Variational Autoencoder
Ve Central Volume of Distribution
VMC Mechanical Ventilation Control
AIC Akaike Information Criterion
BIC Bayesian Information Criterion
KL Kullback—Leibler
SMA Soil Moisture Accounting
Tc Time of Concentration
KGE Kling—Gupta Efficiency
IDF Intensity—Duration—Frequency
ET Evapotranspiration
MA Moving Average
AR AutoRegressive
PACF Partial Autocorrelation Function
ADF Augmented Dickey—Fuller
ICU Intensive Care Unit
RISC RNA-induced Silencing Complex
ceRNA Competing Endogenous RNA
NSE Nash—Sutcliffe Efficiency
NTLD Non-Tumor Lung Disease
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Project Management Methodology

Throughout the PhD, the execution and coordination of research activities have been managed
according to a structured project management approach. This methodology was inspired by the
PMBOK Guide (Project Management Body of Knowledge) [1] developed by the Project
Management Institute (PMI), one of the most widely recognized standards for project management
across industries. The implementation of such a methodology was not only aimed at maintaining
control over deadlines and deliverables, but also at enabling strategic planning in the face of
multidimensional complexity and a heterogeneous research context. These methodological skills
were also formally developed through targeted training programs and workshops organized by both
the host company, 14 Consulting S.R.L., and the academic institution. These courses provided
foundational and practical knowledge in project planning, risk management, resource allocation,
and the use of collaborative tools.

Overview of the Workflow and Ticket Lifecycle

Each research task, subproject, or development effort was formalized as a ticket and tracked within
Jira, a collaborative software tool designed for agile project management. This structured approach

Create

TO DO [ waiting confirmation
ATTEND
Confirmed and taken charge
IN PROGRESS

Development

Correction

REVIEW

| Completed correctly

DONE

Figure 1. Visual representation of the task management process used
throughout the research activities.
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allowed for the systematic breakdown of complex research objectives into manageable units,
ensuring clarity in task ownership, scope definition, and progress monitoring. The adoption of a
formal ticketing system was particularly valuable dealing with multiple projects. The ticket
lifecycle followed a well-defined process inspired by PMBOK’s process groups (Initiating,
Planning, Executing, Monitoring & Controlling, and Closing), adapted to the research context.
Unlike traditional industrial projects, academic research often faces frequent shifts in priorities and
evolving hypotheses. The flexibility of the ticketing system, combined with a standardized
lifecycle, made it possible to respond efficiently to such changes while maintaining methodological
coherence. As shown in Figure 1, every task began with the “Create” phase, leading to the “TO
DO status. Tasks were then moved to a temporary “waiting confirmation” status, where
responsibilities and scopes were discussed. Once confirmed and formally assigned (“Confirmed and
taken charge”), the task entered the “IN PROGRESS” phase, corresponding to the development or
experimental implementation. Upon completion of the initial development or analysis, tasks were
moved to the ‘REVIEW’ phase, where they were assessed for correctness and meaningfulness.
When needed, corrections were applied iteratively until the task was “Completed correctly”, and
then officially marked as “DONE”. In addition, this approach fostered a culture of accountability
and continuous communication between academic and industrial partners. Every status transition
was supported by documentation and shared decision-making, reinforcing transparency and
facilitating asynchronous collaboration. To complement this operational workflow, Confluence was
used as the central platform for documenting all relevant project information, including design
choices, meeting reports, protocols, and methodological decisions. The integration of Jira and
Confluence established a seamless connection between task execution and knowledge management.
This digital infrastructure not only supported the day-to-day operations of the research but also
enabled retrospective analyses, audit trails, and cumulative learning throughout the doctoral project.
This project management framework served as both a practical tool and a learning environment,
shaping a professional mindset rooted in planning, traceability, and adaptability skills that are
increasingly essential in data-driven scientific research and collaborative innovation contexts.

Planning and Execution Using Gantt Charts

The implementation of a structured methodology was further supported by Gantt charts, as
illustrated in Figure 2. Gantt timelines were automatically generated within Jira and grouped by
project and subproject, enabling effective visual tracking of deadlines, dependencies, and progress
over time. Each high-level project (e.g., time series modelling, transcriptomic classification,
pharmacokinetics analysis) was decomposed into actionable tasks, allowing precise monitoring of
deliverables, including publications, implementations, conference and presentations. This approach
supported the prioritization of critical paths, identification of inter-task dependencies, and
resourceallocation over the course of the PhD. Furthermore, it enabled seamless collaboration
between academic supervisors, industry partners, and research teams.
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Figure 2. Example of Gantt chart used for planning and monitoring research activities across multiple projects.

Adopting a standardized project management methodology proved essential in addressing the
inherent complexity and multidisciplinarity of the PhD journey. This structured approach facilitated
more effective coordination between academic and industrial collaborators, enhancing
communication and alignment across all phases of the research. It enabled the early identification of
potential delays or bottlenecks, thereby allowing for timely and proactive corrective actions.
Moreover, it ensured full traceability of each task from initial ideation to final implementation
encompassing the management of code, results, and key decisions. The methodology also
demonstrated strong scalability, supporting the concurrent handling of multiple research streams
with varying timelines and objectives. The integration of project management practices into the
research workflow played a pivotal role in ensuring the timely achievement of results and
maintaining consistency and coherence throughout the doctoral work.
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1 Introduction

1.1 Computational Methods in Biomedicine and Heart Transplantation

In the last decades, the convergence of computational science and biomedicine has catalyzed a
transformative shift in how complex biological systems are studied, interpreted, and translated into
clinical decision-making. The growing adoption of machine learning and artificial intelligence
across diverse medical and biological domains has profoundly impacted research methodologies
and healthcare delivery. These technologies have reshaped diagnostic workflows, enabled early
disease detection, and facilitated personalized treatment strategies, thereby redefining the role of
data-driven intelligence in modern medicine [2,3]. Precision medicine is one of the recent and
powerful developments in medical care, which has the potential to improve the traditional
symptom-driven practice of medicine, allowing earlier interventions using advanced diagnostics
and tailoring better and economically personalized treatments. Intelligent big data platforms are
necessary to improve the quality and transition of healthcare by expediting investigation of active
hidden factors in clinical data with machine learning algorithms to obtain actionable gap-based
information about patients for early detection and prevention. This evolution is largely driven by the
increasing availability of high-dimensional biomedical data and the concurrent maturation of
machine learning (ML) and deep learning (DL) methodologies, which have demonstrated
exceptional performance in uncovering subtle patterns, making predictions, and enabling decision
support in highly variable and nonlinear systems [4]. Originally developed within the domains of
computer science and statistics, ML algorithms have progressively been adopted across a variety of
biomedical applications, ranging from diagnostic imaging and electronic health records analysis to
the integration of high-throughput omics data. In particular, the ability of these models to handle
data heterogeneity, missing values, and temporal dynamics makes them especially suitable for
clinical environments where data are often fragmented and incomplete. Deep learning, a subset of
ML inspired by the layered architecture of the human brain, has further extended these capabilities.
Architectures such as convolutional neural networks (CNNs), recurrent neural networks (RNNs),
and variational autoencoders (VAEs) have been successfully applied to learn hierarchical
representations of medical images (as histopathological images), physiological time series, and
molecular profiles, respectively [5]. These models have moved the field beyond simple
classification and regression tasks, towards generative modelling, multimodal integration, and
personalized risk prediction. Moreover, ML and DL approaches are playing an increasingly pivotal
role in translational medicine, bridging the gap between basic biological discoveries and patient-
centered clinical outcomes. In the specific context of heart transplantation, where graft survival and
patient prognosis are tightly linked to early and accurate identification of complications,
computational methods offer an opportunity to enhance clinical decision-making. Endomyocardial
biopsy (EMB) remains the gold standard for rejection diagnosis. In parallel, as observed in fields
like oncology [6], molecular and computational strategies are increasingly being investigated to
support traditional diagnostics and enable more personalized, patient-tailored immunosuppressive
management. To address these goals, the mentioned computational approaches have emerged as
promising tools to complement traditional histopathological analysis. These methods can process
complex, high-dimensional data derived from endomyocardial biopsies, including transcriptomic,
proteomic, and histological image data, and uncover patterns that may not be visible through
conventional diagnostic workflows. In recent years, several studies have demonstrated the
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feasibility of applying ML and DL models to improve risk stratification or predict acute rejection
events. ML algorithms have been employed to analyze gene expression data from EMBs and
accurately classify rejection phenotypes [7]. Similarly, multiple deep learning architectures have
been used on digitized biopsy slides to detect rejection features with performance comparable to
expert pathologists [8]. Other studies have leveraged ML models to predict long-term survival or
immunosuppressive therapy response using longitudinal clinical data [9] [10].

1.2 Clinical and Molecular Challenges in Heart Transplantation
1.2.1 The Heart Transplant

The field of cardiac transplantation has undergone significant clinical and technological
advancements. Despite being a complex and resource-intensive intervention, advances in surgical
techniques, immunosuppressive regimens, and perioperative care have progressively improved
post-transplant outcomes. According to the latest report by the International Society for Heart and
Lung Transplantation (ISHLT), over 6,000 heart transplants are performed annually worldwide,
with ischemic and non-ischemic cardiomyopathies representing the most frequent indications for
transplantation [11]. Over the last decade, a progressive shift in the demographics of transplant
recipients has been observed. In the last decades, the median recipient age and BMI have increased,
as has the proportion of female and allosensitized patients undergoing transplantation [12] [13].
These trends likely reflect both expanded eligibility criteria and improvements in the pre- and post-
transplant immunologic management of sensitized individuals. Post-transplant survival is
influenced by a variety of clinical variables, including underlying diagnosis, recipient and donor
age, sex, need for pre-transplant mechanical circulatory support, such as extracorporeal membrane
oxygenation (ECMO), and re-transplantation status. While one-year survival rates are highest
among patients with ischemic and non-ischemic cardiomyopathies, individuals with congenital
heart disease show significantly reduced long-term survival. Male recipients, older donors or
recipients, and patients bridged to transplant with ECMO are associated with worse outcomes [14].
Nevertheless, median survival following adult heart transplantation continues to improve, now
reaching 12.5 years, and extending to 14.8 years among those who survive the first-year post-
transplant. The principal causes of death in transplant recipients have remained relatively stable
over the years and include primary graft failure, rejection, cardiac allograft vasculopathy (CAV),
infectious complications, malignancy, renal failure, and multi-organ dysfunction [15]. These
outcomes underscore the need for continuous surveillance strategies and improved diagnostic tools
to detect early signs of complications and guide timely therapeutic interventions. In this context, the
increasing availability of high-resolution and multimodal data, ranging from clinical records and
laboratory results to histopathological images and molecular profiles, offers new opportunities to
refine patient monitoring [16] [17].
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1.2.2 Endomyocardial Biopsies: The Clinical Gold Standard

In heart transplant recipients, cardiac denervation often renders early signs of graft rejection
clinically silent, delaying diagnosis until damage becomes more extensive and potentially
irreversible. Close surveillance of the transplanted heart is essential to reduce the risk of graft
failure, morbidity, and mortality. Endomyocardial biopsy (EMB) remains the gold standard for
monitoring cardiac allograft rejection and is routinely used in post-transplant surveillance protocols.
The procedure is typically performed via percutaneous access through the internal jugular or
femoral vein, guided by fluoroscopy or echocardiography, and involves sampling at least three
myocardial tissue fragments from the right ventricle. These samples are then processed and graded
histologically according to the ISHLT guidelines, which define standardized criteria for the
classification of rejection episodes [18] [19] [20]. EMB frequency is tailored to the patient’s
immunological risk and the time elapsed since transplantation. Rejection risk peaks within the first
3—6 months post-transplant, which is reflected in standard protocols that recommend weekly EMBs
during the first month, biweekly procedures in the second month, monthly until the sixth month,
and quarterly thereafter for the remainder of the first year. Additional biopsies are performed as
clinically indicated, for example, following a confirmed rejection episode or when clinical suspicion
arises. EMB plays a central role in the management of heart transplant recipients and remains the
definitive standard for the diagnosis of cardiac allograft rejection. Its integration into surveillance
protocols has significantly improved post-transplant outcomes. Nevertheless, as clinical research
advances, there is increasing interest in developing complementary tools that can support EMB by
providing additional molecular-level insights. Computational and transcriptomic approaches may
help capture subtle immunological changes occurring in the graft, even when histological findings
are still within normal limits [21]. As a result, there is growing interest in computational approaches
capable of extracting quantitative molecular information from EMB samples, to complement or
enhance traditional histological evaluation [22,23].

1.2.3 Infection and Rejection in Heart Transplantation

In the first year following heart transplantation, two of the most critical complications affecting
patient outcomes are acute cellular rejection (ACR) and cytomegalovirus (CMV) infection. Both
conditions can elicit similar histopathological and inflammatory responses in the graft, making their
differentiation particularly challenging using conventional diagnostic approaches.

Acute Cellular Rejection (ACR)

ACR remains the most prevalent form of allograft rejection during the first year after
transplantation. It results from a mismatch between the donor and recipient major histocompatibility
complex (MHC), which activates recipient T lymphocytes through direct or indirect antigen
recognition pathways. This immune response triggers a cascade of cytokine release, recruitment of
additional inflammatory cells, and ultimately, cytotoxic injury to the myocardial tissue [24]. At the
histological level, ACR is characterized by an inflammatory infiltrate predominantly comprised of
lymphocytes, macrophages, and occasional eosinophils, associated with myocyte damage. Usually,
myocyte injury is accompanied by encroachment of inflammatory cells surrounding myocytes, that
show irregular or scalloped borders. Additionally, myocytes can be partially or wholly replaced,
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inducing a distortion of the normal myocardial architecture. In 2004, the International Society for
Heart and Lung Transplantation (ISHLT) introduced a revised classification system for acute
cellular rejection (ACR) to replace the more fragmented 1990 formulation. The goal was to simplify
histological interpretation, improve diagnostic reproducibility, and better align biopsy findings with
clinical decision-making [18]. The updated nomenclature reduced the number of categories by
consolidating overlapping grades and introduced a four-tiered scale, ranging from OR (no rejection)
to 3R (severe rejection). This revised grading system remains the current clinical standard and is
based on the extent and distribution of mononuclear infiltrates, the presence and severity of
myocyte injury, and the detection of additional features such as edema, hemorrhage, or vasculitis.
Figure 3 shows histological examples of the different grades of acute ACR, based on the 2004
ISHLT classification [25]. Below is a detailed description of each grade:

e Grade OR — No rejection: No evidence of mononuclear cell infiltration or myocyte
damage. This grade corresponds to “Grade 0” in the 1990 classification.

e Grade 1R — Mild rejection: Presence of interstitial and/or perivascular mononuclear
infiltrates without distortion of myocardial architecture. Myocyte damage may be absent or
limited to a single small focus. This grade merges “Grade 1A” (focal infiltrate without
myocyte damage) and “Grade 1B” (diffuse infiltrate with myocyte damage) from the 1990
system.

e Grade 2R — Moderate rejection: Two or more discrete foci of mononuclear infiltrates
associated with clear evidence of myocyte injury. Eosinophils may be present. This grade
approximates the former “Grade 2” (one focus with myocyte damage) and “Grade 3A”
(multifocal infiltrates with damage).

e Grade 3R - Severe rejection: Dense, diffuse infiltrates of lymphocytes and macrophages,
often polymorphic in nature, extensively invade the myocardium. This is associated with
widespread myocyte destruction, frequently accompanied by interstitial edema, hemorrhage,
and/or vasculitis. It corresponds to the most severe forms of rejection in the 1990
classification [18], including “Grade 3B and “Grade 4.”
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Figure 3. Histological examples of acute cellular rejection (ACR) grades in endomyocardial biopsies, based on the 2004 ISHLT
classification. Panel A corresponds to Grade OR, panel B to Grade IR, panel C to Grade 2R, and panel D to Grade 3R.

Cytomegalovirus (CMV) Infection

Cytomegalovirus CMV is the most clinically significant viral infection in heart transplant
recipients, particularly during the early post-transplant period. As a member of the beta-
Herpesviridae family, CMV in the normal population, latently infects 50-90% of individuals, but
normally takes an asymptomatic course [26]. This virus has developed several immune escape
mechanisms that allow it to actively regulate cellular mechanisms by modulating apoptosis,
cytokine activation, leucocyte recruitment, lymphocyte surveillance, and antibody recognition.
Thanks to this adaptive strategy, CMV affects innate and adaptive immune control, striking a
balance with host clearance mechanisms to persist in the host for life. In transplant recipients, the
immunosuppressed state predisposes to both primary CMV infection and viral reactivation, which
can originate from either donor or recipient [27]. The cardiac transplanted patients can be stratified
according to the serological status of donor (D) and recipient (R) for anti-CMV antibodies. The
highest risk is associated with the mismatch between donor and recipient with D+/R- condition.
According to the approach chosen by each transplant centre, these patients may undergo pre-
emptive therapy (based on the antiviral administration for early asymptomatic CMV viremia
detected by surveillance testing) or antiviral prophylaxis (based on the antiviral administration to all
patients for the first period after transplantation) [28,29]. At the tissue level, CMV infection can
induce inflammatory infiltrates that closely resemble those seen in rejection. Due to this
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histopathological overlap between CMV infection and rejection status, histological analysis alone is
often insufficient to distinguish between the two. Additional testing such as immunohistochemistry
(IHC), polymerase chain reaction (PCR) on blood or formalin-fixed paraffin-embedded (FFPE)
tissue is commonly used to detect CMV DNA. However, due to the focal nature of CMV infection
and the limited sampling area of endomyocardial biopsies, false negatives are possible. These
diagnostic limitations underscore the need for novel biomarkers and integrated analytical
approaches that can aid in differentiating infection-driven inflammation from immune-mediated
rejection.

1.2.4 MicroRNAs as Biomarkers

MicroRNAs (miRNAs) were first identified in 1993 through genetic screening in Caenorhabditis
elegans [30], where they were found to play a critical role in regulating gene expression during
development. Since then, miRNAs have been recognized as an essential class of small non-coding
RNAs, typically 21 to 25 nucleotides in length, that act as post-transcriptional control by binding to
complementary sequences in the 3’ untranslated regions (3” UTRs) of target messenger RNAs
(mRNAs). Depending on the degree of complementarity, this interaction results in either mRNA
degradation or inhibition of translation, thereby modulating a wide range of biological processes
Such as pathways involved in immunity, inflammation, cell survival, and tissue remodeling
including the ones in cardiovascular system [31,32]. MiRNA biogenesis is a tightly regulated multi-
step process. Initially transcribed by RNA polymerase II as a long primary transcript (pri-miRNA),
the molecule undergoes nuclear cleavage by the DROSHA-DGCRS8 complex, producing a precursor
miRNA (pre-miRNA) with a characteristic hairpin structure. This pre-miRNA is exported to the
cytoplasm via Exportin-5 and further processed by DICER, generating a mature miRNA duplex. A
visual representation of the miRNA biogenesis is depicted in Figure 4[33]. One strand of the duplex
is then incorporated into the RNA-induced silencing complex (RISC), where it guides the complex
toward specific mRNA targets [34]. In addition to their intracellular regulatory roles, miRNAs have
gained considerable attention as potential biomarkers due to their ability to be secreted into the
extracellular environment and to remain remarkably stable in biological fluids such as plasma,
serum, and urine. This stability is largely attributed to their encapsulation within extracellular
vesicles (EVs) or their association with protective carriers like Argonaute-2 proteins and high-
density lipoproteins. These features make circulating miRNAs highly attractive candidates for non-
invasive biomarker development, particularly in the context of liquid biopsy-based approaches [35].
In transplantation, miRNAs have been studied in EMB tissue samples and liquid biopsy. Intragraft
miRNAs raised interest as a companion tool to improve biopsy interpretation. Many studies
revealed that miRNA analysis on EMB tissue can discriminate different types of acute rejection
with good performances and various platforms.

Novékova and colleagues analyzed the expression level of 11 miRNAs on EMB tissue through
Real-Time PCR (RT-qPCR). They delineated an ACR SCORE that distinguishes ACR with a
specificity of 91% and a sensitivity of 68% [36]. Furthermore, our group performed a Next-
Generation Sequencing analysis for miRNAs on EMB tissue and defined a miRNA signature to
discriminate ACR, AMR (Antibody-Mediated Rejection), and MR with a sensitivity of 83.3% and a
specificity of 95.8% [37]. On the other hand, Duong Van Huyen demonstrated that miRNA
expression is regulated both on graft tissue and on serum. They analyzed miRNA expression on
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EMB tissue samples and then assessed their expression level on serum samples matched with EMB.
The analysis showed that miR-10a, miR-31, miR-92a, and miR-155 discriminated accurately
between patients with and without rejection, with good yield in the external validation cohort[38].
The importance of this work was to directly highlight the link between serum and tissue and,
subsequently, it boosted new studies to investigate circulating miRNAs in cardiac allograft
rejection. Recently, several groups tried to define a unique miRNA or a miRNA signature
associated with acute rejection. Kennel performed a longitudinal profiling of circulating miRNA
and showed that hsa-mir-29¢-3p and has-mir-486-5p can be potential predictors of ACR and AMR
respectively [39], while other groups focused on ACR. Sukma Dewi analyzed serum samples
before, during, and after cellular rejection, and showed that hsa-mir-101-3p and hsa-mir-142-3p
increased during ACR episodes, with an Area Under the Curve (AUC) of 0.75 and 0.78 [40].
Additionally, in a functional study, she demonstrated that exosomal miR-142-3p is transferred to
endothelial cells and compromises endothelial barrier function via down-regulation of
RABI11FIP2[41]. A few years later, the research team headed by Crespo-Leiro conducted a
prospective, observational, single-center study that included 121 transplanted patients and
demonstrated that hsa-mir-181a-5p is significantly overexpressed in patients with ACR compared to
no rejecting patients, with a sensitivity and a specificity of 78% and 76% respectively [42]. In 2022
Shah published a multicenter prospective cohort study called Genomic Research Alliance for
Transplantation (GRAT) in which heart transplanted patients from 5 mid-Atlantic centers were
phenotyped. This group developed miRNA panels with high diagnostic accuracy for ACR and
AMR, and they were validated in an external validation cohort, reaching very high levels of
sensitivity (86% for ACR and 82% for AMR) and specificity (76% for ACR and 84% for AMR).
Taken together all these data suggest that miRNAs represent a unique class of omics-derived
biomarkers, offering both diagnostic and mechanistic insight into allograft biology. The clinical
application of miRNA-based biomarkers remains limited by the lack of cross-study reproducibility,
largely attributable to cohort heterogeneity, technical variability, and differences in data processing
methodologies. This underscores the need for further research efforts and the adoption of
standardized computational pipelines, potentially leveraging machine learning models, to identify
robust and generalizable miRNA signatures across diverse patient populations and biological
platforms. In particular, multimodal computational frameworks, capable of integrating histological,
clinical, and other omics-derived data, may represent a critical step toward next-generation
strategies for heart transplant monitoring and personalized immunosuppression management.
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Figure 4. MicroRNA biogenesis: Transcribed by RNA Polymerase II, miRNAs are processed into mature single strands that,
once incorporated into RISC, repress translation or degrade target mRNAs

1.2 Machine Learning in Transplantation Research

Since the early days of solid organ transplantation, data collection has followed a highly structured
and methodical approach, enabling the development of large observational studies and supporting
traditional clinical research. This systematic effort has produced a wealth of data spanning clinical
parameters, imaging, histopathology, and patient outcomes. However, the field is now transitioning
into a new era, characterized by the availability of increasingly large, heterogeneous, and integrated
datasets, including electronic health records (EHRs), medical imaging, and multi-omics profiles,
which require more advanced computational methodologies for analysis and interpretation [43].
The field of organ transplantation is undergoing a paradigm shift with the integration of artificial
intelligence (Al), particularly machine learning (ML) and deep learning (DL), into clinical and
research workflows. ML is a subset of artificial intelligence that focuses on the development of
statistical models and algorithms capable of learning patterns from data without being explicitly
programmed for specific tasks, simulating the human interpretation and generalizability behavior.
Formally, ML involves the estimation of a function f: X — Y that maps input variables X to output
labels Y by minimizing a loss function over a set of training examples. The learning process is
highly dependent on the nature of the data and the feedback signal available during training. To
help understand when ML might be applicable to solving clinical questions, it can be helpful to
consider the different main paradigms [44]:
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e Supervised Learning: In supervised learning, the algorithm is trained on a dataset that
contains input-output pairs. The model learns to map inputs to corresponding outputs by
minimizing a predefined loss function [45]. This paradigm is widely used for classification
and regression tasks. Supervised learning relies on large, labeled datasets and is one of the
most extensively applied approaches in biomedical domains.

e Unsupervised Learning: This approach deals with datasets that lack explicit labels. The
algorithm attempts to uncover hidden patterns, such as clusters, latent structures, or
correlations within the data. Common techniques include k-means clustering, principal
component analysis (PCA), and autoencoders [46].

e Semi-Supervised Learning: Positioned between supervised and unsupervised learning,
semi-supervised learning leverages a small quantity of labeled data alongside a larger pool
of unlabeled data. This is particularly valuable in biomedical contexts where labeled data is
costly or time-consuming to obtain. Semi-supervised techniques can significantly improve
performance in scenarios with data scarcity [47].

¢ Reinforcement Learning: In this paradigm, an agent learns to take actions in an
environment to maximize a cumulative reward signal. Rather than learning from labeled
examples, the model iteratively interacts with the environment, receiving feedback in the
form of rewards or penalties [48].

Deep learning (DL) is a subfield of machine learning characterized by the use of artificial neural
networks (ANNs) with many layers (hence “deep”) to model complex, non-linear relationships
within high-dimensional data. These models are capable of automatically learning hierarchical
feature representations from raw data, thereby reducing the need for manual feature engineering.
This characteristic makes DL especially powerful in biomedical contexts where data are often
unstructured, heterogeneous, and noisy [49]. Among the core architectures in deep learning,
multilayer perceptrons (MLPs) form the foundational structure. An MLP consists of an input layer,
one or more hidden layers of artificial neurons (also called units or nodes), and an output layer.
Each neuron in a given layer is fully connected to the neurons in the subsequent layer, and applies a
nonlinear activation function (e.g., ReLU, sigmoid, or tanh) to a weighted sum of its inputs. The
capacity of MLPs to approximate any continuous function over a compact domain is guaranteed by
the universal approximation theorem, provided they have sufficient width and depth [50].

While effective on structured data, MLPs are limited in capturing spatial or sequential patterns due
to their lack of architectural biases. Convolutional neural networks (CNNs), by contrast, are
specifically designed to exploit the spatial structure of image data. By using local receptive fields,
weight sharing, and pooling, CNNss efficiently detect features at multiple levels of abstraction,
making them the architecture of choice for tasks such as medical image classification and
histopathology-based diagnostic models [51]. For sequential or temporal data, recurrent neural
networks (RNNs) and their more advanced variants, such as long short-term memory (LSTM)
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networks and gated recurrent units (GRUs), are particularly suitable. These networks maintain an
internal state that captures dependencies across time, allowing them to process sequences of
variable lengths. In clinical settings, they have been applied to model longitudinal patient records,
immunosuppressive drug response trajectories, and electrocardiographic signals [52]. In recent
years, transformer architectures have redefined the state-of-the-art across multiple domains.
Originally developed for natural language processing, transformers employ self-attention
mechanisms that allow the model to dynamically weigh the importance of each input element
relative to others [53]. This ability to model long-range dependencies without recurrence has led to
their adoption in multimodal data integration tasks in biomedicine, where genomic, histological,
and clinical information must be jointly analyzed [54].

In transplantation, where timely and accurate assessment of graft health is essential, ML and DL
models offer the potential to enhance diagnostic precision, enable early intervention, and support
individualized patient management. These approaches have been applied to a wide range of tasks,
including prediction of graft survival, detection of rejection episodes, stratification of risk profiles,
and identification of novel molecular or imaging-based biomarkers.Liou et al. (2025) evaluated
survival machine learning models, such as Random Survival Forests and Cox-based Gradient
Boosted Trees, on a large-scale cohort of adult heart transplant recipients from the Scientific
Registry of Transplant Recipients (SRTR). The goal was to predict 1-year mortality following heart
transplantation, with models achieving moderate predictive performance (C-index around 0.62—
0.63) using only pre-transplant clinical features [55]. In the histopathological domain, Lipkova et al.
(2022) developed CRANE (Cardiac Rejection Assessment Neural Estimator), a weakly-supervised
deep learning framework that automatically detects, subtypes, and grades cardiac allograft rejection
from hematoxylin and eosin (H&E)-stained endomyocardial biopsies (EMBs). CRANE achieved
expert-level accuracy across multiple external validation cohorts, without requiring pixel-level
annotations [56]. Similarly, Seraphin et al. (2023) trained attention-based convolutional networks to
predict both presence and severity (OR, 1R, 2R/3R) of acute cellular rejection from digitized EMB
slides, achieving AUROC values above 0.85 in internal testing and robust performance on external
datasets [57]. Beyond unimodal approaches, recent efforts are increasingly focusing on multimodal
learning combining data from different modalities such as genomics, transcriptomics, histology, and
clinical parameters to improve robustness and predictive power [58]. Transformer-based
architectures, leveraging self-attention mechanisms, have become central in these multimodal
fusion tasks, as they allow modeling of complex dependencies between heterogeneous data types.
While still emerging in transplantation, this strategy has shown promise in oncology and
cardiology, paving the way for applications where multi-layered integration is essential. As the use
of ML and DL becomes more prevalent in high-stakes clinical decision-making, the need for
interpretability has also gained importance. Explainable Al (xAl) methods, such as attention maps,
Lasso regression features selction, and Shapley values are being increasingly employed to ensure
model transparency, facilitate clinical adoption, and uncover biologically meaningful insights. This
is especially relevant in histopathology and molecular data analysis, where model-driven feature
attribution can guide biomarker discovery and hypothesis generation [59]. These approaches are
increasingly used to enhance model transparency, facilitate clinical acceptance, and reveal
biologically meaningful patterns. They enable researchers to pinpoint which features (e.g., genes,
image regions, or clinical parameters) drive the predictions, helping to bridge the gap between
algorithmic decisions and clinical reasoning rather than treating models as opaque “black boxes.”
This is especially crucial in fields such as histopathology and transcriptomics, where insights
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derived from models can inform the discovery of novel biomarkers and the refinement of diagnostic
strategies. In these high-dimensional settings, interpretability becomes not only a desirable property
but an essential one, guiding downstream validation and enabling integration into clinical
workflows. The combination of high-performing predictive models with interpretable outputs is a
central direction for computational medicine. In transplantation, where decisions often involve high
stakes and limited data, integrating XAl frameworks can foster both trust in model outputs and
ensure the biological relevance of their findings [60]. In conclusion, ML and DL are rapidly
transforming the field of transplantation by offering data-driven tools capable of handling the
complexity and heterogeneity of modern biomedical data. While many challenges remain, such as
generalization across centers, data scarcity, and clinical validation, the integration of multimodal
fusion techniques and xAl frameworks holds great promise for improving the accuracy,
interpretability, and clinical relevance of computational models in transplant medicine.

1.4 Complex Systems and Network Theory in Biology

Biological systems are characterized by a vast number of interacting components genes, proteins,
RNAs, metabolites whose relationships define the functional organization of life. Modeling such
interactions is crucial for understanding the mechanisms underlying physiological and pathological
states. Over the past decades, complex network theory has established itself as a foundational
framework for representing and analyzing biological systems, laying the theoretical groundwork for
modern systems biology. In this approach, biological components, such as genes, proteins, RNA or
even pathways and organs, are represented as nodes, while their interactions whether physical,
regulatory, or functional are modeled as edges [61]. This abstraction enables researchers to explore
fundamental topological properties, identify central regulatory elements (hubs), detect modular
organizations (communities), and infer dynamical behaviors of the system under perturbations.
Early applications in biology, such as gene co-expression or protein—protein interaction networks,
laid the groundwork for what is now a vast and interdisciplinary domain known as network biology
[62]. While traditional (monoplex) network models offer valuable insights, they often fail to capture
the multidimensional nature of biological complexity. In real systems, interactions are not uniform
but occur across different types and contexts: for instance, transcriptional regulation, post-
transcriptional modulation, epigenetic modifications, and spatial constraints.

To address this, multilayer networks have been proposed as a natural extension of classical graph
models. In a multilayer network, each layer can represent a specific type of interaction or biological
condition, while nodes can exist across multiple layers as replica nodes or state nodes. Inter-layer
edges capture interdependencies across layers e.g., regulatory effects of small biological molecules
(such as microRNAs), or shared nodes between different omic profiles. This richer structure allows
for the integration of diverse biological data while preserving their contextual information,
overcoming the limitations of naive data aggregation [63]. A graphical overview of this multiscale
network paradigm is illustrated in Figure 5, which depicts how biological networks can be
structured from the molecular to the social level. Each layer represents a different level of biological
organization (molecular, cellular, tissue, social), and edges encode intra- and inter-layer
connections, supporting a system-level understanding of disease mechanisms and information
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propagation. Once a complex network model is constructed, a wide range of topological and
functional metrics can be computed to characterize its structure and extract biologically meaningful
insights. These measures enable the exploration of network organization, the identification of
critical regulatory components, and the comparison of network properties across different
phenotypic or experimental conditions. Among the most commonly used metrics in network
biology are:

o Degree centrality: quantifies the number of direct connections a node has. Nodes with high
degree, often referred to as hubs, typically play central roles in maintaining the structural
integrity of the network or orchestrating regulatory cascades [64]. In protein—protein
interaction networks, for example, hubs tend to correspond to essential genes or proteins.

o PageRank centrality: originally developed by Google to rank web pages, PageRank has
been successfully adapted to biological networks [65] [66]. It quantifies the importance of a
node based on the importance of its neighbors, under the assumption that connections from
influential nodes weigh more. This recursive process makes PageRank particularly suited for
identifying key regulators in complex and noisy networks, such as gene regulatory or
miRNA-mRNA interaction networks.

o Betweenness centrality: measures the extent to which a node lies on the shortest paths
between other nodes. Nodes with high betweenness act as bridges or bottlenecks and may
control the flow of information. This metric is useful in identifying potential control points
or key regulators in signal transduction pathways [67].

o Closeness centrality: reflects the average shortest path from a node to all others in the
network, indicating how efficiently information can spread from that node. Nodes with high
closeness may act as early responders or signal amplifiers in biological networks.

e Community detection and modularity: identify clusters of nodes more densely connected
to each other than to the rest of the network. These modules often correspond to biological
pathways, co-regulated gene groups, or protein complexes [68,69].

e Robustness and perturbation analysis: simulate node or edge removal to evaluate the
resilience of the network. This is particularly relevant in biological systems for assessing the
impact of gene silencing, mutations, or targeted drug therapy [70].

In multilayer networks where nodes are distributed across multiple layers reflecting distinct
biological contexts such as omics modalities, tissues, or disease conditions specialized topological
descriptors are required to capture both cross-layer interactions and the context-dependent
functional role of each node [71]. Most of the classical metrics developed for single-layer networks,
such as degree, betweenness, closeness and Page Rank centrality measure, can be generalized to the
multilayer context through appropriate mathematical formulations. These generalizations preserve
the interpretative power of traditional network descriptors while incorporating the added complexity
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of inter-layer relationships. For example, multilayer versions of centrality can capture the role of a
node both within each layer and in the global structure, accounting for interdependencies across
interaction types or experimental conditions. Similarly, community detection algorithms have been
adapted to identify modules that span multiple layers, revealing functionally coherent groups that
persist, or shift, their structure across different biological contexts [72]. This extension of monoplex
metrics allows for a unified analysis of complex biological systems where interactions are
heterogeneous and context-dependent. Together, these measures support a mechanistic and
integrative interpretation of high-dimensional biological data. Unlike conventional analytical
pipelines that isolate features or perform univariate differential analysis, the network-based
approach embeds data in a relational structure, uncovering emergent properties, multi-layer
modularity, and non-obvious functional dependencies that would otherwise remain hidden.

Several biomedical studies have demonstrated the utility of multilayer and network-based analyses
through the application of centrality and modularity measures. Zitnik and Leskovec (2017)
developed a novel computational framework, OhmNet, which models tissue-specific protein—
protein interaction (PPI) networks using a multilayer graph structure [73]. In this framework, each
layer corresponds to a specific human tissue, and the connections across layers are guided by a
hierarchical tissue ontology that reflects biological relatedness (e.g., brain subregions or related
immune tissues). By incorporating both intra- and inter-layer interactions, the model captures
shared and tissue-specific protein functions, highlighting how multilayer representation can enhance
interpretability and predictive power in biological complex systems. In complementary direction,
the work of De Domenico et al (2015) [68] introduced a framework for analyzing interconnected
multilayer networks through the definition of versatility, a centrality measure designed to evaluate
node relevance across multiple layers simultaneously. The metric quantifies the node importance
accounting for both intra-layer and inter-layer contributions, identifying versatile nodes that act as
central regulators across multiple biological conditions. The approach was successfully applied to
various real-world systems, including biological networks. Another recent application of multilayer
network is MultiCens, a framework developed by Kumar et al. (2023) [74], used to identify genes
that mediate cross-tissue signaling. Unlike single-layer approaches, MultiCens distinguishes intra-
and inter-tissue connectivity, enabling the prioritization of genes with systemic influence. The
method successfully identified known and novel mediators of hormone signaling across human
tissues and revealed disrupted inter-regional brain connectivity in Alzheimer’s disease, highlighting
its utility in both physiological and pathological contexts.It is possible to observe that some of the
works cited above intersect complex network models with machine learning or deep learning
methods to enhance both predictive capacity and interpretability. Unlike ML or DL models which
typically operate on fixed-length, vectorised representations and optimize objective functions (e.g.
loss functions), network-based models are intrinsically relational and topological: they encode
interactions, structure, dynamics and hierarchical dependencies, and can more naturally incorporate
prior biological knowledge. Recent advances in computational biology are exploring hybrid
frameworks, such as: Graph Neural Networks (GNNs), Graph Attention Networks (GATs), and
multimodal models that fuse molecular networks with clinical, imaging, or multi-omics data to
improve performance on classification, prediction, or biomarker discovery tasks. Wysocka et al.
(2023) [75] reviewed deep learning models in oncology that integrate biological networks, such as
pathway information or protein—protein interaction (PPI) networks, to support feature selection or
embed structural biological priors, resulting in models with improved interpretability and biological
plausibility. Similarly, Zhang et al. (2021) described applications of Graph Neural Networks
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(GNNs) to omics datasets, demonstrating that incorporating network topology as part of the input
space can enhance disease classification and the prediction of gene or protein function [76].
Although it has not been widely explored yet, in the context of transplantation, complex networks
offer multiple applications, particularly in research integrating network analysis with biomarker
discovery and their relationships to higher-level representations, such as biological pathways,
cellular functions, and organ dysfunctions. Guo et al. (2021) [77] constructed a regulatory miRNA—
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mRNA network associated with acute kidney injury after renal transplantation, identifying central
miRNAs such as miR-203a-3p and miR-205-5p, and ERBB4 as a hub gene, while pathway
enrichment (PI3K-Akt, HIF-1, Ras, MAPK) supported the biological relevance. Similarly, in the
study conducted by Lin et al. (2021) they proposed a multi-omics network approach to discover
novel miRNA biomarkers (miR-145-5p, miR-155-5p, miR-23b-3p) [78] for prediction and
subtyping of kidney transplant rejection, by integrating miRNA-mRNA interactions and protein—
protein interaction networks and applying topological metrics like degree, closeness, and
betweenness. These applications highlight the potential of complex network models to bridge
molecular and clinical information, enabling systems-level interpretations of transplant-related
processes. By integrating topological descriptors with functional annotations, expression data and
biological knowledge, network-based approaches provide a unique lens to study the regulatory
architecture underlying graft injury, immune activation, and tissue remodeling. Complex network
architectures are highly transferable to multiple biological contexts, including heart transplantation,
where immune-mediated rejection, viral infections, and allograft vasculopathy pose ongoing
diagnostic and therapeutic challenges. In particular, multilayer network models offer a structured
framework for integrating molecular level data (such as transcriptomic, mirnomic, proteomic, etc.),
clinical parameters, and histological scores, allowing for the dissection of complex, multiscale
biological phenomena associated with graft dysfunction. Looking ahead, the integration of network
theory with machine learning, particularly through the analysis of multimodal data and longitudinal
patient monitoring, holds significant promise for improving the follow-up of heart transplant
recipients. Such an approach may facilitate the identification of molecular components acting as
biomarkers capable of driving phenotypic transitions, thereby enabling the early detection of
rejection episodes, the stratification of infection risk, and the prediction of long-term complications.
Ultimately, this strategy supports a more personalized and proactive model of patient management.
As systems-level methodologies become increasingly accessible, their adoption in clinical
transplantation research may help shape the next generation of precision medicine in the field.

28



2 Omics based Classifier Framework
2.1 Aims

2.1.1 Aim Bootstrap analysis

Given the increasing complexity of omics datasets, a key challenge is not only improving
classification performance but also enhancing the transparency and reliability of model decisions.
Effective model performance and feature selection are fundamental for explainability and
reliability. In many cases, high-dimensional omics datasets suffer from limited number of samples
due to clinical constraints, patient conditions, phenotypes rarity and other conditions. Current
omics-based classification models often suffer from narrow interpretability, making it difficult to
discern meaningful insights where trust and reproducibility are critical. In this study we aim to
introduce a machine learning-based classification framework that integrates feature selection with
data augmentation techniques to achieve high-standard classification accuracy while ensuring better
interpretability. Using the publicly available dataset E-MTAB-8026, we conducted a bootstrap
analysis across six binary classification scenarios, with the aim to assess the impact of data
availability during training, introduction of synthetic data generation procedures on omics-based
classification, accuracy and feature selection of the proposed model. By balancing these factors, our
study aims to support the development of robust explainable decision support systems, facilitating
omics data exploration and biomarker discovery for personalized treatments. This extensive
analysis contributed to the development of a dedicated study, which has been accepted as full
contributed paper at the IEEE Engineering in Medicine and Biology Conference (EMBC) 2025
[79].

2.1.2 Aim AugPred pipeline for heart transplant follow-up

Acute Cellular Rejection (ACR) and Cytomegalovirus (CMV) infections represent two of the most
significant complications following heart transplantation, each requiring distinct therapeutic
strategies to prevent adverse outcomes. Despite the clinical importance of distinguishing between
these conditions, their overlapping molecular signatures, coupled with the challenges of data
scarcity and variability, have hindered the development of robust diagnostic tools [80—82]. Thus,
the primary question this study seeks to address is whether an optimized machine learning pipeline
can reliably identify ACR and CMYV infections in heart transplant patients, using limited and highly
variable microarray datasets. To this end, we introduce AugPred, a machine learning pipeline
designed to handle microarray data in post-transplant surveillance. AugPred integrates data
augmentation to synthetically expand training sets, L1-regularized logistic regression for
interpretable feature selection, and kernel-based Support Vector Machines for classification. In
order to validate the robustness of AugPred, we have tested it on a large, publicly available dataset
of miRNA profiles from patients with lung cancer and non-tumor lung diseases, by simulating the
training of the pipeline on data-scarce scenarios and assessing the generalization performance on
the remaining data. This work fills a critical gap in the literature, where few studies have
successfully integrated microarray data with machine learning techniques to develop clinically
applicable diagnostic tools in data-scarce scenario [83]. While previous efforts have focused on
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either improving classification accuracy or enhancing biomarker discovery, AugPred uniquely
combines these objectives into a unified pipeline.

2.2 Materials and Methods

2.2.1 E-MATB 8026 dataset description and preprocessing

For bootstrap analysis and validating AugPred pipeline we used a publicly available dataset
comprising microarray expression profiles derived from blood samples of over 3,000 individuals.
The dataset is available on the public repository of functional genomics data ArrayExpress with
accession code: E-MATB-8026 (Link to the dataset). It is related to a study aimed to evaluate the
potential of circulating miRNAs as non-invasive biomarkers for detecting lung cancer (LCa) [84].
The samples are categorized into four classes: patients diagnosed with LCa (600 samples), those
with non-tumor lung diseases (NTLD, 593 samples), individuals with other diseases (OD, 977
samples), and healthy controls (964 samples). Total RNA was extracted using the Qiagen PAXgene
Blood miRNA Kit, labeled and hybridized using the Agilent miRNA Complete Labeling and Hyb
Kit, and scanned with the Agilent microarray scanner system to generate miRNA expression

profiles.

Preprocessing for bootstrap analysis

miRNAs with invalid expression values were removed to reduce noise and improve data quality.
Only miRNAs with “hsa-“ prefix were retained, ensuring that the dataset exclusively contained
human-associated miRNAs. After this filtering steps, the resulting dataset included the expression
of 1,184 miRNAs as features. To create a well-balanced dataset while reducing computational
complexity, we selected an equal number of 500 samples per class (LCa, NTLD, OD, and Healthy
Control). This balanced subset ensures that the classification model is not biased toward any
particular group while maintaining sufficient statistical power for analysis.

Preprocessing for AugPred validation

As for the bootstrap analysis, miRNAs with invalid expression values were removed to reduce noise
and improve data quality. Only miRNAs with “hsa-“ prefix were retained, ensuring that the dataset
exclusively contained human-associated miRNAs. To focus the analysis on well characterized
conditions and to simulate a data-scarce scenario during the validation of the AugPred pipeline,
samples belonging to the OD class were excluded from the dataset. As a result, the remaining data
consisted of 606 LCa samples, 593 NTLD samples, and 964 healthy control samples.

2.2.2 Heart transplant data description and preprocessing

Post-heart transplant dataset used for the analysis represents a set of miRNA expression profiles
collected from 11 tissue biopsies, 5 from patients experiencing ACR of the allograft, and 6 from
patients with CMV infection. A representative example of the histopathological features extracted
of CMV infection and ACR is shown in Figure 6 (Barison et al., 2025) [85]. All patients enrolled
underwent cardiac transplantation at the Cardio-Surgery Center Gallucci (Department of Cardiac-
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Thoracic-Vascular Sciences, and Public Health at the University Hospital of Padua, Italy), and they
were monitored during all first year of follow-up post-transplant. All participants were provided
with complete information about the study, and all procedures performed were in accordance with
the ethics standards of the institutional and/or national research committee and with the 2013
Helsinki Declaration and its later amendments or comparable ethical standards. The local ethical
committee approved the study protocol number 0062556.

Sample collection was performed through EMB procedures, during which small endomyocardial
tissue fragments were obtained. Patients with biopsies showing inflammatory infiltrates are
classified as ACR, while patients with biopsies indicating acute rejection and microbiological
evidence of CMV viremia exceeding 1,000 copies/mL are classified as CMV infection. According
to the 2004 guidelines of the International Society for Heart and Lung Transplantation (ISHLT)
[82], all rejection cases in the dataset were classified as 3A-2R. Among the infection cases, four
were classified as 1A-1R, one as 3A-2R, and one as 3B-2R. The microRNA expression profiles
were measured using the Thermo-Fisher Gene Chip miRNA 4.0 Assay microarrays following the
manufacturer’s instructions. A total of 2562 miRNAs expression profiles have been collected.
MicroRNA profiles were preprocessed by filtering out those without the 'hsa-' prefix, as they are not
associated with the human organism. All missing values were removed from the dataset to prevent
the introduction of bias. After the preprocessing step, 2510 miRNAs expression profiles have been
retained.
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Figure 6. Histological and immunohistochemical analysis of endomyocardial biopsy samples in a control
case (R0), a rejection case (34—2R), and a CMV infection. Samples were stained with Hematoxylin—Eosin
(HE), and with anti-CD68 and anti-C4d immunohistochemistry. Scale bar: 100 um.
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2.2.3 Bootstrap analysis model architecture

We designed and studied a model classification framework which consists in the application of 3
main steps.

1) Synthetic Samples Generation: To mitigate the cases of data scarcity and enhance model
robustness, a Gaussian noise-based augmentation strategy is applied [86] to the training data to
generate synthetic samples while preserving the original data distribution. The process involves
selecting real samples from each class and perturbing their values with Gaussian noise, where the
standard deviation of the noise is set as the 10% of the original feature’s standard deviation. For
each feature, we independently compute the standard deviation within each class, ensuring that
variations reflect intrinsic variability. New synthetic samples are generated by randomly selecting
values from the original dataset and adding the computed noise. This method maintains the
statistical properties of the dataset while introducing controlled variability to improve model
generalization. The final augmented dataset includes an equal number of synthetic samples per
class.

2) Feature Selection: To tackle high-dimensional datasets, a feature selection approach based on
L1-regularized logistic regression (LASSO) is applied. This method penalizes feature coefficients,
effectively reducing the weights of irrelevant features to zero, thereby selecting only the most
influential ones [87]. Multiple LASSO simulations are conducted; each trained on a dataset
augmented with synthetic samples. Inverse regularization strength parameter (c) has been set to
0.01. After each simulation, features with non-zero L1 coefficients are recorded. The occurrence

of each selected feature across multiple simulations is counted, and only those present in more than
50% of the executed simulations are retained and used as input features for the subsequent
classification step.

3) Kernel-Based Classifier: Kernel Support Vector Machine (KSVM) model with polynomial
kernel is employed. KSVM is a powerful method that exploit a kernel function to project data into a
higher-dimensional space, defining the optimal hyperplane that maximally separates the two classes
[88]. The formulation can be denoted from the (1, where a; are the learned weights, y; are the class
labels, and xi are the support vectors. The function K(x;, x) is the kernel function that maps data into
a higher-dimensional space, and b is the bias term that shifts the decision boundary. z is the number
of support vectors and f'(x) is the decision function that determines the classification of x. The
classifier is trained using the selected features from the feature selection step, ensuring that only the
most relevant ones contribute to the decision boundary. Once trained, the KSVM predicts class
labels for the original test samples, and performance is evaluated using standard metrics such as
accuracy and confusion matrices. For simplicity, we refer to this model architecture as the L1-
KSVM Framework.
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2.2.4 Bootstrap analysis experimental procedure

To comprehensively evaluate both classification performance and the robustness of feature
selection under varying data constraints, a bootstrap-based experimental framework was
implemented. Six binary classification tasks were defined from the E-MATB 8026 dataset, by
considering all pairwise combinations among the four available classes: LCa, NTLD, OD, and
healthy controls. The experimental procedure is designed to evaluate the effect of sample size on
classification performance and the interpretability of feature selection. This comprehensive pairwise
design enables a systematic assessment of model behavior across a wide spectrum of clinical
contrasts, ranging from healthy-vs-disease to inter-disease comparisons with potentially overlapping
biological signatures. A complete visual representation of the process is provided in Figure 7. The
boostrap analysis have been conducted on the following six binary classification scenarios:

e Scenario 1: Healthy Controls vs LCa

e Scenario 2: Healthy Controls vs NTLD
e Scenario 3: Healthy Controls vs OD

e Scenario 4: LCa vs NTLD

e Scenario 5: LCa vs OD

e Scenario 6: NTLD vs OD

For each predefined classification scenario, we assessed different training set sizes by randomly
selecting subsets from the balanced dataset, which consists of 500 samples per class. The training
set sizes tested were: 350 (70%), 300 (60%), 250 (50%), 150 (30%), 100 (20%), 25 (5%) and 10
(2%). All remaining samples constituted the test set. Each experiment was repeated 100 times per
sample size, with new bootstrap samples drawn in each iteration. These scenarios were selected not
only to assess model performance, but also to explore the discriminative power of microRNA
profiles under varying degrees of phenotypic similarity and heterogeneity. Three classification
approaches were evaluated:

e L1-KSVM Framework incorporating 200 synthetic samples per class, generated using a
Gaussian noise-based augmentation technique.

e L1-KSVM Framework without data augmentation, applying the same feature selection and
classification procedure but without synthetic data augmentation.

e A baseline LASSO logistic regression model, where features were retained solely based on
having a nonzero L1 coefficient.

The trained models were evaluated on the test set, and classification accuracy was recorded. For
each sample size and across the six classification scenarios, the number of microRNAs selected by
the regularization method was also tracked. By contrasting models with and without data
augmentation, we aim to isolate the effect of synthetic variability on the generalization ability and
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sparsity of the resulting classifiers. Additionally, including a linear baseline provides a reference
point to contextualize the benefits of kernel-based methods.

2.2.5 The AugPred pipeline

Following the model framework studied in the boostrap analysis, we have created the AugPred
data-driven pipeline to robustly select relevant miRNA biomarkers and use them to identify ACR
versus CMV is composed of multiple steps:

1) Data augmentation
2) Feature selection
3) Classifier training

Figure 8 A) depicts a better visual representation of the system developed.

Step 1: Data augmentation

The first step of the pipeline generates multiple synthetic samples for each class using the training
set of our available data. For each specific feature f; (miRNA expression level), the pipeline we
compute the means ppcr and peopmy, and standard deviation ocg and ocyy for the two classes.
Then, we create 100 new synthetic expression profiles each having f; ¢y, sampled from the

corresponding normal distribution V' (Uacr, Oacr) Of N (Memy, Ocmy)  Representative results of the
augmentation are shown in Figure 8 B).

Step 2: Feature selection

The AugPred pipeline proceeds with a logistic regression model coupled with the L1 lasso
regularization, trained on the new augmented dataset. The L1 regularization method, also known as
Lasso (Least Absolute Shrinkage and Selection Operator), adds a penalty term (L1 coefficient) to
the loss function proportional to the absolute values of the coefficients (weights) of the model,
shrinking to 0 features with large enough penalty term and maintaining only non-zero coefficient
features [83,89]. The regularization strength can be controlled through a specific parameter. In this
study, we utilized the LogisticRegression method implemented in the scikit-learn library [90],
which uses the parameter C as the inverse of the regularization strength. Smaller values of C
indicate stronger regularization. In this analysis, C was set to 0.01. The generation of the augmented
dataset, along with the subsequent feature selection, is repeated 100 times to mitigate the effects of
randomness in the sampling process (in Figure 7, this step is represented by the rounded blue line).
Features that consistently exhibited a non-zero coefficient in the logistic regression in more than
50% of the 100 repetitions are considered stable.

Step 3 Classifier training

The data in the training fold is then augmented with the same procedure described in Step 1 but
considering only the stable features. The augmented dataset is used to train a KSVM model with a
polynomial kernel of degree 3 and regularization strength C, set to 1.0, following the default
hyperparameter settings [88] [90]. polynomial kernel of degree 3 and regularization strength C, set
to 1.0, following the default hyperparameter settings [88] [90].
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Figure 8. A) Schematic representation of the AugPred pipeline. The dataset is divided into independent training and testing folds, ensuring no data
leakage. Data augmentation is applied exclusively to the training fold to improve model generalization. The pipeline consists of two main steps: (1)
iterative feature selection using L1-regularized logistic regression on the augmented training fold to identify relevant features and (2) further
filtering and augmentation of the selected features, followed by training a KSVM for classification. The testing fold is reserved for final
performance evaluation. B) Example visualization of one-fold from the cross-validation process, comparing training fold before and after
augmentation. Left: Real measured training samples only. Right: Same fold after data augmentation with synthetic samples. The plot displays the
expression values of two randomly selected miRNAs (hsa-miR-19b-2-5p and hsa-miR-10b-3p) as an illustrative example. ACR and CMV samples
are color-coded and marker-shaped to indicate their role in training (dots) and validation (crosses) sets.
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2.2.6 AugPred Experiment 1: Heart transplant dataset classification

The performance evaluation of the classification was conducted using a 5-fold cross-validation
approach to ensure a robust and unbiased assessment of the AugPred pipeline. The pipeline was
specifically designed to prevent data leakage [91], which could otherwise lead to performance
overestimation or introduce biases. To ensure robustness, steps 1-3 (data augmentation, feature
selection, and classification) were conducted within the training fold of each of the cross-validation
round, and only the final classifier on the stable features was applied on the test fold.

MicroRNAs identified as relevant for classification by the logistic regression model with L1
regularization were further analyzed to assess statistically significant differences in signal intensity
distributions between infection and rejection cases. We investigated the pathways in which
statistically relevant miRNAs are involved, exploiting the miRNA pathway analysis tool DIANA
[92], which integrates experimentally supported interactions and computational predictions,
providing a comprehensive overview of miRNA involvement in key biological processes.

2.2.7 AugPred Ablation study on heart transplant data

To evaluate the impact of the different parts of the proposed pipeline, we tested the developed
pipeline's (AugPred - KSVM) performance against two alternative approaches. The first is a
baseline logistic regression classifier (Baseline approach) that does not incorporate data
augmentation or feature selection methods. The second is a simplified version of the pipeline, where
the KSVM model is replaced with a logistic regression classifier without a regularization term
(AugPred - Logistic).

2.2.8 AugPred Experiment 2: Data scarce scenario simulation on E-MATB 8026
dataset

In order to test the performance of the pipeline when applied to a data-scarce setting as the
transplant data, we chose to use a large dataset of miRNA data from LCa patients and healthy
control, and simulate the application of the pipeline on a small subset of the available data (data-
scarce scenario), and then testing the resulting model on the remaining, much larger, data.

Data scarce scenario
We investigated the classification capabilities in the following 3 binary classification tasks to reflect
clinically relevant challenges:

e Healthy control vs LCa
e Healthy control vs NTLD
e LCavs NTLD

Data-scarce Cross-validation analysis

For each scenario, 80 samples (40 from each class) were randomly selected. The performance
AugPred pipeline was assessed using a 4-fold cross-validation (k=4).
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Generalization Performance analysis

After the cross-validation performance was obtained, the pipeline was applied to the full of 80
samples (40 per class) and tested on the remaining samples in the dataset, which included 606
LCa, 593 NTLD, and 964 healthy control samples. Performance on the remaining samples was
compared to the performance obtained from the data-scarce cross-validation.

Extremely Data scarce scenario

A third analysis was conducted focusing on the LCa versus NTLD scenario to assess the
resilience of the AugPred pipeline. We followed the same steps as in the data scarce scenario.
For each scenario, 10 samples (5 from each class) were randomly selected from the 606 LCa
and 593 NTLD cases, representing approximately 1.6% of the entire dataset. The performance
AugPred pipeline was assessed using a 4-fold cross-validation (k=4). To ensure the reliability of
the results, the process was repeated 100 times.

2.3 Results

2.3.4 Bootstrap analysis results

Figure 9 illustrates the classification accuracy across six binary classification scenarios for different
training set sizes and classification methods. As expected, an increase in training sample size
generally improves classification performance. Table 2 rovides a detailed breakdown of
performance metrics, including accuracy (Acc. %), true positives (TP %), true negatives (TN %),
false positives (FP%), false negatives (FN %) and the accuracy collected from the cross-validation
analysis (Cross-Val Acc. %). The Baseline LASSO regression model (Baseline LASSO reg.)
achieves relatively higher accuracy in multiple cases, resulting in an overall better performance
across the six scenarios. However, Table 1, which summarizes the average number of selected
microRNAs (#miRNAs) per training sample size, highlights a key advantage of the L1-KSVM-
based approaches, their ability to perform feature selection efficiently. Compared to the Baseline
LASSO regression, which retains a substantially larger number of features, both L1-KSVM
approaches significantly reduce feature dimensionality, making them more interpretable and easier
to investigate. Notably, the L1-KSVM framework with data augmentation improves classification
accuracy over its non-augmented counterpart, achieving performance comparable to the Baseline
LASSO regression, particularly in scenarios with limited training data. It is also possible to notice
the positive effect of data augmentation, particularly evident in scenarios with limited training data,
where it enhances model robustness and helps mitigate performance degradation. It is also possible
to notice that the accuracy performances of the proposed framework, obtained from the cross-
validation analysis of each training sample size, are aligned with the accuracy of the same trained
model applied to a larger dataset.
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Figure 9. Each subplot corresponds to a binary classification scenario: Scenario 1 (Healthy Controls vs. LCa), Scenario 2 (Healthy Controls vs. NTLD), Scenario 3 (Healthy Controls vs. OD), Scenario 4 (LCa vs. NTLD),
Scenario 5 (LCa vs. OD), and Scenario 6 (NTLD vs. OD). The x-axis represents the training sample size, while the y-axis shows the classification accuracy. The plots compare three approaches: the L1-KSVM Framework
with Data Augmentation (blue solid line), incorporating 200 synthetic samples per class; the L1 KSVM Framework without Augmentation (red solid line), applying the same feature selection and classification process but
without synthetic data,; and the Baseline LASSO Regression Model (green dashed line), which retains all features with a nonzero L1 coefficient.Shaded areas indicate standard deviation across 100 bootstrap iterations per
sample size.
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Training set size Ll-KSYM Aug. Ll-KSVM.without Baseline LASSO
(# miRNAs) Aug. (# miRNAs) reg. (# miRNAs)

10 66.54 5.68 1180

25 79.91 10.33 1183

100 96.41 19.93 1183

150 99.56 20.39 1183

250 103.23 20.72 1183

300 104.56 20.72 1183

350 107.05 20.75 1183

Table 1 Average number of selected microRNAs across different classification scenarios

Sample Acc. 0 o 0 0 Cross-val
Size % TP% TN% FP% FN% Ace. %
Baseline LASSO regression
10 64.9 32.74 32.16 17.26 17.84 61.2
25 73.7 37.08 36.64 12.92 13.35 71.7
100 82.3 41.82 40.52 8.17 9.48 81.8
150 83.6 42.60 41.02 7.39 8.97 83.2
250 84.7 43.24 41.47 6.75 8.52 84.6
300 85.0 43.42 41.60 6.57 8.39 83.8
350 85.2 43.54 41.75 6.45 8.24 84.1
L1-KSV (Aug = FALSE)

10 58.0 29.46 28.58 20.54 21.42 57.1
25 64.6 32.40 32.24 17.60 17.75 62.0
100 74.5 37.11 37.41 12.88 12.58 73.6
150 75.7 37.73 37.98 12.26 12.01 76.3
250 76.5 38.26 38.28 11.74 11.71 76.7
300 76.9 38.25 38.72 11.74 11.27 79.1
350 76.7 38.14 38.64 11.85 11.35 80.0
L1-KSV (Aug = TRUE)

10 64.8 33.34 31.48 16.65 18.52 66.1
25 69.0 35.03 34.05 14.96 15.94 64.5
100 74.7 36.76 37.95 13.23 12.04 70.4
150 76.4 37.62 38.84 12.37 11.15 72.5
250 78.8 38.86 39.94 11.13 10.05 74.5
300 79.6 39.40 40.28 10.59 9.71 77.2
350 80.4 39.82 40.61 10.17 9.39 79.2

Table 2. Performance metrics across sample sizes for each method
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2.3.1 AugPred Experiment 1 Results: Heart transplant dataset classification

Classification performance

The model's performance is validated using cross-validation to evaluate its classification behavior.
We tested the AugPred pipeline and perform the cross-validation on all 11 real measured samples.
Figure 10 depicts the confusion matrix of the classification process, illustrating the overall
performance of the model on the test fold data. The model successfully distinguishes between
rejection and infection in nearly all cases, achieving an accuracy level of 91%.
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Figure 10. Confusion Matrix of Cross-Validation Classification Results. Confusion matrix
showing the performance of the AugPred pipeline in classifying 11 real measured samples
into infection and rejection cases using cross-validation.

It is possible to notice that the model has misclassified only one subject, predicting it as a rejection
case instead of an infection. This misclassification occurred on the fold number 3 of the cross-
validation.

Features and bioinformatic analysis

The L1 regularization in step 1 of the pipeline selected the relevant miRNAs from the augmented
generated dataset. Across the different folds, some miRNAs are consistently maintained, while
others appear only in specific folds. Table 3 displays all the miRNAs selected in at least two folds
of the cross-validation process (column: Fold Count). The table also includes the number of times
each miRNA exhibits a non-zero coefficient (columns: Fold 1, Fold 2, Fold 3 and Fold 4) across the
100 iterations.
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Name Fold Count Fold-1 Fold-2 Fold-3 Fold-4
hsa-miR-30a-5p 4 100 44 100 100
hsa-miR-10b-3p 4 100 99 41 100

hsa-miR-181a-2-3p 3 100 0 93 100
hsa-miR-19b-2-5p 3 100 95 0 93
hsa-miR-486-5p 3 0 98 100 89
hsa-miR-130a-5p 4 55 100 60 68
hsa-miR-514a-3p 3 50 100 0 99
hsa-miR-1307-5p 3 0 99 4 100
hsa-miR-325 3 54 17 0 98
hsa-miR-490-5p 3 30 100 0 28
hsa-miR-105-3p 3 100 0 1 26
hsa-miR-127-5p 3 36 40 0 26
hsa-miR-149-3p 2 0 0 4 89
hsa-miR-30b-5p 2 0 1 0 56
hsa-miR-138-1-3p 2 6 45 0 0
hsa-miR-30a-3p 2 37 0 0 1
hsa-miR-222-5p 2 0 0 5 21
hsa-miR-487b-5p 2 4 0 0 12
hsa-miR-1323 2 12 0 0 1
hsa-miR-198 3 98 96 0 4
hsa-miR-193b-3p 2 0 2 0 1

Table 3. Each microRNA is associated with the number of folds in which it appears (fold count) and the number of times each
microRNA exhibits a non-zero coefficient across the 100 iterations.

Name Fold-1 Fold-2 Fold-3 Fold-4
hsa-miR-30a-5p 100 - 100 100
hsa-miR-10b-3p 100 99 - 100

hsa-miR-181a-2-3p 100 - 93 100
hsa-miR-19b-2-5p 100 95 - 93
hsa-miR-130a-5p 55 100 60 68
hsa-miR-325 54 - - 98
hsa-miR-105-3p 100 - - -
hsa-miR-198 98 96 - -
hsa-miR-486-5p - - 100 89
hsa-miR-514a-3p - 100 - 99
hsa-miR-1307-5p - 99 - 100
hsa-miR-490-5p - 100 - -
hsa-miR-149-3p - - - 98

Table 4. MicroRNAs that exhibit a non-zero coefficient in more than 50% of the 100 iterations. The ‘-

microRNA was not selected in the fold or did not exceed the 50% threshold.
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Table 4 summarizes the miRNAs that display a non-zero coefficient in more than 50% of the 100
iterations for each k-fold. Among these miRNAs, we aim to identify those that exhibit statistically
significant differences in signal intensity distributions between the two classes. To this end, we
conduct a Kolmogorov-Smirnov test to compare the signal intensity distributions of these miRNAs
between the infection and rejection groups. We have collected the miRNAs with a statistical
significance difference in Table 5 and depicted the related distribution density plot for each class in
Figure 11.

Name p-value
hsa-miR-514a-3p 0.025974
hsa-miR-198 0.025974
hsa-miR-490-5p 0.047619

Table 5. MicroRNASs that exhibit non-zero coefficient in more than 50% of the 100 iterations and have a statistical different
distribution of the signal intensity between the groups.
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Figure 11. Signal intensity distribution of microRNAs with a non-zero coefficient in over 50% of 100 iterations and statistically
significant differences between groups. Density plots illustrating the expression level distributions of the statistically significant
microRNAs identified by the Kolmogorov-Smirnov test. (A) hsa-miR-198, (B) hsa-miR-490-5p, and (C) hsa-miR-514a-3p. The blue
line represents the infection class, while the orange line represents the rejection class. Differences in the distribution highlight the
potential of these microRNAs as distinguishing features for classification between the two conditions.

Table 5, were subjected to pathway enrichment analysis using the DIANA platform [92]. Among
the identified pathways, the ECM-receptor interaction pathway showed the highest enrichment
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significance (p-value = 0.000255), linked to two genes and two miRNAs (hsa-miR-514a-3p and
hsa-miR-198). The glutamatergic synapse pathway was enriched (p-value = 0.033733), involving
three genes and hsa-miR-490-5p. Figure 12 illustrates the association of these miRNAs with
enriched pathways, with the ECM-receptor interaction pathway showing the highest prominence.

Color Key
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I: hsa-miR-514a-3p/microT-CDS
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Glutamatergic synapse
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Figure 12. Heatmap of Enriched Pathways for Statistically Significant MicroRNAs Identified Using the DIANA Tool.
Heatmap showing the association between significant microRNAs (hsa-miR-490-5p, hsa-miR-514a-3p, and hsa-miR-198)
and their enriched pathways. Color intensity represents enrichment significance (log-transformed p-values), with darker
shades indicating stronger significance. The ECM-receptor interaction pathway is notably enriched for hsa-miR-514a-3p
and hsa-miR-198 (p-value = 0.000255), while the glutamatergic synapse pathway is linked to hsa-miR-490-5p (p-value =
0.033733).

2.3.2 AugPred Ablation study results

The results of the ablation study, showing as both the augmentation and the feature selection are
crucial in obtaining stable and robust results, are summarized in Table 6

Method Accuracy False infection False rejection
Baseline Approach 75% 2 1
AugPred - Logistic 82% 1 1
AugPred - KSVM 91% 0 1

Table 6. Performance comparison between the baseline logistic regression classifier (Baseline approach), simplified version of the
pipeline with a logistic regression classifier (AugPred - Logistic), and the AugPred pipeline with KSVM classifier (AugPred-KSVM).

The pipeline with the KSVM classifier shows outstanding results compared to the baseline
approach, which achieves a limited accuracy of 75%. Moreover, a clear improvement is observed
with kernel-based classification compared to the logistic regression version.
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True Labels

2.3.3 AugPred Experiment 2 Results: Data scarce scenario simulation on E-MATB
8026 dataset results

Data scarce Cross-validation results

To evaluate the classification accuracy of the AugPred pipeline with a robust sample size, we
conducted a cross-validation analysis. For each scenario (Healthy control vs LCa, Healthy control
vs NTLD, LCa vs NTLD), 80 samples (40 from each class) were randomly selected and subjected
to 4-fold cross-validation (k=4). This approach enabled a comprehensive assessment of the
pipeline's performance under controlled conditions, ensuring a balanced dataset with adequate
representation from both classes in each scenario.

Predicted Labels

Predicted Labels
30.0 B) Healthy

A) Healthy LCa

275

Healthy r25.0 Healthy

r20.0

True Labels

r17.5

LCa NTLD

F15.0

125

10.0

Predicted Labels

C) LCa

30

LCa
25

r 20

True Labels

r15
NTLD

Figure 13. Cross-validation accuracy for each scenario. Confusion matrices illustrating the performance of the AugPred pipeline in
three binary classification scenarios: (A) Healthy controls vs. Lung Cancer (LCa), (B) Healthy controls vs. non-tumor lung disease
(NTLD), and (C) LCa vs. NTLD. Each scenario involved 80 samples (40 per class) subjected to 4-fold cross-validation with a 70%/30%
training and testing split. The pipeline achieved an accuracy of 71% for Healthy vs. LCa, 76% for Healthy vs. NTLD, and 80% for LCa
vs. NTLD. Color intensity and associated color-bar indicate the count of samples in each cell, with darker shades representing higher
values.
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Figure 13 shows the confusion matrices for the three classification scenarios tested with the
AugPred pipeline. In the Healthy controls vs. LCa scenario, the pipeline achieved an accuracy of
71% (Figure 5 - A), correctly classifying most samples while misclassifying 14 LCa cases as
healthy and 9 healthy controls as LCa. For Healthy controls vs. NTLD, the performance improved
to 76% (Figure 5 - B), with balanced misclassifications between the groups, suggesting clearer
separation in miRNA expression profiles. The best performance was observed in LCa vs. NTLD,
with an accuracy of 80% (Figure 5 - C), where only 6 LCa and 10 NTLD samples were
misclassified.

Generalization results

After the AugPred pipeline has been trained on a subset of 80 samples (40 per class), it is tested on
all remaining samples in the dataset (testing samples per each class: 566 LCa, 553 NTLD, and 924
healthy control).
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Figure 14. Generalization accuracy performance for each scenario. Confusion matrices showing the performance of the AugPred
pipeline on the full dataset across three binary classification scenarios: (4) Healthy controls vs. Lung Cancer (LCa), (B) Healthy
controls vs. Non-tumor Lung Disease (NTLD), and (C) LCa vs. NTLD. The model was trained on a subset of 80 samples (40 per
class) and tested on all remaining samples (964 healthy controls, 606 LCa cases, and 593 NTLD cases). The pipeline achieved an
accuracy of 73% for Healthy vs. LCa, 88% for Healthy vs. NTLD, and 77% for LCa vs. NTLD. Color intensity represents the count
of samples in each cell, with darker shades indicating higher values.
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Figure 14 presents the confusion matrices for the three classification scenarios. The results
demonstrate stable and promising levels of accuracy across the scenarios. In the Healthy controls
vs. LCa scenario, the pipeline achieved an accuracy of 73%, with most healthy controls and LCa
cases correctly classified, despite some misclassifications on both sides. For the Healthy controls vs.
NTLD scenario, the classifier achieved its best performance, with an accuracy of 88%, maintaining
strong consistency with the cross-validation phase. The distinct separation of miRNA profiles
between healthy controls and NTLD cases contributed to the minimal misclassifications observed in
this scenario. In the LCa vs. NTLD scenario, the pipeline achieved an accuracy of 77%, effectively
distinguishing between these two groups while managing some overlap in miRNA expression
patterns. The results remain aligned with the cross-validation performance, further underscoring the
model's robustness. When comparing the results between the cross-validation phase and the full
dataset testing, consistent performance is evident across both evaluation methods. A slight but
stable decrease in accuracy was observed for the Healthy controls vs. LCa (from 71% to 73%) and
LCa vs. NTLD (from 80% to 77%) scenarios, while a significant improvement was noted for
Healthy controls vs. NTLD (from 76% to 88%).

Extreme scarce data generalization results

We randomly selected 10 samples per class (approximately 1.6% of the entire dataset) from the LCa
vs. NTLD scenario, trained the AugPred pipeline models, and performed classification. This
process was repeated 100 times to ensure reliable results. At each iteration, we recorded the
confusion matrix, calculated the accuracy, and computed the average accuracy across all iterations.
The results show an average accuracy of 70.3% (Figure 15). The slight decrease in accuracy
compared to the cross-validation and the previous study using 80 training samples highlights the
robustness of the classifier and its ability to generalize, even when trained on a highly limited
sample size.
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Figure 15. Average confusion matrix robustness analysis. Average
confusion matrix obtained from 100 iterations of the AugPred pipeline,
where the model was trained on 10 randomly selected samples per
class (1.6% of the dataset) in the LCa vs. NTLD scenario. The average
accuracy across iterations was 70.3%
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2.4 Discussion

The work we have presented stems from the methodological foundation laid by the bootstrap
analysis, which aimed to evaluate classification performance in omics datasets under varying data
availability conditions. This initial exploration not only validated the effectiveness of integrating
feature selection and synthetic data generation techniques but also revealed the limitations of
classical models in terms of interpretability and robustness. The insights gained through this study
paved the way for the design and implementation of the AugPred pipeline, which is the targeted
solution employed for phenotype classification in the post-heart transplant setting.

Bootstrap Analysis

The results of the bootstrap analysis demonstrate the effectiveness of integrating feature selection
and synthetic data generation in omics-based classification tasks. The baseline LASSO regression
model exhibited relatively better classification accuracy across multiple scenarios, as shown in
Figure 2 and Table II. However, this came at the critical cost of retaining a significantly larger
number of features (Table I), which can reduce model interpretability and increase the risk of
overfitting, particularly in high-dimensional datasets. The proposed L1-KSVM framework offered
an optimal balanced trade-off between high accuracy and feature selection [93]. The use of data
augmentation significantly enhances classification performance compared to its non-augmented
counterpart, particularly in low sample conditions, where the model benefits from the additional
synthetic training examples, improving its generalization ability. Moreover, the L1-KSVM
framework achieved comparable accuracy to the baseline model while drastically reducing the
number of selected features, making it a more interpretable and explainable solution. We decided to
include in the framework the L1-KSVM architecture to evaluate a more expressive model capable
of capturing non-linear patterns through kernel-based projections while maintaining feature
selection through L1 regularization. This combination aimed to balance model complexity and
interpretability. The use of synthetic data via Gaussian noise further tested whether data
augmentation could improve robustness in low-sample settings [94]. We demonstrate that the
proposed frameworks achieve consistent cross-validated performance on small datasets that emulate
real-world scenarios. The accuracy remains stable when the trained classifier is applied to a larger
test set, highlighting its robustness and generalizability. Reducing high dimensionality by selecting
relevant features, which enables accurate classification of patient conditions, provides a significant
advantage in understanding underlying biological insights and facilitates more precise statistical and
bioinformatics analyses. This study advances the integration of synthetic data into omics-based
analysis while improving decision interpretability through targeted feature selection. Future
research will aim to validate the framework across multiple omics datasets and explore more
sophisticated data augmentation techniques, such as generative deep learning models (like
generative adversarial networks (GANSs) and variational autoencoders (VAE)) [95] [96] to design
more biologically meaningful synthetic samples. This approach will be crucial in overcoming the
study’s limitation, as Gaussian noise-based augmentation may not fully capture the complex
biological variability present in real-world omics datasets.
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The AugPred Pipeline

Building upon the findings of the bootstrap study, we developed and validated AugPred, a machine
learning pipeline specifically designed to leverage microarray data for phenotype classification in
post-heart transplant surveillance.

The pipeline, based on miRNA expression on EMBs, effectively distinguishes ACR from CMV
infections, achieving 91% classification accuracy in this critical clinical context. In detail, AugPred
identified three miRNAs as the most statistically significant in classifying EMB samples as CMV or
ACR: hsa-mir-514a-3p, hsa-mir-198, and hsa-mir-490-5p. Hence, these miRNAs are the best
candidates for future validation studies in a larger patient cohort. Furthermore, by integrating data
augmentation techniques, L1-regularized logistic regression for feature selection, and classification
through KSVM, AugPred significantly outperforms traditional approaches, demonstrating its
potential to enhance diagnostic precision in high-dimensional omics datasets derived from heart
tissue biopsies. The miRNAs showing the most significant differences in distribution between CMV
and ACR groups (hsa-mir-514a-3p, hsa-mir-198, and hsa-mir-490-5p) have been analyzed
exploiting the DIANA pathway enrichment analysis tool. The results highlighted that hsa-miR-
514a-3p and hsa-miR-198 are linked to the ECM-receptor interaction pathway, which showed the
highest enrichment significance. The extracellular matrix (ECM)-receptor interaction pathway plays
a crucial role in mediating cell-ECM communication, which is essential for cellular adhesion,
migration, and tissue remodeling [97][98]. This pathway is particularly relevant in the context of
transplantation, where it contributes to graft remodeling and repair processes. Dysregulation of this
pathway, such as overexpression of ECM components or their receptors, has been associated with
pathological conditions including fibrosis and chronic allograft rejection [97]. Excessive ECM
deposition and alterations in receptor signaling can lead to fibrotic tissue remodeling, a hallmark of
chronic graft dysfunction and eventual failure [99].

In addition, hsa-miR-490-5p is reported to be involved in the Glutamatergic synapse pathway,
which also displayed significant relevance in pathway enrichment analysis. The glutamatergic
synapse pathway, although primarily associated with neurotransmission in the central nervous
system, has been implicated in the regulation of immune responses during transplantation [100].
Activation of glutamate receptors on immune cells can influence cytokine production and
inflammatory responses, potentially exacerbating graft rejection [21], [22]. These are potential key
findings to better understand the molecular mechanisms underlying graft rejection and immune
regulation in transplantation, providing a foundation for further studies on diagnostic biomarkers
and therapeutic targets. Notably, some miRNAs that did not exceed the threshold of significance for
signal intensity distribution difference between CMV and ACR groups but were selected from the
data-driven feature selection approach, such as hsa-miR-1323, hsa-miR-30a-3p, hsa-miR-30a-5p,
hsa-miR-10b-3p, and hsa-miR-10b-5p, are involved in cardiovascular pathophysiological
mechanisms and pathways. For example, hsa-miR-1323, hsa-miR-30a-3p, and hsa-miR-30a-5p
have been reported in other important studies in the heart transplant field. Indeed, Di Francesco et
al. showed that these miRNAs are differentially expressed in ACR, antibody-mediated rejection,
and mixed rejection [103]. Another interesting study, conducted by Zhong et al., demonstrated
through qRT-PCR the role of multiple primary miRNAs precursor, including hsa-miR-30a and hsa-
miR-10b, in playing an important role in regulation of vascular calcification pathways, which is a
condition often encountered in heart transplant patients at risk of allograft rejection [104], [105]. All
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these published results are a domain-specific demonstration that our pipeline is capable of
extracting meaningful features from microarray data.

AugPred has been validated on the E-MATB-8026 dataset, demonstrating robust performance
across multiple scenarios, highlighting its adaptability and generalization capabilities even under
low data availability conditions. In detail, AugPred proved to be an efficient classification tool that
can be applied to various patient populations, regardless of the pathological setting and the
population size. The consistent accuracy across diverse classification challenges underscores
AugPred's scalability and versatility in handling complex datasets and proves the powerful
implication of generated synthetic samples and machine learning models to improve system
performance and mitigate limitations posed by small sample sizes. Furthermore, the pipeline's
independence from specific microarray kits or sequencing platforms enhances its flexibility and
broad applicability across various experimental setups. All these characteristics make AugPred a
strong pipeline, widely applicable in translational research and clinical practice.

Even though AugPred demonstrates optimal results with easy implementation and applicability, it
has some limitations that warrant consideration. Its reliance on invasive EMBs restricts its routine
use, and the pipeline depends heavily on high-quality datasets, making it sensitive to data biases.
For this reason, further studies will focus on the relationship with the inclusion of multi-omics data
and possible circulating transcripts. Future work on AugPred will focus on exploring the integration
of molecular features with clinical data, to expand its applications and possibly reduce reliance on
invasive procedures. Optimizing scalability and incorporating the pipeline into clinical workflows
could further establish its role in personalized medicine. On the other hand, we need to enroll a new
cohort of patients to validate the efficacy of AugPred-selected miRNAs as biological biomarkers in
heart transplant monitoring. In conclusion, AugPred is a significant advancement in machine
learning for transplant medicine, offering robust performance and biological insights. With future
refinements and validations, it has the potential to become an essential tool for tackling complex
clinical challenges.
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3 Multilayer Networks Modeling of miRNA-mRNA Interactions
3.1 Aim of the study

Biological systems are inherently complex, characterized by a multitude of interacting molecular
components whose relationships span different types, scales, and regulatory hierarchies. In recent
years, complex network theory has emerged as a powerful paradigm to model such systems,
providing tools to investigate their structural, functional, and regulatory organization [106,107]. In
systems biology, complex networks have been extensively applied to represent and interrogate
diverse molecular interactions. In this framework, molecules such as genes, RNAs, and proteins are
represented as nodes, while their interactions whether physical, functional, or regulatory are
described as edges. This abstraction enables the analysis of network topology, identification of key
regulatory hubs, and exploration of emergent behaviors across biological contexts [108]. Biological
regulation is inherently complex, involving multilayered and interdependent relationships among
molecular entities. In this context, microRNAs (miRNAs) have emerged as pivotal post-
transcriptional regulators. These small, non-coding RNA molecules bind to target messenger RNAs
(mRNAs), modulating their stability and translation. Through this mechanism, miRNAs orchestrate
essential cellular processes, including immune activation, cell cycle control, and apoptosis. Their
role becomes particularly critical in complex clinical scenarios such as heart transplantation, where
regulatory imbalances may contribute to adverse outcomes [109]. Among post-transplant
complications, two conditions are especially relevant: acute cellular rejection (ACR) and
cytomegalovirus (CMV) infection. ACR, the most common form of rejection within the first year
after transplant, arises from immune-mediated responses due to mismatches between donor and
recipient major histocompatibility complexes (MHCs) [110]. CMV infection, on the other hand,
represents the most clinically significant viral complication in transplant recipients [111]. Although
ACR and CMYV infection are biologically distinct, one immune-mediated and the other viral, they
often exhibit overlapping histopathological features, complicating differential diagnosis and
treatment. In this context, miRNAs have gained attention as promising molecular markers.
Understanding how miRNAs and their mRNA targets behave under these divergent but intersecting
conditions is crucial to uncovering their regulatory mechanisms [112] [113]. Yet, most
transcriptomic studies in transplantation rely primarily on differential expression analysis, which,
while informative, treats molecules as independent units [114]. This approach overlooks the
interconnected nature of gene regulation, where individual miRNAs may regulate multiple mRNAs,
and each mRNA may be targeted by several miRNAs, forming complex regulatory networks. To
investigate whether regulatory influence shifts across different post-transplant conditions, we
constructed multilayer networks integrating miRNA and mRNA expression data from
endomyocardial biopsies of 16 cardiac transplant recipients. Intra-layer connections were defined
based on ontology-driven functional similarity among miRNAs and mRNAs, while inter-layer
edges captured high-confidence predicted interactions between miRNAs and their mRNA targets.
We applied an ensemble PageRank strategy to robustly estimate the centrality of each node,
capturing its structural and regulatory importance within the network. By comparing centrality
profiles across control, infection, and rejection phenotypes, and performing pathway enrichment
analyses on differentially central molecules, we aimed to uncover phenotype-specific signatures of
post-transcriptional regulation that may not be detectable through expression analysis alone. This
work offers both methodological and biological contributions, introducing a scalable, data-driven
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framework for integrative transcriptomic analysis and providing novel insights into the molecular
mechanisms distinguishing CMV infection from rejection. The proposed approach is also
generalizable to other disease settings and adaptable to longitudinal designs for studying dynamic
regulatory changes over time.

3.2 Dataset and Preprocessing

For this study, 16 patients who underwent cardiac transplantation between January 2018 and
December 2020 were selected. We excluded pediatric patients, and adult patients that tested
positive for coinfection. All participants were provided with complete information about the study,
and all procedures performed were in accordance with the ethics standards of the institutional
and/or national research committee and with the 2013 Helsinki Declaration and its later
amendments or comparable ethical standards. Endomyocardial biopsies (EMBs) of these patients
were collected. EMBs were carefully reviewed by two expert pathologists, who reached an
agreement on the grading. EMBs were classified according to the ISHLT 2013 updated
international classification criteria for antibody-mediated rejection [115] and the ISHLT 2005
working formulation for acute cellular rejection [116] and divided into 3 phenotypic classes:

e 5 Controls: patients with negative EMB for rejection
e 6 Infections: patients with cytomegalovirus infection (CMV).
e 5 Rejections: patients experiencing acute cellular rejection (ACR) of the allograft.

Patients with biopsies showing inflammatory infiltrates are classified as acute cellular rejection
(ACR) (Rejections), while patients with biopsies indicating acute rejection and microbiological
evidence of CMV viremia exceeding 1,000 copies/mL are classified as CMV infection (Infections).
According to the 2005 guidelines of the International Society for Heart and Lung Transplantation
(ISHLT) [116], all rejection cases in the dataset were classified as 3A-2R. Among the infection
cases, four were classified as 1A-1R, one as 3A-2R, and one as 3B-2R. Control samples include
patients who were negative at EMB for rejection. Total RNA was extracted using RecoverAll Total
Nucleic Acid Isolation Kit (Life Technologies, USA) according to the manufacturer’s instructions.
High-density Clariom S Affymetrix GeneChip arrays (Thermofisher Scientific, USA) were used to
measure mRNA expression profiles. On the same total RNA extracted, microRNA expression
profiles were measured using the Clariom-S miRNA 4.0 chips and FlashTag™ Biotin HSR RNA
Labeling Kit (Thermofisher Scientific, USA) following the manufacturer’s instructions.

Measured expression profiles of mRNAs and microRNAs were preprocessed by filtering out
missing values and entries with zero signal intensity. Additionally, to reduce the influence of
background noise and low-confidence measurements, features with expression values below the
25th percentile across samples were removed. MicroRNAs without the ‘hsa-’ prefix were discarded
to retain only human-specific microRNAs relevant to the study. After preprocessing, a total of
2,561 microRNAs and 3,688 mRNAs per sample were retained for downstream analysis
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3.3 Methodology

The entire workflow of the developed multilayer network framework can be visualized in Figure 16
which outlines the three main stages of the analyses: (A) data preprocessing, (B) multilayer network
construction and ensemble PageRank computation, and (C) PageRank analyses and biological
interpretation. The multilayer network model and the ensemble PageRank computation were
implemented using R programming language. The multilayer network model and the ensemble
PageRank computation were implemented using the R programming language, ensuring
reproducibility and flexibility in graph manipulation and centrality analysis. The pathway
enrichment analysis (PEA) was performed using the EnrichR R package, which provides access to
multiple pathway and gene set libraries, including KEGG. All statistical analyses, data integration
procedures, and the microRNA—pathway association study were conducted using R and Python,
leveraging libraries such as pandas for data handling, statsmodels for statistical testing, and ggplot,
matplotlib and seaborn for visualization.

3.3.1 Multilayer Network

Multilayer Network Modelling

By representing molecules as nodes and multiple types of interactions as edges, complex network
modelling allows for the investigation of regulatory, functional, and structural relationships within
cellular processes. To address the complexity of regulatory interactions between microRNAs and
mRNAs across three categories (control, infection, and rejection), we propose a multilayer network
framework to analyze and integrate these relationships. Multilayer networks enable the
simultaneous representation of different types of biological interactions within a unified and
structured model [117,118]. Intra-layer connections (or Intra-links) describe interactions within the
same molecular class (e.g., microRNA-microRNA or mRNA-mRNA associations), while inter-
layer connections (or Inter-links) represent regulatory links between microRNAs and their target
mRNAs. A representation of the constructed multilayer microRNA-mRNA network is shown in
Figure 18. In our proposed methodology the multilayer network Intra-links between nodes of the
same molecular type were constructed following GO-based functional and semantic similarity, to
capture biological roles relationships. Specifically, microRNA—microRNA connections were
defined using MirGofos [119], an unsupervised method that infers functional similarity between
microRNAs based on the semantic similarity of their gene ontology (GO)-annotated target genes.
mRNA-mRNA associations were computed using GOGO [120], a graph-based algorithm that
quantifies the semantic similarity between gene products by exploiting the topological structure of
the GO graph. Together, these methods ensure that intra-layer connections reflect weighted shared
biological functions.

Inter-layer Connections and Biological Assumptions.

Inter-layer connections (Inter-links) represent the regulatory interactions between microRNAs and
their target mRNAs. Most of the microRNAs — mRNAs kinetic interaction modelling approaches
rely on correlation-based approaches or mathematical modelling of co-expression patterns,
eventually including target prediction databases to infer regulatory relationships.

In this study, we adopted a probabilistic approach to exploit the static expression profiles of each
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sample availability. Therefore, our objective is to estimate the potential for interaction between
miRNAs and their target genes using expression data collected at a single time point (t = 0)
[121,122]. Although miRNA-mediated regulation is inherently dynamic and context-dependent, we
assume that an increase in the concentration of a given miRNA, combined with a high predicted
affinity for a specific mRNA target, is indicative of a potential negative regulatory interaction via
the RISC complex. To mitigate the risk of false-positive predictions arising from the absence of
temporal data, we considered only interactions with a Target Prediction Score (Sc) > 80, as
provided by miRDB, a threshold identifying highly reliable predictions based on high-throughput
experimental data [123]. Nevertheless, we acknowledge that the likelihood of miRNA-mRNA
interaction is also influenced by additional factors, such as competition with other targets (ceRNA
effect), the availability of RISC complex proteins, and cell-type-specific contexts [124] [125]. To
quantify the relative probability of interaction of each pair of microRNA-mRNA, we computed an
Interaction Score (IS) based on the measured concentrations of miRNAs and their target mRNAs,
together with the Sc value (2. This score was then normalized according to the distribution of
predicted interactions for each microRNA Eq. 3 yielding the Interaction Probability (PI), which
represents the relative likelihood of regulation for each miRNA-mRNA pair.
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)
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3.3.2 Ensemble PageRank Approach

PageRank is a commonly used centrality measure initially developed to rank webpages in the
context of the World Wide Web [65]. It quantifies the relative importance of nodes in a directed
graph by considering both the number and the quality of connections they receive. In the context of
biological networks, PageRank can be used to infer the regulatory influence or topological
relevance of a given molecule (e.g., a miRNA or mRNA) within a larger regulatory architecture.
The intuition behind PageRank is that a node is considered important if it is linked to by other
important nodes. This recursive formulation allows PageRank to capture indirect regulatory
influence, making it particularly suitable for identifying key regulators in complex and
interconnected biological systems. Formally, PageRank is computed as the steady-state distribution
of a random walk process with damping, where the probability of transitioning from one node to
another is determined by the network’s connectivity structure. The iterative process converges to a
ranking vector, where each element reflects the long-term visitation probability of the
corresponding node. To assess node centrality within the multilayer microRNA-mRNA regulatory
network, we implemented an ensemble PageRank strategy designed to produce a robust and stable
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estimation of node importance, while mitigating the computational burden of computing PageRank
across the entire multilayer network in a single step. Instead of evaluating the full network at once,
we employed an iterative ensemble procedure that progressively stabilizes the PageRank
distribution through multiple randomized subnetwork constructions. Specifically:

o Initialization: PageRank values were initialized to zero for all microRNAs and mRNAs.
Two additional vectors were used to track convergence across iterations.

o Sampling: At each iteration, a subset of 6 = 512 microRNA nodes (approximately 20%
of the total) was randomly sampled from the network.

o Target Retrieval: For each sampled microRNA, all associated target mRNAs were
retrieved based on non-zero values in a sample-specific transition probability matrix.

o Subnetwork Construction: multilayer subnetworks were created, including related
intralayer and interlayer connections.

o PageRank Computation: PageRank scores were computed for the nodes in the sampled
subnetwork and aggregated into the global PageRank vector.

o Convergence Monitoring: The mean absolute percentage difference (or mean absolute
percentage error, MAPE) of PageRank was tracked as convergence metric.

o Stopping Criterion: The process continued until either the maximum number of
iterations (M = 2000) was reached, or convergence was detected, defined as 25
consecutive iterations where the absolute relative percentage change in PageRank fell
below 10,

Figure 17 shows the convergence of the ensemble PageRank process, based on the absolute relative
percentage change in PageRank values for microRNAs (microRNA) and mRNAs.

3.3.2 PageRank and Bioinformatic Analyses

PageRank Distribution Analyses

PageRank value distributions were computed for both microRNAs and mRNAs across all
phenotypic classes (control, infection, and rejection), following the convergence of the ensemble
PageRank procedure. For each node, the mean PageRank score was calculated and normalized
between 0 and 1, within each phenotype group. The resulting frequency distributions were analyzed
to characterize the overall topological organization of the multilayer regulatory network and to
assess potential differences in centrality patterns across phenotypes. To identify nodes exhibiting
statistically significant differences in PageRank distributions across phenotypes, we performed
pairwise comparisons of PageRank values for each node. Specifically, the Wilcoxon rank-sum test
(Mann—Whitney U test) was applied to assess whether the PageRank distributions differed
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significantly between phenotypic groups (control vs. infection, control vs. rejection, and infection
vs. rejection). This non-parametric test was chosen due to its robustness in detecting distributional
differences without assuming normality.

Pathways Enrichment Analyses

Pathway enrichment analysis (PEA) was performed on the set of nodes that showed statistically
significant differences in PageRank centrality across the three phenotypic classes (control,
infection, and rejection). The analysis was conducted using the EnrichR R package and the KEGG
database (Kyoto Encyclopedia of Genes and Genomes) [126], to identify biological pathways
potentially associated with phenotype-specific regulatory patterns. All pathways with a p-value <
0.05 were retained and annotated according to their original KEGG classification. Top 20 enriched
pathways were selected based on adjusted p-value statistical significance (Benjamini—Hochberg
correction) to focus on the most statically significant pathways and facilitate comparative analysis
and visualization, while avoiding redundancy among highly similar functional annotations.

MicroRNAs — Pathways Association Study

MicroRNAs that showed statistically significant differences in PageRank value distributions across
phenotypes were mapped to the top 20 enriched pathways, based on their predicted target genes. To
enhance the robustness of the pathway—microRNA associations, a median-based divergence filter
was applied. For each microRNA, the median PageRank was computed per phenotype, and pairwise
divergence scores were defined as the absolute difference between these medians across the three
phenotype comparisons. MicroRNAs with divergence scores below the overall median were
excluded, retaining only those with higher phenotype-specific centrality variation. The filtered
microRNAs were then grouped by associated pathways and stratified by phenotypic class (control,
infection, and rejection). For each pathway, the mean PageRank distribution of the associated
microRNAs was computed separately for each phenotype. The resulting distributions were then
compared and statistically evaluated using the Wilcoxon—-Mann—Whitney test, to identify pathways
showing significant differences in microRNA regulatory activity across conditions.
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comparison of PageRank distributions across phenotypes, pathway enrichment analyses of the microRNAs or mRNAs with statistical
relevant difference among phenotypes, and pathway—phenotype association studies
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Figure 17. Convergence analysis of the ensemble PageRank computation for microRNAs and genes.

Computation of logl0-scaled mean absolute percentage error (MAPE) for microRNA (ved) and mRNAs (green) nodes during the
ensemble PageRank estimation process. MAPE quantifies the difference between successive PageRank vectors at each iteration,

demonstrating progressive convergence toward stable centrality values. Both microRNA and gene scores show consistent decay,
with gene nodes converging slightly faster than microRNAs.
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3.4 Results

3.4.1 PageRank Distribution Analysis

PageRank Distribution per Node Type and Phenotype

Mean PageRank values for each node were aggregated per phenotypic class (control, infection,
rejection) and separated by molecular layer (mMRNAs and microRNAs). Figure 19 displays the log-
scaled normalized frequency distributions of log value of the PageRank centrality values across all
conditions. A clear difference in the PageRank distributions was observed. mRNAs tend to have a
broader distribution on higher level of PageRank, while microRNAs exhibited a left-skewed
distribution a bit smaller PageRank values. When comparing distributions across phenotypic
classes, no major shifts in centrality distribution were detected. The curves for control, infection,
and rejection groups remained highly overlapping within each molecular class, both for mRNAs
and microRNAs. This indicates a preservation of the topological structure of the Multilayer
Network across the different samples, with similar centrality profile distribution across phenotypes.

Pairwise Comparison Across Phenotypes

The pairwise comparison analysis identified a total of 157 microRNAs with statistically significant
differences (p-value < 0.05) in PageRank distributions across at least one phenotype comparison. In
contrast, no mRNAs (transcribed genes) showed statistically significant centrality differences, with
p-values consistently above or on the limit with the significance threshold. The results are
summarized in the heatmaps shown in Figure 20, where color intensity represents the normalized
PageRank values (range 0—1) for each microRNA across all samples. The heatmap highlights
distinct patterns of centrality variation across phenotypes, with several microRNAs exhibiting
visible changes in intensity between groups. Clustering analysis revealed partial grouping of
samples according to phenotypic class, particularly for infection and rejection conditions,
suggesting a structured variation in microRNA centrality profiles.

3.4.2 Pathways Enrichment Analysis (PEA)

From the 157 microRNAs with statistically different PageRank value among the phenotypic classes,
a total of 195 pathways were identified as significantly enriched, with a p-value threshold of < 0.05.
Multiple enriched pathways were associated to signaling pathways (24), cellular functions
regulation (24) and both viral and bacterial infections (22). A relevant number of pathways (30) also
mapped to the regulation of cardiovascular, circulatory, and endocrine system. Pathways related to
cancer were also highly represented (24), that reflects cell proliferation pathways. Metabolic
pathways accounted for 23 enriched terms, encompassing glycan biosynthesis, amino acid
metabolism, and lipid-related processes. The presence of these pathways suggests a metabolic
reprogramming in response to stress, immune activation, or pathogen burden, which is often
observed in both infectious and inflammatory conditions. Sixteen enriched pathways were
associated with the nervous system and neurodegeneration. These include processes such as axon
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guidance and synaptic signaling, as well as disease-related pathways. Remaining pathways included
key mechanisms of antigen presentation, cytokine signaling, and immune cell activation. Their
enrichment supports the involvement of classical immune effectors. Figure 21 A) displays the top
20 significantly enriched pathways, ranked by statistical significance. Among these, the most
enriched terms include Endocytosis and Axon guidance, followed by several intracellular signaling
pathways such as Hippo signaling, MAPK signaling, and PI3K-Akt signaling. Infection-related
pathways such as Human papillomavirus infection, Herpes simplex virus 1 infection, and
Staphylococcus aureus infection are also prominently represented, together with canonical cancer
pathways (Pathways in cancer, Proteasome, p53 signaling) and neurodegenerative disease-related
terms. The upset plot in Figure 21 B) displays the intersection of genes among the top 20 enriched
KEGG pathways. Notably, the Herpes simplex virus 1 (HSV-1) infection pathway stands out by
containing the highest number of genes without intersection with other pathways (335). This
suggests a strong, specific enrichment of this viral infection signature, potentially pointing to a
distinct set of regulatory targets or immune-related responses influenced by the identified
microRNAs. In contrast, several signaling pathways including the mTOR signaling pathway,
MAPK signaling, Hippo signaling, and Ubiquitin-mediated proteolysis display intersecting gene
sets, suggesting that these pathways might represent more general cellular programs affected during
either infection, rejection, or stress responses post-transplant. The overlap between pathways in
cancer, focal adhesion, and cellular senescence further indicates the involvement of pathways that
regulate cell proliferation, apoptosis, and tissue remodeling, all relevant in the context of graft
adaptation or injury.

3.4.3 MicroRNAs — Pathways association

To assess the potential regulatory influence of microRNAs on the most significantly enriched
pathways, we mapped the 79 microRNA retained after median-based divergence filtering onto the
pathways via their predicted target genes. These microRNAs demonstrated robust centrality profiles
and were collectively associated with all the top enriched KEGG pathways. For each pathway, we
then computed the mean PageRank value of the associated microRNAs within each phenotypic
network (control, infection, and rejection).

As shown in Table 7, a general trend emerged in which the rejection phenotype exhibited lower
average PageRank values for the majority of pathways, suggesting a reduced central role of these
microRNAs in the regulatory network during acute rejection. Pathways such as Endocytosis,
MAPK signaling, Pathways in cancer, and Protein processing in endoplasmic reticulum, which
were also among the most significantly enriched and highly connected in terms of gene overlap,
showed pronounced drops in mean PageRank in the rejection group. A similar pattern was observed
for immune- and infection-related pathways like Herpes simplex virus 1 infection, Ubiquitin
mediated proteolysis, and mTOR signaling, indicating that the microRNA-mediated regulation of
these processes may be specifically diminished in the context of rejection.
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Figure 21. Top 20 Enriched pathways, Barplot and UpSet plot. (4) Barplot showing the 20 most significantly enriched
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infection

p-value | p-value p-value Mean Mean Mean
Pathway Samiig] Samiie] ATiisE e PageRank | PageRank | PageRank
VS VS VS . gt .
. . .. .. Control | Infection | Rejection
infection | rejection | rejection
Endocytosis 0.1045 | 2.94e-05 | 9.28e-08 | 0.6273 0.659 0.4976
Axon guidance 0425 | 4.03e-05 | 1.56e-06 | 0.6363 | 0.6476 | 0.5075
Hippo signaling 0.0988 | 8.42¢-05 | 2.51e-07 | 0.6321 | 0.6573 | 0.4982
pathway
Pathways of 0.1014 | 2.48¢-05 | 5.8le-08 | 0.6225 | 0.6573 | 0.4982
neurodegeneration
MAPK signaling | 1367 | 431605 | 137¢-07 | 0.6225 | 06504 | 04982
pathway
Pathways in cancer | 0.0769 | 2.66e-05 | 3.42¢-08 | 0.6182 | 0.6573 0.497
Protein processing in
endoplasmic 0.1325 | 2.26e-05 8e-08 0.6322 0.6539 0.4871
reticulum
Human
papillomavirus 0.079 5.57e-05 | 7.43e-08 0.6182 0.6573 0.497
infection
Herpes SIMpLex virus | 199> | 437¢-05 | 3.61e-07 | 06321 | 06504 | 04982
1 infection
Pr"tegagrllzgi‘ns n 0.0619 | 3.39¢-05 | 4.19¢-08 | 0.6182 | 0.6573 0.497
Salmonella infection | 0.0964 | 3.05¢-05 | 6.15¢-08 | 0.6273 0.659 0.4976
Ubiquitin mediated | 59761 0.000103 | 2.29¢06 | 0.6322 | 0.6476 | 0497
proteolysis
Focal adhesion 0.1253 | 0.000227 | 9.95¢-07 | 0.6124 | 0.6504 | 0.4982
Alzheimer disease 0.1777 | 3.86e-05 | 2.43e-07 0.6321 0.6504 0.5075
Autophagy 0.0923 | 8.75e-05 | 2.91e-07 | 0.6321 | 0.6715 | 0.5075
Shigellosis 0.1016 | 3.72e-05 | 9.86e-08 | 0.6225 | 0.6573 0.497
mTOR signaling 0.3002 | 5.48¢-05 | 1.78¢-06 | 0.6322 | 0.6476 | 0.4982
pathway
Spinocerebellar ataxia | 0.2504 | 0.000207 | 5.09¢-06 | 0.6343 | 0.6435 | 0.5029
Cellular senescence 0.1015 | 3.19¢-05 | 6.78e-08 0.6203 0.6539 0.4976
Human T-cell
leukemia virus 1 0.1879 | 5.68e-05 | 3.53e-07 | 0.6273 0.649 0.5029

Table 7. The table summarizes p-values for pairwise comparisons of mean PageRank values of microRNAs associated with each
pathway, across control, infection, and rejection groups. For each pathway, mean PageRank values in each phenotype are reported
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3.5 Discussion

Our results revealed that the overall topological centrality profile of the microRNA-mRNA
regulatory multilayer network remains consistent across phenotypes. This observation reflects a
biologically meaningful organization, where transcribed mRNAs retain a higher centrality role,
likely due to the convergent regulatory action of multiple microRNAs targeting the same gene
[127]. A pairwise comparison of PageRank centrality revealed a clear divergence between
microRNAs and mRNAs. While the centrality profiles of mRNAs remained consistent across
phenotypes, showing no statistically significant differences, 157 microRNAs exhibited significant
shifts in their centrality values (p < 0.05) in at least one phenotype comparison. The heatmap in
Figure 20 highlights how the PageRank centrality of the selected microRNAs varies markedly
across control, infection, and rejection phenotypes, revealing distinct expression and regulatory
patterns. This differential behavior highlights microRNAs as key phenotype-specific regulators
within the multilayer network, suggesting that they dynamically reshape their regulatory influence
in response to phenotypic changes [128] [129]. Pathway enrichment analysis of the 157 microRNAs
revealed a functionally coherent and biologically relevant set of regulatory processes. Among the
top 20 enriched KEGG pathways, the majority were associated with intracellular signaling cascades
(e.g., MAPK, Hippo, and PI3K-Akt pathways)[130] [131] and immune/infection-related
mechanisms (e.g., ubiquitin-mediated proteolysis, antigen presentation, and viral infection
pathways) [132]. A particularly relevant observation is the enrichment of the Herpes simplex virus
infection pathway, belonging to the same Herpesviridae family as cytomegalovirus (CMV) [133],
the infectious agent in our “Infection” cohort. Notably, as shown in the Upset plot (Figure 6B), this
pathway contains the highest number of genes exclusively targeted by the differentially central
microRNAs, with no overlap across other enriched pathways. This unique pattern suggests that the
Herpes virus response pathway is especially susceptible to regulatory remodeling driven by
microRNAs with phenotype-specific centrality changes [134]. Further insights emerge from Table
1, where the mean PageRank values of microRNAs associated with each enriched pathway were
compared across phenotypes. A consistent trend is observed: in the rejection phenotype, the average
centrality of these microRNAs is reduced compared to both control and infection groups. This
decrease, statistically supported by the p-values from pairwise comparisons (p < 0.001 in many
infections vs. rejection cases), suggests that during acute rejection, the regulatory influence of these
microRNAs within key biological pathways is diminished. Their reduced centrality role in the
rejection network reflects a disruption or suppression of post-transcriptional control mechanisms.
These findings underscore a key insight of our study: although microRNAs are broadly
multifunctional and engage in regulatory interactions with multiple targets consistently across all
phenotypes, centrality regulation shifts of specific subsets of them exhibit functional consequences.
These high-impact microRNAs likely act as “centrality switches” within the multilayer network,
playing pivotal roles in guiding the system toward specific phenotypic outcomes. Their altered
topological positioning suggests that, beyond serving as concentration-based biomarkers as
commonly explored in the literature they may function as topological regulators whose central
position within the network enables them to influence the flow of information and coordination
among molecular pathways. This perspective aligns with the growing recognition of microRNAs
not merely as passive effectors of gene silencing, but as dynamic modulators capable of
orchestrating large-scale transcriptomic reprogramming [135] [136]. Beyond the specific findings,
an important contribution of this work lies in the methodological framework employed.
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From a systems biology perspective, our approach contributes to the broader framework of network
medicine, which aims to characterize disease not as a result of individual gene dysfunctions, but as
perturbations of entire regulatory modules and their interconnections. The identification of
topologically central microRNAs whose role varies across phenotypes supports the idea that
pathological states emerge from shifts in regulatory influence rather than from isolated expression
changes. The multilayer network model and ensemble centrality estimation provide a robust and
scalable strategy for exploring microRNA-mRNA regulatory dynamics [118]. Unlike conventional
differential expression analyses that primarily assess expression-level changes, this network-based
approach captures the topological and relational complexity of molecular interactions, offering
insights into how regulatory elements shape network architecture across conditions [137].
Importantly, the method is data-driven and modular, composed of interchangeable analytical steps,
making it adaptable to diverse datasets and applicable regardless of specific biological assumptions
on microRNA-mRNA interactions. As such, it offers a generalizable framework for investigating
phenotypic interplay and molecular remodeling and may serve as a valuable foundation for future
studies aimed at understanding regulatory reprogramming in disease, infection, or therapeutic
intervention. We acknowledge that the present study was conducted on a relatively limited cohort,
which may restrict the generalizability of the findings. This limitation is partly due to the inherent
difficulty in obtaining well-characterized clinical samples from patients undergoing cardiac
transplantation with these specific phenotypes [138]. Nevertheless, the consistent topological
patterns observed across phenotypes provide a solid foundation for further investigation. Future
work will focus on expanding the framework to larger, independent cohorts to enhance statistical
robustness and external validity. Additionally, the integration of longitudinal data will be pursued to
better capture the temporal dynamics of microRNA-mRNA interactions and model phenotype
transitions through evolving network centrality [139]. Importantly, future studies will also aim to
include clinical and experimental validation to confirm the regulatory relevance of key microRNAs
identified by the network-based approach.
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4 Neural Network Modeling of Time Series Data

Part of the PhD has been dedicated to the study and modeling of longitudinal and time series data
using deep learning techniques. Within the collaboration with 14 Consulting S.R.L., a recurrent
neural network model was developed for the forecasting of streamflow time series in the mountain
catchment of Posina. The model’s performance was evaluated against traditional approaches, and
the results were published in Water (MDPI) in the paper titled “Streamflow Forecasting: A
Comparative Analysis of ARIMAX, Rolling Forecasting LSTM Neural Network and Physically
Based Models in a Pristine Catchment” [140]. Building on this experience, the same
methodological approach was extended to the biomedical domain during a six-month research stay
at London South Bank University (LSBU), under the supervision of Professor Enrico Grisan. There,
a Variational Autoencoder (VAE) model was developed and validated to analyze time-
concentration profiles of tacrolimus, a key immunosuppressant used in organ transplantation. The
goal was to identify covariates influencing tacrolimus pharmacokinetics in different patients. This
work resulted in the publication “Uncovering Population PK Covariates from VAE-Generated
Latent Spaces” [141] presented at IEEE EMBC 2025 and indexed in IEEE Xplore. While belonging
to different application domains, both projects rely on deep learning architectures for temporal data
analysis. The methodological expertise developed in one setting provided the foundation for
successfully applying and adapting these models in heart patients follow-up.
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4.1 Streamflow forecasting: A Comparative Analysis of ARIMAX,
Rolling Forecasting LSTM Neural Network and Physically Based Models
in a Pristine Catchment

4.1.3 Aim

The objective of this study is to evaluate and compare the performance of three distinct streamflow
forecasting approaches: ARIMAX, Long Short-Term Memory (LSTM) neural networks with a
rolling forecasting training and inference procedure, and a physically based hydrological model
(HEC-HMS) applied to a fast-responding Alpine catchment. The analysis is conducted using 13
years of high-resolution (hourly) hydrometeorological data collected from the Posina River basin, a
pristine watershed in Northern Italy characterized by strong seasonal variability and extreme rainfall
events. The comparison aims to evaluate each model’s ability to capture flow patterns and dynamics
across a range of hydrological events, with particular emphasis on flood forecasting accuracy and
generalization across diverse flow regimes. Performance metrics include Nash—Sutcliffe Efficiency
(NSE), Kling—Gupta Efficiency (KGE), and Mean Absolute Error (MAE), evaluated over both the
entire test period and selected flood events. Beyond benchmarking, this work also investigates the
trade-offs between model complexity, data requirements, and implementation effort. In particular, it
explores whether a localized LSTM model trained on single-basin data and deployed in a recursive
prediction framework can serve as a scalable and operationally feasible alternative to traditional
physically based models, especially in contexts where high-resolution data are available but
calibration resources are limited. This case study represents a foundational exploration of neural
network-based forecasting methods for temporal data analysis and their practical application
compared to physical based mehtods and traditional time series forecasting statistical approaches.

4.1.2 Study Area and Dataset

Study Area

The Posina river is a mountainous river that flows in the North-East of Italy, draining an overall
catchment of around 116 km2. Altitude in the catchment ranges between 300 m a.s.l. at the
catchment outlet and 2200 m a.s.l. The catchment annually experiences an average precipitation of
1740 mm, with peaks up to 20002500 mm. Rainfall distribution is heterogenous across seasons.
Highest rainfall volumes concentrate in spring (May) and autumn (October—November), which are
the periods when historical flood events take place. Winter rainfalls are usually small. Summer
provides relatively small volumes of rainfall but often concentrated in short and intense storm
events. The annual average temperature is around 7.5 °C, decreasing to minima of —9 °C during
winter at higher elevations, while increasing to maxima of 16°C in the summer months. Soil is
mainly occupied by forests, with a negligible percentage of catchment occupied by grazing lands,
rocks, and small urban areas concentrated in the valleys nearby the network of rivers. Figure 22
provides an overview of the catchment. Soil characteristics were derived from the regional Soil
Atlas developed by the Environmental Protection Agency (ARPA Veneto). The Atlas provides
estimates for a proper characterization of soils within the Posina catchment, in terms of porosity,
surface infiltration capacity, and soil conductivity. A characterization of the rainfall regime and the
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corresponding intensity—duration—frequency (IDF) curves for the meteorological stations used in
this study is available through ARPAYV at https://www.arpa.veneto.it/dati-ambientali/dati-
storici/meteo-idro-nivo/precipit-max. The data were retrieved on 15 September 2022.

Dataset

This work takes advantage of a relatively long dataset of hydrologic data provided at an hourly
temporal resolution. Meteorological and discharge stations within the catchment and nearby are
administered by the Environmental Protection Agency, that makes those data available without any
limits of elaboration usage and distribution. The dataset starts in January 2010, and all gauging
stations considered are actually in place and still running. Unfortunately, the flow gauge has a long
period of no records from 15 July 2022 to 31 July 2023. We thus decided to limit the dataset in
correspondence of the summer of 2022, resulting in almost 13 years of hourly precipitation,
temperature, and discharge data to work with. Streamflow data are measured very close to the outlet
of the Posina river at a place named Stancari, where it flows in the Astico river, and serves as our
focal point. Temperature and precipitation are measured in correspondence of six meteorological
stations, whose location is described in Figure 22. The distribution of meteorological stations spans
across the different areas of the catchment, characterized by different altitudes. An additional
meteorological station was considered outside the catchment, as it is the closest to the

Figure 22. The Posina river network and its catchment.
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north-east part of the Posina catchment. Figure 23 a,b show two of the most intense flood events
recorded within the monitored period. Both flood events occurred between the end of October and
the beginning of November of 2010 and 2018. Figure 24 presents the flow duration of the Posina’s
catchment, which permits the characterization of the natural hydrologic regime of the basin [142].
The hydrologic regime shows an erratic behavior, typical in a catchment where the mean
interarrival between flow-producing rainfall events is larger than the typical duration of resulting
flow pulses. A wider range of streamflows is observed between events, and the preferential state of
the system is typically lower than the mean [143]. The Posina River may show no discharge in
between summer rainfall events.
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Figure 23. (a) October—November 2010 flood event. (b) October—November 2018 flood event.
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Figure 24. Long-term flow duration curve (FDC) based on historical data from January 2010 to July 2022.

4.1.3 Experimental procedure

Before developing and training the models, we pre-processed the dataset to enhance its quality and
eliminate inconsistencies or noise that could affect the accuracy of our models. First, we removed
out-of-scale values using prior knowledge of the maximum and minimum hourly streamflow of the
catchment area. Next, to address missing values, we applied linear interpolation for nearly all
features, except for rain and temperature data, due to their nonlinear behavior. The physically based
model, developed using HMS software, automatically handles missing sensor values by discarding
them and interpolating them through inverse distance weighting (IDW) using data from other
sensors. For the autoregressive and deep learning models, we imputed and pre-processed the
temperature and rain-related missing data using the same method. This will allow us to give more
importance to the sensors closer to the one presenting the missing value. We have fitted all the
models using 70% of the dataset and tested the forecasting capabilities on the remaining 30%
except for the HEC-HMS model, where we have included as part of the fitting data also the flood
event of October—November 2018 Figure 2b. In order to improve the stability of the LSTM model,
we have scaled the data using Min—Max Normalization method. This transformation ensures that
the minimum value of each feature becomes 0, the maximum value becomes 1, and all other values
are scaled proportionally in between. To emulate the forecasting behavior of the other models with
LSTM, we employed a rolling forecasting technique for streamflow prediction. This technique
involves a sliding window to iteratively determine streamflow values. Importantly, the model’s
predictions were used as input to forecast subsequent hours, allowing the model to capture the
hydrological processes going on within the watershed, such as streamflow recessions corresponding
to dry days. This approach in turn strongly reduces the LSTM model initial conditions importance,
as the model quickly becomes independent by the initial observed values provided as it only uses
predicted streamflow values after m prediction instances. A visual simplified explanation of this
technique can be found in Figure 25, where (4) and m were set as an example to 6 for an easier
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visualization. By testing the LSTM model with the rolling window technique, we were able to
compare the LSTM model with ARIMAX and the physically based model.

Rollingforecasting (S |S|3|3|3|38|38|3|3|8|a|a8|3|3|8|a
example:h=6,m=6. |S|2|8|2 8|8 |5(2(2|8/3/8/|8|8|E
1° Prediction instance t-5[t-4|t-3|t-2|t-1] t0 t+2 | t+3 | t+4 | t+5 | t+6
2° Prediction instance t-5|t-4[t-3|t-2|t-1] tO t+2 | t+3 | t+4 | t+5 [ t+6
3° Prediction instance t-5|t-4[t-3|t-2|t-1| t0 t+2 | t+3 | t+4 | t+5 | t+6
4° Prediction instance t-5|t-4[t-3|t-2|t-1] t0 t+2 | t+3 | t+4 | t+5 | t+6

Figure 25. Rolling forecasting. This image depicts an example of the first four prediction instances of the rolling forecasting
procedure that has been implemented. h refers to the previous hours of streamflow values used as input (cells with a red border),
while m is the number of instances predicted at each inference (cells in dark and light blue). The green cells correspond to real
measured values. The orange ones refer to predicted values used as input. The inference procedure moves as a sliding window.
Therefore, at some point, the model will use only predicted values as input to compute the forecast for the next m values. The final
forecast is obtained by combining the dark blue predicted values.

ARIMAX model

The ARIMA model is a well-known autoregressive model used for time series forecasting in
various contexts. In recent years, it has garnered significant attention in hydrological studies. For
this study, we used the extension of this model called ARIMAX, which enables the inclusion of
exogenous variables. Models like ARIMAX rely on the assumption of stationarity of the time series
under analysis. This does not imply that the series remains unchanged over time, but rather that the
way it changes remains consistent over time. To ensure the suitability of ARIMAX modeling, we
assessed the stationarity of the streamflow target time series for the Posina catchment using the
augmented Dickey—Fuller (ADF) test [144]. The calculated p-value was 8.90 x10—29, confirming
that the time series is stationary. The ARIMAX model relies on the following parameters: p,
representing the autoregressive (AR) component or the number of lag observations in the model; d,
denoting the degree of differencing required to achieve stationarity in the time series; and q
corresponding to the size of the moving average (MA) window. Given that the streamflow time
series passed the augmented Dickey—Fuller (ADF) test for stationarity, the parameter d was set to 0.
To determine the values of parameters p and q, we analyzed the autocorrelation (ACF) and partial
autocorrelation (PACF) plots to determine the optimal p, d, and g values. A parameter optimization
analysis was conducted by comparing the Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC) across different combinations of autoregressive (p) and moving
average (q) orders. These metrics were used to evaluate the trade-off between model fit and
complexity, supporting the selection of the most parsimonious ARIMAX configuration. These
values have also been refined by exploiting the automatic algorithm presented by Rob J. Hyndman
and Yeasmin Khandakar in the work “Automatic Time Series Forecasting: The forecast Package for
R” [145], which is a step-wise procedure traversing the space of models efficiently. The ARIMAX
model parameters p, d, g have been set to 1, 0, 2, respectively. We have chosen to use the extended
version of ARIMA, which allows for the inclusion of exogenous variables (the “X”” in ARIMAX),
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we were able to incorporate rain and temperature forecasts as additional inputs for the streamflow
predictions. Since ARIMAX is an autoregressive model, the forecasting of theionstreamflow
involves employing a linear combination of past values of the streamflow along with any exogenous
variables. The general ARIMAX equation is depicted in (4 where ¢ is the autoregressive term and p
is the relative order. y; and y.;, are, respectively, the dependent variable value at time t and the
lagged values of the dependent variable. 6 is the moving average term with the relative order q. r
represents the set of exogenous variables. Xif is the exogenous feature £ at time ¢. Sk and € are,
respectively, the strength coefficient of the exogenous variables and a random noise between the
observed and predicted value.

14 q r
Ye=cCc+ Z biye—i + Z Bj€._; + Z BiXie + €
i=1 j=1 k=1

#)

Long Short-Term Memory (LSTM) Recurrent Neural Network

The Long Short-Term Memory (LSTM) model is a specific type of recurrent neural network (RNN)
that has received a lot of interest in the hydrological field [146,147]. It has been presented by
Hochreiter and [148], to overcome the limitation of capturing and remembering long-term
dependencies in sequential data. Before the training procedure, the constructed dataset was pre-
processed to improve the efficiency and generalization of the model [149] as explained in the
experimental setup section. Hyperparameter tuning plays a critical role in shaping the learning
dynamics of the LSTM model and directly influences its forecasting performance. To identify an
optimal configuration, we conducted a manual tuning procedure, systematically testing a range of
hyperparameter combinations. The tuning process focused on the following key parameters: the
model complexity (i.e., number of hidden layers and number of LSTM units per layer), batch size,
initial learning rate, and the temporal structure of the input—output mapping, defined by the number
of input hours (h) and predicted hours (m) at each inference step. The model consists of eight
LSTM layers comprising 100 units each. A simplified representation of the model architecture is
shown in Figure 26. The learning rate was initially set to 1 x10—3 and dynamically adjusted during
training to ensure adequate convergence and generalization. As a loss function, we employed the
Mean Absolute Error (MAE) [150], described in the equation (7 where n denotes the total number
of instances, yi denotes the observed streamflow value, and y; denotes the corresponding prediction.
To prevent overfitting and improve generalization, an early stopping mechanism was implemented:
if the validation loss did not improve for 25 consecutive epochs, the training process was halted and
the model weights corresponding to the lowest validation loss were retained. Particular attention
was given to exploring the effect of batch size and input sequence length (%). The sensitivity
analysis was conducted to assess the impact of varying the batch size and number of input hours (/)
on model training with a dynamically adjusted learning rate, and the results are reported in the
Supplementary Materials. Among the tested configurations, the final model was selected based on
the best trade-off between training loss and validation loss, ensuring both the fit quality and
generalization capability. The model was implemented using Python programming language,
alongside the machine learning libraries Keras and TensorFlow. Each input to the trained model
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comprised all recorded streamflow, rainfall, and temperature values for the preceding 4 hours
leading up to the inference instance. Additionally, the model incorporated the recorded hourly
rainfall and temperatures for the next m hours forecast as for the exogenous values of the ARIMAX
model. We assume that only the streamflow is recurrently predicted, whereas the weather data are
the real ones (not predicted) at each time point. After tuning the parameters and hyperparameter, the
optimal values for / (previous hours) and m (number of forecast streamflow value at each instance)

were determined to be 24, resulting in the model using the last 24h of data to predict the subsequent
24h.
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Figure 26. LSTM model configuration. Yellow boxes show the input ™" streamflow values observed before the
inference instance. X; and X; are the additional features used for the preceding h hours (streamflow, rainfall, and
temperature) and the prediction of rainfall and temperature for the next m hours. y reflects the streamflow values
predicted in the subsequent m hours.

Physical Based Model

Models presented in previous paragraphs were compared with a physically based model which was
developed with the software Hydrologic Modelling System (HMS), version 6.11, by the US Army
Corps of Engineers Hydrologic Engineering Center (HEC). HEC-HMS allows users to combine
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various procedures implemented to reproduce hydrological processes and build a customized
hydrological model. In the present application, the hydrological model was set to allow continuous
simulations. This choice increases the complexity of the model as several additional processes must
be considered than in event-based models, such as evapo-transpiration and soil moisture accounting,
for example. The spatial distribution of many variables influencing the runoff separation process
implies the adoption of a spatial scale smaller than the entire watershed to account for such
variability (e.g., elevation within the basin, land use, or soil type). The Posina river basin was thus
discretized in 34 subcatchments (Figure S1 in Supplementary Materials) with an average size of
3.45 km2, within which spatial variables affecting hydrologic processes can be considered
homogeneous. The number of subcatchments was not exaggerated to avoid excessive model
complexity. In the proposed hydrological modeling, the soil moisture accounting model (hereinafter
SMA) was adopted as it allows for describing the long-term dynamics of water content [150,151].
The SMA model represents the watershed with a series of interconnected storage layers. Current
storage contents are calculated during the simulation and vary continuously both during dry or wet
periods. Full details of this methodology can be found in the HEC-HMS Technical Reference
Manual [152], from which a brief explanation was taken and described below. The different storage
layers considered in this application are given as follows:

e Canopy-interception storage represents the precipitation that is captured on trees, shrubs,
and grasses, and does not reach the soil surface. Precipitation is the only inflow. Water in
canopy interception storage is removed by evaporation.

e Surface-interception storage is the volume of water held in shallow surface depressions.
Inflows come from precipitation not captured by canopy interception and in excess of the
infiltration rate. Outflows can be due to infiltration and to evapotranspiration (ET).

e Soil-profile storage represents the water stored in the top layer of the soil. Inflow is
infiltration from the surface. Outflows include percolation to a groundwater layer and ET.
The soil profile is subdivided into two distinct layers. The upper zone is defined as the
portion of the soil profile that will lose water to ET and/or percolation. The tension zone is
defined as the area that will lose water to ET only. The upper zone represents the water held
in the pores of the soil. The tension zone represents the water attached to soil particles. ET
occurs from the upper zone first and tension zone last.

e Groundwater storage layers in the SMA represent horizontal interflow processes. In this
application, only one groundwater layer was used. Water percolates into groundwater
storage layers from the soil profile. Losses from the groundwater storage layer are due to
groundwater flow or to deep percolation. In the latter case, this water is consider lost from
the system.

Details on the computation of flows between interconnected storage layers can be found in the
HEC-HMS Technical Reference Manual [152]. Evapotranspiration was calculated at an hourly
timescale through the Hargreaves method which also allow one to estimate the shortwave radiation
from temperature data [153,154]. The hydrological model is completed with modules describing
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how the model transforms excess precipitation into runoff (transform process) and how the water
content stored within the soil and groundwater layer becomes baseflow runoff (baseflow process).
The Transform process to route excess precipitation to the subcatchment outlet was described with
the Clark Unit Hydrograph Model [155]. This method explicitly represents two critical processes in
the transformation of excess precipitation to runoff: (1) the translation (or movement) of excess
precipitation from its origin throughout the watershed to the outlet; and (2) the attenuation (or
reduction) of the magnitude of the discharge as the excess precipitation is temporarily stored
throughout the watershed. The baseflow process is described by the Linear Reservoir Model, which
uses one linear reservoir to simulate the recession of the baseflow after a storm event. According to
the model, baseflow magnitude linearly depends on the amount of water stored within the
groundwater layer of the SMA model. The linear release of water can be repeated in a waterfall
process to increase the baseflow attenuation. The methods described above provide a full
description of the processes occurring at subcatchments which determine how rainfall forcing the
system becomes discharges input within the river network. Flows are calculated at the subcatchment
outlet and require an additional method to describe what occurs within the channels up to the
catchment outlet. The Posina river has a typical mountainous behavior with steep and narrow
channels, and as such, any attenuation process can be considered negligible. The methodology
adopted for describing the routing process within the river network is the Lag Model, which simply
considers that there is a translation of discharge within the river without any attenuation.
Translation depends on the travel time within each river reach, which in turn mainly depends on the
reach length and slope. The hydrological model composed as described above requires the
definition of several parameters for each subcatchment and river reach characterizing the Posina
catchment. A list of the required parameters is provided below.

e Canopy Interception
o Canopy storage [mm], represents the maximum amount of water that can be held
on leaves before through-fall to the surface begins.

e Surface Interception
o Surface storage [mm] represents the maximum amount of water that can be heldon
the soil surface before surface runoff begins.

e Soil Moisture Accounting

o Soil storage [mm)], total storage available in the soil layer;

o Tension storage [mm], amount of soil storage that is not drained by percolation
but only by evapotranspiration;
Groundwater storage [mm] represents the total storage in the groundwater layer;

o Impervious percentage [%], percentage of the subcatchment with direct runoff
production (no infiltration);

o Maximum infiltration rate [mm/h] sets the upper bound on infiltration from the
surface storage into the soil;

o Soil percolation [mm/h] sets the upper bound on percolation from the soil storage
into the groundwater;
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o Groundwater percolation rate [mm/h] sets the upper bound on deep percolation.

e (Clark Unit Hydrograph
o Time of concentration [h] defines the maximum response time in the sub-basin;
o Storage coefficient [h], accounts for storage effects within the subcatchment surface.

e Linear Reservoir Baseflow
o Groundwater coefficient [h] is used as the time lag on a linear reservoir for
transforming water in storage to become lateral outflow;
o Number of steps [—], which increases the attenuation of baseflow (minimum
attenuation with a single step; attenuation increases as the reservoir release is
repeated several times).

e Reach Routing
o Lag[min], time that the inflow hydrograph will be translated.

All parameters listed above were estimated depending on information available at the Posina
catchment (soil atlas, soil use) and on the physical features of each element of the river system
(reach length, slope and width). Some of these were determined thanks to empirical formulation
(time of concentration), while others were obtained by the calibration of the model against observed
flows. The model parameters have been calibrated on the same training period of the other models.
A single set of parameters was thus adapted. The calibration process focused on a limited set of
parameters. Specifically, canopy and surface storage values were calibrated uniformly across the
basin within plausible ranges (0—30 mm and 0-50 mm, respectively), reflecting the catchment’s
forested land cover. The runoff response was shaped by calibrating the storage and groundwater
coefficients of the Clark unit hydrograph and baseflow modules, expressed as multipliers of the
time of concentration (Tc). The final values, 16xTc and 170xTc, respectively, were selected after
iterative tuning to match the observed flood dynamics. The model also requires initial conditions
which, however, have had negligible impact on the model performance, as in long-term continuous
simulations, the initial error is forgotten by the system after a rainfall determining soil saturation.
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4.1.4 Validation Metrics

All predictions generated by the models have been evaluated and compared using multiple
performance criteria. We utilized two well-known metrics widely applied in the hydrological field:
the Nash—Sutcliffe Efficiency index (NSE) and the Kling—Gupta Efficiency index (KGE).
Additionally, we have measured the previously presented Mean Absolute Error (MAE) from Eq. 4,
not only as a loss function for optimization but also as an evaluation criterion. To measure MAE we
have exploited the method implemented into the scikit-learn python library [90]. To compute NSE
and KGE we have used the hydroeval open source python library [156].

Nash—Sutcliffe efficiency index (NSE)

The Nash—Sutcliffe efficiency index is a widely used and reliable statistic for assessing the
goodness-of-fit of hydrologic models. One of its main advantage is that it can be applied to a variety
of model types [157].

In (5, y: is the observed value at time ¢, y; is the predicted value at the same time ¢, y; is the mean of
the observed values, and » refers to the total number of observations.

The NSE value ranges from —oo to 1, where 1 signifies a perfect model with an estimation

error variance from the original measurements equal to zero. An NSE value equal to 0

indicates that the model under investigation incorporates the same predictive capabilities

as the mean of the forecast time series. Higher NSE values are associated with greater

predictive capabilities.

Yi=1(ye — )7})2

NSE=1-— —
Yio1 (e — ¥)?
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Kling—Gupta Efficiency Index (KGE)

The Kling—Gupta efficiency index (KGE) [158] was introduced as an improvement over the NSE,
in order to capture an additional aspect of the model such as correlation, bias, and variability. The
term r in (6 represent the Pearson correlation coefficient between observed and simulated values. o
is the measure of the flow variability error calculated as the ratio between the variance of the
simulated time series and the variance of the observed time series. £ is the ratio of the mean of the
simulated values to the mean of the observed values, also identified as the bias term. Analogous to
NSE, KGE =1 indicates perfect agreement between simulations and observations while KGE = 0 or
KGE < 0 indicates that the mean of observations provides better estimates than simulations
[159,160].

KGE=1—/(—1)2+ (a—1)2 + (B —1)2
(6)
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Mean Absolute Error (MAE)

The mean absolute error (MAE) described by the (7. The main difference of measuring the
predictive capabilities of a model with MAE instead of using NSE or KGE, providing a
straightforward measure of the absolute accuracy of the model’s predictions [161]. The optimal
MAE value is 0, indicating perfect prediction accuracy. Higher values of this index are associated
with worse forecasting capabilities. Since we are computing the absolute difference between the
observed and the predicted value, the MAE unit measure is the average (AVG) m?/s measure at
each hour.

n
1
MAE = EZb’t — Vel
t=1
7)
4.1.5 Test Set Forecasting Results

We evaluated the forecasting performance of all models over the entire testing set by computing the
metrics previously described, namely NSE, KGE, and MAE. These metrics were used to assess
each model’s predictive accuracy on unseen testing data, and the corresponding results are
summarized in Table 8. To provide a visual comparison, we present plots showing predicted versus
observed streamflow values. Each plot reports time on the x axis (in dates) and streamflow on the y
axis, expressed in average m3/s. In addition to the standard linear scale, we also include plots using
the symlog (symmetric logarithmic) scale on the y axis. This scale is particularly useful for
representing data that spans several orders of magnitude while retaining sensitivity to low-flow
conditions, including near-zero and negative values, without distortion.

Metric ARIMAX LSTM Physical Based Model
NSE [-] 0.67 0.93 0.82
KGE [-] 0.50 0.82 0.85

MAE [AVG m?/s] 1.16 0.75 1.27

Table 8 Models forecasting metrics performances on the testing set.

ARIMAX Forecasting Results

The images in Figure 27 a,b depict the forecasting results of the ARIMAX model on the testing
dataset, using the autoregressive principle discussed in the preceding section. The green line refers
to the real observed values, while the red line refers to the predicted simulated values from the
model. Measured values of NSE, MSE, and MAE has been collected in Table 8. The NSE stands at
0.67, indicating that the model’s estimation error variance is lower compared to the variance
derived from the mean observed data. However, the KGE value hovers around 0.50 highlighting the
imperfect correlation between the observed and predicted values. The average magnitude of errors
between predicted and actual values, as measured by the mean absolute error, is 1.16 m?/s.
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LSTM Forecasting Results

As mentioned earlier, we assessed the predictions produced by our rolling forecasting LSTM
model. To do this, we reconstructed the entire testing set by forecasting the next 24 h, advancing
one hour at a time in the inference process. We retained only the value forecast for the next hour
(t+1) to reconstruct the entire testing set. At each step, we discarded the forecast values from t+2 to
t+48. In this way, the model quickly became independent from the initial condition, relying on its
own predictions to forecast the subsequent values. Figure 28 a,b depicts the LSTM model
forecasting. For simplicity, the color of the observed and predicted values is again green and red,
respectively. The evaluation metrics values presented in Table 8 reveal that the LSTM model
demonstrates proficient predictive capability for the overall testing set, with NSE, KGE, and MAE
values of 0.93, 0.82, and 0.75, respectively.

Physical Based Model Forecasting Results

For the same period of testing, we evaluated the prediction capability of the traditional physically
based hydrological model. Figure 29 a,b shows the physical based model forecast on the test period.
As for the previous images, the green line refers to the original observed values, while the red line
refers to the predicted values from the model. From Table 8, we can see that the physically based
model achieved NSE, KGE, and MAE values of 0.82, 0.85, and 1.27, respectively.

4.1.6 Models Performance Comparison During Significant Flood Events

To gain deeper insights into the performance of different models, we investigate their streamflow
forecasting capabilities during significant flood events. Specifically, we examine three distinct
streamflow conditions available in our dataset, focusing on two significant flood events from 2010
and 2018 and one occasional summer rain event that occurred in July 2021. We selected these three
events because they represent a diverse range of hydrological conditions, major floods and a more
typical rainfall event, allowing us to test the models’ robustness across different scenarios. This
diverse selection helps to ensure a comprehensive evaluation of model capabilities under varying
streamflow patterns. In all the images, we represent the streamflow observed values in green, while
the red, purple, and yellow refer to the LSTM, ARIMAX, and physically based models forecast
values, respectively.
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Model Comparison Flood Event October—November 2018

The image in Figure 30 (a) depicts the prediction capabilities of the flood event occurs within the
validation set of our dataset, specifically between October and November of 2018, of the three
models. The ARIMAX and LSTM models were not trained on this particular event, whereas the
traditional physically based model included this event as part of its fitting data. During the flood
event, two main streamflow peaks were observed. The first peak occurred on October 28th around
16:00, reaching approximately 100 AVG m?¥/s, while the second peak was recorded on October 29th
at approximately 22:00, with a maximum value close to 105 AVG m3/s. Both ARIMAX and LSTM
models showed an underestimation of the observed values. The LSTM model predicted the two
peaks with values of approximately 55 AVG m?/s and 62 AVG m?/s, respectively. ARIMAX
estimated both peaks at approximately 30 AVG m?/s. The HEC-HMS physically based model
estimated the peaks at approximately 85 AVG m¥/s and 78 AVG m?/s, respectively, which were
closer in magnitude to the observed values. All models showed a generally coherent timing of the
peak occurrences, with minimal time shifts relative to the observed values.

Model Comparison Flood Event October—November 2010

The Figure 30 (b) illustrates the 3 different model estimations of the October—November 2010 flood
event, which is part of the training set. Including this event in the comparison serves to highlight the
behavior of the models on data also used during training or calibration. This provides useful
insights into their predictive tendencies, such as overfitting or smoothing. During the 2010 flood
event, a single pronounced streamflow peak was observed on November 1st around 02:00, reaching
approximately 110 AVG m®/s. The LSTM and ARIMAX models predict peak values very close to
the observed data, with estimated maxima of approximately 108 AVG m?/s and 110 AVG m?/s,
respectively. However, while ARIMAX reproduces the signal with high accuracy due to having
been fit on these data, the LSTM model yields a smoother predictive curve. In contrast, the HEC-
HMS physically based model significantly overestimated the peak, with a value around 150 AVG
m?/s, and exhibited a slower recession phase compared to both the observed data and the other
models.

Model Comparison Occasional Rain Event July 2021

The Figure 30 (c) shows the performance of the three models during the isolated summer rainfall
event of 2021. In this case, the streamflow response exhibited a very sharp rise compared to the
other events, with the observed peak reaching approximately 35 AVG m?/s. The HEC-HMS model
overestimated the peak with a predicted value of about 42 AVG m?/s, and showed a slower
recession phase relative to the observed streamflow. Both LSTM and ARIMAX models
underestimated the peak, with predicted values below 20 AVG m?/s. The LSTM model, in
particular, produced a smoother streamflow response compared to the observed rapid dynamics.
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Figure 27. (a) ARIMAX testing set hourly forecasting. In red, the predicted values from the ARIMAX model, and in green, the
using the symlog (symmetric log) scale method.
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Figure 28. (a) LSTM testing set rolling forecasting. The red line depicts the predicted values of the LSTM model, while the green line

represents the original observed values. (b) LSTM testing set rolling forecasting, y axis symlog scaled. The y axis is scaled using the

symlog (symmetric log) scale method.
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Figure 29. (a) HEC-HMS physically based model prediction on testing set. The red line depicts the predicted values from the

physically based model, while the green line shows the original observed values. (b) HEC-HMS physically based model prediction

on testing set. y axis symlog scaled. The red line depicts the predicted values from the physically based model, and the green line

represents the original observed values.

86



90

[y/ww] jejuey [u/wuw] jejurey [u/ww] |ejuey
(=3 o o o o o

(=3 o o o o o o o o o o o o (=3 o o o o o o
@ ~ = wn = m ~ o~ (=} o 5] ~ ©o wn < m ~N — o o © ~ © n < m o~ — o
@ ] i)
z 8 %8 i
By - Z0-11-810Z % 89 €0-1T-0T0Z = 9 | 91-,0-1202
o o o ;
G U 5 ©c O S c 0 5 i
[9] S u— v o “— |93 o Y-
T Qe n o LLen o0&y !
o x3= Yo x = o x= i
m <T m £<T m c<T i
26285 2EZ8 S 2EZR S __
ovsx oYz ouvzéd !
__._- ____- ___ﬁ- i
1 1 1 1 1 1 1 1 1 1
&4} - T0-T1-810Z (L [ ;
1
20-11-0T0Z Jf fsTrLoTZ0Z
i
L
4
/
/
<
- TE-0T-810Z Sl /
\
/
/
10-T1-0T0Z I ¥1-L0-T20Z
3 3
0£-01-810Z ®© © J
a) a
|  1e-01-0102 - €1-L0-T20C
L
I
i
62-0T-810Z “
L
I
4 0€-0T-010Z - z1-L0-T20C
=i 82-01-8T02 “,
I
I
1
I
i
I
~ ~ ! ~
< el i 9]
N N’ 1 N
I
1Z-0T-810Z F+ 6z-01-0T02 F 11-L0-T20Z
o > S s o o > s o ° o S S S ° o o S ° ° o o S < ° o o ° ° °
w o =< ~ o @ o - o~ 0 o < o~ o o ©o < o~ 0 ©o < o~ o © ©o < o~
— - - ~ - — — — — — — — — — —
[S/¢w 9AY] mojjwieans [S/¢w DAV] mojjweans [S/gw DAV] mojjweans

Date

87

Figure 30. Model performance comparison for (a) October—November 2018 flood event. (b) October—November

2010 flood event. (c) Occasional summer rain event of July 2021.



4.1.7 Discussion: Comparative Analysis of ARIMAX, Rolling Forecasting LSTM,
and Physically Based Models in Streamflow Prediction

The In this study, we have compared three different approaches for streamflow forecasting in a
challenging Italian natural catchment, characterized by multiple types of soils, intense rainfall
periods, and strong seasonal variability. The LSTM and traditional physically based hydrological
models have remarkably better capabilities on streamflow forecasting compared to the ARIMAX
autoregressive model [140]. Inspecting the images depicted in Figure 27 and reported metrics in
Table 8. It is possible to notice that the autoregressive ARIMAX model is capable of catching the
overall streamflow trend with sufficient correctness to detect the different streamflow scenarios.
However, it struggles with accurately predicting abrupt changes in streamflow, underestimating
peaks, and introducing noise over time due to autoregressive prediction behavior [162][163].
Furthermore, the model introduces noticeable noise in regions near zero streamflow values, and as
time progresses, the model seems to accumulate errors, leading to a degradation in prediction
accuracy over time. Its performance is significantly lower compared to the LSTM and physically
based models in capturing peak values and the dynamics of rapid increases. Being simple to
implement due to the low computational cost and the well-known multiple programming libraries
available for development, it can be used as a baseline approach to study the attitude of the
streamflow under investigation. The LSTM model exhibits excellent performance, as evidenced by
the metrics reported in Table 1. NSE and KGE values of 0.93 and 0.82, respectively, highlight the
model’s strength in capturing the correlation between observed and predicted values, indicating
good agreement in the temporal pattern of the data [164]. Compared to the estimation of the
ARIMAX model (Figure 27) LSTM introduces significantly less noise near zero-flow values, as
illustrated in Figure 28 a,b. Furthermore, the LSTM model operates in a rolling forecast mode,
where predicted values are fed back as input for subsequent time steps. This recursive prediction
strategy demonstrates the model’s ability to generalize and maintain stability over time [165],
effectively capturing the overall trend of the testing set without external correction. Specifically, it
effectively manages most streamflow peaks, even in instances where extreme cases were absent
from the training data. The LSTM model shows optimal capabilities in capturing both peak flows
and their subsequent recession phases compared to the physically based and ARIMAX models
(Figure 29 b, Figure 27 b). This highlights its enhanced ability to handle rapid hydrological
responses typical of fast-responding catchments [166], delivering sharper and more stable
predictions during high-flow conditions. While the training process of the LSTM model can be
relatively time-consuming and requires careful parameter and hyperparameter tuning, its overall
computational demand remains considerably lower than that of setting up and calibrating a full
physically based model [164]. The LSTM model tends to smooth out slightly rapid streamflow
changes, but the model’s performance is commendable for streamflow prediction, especially when
sufficient training data are available. The physically based model relies on the physical natural
behaviors of the catchment which permits an efficient ability to determine the overall streamflow
trend, pikes, and rare events that even the other data-driven model may struggle to detect [167,168].
Despite this, the model shows a tendency to overestimate peak values and often exhibited a rapid
decline after peak events, missing the smooth recession observed in actual data (Figure 29 b). While
the physically based model benefits from its physical basis and ability to incorporate various
hydrological processes, it requires careful calibration and may not always generalize well to all
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events observed within the training and testing sets. These behaviors are also reflected in the
analysis of the three representative flood events illustrated in Figure 30. In the 2010 flood event
(Figure 30 b), all models captured the peak timing consistently, with the LSTM and ARIMAX
models predicting peak values close to the observed 110 AVG m*/s. However, the HEC-HMS
model significantly overestimated the peak and showed a slower post-peak recession. A similar
overestimation by the physically based model is observed during the occasional summer rainfall
event of July 2021 (Figure 30 c). The particularly high accuracy of the ARIMAX model in this case
can be attributed to the fact that this flood event is included in the training set, allowing the model
to directly fit the observed dynamics. In contrast, although the LSTM model was also trained on the
same period and demonstrates good performance, it employs a rolling forecasting strategy, where
its own previous outputs are iteratively used as inputs for subsequent predictions. This approach
introduces a degree of compounding uncertainty, which tends to smooth the resulting predictions. In
the 2018 flood event (Figure 30 a), HEC-HMS produced peak estimates closer to the observed
values, although with smoother transitions. This behavior is likely due to the incorporation of
physical knowledge calibrated for the basin, combined with the fact that the event data were part of
the model’s calibration set [168]. As discussed in the Results section, both the LSTM and ARIMAX
models underestimate peak values in certain cases, likely due to their reliance on previously
observed data, which results in smoother predictions and reduced sensitivity to sudden flow
changes. However, the LSTM model consistently provides more accurate and homogeneous
streamflow predictions compared to the ARIMAX model. It has also demonstrated a remarkable
ability to handle different hydrological conditions, often achieving performances comparable to, or
even exceeding, those of the physically based model. Being trained specifically on the basin under
examination, the LSTM model effectively leverages the rolling forecasting approach, using its own
predictions iteratively as inputs for future time steps. This characteristic enables the model to
maintain high predictive performance over extended forecast horizons. Furthermore, its adaptive
nature and reduced need for complex parametrization make it a practical and efficient alternative for
real-world streamflow forecasting applications, especially when compared to the more resource-
intensive setup and calibration required by traditional physically based models. Despite the
promising results achieved, some limitations must be acknowledged. The LSTM model,
implemented with a rolling forecasting strategy, is well suited to adapt when trained on a single
basin; however, this study focuses on a single catchment with specific hydrological and
geomorphological characteristics, which may limit the generalizability of the findings. The Posina
basin is a fast-responding alpine catchment characterized by intense rainfall and strong seasonality,
and the trained models may have implicitly learned behaviors unique to this context. As a result,
further validation across multiple catchments with diverse hydrological regimes is essential to
assess the robustness and transferability of the proposed approaches. Additionally, while the LSTM
model demonstrated excellent predictive performance, it remains highly dependent on the
availability and quality of historical data [169]. Limited data length, or shifts in climate or land use,
could impact the model’s effectiveness in real-world applications. Future work will explore the
impact of limited data availability and the development of hybrid modeling approaches that
integrate the strengths of data-driven and physically based paradigms. Embedding physical
constraints or process-based layers within deep learning architectures [170] may improve model
interpretability, reduce calibration requirements, and enhance generalization to ungauged or poorly
instrumented basins.
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4.2 Uncovering Population PK Covariates from VAE-Generated Latent
Spaces.

4.2.3 Modeling Purpose: Tacrolimus and Covariate Selection

Building on the expertise developed in time series analysis and the implementation of deep learning
models for forecasting complex, dynamic systems, we adapted these methods to pharmacokinetic
data of immunosuppressant drugs used in transplant recipients. As in streamflow forecasting, where
neural networks effectively captured non-linear temporal dependencies, here they were applied to
tacrolimus concentration—time profiles to identify latent patterns and clinically relevant covariates
influencing immunosuppressant absorption and disposition. Pharmacokinetic (PK) aims to
understand the absorption, distribution, metabolism, and excretion of drugs within the body.
Population pharmacokinetic (PopPK) modelling plays a crucial role in understanding drug
behaviour across diverse patient populations, allowing for the optimization of individualized dosing
regimens. Covariates such as age, weight, ethnicity, genetic factors and others often influence drug
behaviour. With the growing emphasis on personalized treatment, reliable models are essential for
identifying key covariates that drive variability in drug response [171]. Traditional PopPK
modelling relies on the direct application of parametric regression techniques, which often struggle
to capture the complex relationships between covariates and drug pharmacokinetics [172,173]. The
clear identification of most relevant covariates is essential for improving therapeutic drug
monitoring and ensuring optimal treatment. Recent advancements in machine learning have
introduced deep generative models, such as Variational Autoencoders (VAEs), which can learn
latent representations of PK profiles while preserving meaningful structure in high-dimensional data
[174,175]. In parallel, LASSO (Least Absolute Shrinkage and Selection) regression, a sparse linear
model with L1 regularization [87,176], has been widely adopted for feature selection in biomedical
applications due to its ability to eliminate non-contributory variables and enhance model
interpretability [177]. In this study, we introduce a data-driven VAE-LASSO framework for
covariate selection in PopPK modelling of tacrolimus, without requiring prior knowledge of the
underlying pharmacokinetic model and its parameters. Tacrolimus is a commonly used
immunosuppressant that plays a critical role in preventing graft rejection in patients who have
undergone heart, liver or kidney transplantation [178]. Tacrolimus is a cornerstone
immunosuppressive therapy in heart transplantation, merged as a valuable therapeutic alternative to
ciclosporin following solid organ transplantation, where long-term graft survival relies on precise
modulation of the recipient’s immune response. Inadequate exposure increases the risk of acute
cellular rejection, while excessive levels cause nephrotoxicity, neurotoxicity, metabolic
disturbances, and heightened infection risk. Its narrow therapeutic index makes therapeutic drug
monitoring essential, yet its pharmacokinetics are highly variable, influenced by demographic,
genetic, and clinical factors. In heart transplant recipients, post-surgical changes, polypharmacy,
and fluctuating organ function further complicate dosing, highlighting the need for robust modelling
strategies to support personalized therapy. It presents a unique challenge for PK modelling due to its
narrow therapeutic index and high inter-individual variability [179,180]. The VAE is used to
encode PK signals into a latent space representation, while LASSO regression maps patient-specific
covariates to the latent space, enabling the direct identification of key predictors of PK profiles. We
systematically analyzed the impact of different regularization strengths (1) on covariate selection
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and assess the robustness of this approach in filtering out irrelevant ones. The findings of this study
provide valuable insights into covariate selection by leveraging the latent representations learned
through Variational Autoencoders. This approach enhances data-driven feature selection in PopPK
modelling, with promising applications in precision dosing and personalized pharmacotherapy.
Furthermore, we highlight the limitations of LASSO’s linear assumption and discuss future
directions for integrating latent space modelling with non-linear techniques to improve the accuracy
and robustness of pharmacokinetic analyses.

4.2.3 Materials and Methods

Dataset Generation

1) Pharmacokinetics Modelling of Tacrolimus: The tacrolimus concentration at each time step, have
been estimated using a one-compartment pharmacokinetic model depicted from (8. The generation
of synthetic PK profiles was carried out in accordance with the settings outlined in the study by
Chen et al. [179]. We generate Fast-Elimination PK profiles, with fixed dose D of 300 (mg) and
elimination rate (k.) calculated as k. = CL/V, where V' is the volume of distribution. The absorption
rate constant k, was fixed to 0.502 (4~ ') and the absorption time lag (tlag) was fixed to 0.346 (). (9
is used to measure clearance CL for subject 7 at time j. In the equation, X; corresponds to SNP
(Single Nucleotide Polymorphism) of the CYP3AS genotypes. Following the encoding strategy
adopted by Chen et al., the three genotypic variants (expressor, intermediate expressor, and non-
expressor) are numerically coded as 1, 2, and 3, respectively. This numerical representation allows
the inclusion of genetic polymorphism as a continuous covariate in the clearance model. X refers to
age as the subject age in year, Xj; is the albumin (alb) level in g/dL and X4 the blood haemoglobin
(hgb) concentration in g/dL of the subject i at time j. Volume has been estimated using (10.

Dk,
C(t) = — x x —ke(t—tp—tpg) _ ,—ka(t—tp—tisg)
O =7 x5 (e ¢ )
()
CLyj = 0; X X{? X XJ* X Xg* x X5 x explnct]
9)
Vij = 06 x expl]

(10)

Where:

e ;=262

e X;=(SNP;j)and 6,=0.71

e X>=(ageij/47)and 63 =-0.26
e X;=(alb;j/4.1)and 6,=0.35
e X,=(hgb/125)and 05=-0.29
o 0Os=23726
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2) Covariates: The covariates used to generate the PK profiles include age, sex (male, female),
weight, haemoglobin, albumin, CYP3A5 SNP (with three variants coded as 1,2,3), and ethnicity
(race), categorized into Caucasian-American, African-American, Hispanic, Asian and other.
Additionally, two extra random covariates (Called extra 1 and extra 2), generated as values
uniformly distributed between 0 and 1, were introduced to further evaluate the system’s behavior in
covariate selection. Categorical covariates were sampled using a uniform random distribution to
ensure equal probability among categories. Continuous variables were collected, sampling from a
gaussian normal distribution, with each covariate assigned a specific mean () and standard
deviation (o) (listed below).

o age:u=459,0=12.7

o weight: © =82.9,5=20.8

e haemoglobin: 4 =12.5,0=2.1
e albumin: x=4.1,0=0.4

3) Synthetic Data Generation: A total of 10,000 PK profiles, representing tacrolimus concentrations
(mg/L) over a 48-hour period following dose administration, were created. Each with a specific set
of covariates. In (9 and (10, exp!"“" and exp!"Vl represent the random effects of between-subject
variability. These random effects were sampled from a normal distribution with a mean of 0 and
standard deviations of 0.408 and 0.653, respectively. These pharmacokinetic signals were used to
train the VAE, in order to construct a latent representation of all of them. A separate test set of
2,000 PK profiles was generated following the same procedure to assert the VAE model’s PK
profile reconstruction ability and generalization.

Model Architecture

The proposed framework consists of a Variational Autoencoder (VAE) trained to learn a latent
representation of simulated pharmacokinetic (PK) profiles, followed by a Least Absolute Shrinkage
and Selection Operator (LASSO) regression model that performs covariate selection, identifying
those influencing the latent space reconstruction. The representation of the entire framework
architecture can be seen in Figure 31.

1) PK Variational Autoencoder (VAE): Unlike a standard autoencoder, which compresses input
data into a deterministic latent space, a VAE encodes the input into a probabilistic latent
distribution. This probabilistic nature addresses the issue of non-regularized latent space of
autoencoders and provides the generative capability to the entire space. The encoder maps PK
profiles into a lower-dimensional latent space characterized by a mean (u) and a standard deviation
(0), which parameterize a Gaussian distribution from which latent variables are sampled. The
decoder reconstructs PK profiles from these latent variables, optimizing a combined loss function
consisting of the reconstruction error and the Kullback-Leibler (KL) divergence, which regularizes
the latent space distribution [181].
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2) Latent Space Regression: The LASSO regression model, determine the influence on each
covariate in the latent space reconstruction by adding a regularization penality term the L1
regularization. The penality term forces regression coefficients to become exactly zero, performing
data-driven feature selection [182]. In the (11 we can see the classical ordinary least squares (OLS)
function used to estimate the coefficient vector 3 that represents the weights assigned to each
predictor (i.e. each covariate). 7\2?=1| B j| is the L1 regularization penalty term, that controls the

sparsity of the model. Ais the crucial parameter that determine the strength of the penalty term.

n p 2 p
B:argmﬁin Z yi—ZXiij +7\Z|BJ’|
i=1 j=1 j=1
(11)

Experimental procedure

1) Covariate Preprocessing: Prior to model training, categorical covariates were processed using
one-hot encoding, while continuous covariates were normalized using min-max scaling to ensure
consistency across features.

2) VAE Model Training: The VAE model was trained using the 10,000 PK profiles as input, to
obtain a representative latent space. The training process was optimized using mean absolute error
(MAE) as reconstruction loss to minimize differences between input and output PK signals and a
KL-divergence term to enforce smoothness in the latent space distribution. We evaluated VAE
architecture on the generated test set of 2,000 tacrolimus PK profiles. The model achieves an
optimal mean absolute percentage error (MAPE) of 2.26% (measured metrics are collected in Table
I) in PK-profiles reconstruction. Metrics have been measured using Python’s scikit-learn library.
Figure 32 shows the comparison of the test set (panel A) and the corresponding reconstructed
profiles generated by the VAE (panel B). Each line represents one of the 2,000 individual PK
profiles.

3) LASSO Regression model: The LASSO regression model was developed using Python’s scikit-
learn library [183]. It was applied to establish a direct mapping between patient-specific covariates
and the latent space representations of the 10,000 PK-tacrolimus profiles used as training set for the
VAE. To evaluate the impact of regularization strength on covariate selection, different values of
the 4 parameter were tested. Lower 4 values allowed for a larger number of covariates to be
retained, whereas higher 4 values forced greater sparsity, removing less relevant features. For each
tested 4 value, the weights assigned to each covariate were collected and analyzed. We
systematically explored a suitable range of regularization strengths and conducted an in-depth
analysis of covariate selection for the following 4 values: 0.0001,0.002,0.005,0.008,0.01,0.1,1.0.
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Figure 31. Graphical representation of the VAE-LASSO framework. The Variational Autoencoder consists of an encoder (left) that compresses pharmacokinetic signals profiles into a latent
representation parameterized by a mean (1) and standard deviation (o). The latent variables are then sampled and passed tothe decoder (vight), which reconstructs the original PK profiles.
A LASSO regression model (bottom) is trained to predict the latent representation using patient-specific covariates, allowing for covariate selection by shrinking irrelevant features to zero.
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Figure 32. (A) Original tacrolimus PK profiles generated from the simulated dataset. (B) Reconstructed PK profiles
obtained from the Variational Autoencoder (VAE). The y-axis represents tacrolimus concentration in mg/L over time. The
optimal reconstruction that closely follow the original data, demonstrates the VAE’s ability to capture the underlying PK
dynamics.

Metric VAE Model
MAE (Mean Absolute Error) 0.0009 (mg/L)
MAPE (Mean Absolute Percentage Error) 2.26 %

Table 9. PK profiles reconstruction error from VAE model
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Figure 33. 3D Visualization of LASSO Regression weights across covariates and lambda values. The height and color

intensity of the bars represent the importance of each covariate at different levels of regularization 1. Brighter and taller
bars indicate covariates with stronger influence (i.e., higher regression weights), while darker, shorter bars correspond
to covariates with little or no contribution. The x-axis lists the covariates, y-axis the different values of the regularization
parameter Aand the z-axis the LASSO regression weights. The table denote with markers the covariates retained at each

regularization level.
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Figure 34. 2D Visualization of LASSO Regression weights across covariates and regularization values (). Each subplot corresponds to a different value of the regularization parameter A, showing

the LASSO regression weights assigned to each covariate. The x-axis represents the LASSO regression weight, while the y-axis lists the covariates. As A increases, more covariates are progressively
shrunk toward zero, indicating reduced importance.
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4.2 .4 Results

Our results demonstrate that the LASSO regression model effectively identifies key covariates in (9
that characterize tacrolimus pharmacokinetic profiles by reconstructing the latent space generated
by the VAE. Figure 33 and Figure 34 illustrate the covariates selected by the model and the effect
of varying the regularization parameter A. As A increases, the model progressively eliminates
weaker covariates and the two randomly generated noise variables (extra 1 and extra 2), confirming
the robustness of LASSO in filtering out non-contributory features. The SNP, age, hemoglobin, and
albumin covariates are consistently retained across different A values, emphasizing their
fundamental role in tacrolimus pharmacokinetics. The optimal A value is determined by balancing
model interpretability with feature selection efficiency. Lower A values allow more covariates to
contribute, potentially capturing minor effects, whereas higher A values enforce greater sparsity,
retaining only the most influential predictors. To further assess the effectiveness of LASSO-based
covariate selection, we utilized the reconstructed latent space to decode PK profiles via the VAE
decoder. However, the reconstructed PK profiles exhibited insufficient accuracy, primarily due to
the linear nature of LASSO regression. Since pharmacokinetic signals are governed by complex,
non-linear dynamics, the simplified linear mapping imposed by LASSO does not allow the
complete correct reconstruction of the PK profiles. Despite this limitation, our findings indicate that
the LASSO-reconstructed latent space provides an efficient structured and interpretable
representation that enables efficient covariate selection. Importantly, the selected covariates also
align with established clinical determinants of tacrolimus exposure in the cardiac transplantation
setting. Age emerged as a relevant factor, with differences in drug clearance observed in both
pediatric and elderly patients. Albumin levels were consistently retained, reflecting their role in
modulating the unbound fraction of tacrolimus. Hemoglobin was also identified, representing a
surrogate for hematocrit and influencing tacrolimus whole-blood distribution, particularly in
transplant patients who frequently experience anemia or transfusions.

4.2.3 Discussion

Our findings demonstrate that the proposed VAE-LASSO framework effectively integrates latent
space modelling with sparse regression techniques for covariate selection in population
pharmacokinetics (PopPK). Unlike traditional PopPK approaches, which rely heavily on parametric
regression models with predefined structural assumptions, our method is model-free and data-
driven, requiring no prior knowledge of the underlying pharmacokinetic equations or covariate
interactions. This distinction is crucial, as traditional PopPK models often rely on stepwise
covariate selection procedures such as forward selection or backward elimination which, despite
their simplicity, are prone to overfitting and may fail to capture complex, nonlinear relationships in
high-dimensional data [184,185]. In contrast, our approach leverages a Variational Autoencoder to
learn a compact and structured latent representation directly from the pharmacokinetic profiles,
enabling the discovery of hidden patterns without requiring prior assumptions about the underlying
model structure. The VAE-LASSO framework identified clinically relevant covariates, which are
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consistent with established evidence in cardiac transplantation. Age has long been recognized as a
determinant of tacrolimus pharmacokinetics, with both pediatric and elderly patients exhibiting
altered clearance rates due to developmental or degenerative changes in organ and metabolic
function. This variability is particularly relevant in heart transplantation, where the patient
population is heterogeneous and dosing strategies must account for these physiological differences.
Tacrolimus is highly bound to plasma proteins, and fluctuations in albumin directly affect the
proportion of free, pharmacologically active drug Hypoalbuminemia is frequently observed in heart
transplant recipients during the early post-surgical period, which may contribute to increased
exposure to the unbound fraction of tacrolimus and a heightened risk of toxicity [186]. The
consistent selection of hemoglobin by our model highlights its relevance as a practical and easily
measurable clinical marker that can inform dose adjustment. Hemoglobin reflects hematocrit and
plays a crucial role in tacrolimus whole-blood distribution. Low hemoglobin or anemia, which is
common in heart transplant patients due to surgical blood loss, transfusions, and concomitant
therapies, has been associated with changes in drug disposition and intra-patient variability [187].
Perhaps most importantly, the genetic polymorphism covariates retained by the LASSO model are
supported by a large body of evidence demonstrating the impact of CYP3AS genotype on
tacrolimus metabolism. Patients carrying the CYP3AS allele (“expressors”) require significantly
higher doses to achieve target trough concentrations compared with non-expressors, a finding
consistently reported across solid organ transplantation and confirmed in adult heart transplant
recipients [188] [189].Taken together, these findings show that the covariates highlighted by our
framework are not only statistically robust but also biologically and clinically meaningful. Despite
its effectiveness in feature selection, the linear nature of LASSO regression limits its ability to fully
reconstruct the latent space and, consequently, the pharmacokinetic profiles. This limitation arises
from the non-linearity inherent in PK systems, which LASSO fails to capture. To address this
limitation, we are currently exploring an alternative architecture based on a Conditional Variational
Autoencoder (CVAE), in which a LASSO-regularized layer is incorporated to condition the
reconstruction of the latent space generated by the encoder. This design aims to more effectively
capture the nonlinear dynamics of pharmacokinetic time concentration profiles while maintaining
covariate interpretability. In parallel, we are evaluating the architecture on a more complex
compartmental PK model to further assess its applicability and robustness. Nevertheless, the model
provides a structured and interpretable latent representation that simplifies covariate selection,
making it a valuable tool for clinical decision-making. It also highlights the potential of latent space
representations in uncovering underlying pharmacokinetic patterns, facilitating a data-driven
approach to identifying key patient-specific factors influencing drug metabolism. By leveraging the
outcome of this study, future works will aim to further explore the integration of latent space
modelling with other multiple non-linear based techniques and improving the interpretability of
latent space representations for enhance therapeutic decision- making. Overall, this study
demonstrates the potential of integrating deep learning and sparse regression to enhance covariate
selection in pharmacokinetic modelling, paving the way for more robust and interpretable machine
learning approaches in clinical pharmacology.
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5 Conclusions

This thesis has investigated the development and application of machine learning models for the
prediction of major adverse cardiac events in heart transplant patients, with particular focus on
designing approaches that remain robust in data-scarce scenarios. A central contribution is the
implementation of a classification framework that integrates data augmentation and feature
selection to improve the trade-off between model accuracy and interpretability. This model,
validated through a comprehensive bootstrap analysis on a publicly available dataset, laid the
foundation for the AugPred pipeline, a tool designed on the same concept to support post-transplant
surveillance by combining synthetic data generation and feature selection for robust classification
with bioinformatic analysis of selected features. Building on this methodology, the thesis
introduced a multilayer network model to characterize the topological structure and regulatory
dynamics between microRNAs and their target mRNAs, integrating multiple data sources from
public databases and real measured molecular level concentration profiles, revealing phenotype-
specific rewiring in rejection and infection cases. Furthermore, a deep generative architecture called
VAE-LASSO was developed to analyze pharmacokinetic time-concentration profiles of tacrolimus
immunosuppressant. This model demonstrated the potential of latent space representations for
identifying clinically relevant covariates, opening the way to more personalized and interpretable
immunosuppressive therapy.

The results obtained across Chapters 2 to 4 can be summarized as follows:

1. The developed architecture and subsequent bootstrap analysis demonstrated the effective
application of data augmentation and feature selection to balance the trade-off between
classification accuracy and interpretability when working with high-dimensional datasets.
The systematic evaluation across multiple binary classification tasks confirmed the
discriminative power of selecting a restricted number of features, enabling robust
classification performance while preserving biological interpretability across different
pathological conditions.

2. The AugPred pipeline demonstrated strong applicability in the heart transplant setting, even
under conditions of limited data availability. By leveraging synthetic data augmentation and
feature selection, the model effectively discriminated between acute cellular rejection and
cytomegalovirus infection using transcriptomic profiles derived from microarray data.
Notably, the selected microRNAs were not only predictive but also biologically meaningful,
as confirmed by downstream pathway enrichment analyses. The pipeline maintained high
classification performance across varying sample sizes and proved adaptable to different
clinical and experimental scenarios. These findings support its potential integration into
post-transplant monitoring workflows and underscore its ability to identify mechanistically
relevant biomarkers in cardiac transplantation.

3. The multilayer network model developed, representing miRNA-mRNA interactions offered
a better global system-level view of post-transcriptional molecular regulatory architectures
in heart transplanted patients. By modeling miRNAs and mRNAs as nodes of intra and
interconnected layers, and applying PageRank centrality within this multilayer framework,
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the study identified phenotype-specific shifts in node centrality modulated from a subset of
microRNAs, pointing to regulatory reorganization with weakened post-transcriptional
control in acute cellular rejection cases. This network-based approach revealed the non-
redundant and dynamic role of microRNAs as modulators of gene expression across clinical
phenotypes, extending beyond conventional differential expression analysis.

4. The VAE-LASSO framework demonstrated the potential of combining deep generative
learning models with interpretable statistical learning to uncover clinically relevant
covariates from high-dimensional data. By using variational autoencoder (VAE) to model
the latent space of pharmacokinetic (PK) time concentration profiles, followed by LASSO
regression to identify informative covariates, this approach enabled the extraction of
covariates influencing PK variability in tacrolimus immunosuppressant absorption. The
method effectively bridged generative representation learning with sparse feature selection,
providing a scalable strategy for more personalized dosing.

Taken together, these findings highlight the potential of machine learning models to provide
clinically meaningful support systems, even in settings constrained by limited sample size. It shows
the valuable implication of the complex network theory in transplant research, by pointing out the
effectivenes to model trascriptomic interaction to investigate the topology and dynamic of the
complex interconnect biological system that declare the different post-transplant outcomes. The
main contribution of this thesis lies in demonstrating the feasibility and effectiveness of combining
computational methods such as machine learning, deep learning and network theory, with clinical
application, to enhance the support in the decision making. This perspective not only advances
methodological innovation but also provides a translational method, showing how computational
tools can support clinicians in the management of heart transplant patients. Nevertheless, some
limitations must be acknowledged. Among the main challenges are the small cohort sizes which
determine the goodness of the data and the complexity of acquiring biologically relevant
information from clinical procedures. Additionally, the intrinsic interconnectedness and dynamism
of biological systems make them particularly complex to model. These limitations also suggest
clear future directions. Explore the application of multimodal learning frameworks capable of
integrating heterogeneous data sources, such as clinical variables, omics data (genomics,
transcriptomics, proteomics, etc.), medical images, and longitudinal measurements, while also
extracting informative features related to the topology and dynamics of interactions across different
system levels through complex network models. such integration is fundamental to capturing the
structure and dynamic nature of biological systems in the context of transplantation, ultimately
supporting more personalized and context-aware diagnostic strategies. In conclusion, this doctoral
thesis contributes novel tools, methodological frameworks, and validation strategies that may
support the development of precision medicine approaches in transplantation, enabling better
patient stratification, earlier detection of adverse events, and ultimately, more personalized and
effective care. By enhancing the capacity to anticipate adverse cardiac events and uncover latent
regulatory mechanisms, these approaches contribute to a deeper understanding of post-transplant
trajectories and open the way to more personalized, accurate, and effective patient care.
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Appendix

During my PhD, I actively contributed to two additional research projects. The first study focused
on the transcriptomic profiling of Cytomegalovirus (CMV) infection in endomyocardial biopsies
from heart transplant recipients, proposing a novel molecular strategy to distinguish infection from
acute cellular rejection. The second was an international collaborative project with the International
Society for Heart and Lung Transplantation (ISHLT), aimed at analyzing global practices in the
collection, processing, and biobanking of explanted hearts. My involvement in both studies
included study design, statistical analysis, data interpretation, and manuscript preparation.

Transcriptomic Signature of CMV Infection in Heart Transplantation

Endomyocardial biopsy (EMB) remains the gold standard for monitoring graft status in heart
transplant recipients, yet distinguishing between cytomegalovirus (CMV) infection and acute
cellular rejection (ACR) can be particularly challenging due to their similar histopathological
features. To address this diagnostic limitation, we conducted a translational research study aimed at
identifying a transcriptomic signature capable of differentiating CMV-related inflammation from
immune-mediated rejection in EMB specimens. This proof-of-concept study aimed to identify a
distinct transcriptomic signature associated with CMV-related inflammation, offering potential
tissue biomarkers to support EMB interpretation. The study included mRNA and microRNA
(miRNA) expression profiling on formalin-fixed, paraffin-embedded (FFPE) EMB specimens from
three patient groups: CMV infection (n=6), ACR (n=5), and histologically normal controls (n=5).
High-density microarrays were used to quantify transcript levels, followed by extensive
bioinformatic analysis to identify differentially expressed genes (DEGs) and miRNAs. In the
infection vs rejection comparison, we identified 18 DEGs and 12 significantly deregulated
miRNAs. Among these, two mRNAs, IL7R and GZMK, and two miRNAs: miR-93-5p and miR-
345-5p, showed the most discriminative expression patterns. Both genes and miRNAs were
markedly downregulated in CMV-infected samples compared to ACR, suggesting their potential
role in distinguishing between these two inflammatory conditions. To explore the diagnostic
potential of these markers, we developed a machine learning classifier using a kernel-based support
vector machine (KSVM) and achieved a cross-validated classification accuracy of 91% with an area
under the ROC curve (AUC) of 0.87. Further integrative analysis explored the regulatory
interaction between miRNAs and mRNAs, revealing that miR-93-5p targets several genes involved
in the IL-7 signaling and GZMK-related pathways, supporting a mechanistic link between
molecular regulation and immune activation in infection. This study demonstrates the feasibility of
using transcriptomic profiling to support EMB-based diagnosis and paves the way for future
applications of molecular tissue markers in transplant pathology. My personal contribution included
the interpretation of transcriptomic data, design of bioinformatic and statistical analyses,
development of the classification pipeline, and manuscript writing. The results of this research were
published in Frontiers in Immunology in May 2025 under the title “Transcriptomic profiling of
cytomegalovirus infection in cardiac transplantation: proof-of-concept for a new strategy in tissue
markers application.”
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Biobanking Practices for Explanted Hearts: An ISHLT Survey

To better understand and harmonize global practices in the handling of explanted hearts, we
participated in an international collaborative study promoted by the International Society for Heart
and Lung Transplantation (ISHLT), aimed at assessing current protocols for gross examination,
tissue sampling, and storage of explanted cardiac grafts. The study was based on a structured survey
distributed to transplant centers across Europe, North America, and other regions, and collected
responses regarding grossing protocols, the number and type of tissue samples collected (both fresh
and formalin-fixed), coronary artery sampling, storage duration, and the use of standardized
reporting forms. The analysis revealed significant heterogeneity among centers. While the majority
of centers (78.8%) reported adopting a grossing protocol, North America had the highest adoption
rates and the most extensive sampling procedures, often collecting 10-25 tissue samples per heart.
In contrast, centers in Europe and other countries more frequently collected fewer samples,
particularly fresh tissue. Coronary artery sampling and long-term storage practices also varied, with
only a portion of centers preserving hearts indefinitely. Importantly, fresh tissue collection, crucial
for subsequent analysis, was inconsistently applied and often limited by institutional infrastructure.
The results underscore the need for standardized international protocols to improve the diagnostic
and scientific value of explanted hearts, enabling more consistent clinical evaluation and supporting
advanced research. The study advocates for greater involvement of pathologists in biobanking
workflows and calls for unified guidelines on sample type, volume, and storage methods to enhance
data comparability and foster innovation in transplant pathology. My contribution to this study
focused on performing the statistical analysis of survey data, generating visual representations of
results, and revising the manuscript. The work was published in JHLT Open in 2025 under the title
“The value of systematic study and biobanking of explanted hearts: Insights from an international
ISHLT pathology survey.”
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Background: Cytomegalovirus (CMV) infection is a relevant threat to heart-
transplanted patients during the first year after surgery, leading to increased
morbidity and, in some cases, mortality. This proof-of-concept study aims to
assess the transcriptomic profile of CMV infection in cardiac transplanted
patients as a new diagnostic approach to discriminate infection and Acute
Cellular Rejection (ACR) on EMB specimens.

Methods: We performed a microarray-based messenger RNA (mRNA) and
micro-RNA (miRNA) profiling. We analyzed three patient groups in the setting
of CMV viremia and inflammatory infiltrate: a control group (n=5), an ACR group
(n=5), and an infection group (n=6). Differentially expressed mRNA and miRNA
were further investigated through biocinformatic pathway analysis.

Results: Focusing on infection vs rejection comparison, we investigated the role
of the 18 differentially expressed mRNAs and the 12 miRNAs with the most
significative p-value (gene level fold change, FC <-2 or >2, p-value <0.05). Based
on the bioinformatic analysis, we explored the regulatory effects of these miRNAs
on the mRNA pathways independently identified in the same samples. The results
showed that two genes, IL7R and GZMK (-38.63 and -3.15 FC, respectively), and
two miRNAs, mir-93-5p and mir-345-5p (-2.63 and -2.18 FC, respectively), are
differentially expressed in infection and can be exploited to differentiate CMV-
positive from ACR-positive EMB specimens, reaching an AUC of 0.87 and an
accuracy of 91% at cross-validation.
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Conclusions: We have identified a distinctive combined molecular profile of
mMRNAs and miRNAs for infection in post-cardiac transplant follow-up. Based on
IL7R, GZMK, mir-93-5p, and mir-345-5p we suggest a novel possible workflow to
distinguish infection, where those markers are downregulated, from rejection,
where they are overexpressed, on EMB specimens. This analysis showed good
accuracy and promising predictive performance. The future combined analysis of
these genes and these miRNAs through user-friendly techniques, such as
quantitative PCR, could reduce turn-around time and improve our diagnostic
power for distinguishing CMV infection from ACR in EMB specimens.

KEYWORDS

cytomegalovirus, heart transplant, rejection, transcriptomic profiling mRNA,
miRNA, biomarkers

1 Introduction

Cytomegalovirus (CMV) is the most clinically relevant post-
transplant infectious agent. CMV is a member of the beta-
Herpesviridae family that, in the normal population, latently infects
50-90% of individuals, but normally takes an asymptomatic course (1).
Differently, in cardiac transplanted patients, CMV infection impacts
morbidity and mortality (2, 3), and some studies showed that CMV
infection is a risk factor for Antibody Mediated Rejection (AMR) and
Cardiac Allograft Vasculopathy (CAV) (4-7).

The cardiac transplanted patients can be stratified according to
the donor/recipient (D/R) serological status. The highest risk is
associated with the mismatch between donor-positive and
recipient-negative (D+/R-). Based on the approach chosen by
each transplant center, these patients may undergo pre-emptive
therapy (based on the antiviral administration for early
asymptomatic CMV viremia detected by surveillance testing) or
antiviral prophylaxis (2, 8, 9).

Routine EMB tissue exhamination represents a crucial procedure
to determine CMV replication on the graft and thus intervene with a
proper antiviral therapy and taper the immunosuppression regimen
accordingly. However, the discrimination between Acute Cellular
Rejection (ACR) and the inflammation process triggered by CMV
infection itself is quite cryptic. In case of suspected CMV infection,
both nucleic acid and immunohistochemical tests should be
performed on EMB specimens, e.g. Immunohistochemical staining
on Formalin Fixed Paraffine Embedded (FFPE) EMB slices and
Polymerase Chain Reaction with the nucleic acid extracted from
EMB tissue. Those tests are designed to detect viral components, such
as the CMV genome or proteins, in tissue samples. Still, these tests are
prone to false results due to CMV activation’s patchy nature in tissue,
and the EMB procedure sampling errors.

Seeking novel biomarkers associated with rejection monitoring has
been investigated over years in tissue and liquid biopsy (10-13).
Transcriptomic studies opened new horizons on cardiac rejection
allograft monitoring, showing that Rejection Associated Transcript
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analyses are similar through solid organ transplants and can
differentiate among Cellular Rejection, Antibody-Mediated Rejection,
and no-rejecting EMBs (11, 14, 15). Unfortunately, most of these
studies focused mainly on inflammation but not on the infection. This
limitation urges the need for new approaches that could help the
pathologist in characterizing the allograft’s status, differentiating the
inflammation itself from the virus induced inflammation pattern.

In this proof-of-concept study, we investigate the transcriptomic
profile of CMV-positive patients at mRNA and miRNA levels to
determine new candidate biomarkers to distinguish inflammatory
infiltrate caused by infection from that due to rejection on FFPE
EMB specimens. For this purpose, we analyzed the mRNA and
miRNA profile of FFPE EMB through high-density Clariom S
Affymetrix GeneChip arrays (Thermofisher Scientific, USA)
platform. We demonstrated that combining different biomarkers
can significantly improve CMV infection detection and
discriminate it from ACR during EMB pathological assessment.

2 Materials and methods

All the details about the Study design, patient selection, EMBs
histological evaluation, RNA extraction protocol, Microarray-based
mRNA and miRNA analysis protocols, bioinformatics, and
statistical analysis are provided in the Extended Methods in
Supplementary Materials.

3 Results
3.1 Study population characteristics

The patients enrolled in this study were divided into three
groups according to the ACR grade and the CMV viremia.

Recipients’ and Donors’ characteristics are shown in Table 1.
Among selected patients, 68.75% were male, and the mean age
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TABLE 1 Study population characteristics.

Features Rejection Infection t-test p-value t-test p-value t-test p-value
(n=5) (n=6) Control Control Rejection
vs Rejection vs Infection vs Infection

Recipient Age (y) 61 £ 533 61.6 £9.97 54.3 + 19.69 0.91 0.45 0.46

Recipient gender (male, %) 60 60 100 1 0.17 0.17

Ischemic Heart Disease (%) 60 40 66.7 0.57 0.84 0.43

Dilated Cardiomyopathy (%) = 20 40 66.7 0.57 0.84 0.43

Arrhythmogenic Right 20 0 16.65 0.37 0.90 0.36

Ventricular

Cardiomyopathy (%)

Obstructive 0 20 0 0.37 - 0.37

Cardiomyopathy (%)

Donor Age (y) 51 +20.29 64 + 6.67 43 +17.67 0.76 0.52 0.22

Donor gender (male, %) 80 60 333 0.75 0.87 0.88

Cold Ischemia Time (m) 184.2 1954 + 52.04 189.83 0.75 0.87 0.88
+49.88 +61.33

Circulating DSA at the time | 0 0 33.3 - 0.18 0.18

of EMB (d)

Time between HTx and 207 62 +10.86 77 £79.00 0.046 0.067 0.668

EMB (d) +113.90

Neutrophils (10°/1) 4.10 £ 2.12 416 £ 1.77 524 +3.37 0.96 0.51 0.52

Lymphocytes (10°/1) 0.76 + 040 | 0.69 +0.21 0.99 +0.78 0.75 0.56 0.41

P-AST (U/1) 46.4 23.6 +492 224 + 1548 0.39 0.37 0.87
+52.92

P-ALT (U/1) 25.8 21.8 £10.14 244 £ 27.07 0.71 0.51 0.37
+20.59

P-yGT (U/) 24.2 £ 9.67 58.6 + 47.86 94 + 67.50 0.22 0.08 0.38

e-GFR (umol/l) 42 +15.76 75 + 11.62 63.2 +41.23 0.007 0.33 0.56

Creatinine (umol/l) 146.6 86.4 +13.30 149.5 0.0077 0.96 0.30
+30.37 +133.77

Cyclosporine (ug/l) 135 +57.05 | 172.2 £ 36.25 167.83 0.27 0.33 0.87

+48.43
Ejection Fraction (%) 63 59 58.83 0.45 0.97 0.22

Age, sex, and the main biochemical parameters are reported as mean + standard deviation. Y, Years; d, days; m, minutes; HTx, Heart Transplantation; eGFR, estimated Glomerular Filtration Rate.
The bold style was used to highlight the features reported in the first column from the numerical values reported in the other cells of the table.

was 61. Ischemic Heart Disease was the most common diagnosis
leading to transplant. These patients were homogenous for
Circulating DSA at the time of EMB, lymphocyte count, hepatic
functionality, and Ejection Fraction. The control group showed
slightly worse renal functionality and a higher time interval between
heart transplant and EMB.

3.2 Microarray transcriptomic analysis of
FFPE EMBs

We analyzed the transcriptomic profile of our samples through
a microarray-based platform. The bioinformatic analysis compared
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the expression levels of detected mRNAs in the Controls, the
Rejection group, and the Infection group.

Notably, 293 genes were differentially expressed between
Control and Infection groups (82 up-regulated and 211 down-
regulated), 407 genes between Control and Rejection groups (126
up-regulated and 281 down-regulated), and 18 genes between
Infection and Rejection groups (10 up-regulated and 8 down-
regulated) (p-value <0.05).

Since we aimed to define a possible molecular signature to
distinguish infection from rejection at the tissue level, we focused
our attention on the differentially expressed genes (DEG) that
emerged in the comparison between these two study groups. In
particular, PHLDB2, HP1BP3, HMGCS2, UBC, LDB3, ALPK2,
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MYH7B, ACADVL, HSPB6, and TBX20 resulted to be
overexpressed in Infection compared to Rejection, while PDCL2,
OCRL, TAOK3, PLAC8, GZMK, MNDA, IL7R, P2RY14 were
downregulated in the same comparison (p<0.05) (Figure 1A).
Afterward, we investigated the role of all these DEGs. We
consulted several databases, such as the GeneCards database and
WikiPathways TAC tool, focusing on their cellular functions and
the biological processes they are involved in. This analysis revealed
that these DEGs are mainly involved in cardiomyocyte metabolism
(e.g. HMGCS2, ACADVL), IL-7 signaling and regulatory circuits of
the STAT3 signaling (e.g. IL7R), DNA replication (e.g. HP1BP3)
and cardiac progenitor differentiation pathways (e.g. PHLDB2,
LDB3, ALPK2, TBX20) (Supplementary Table S1).

As shown in the Volcano Plot (Figure 1A), all the significantly
differently expressed genes are quite homogeneous in terms of fold-
change values, except for GZMK and IL7R. In detail, IL7R resulted
downregulated in the Infection group compared to the Rejection
(-38.63 fold-change; 12.69 (log2) Avg in the Rejection group vs 7.41
(log2) Avg in the Infection group). IL7R is highly expressed in
conventional mature T-cells, except for regulatory T-cells that show
a low level of IL7R on their surface (16, 17). Once activated, IL7R
induces proliferative and anti-apoptotic signals mainly by activating
several cellular pathways, such as JAK/STAT, PI3K/Akt, and
MAPK/ERK pathways (18, 19). In addition, IL7R has been
reported to activate chronic inflammation (20), autoimmunity
(21), and allograft rejection in rodent models (22, 23). Likewise,
GZMK is downregulated in the infection group (-3.15 fold-
change; 9.27 (log2) Avg in Rejection group vs 7.62 (log2) Avg in
Infection group). GZMK is a member of serine proteases that
preferentially cleave after basic residues (24, 25), and it is
expressed in different immune cell types, such as NK cells,
cytotoxic T cells (26), and macrophages (27). GZMK is also
reported to be involved in several pathologic conditions, such as
cardiovascular diseases (28), vasculitis (29), and endothelial
activation, promoting the release of proinflammatory cytokines
from endothelial cells (30).

The heatmap reported in Figure 1B confirms that the DEG
values are homogenous within each group, in terms of the
expression level. Moreover, the hierarchical clustering correctly
classifies nine out of eleven samples (82%), in agreement with
histology and CMV serology. Only two samples were assigned to
the wrong group: sample #36, selected as Infection but classified as
Rejection by hierarchical clustering, and sample #38, selected as
Rejection but classified as Infection by hierarchical clustering. In
detail, the misclassification of these samples is linked to the values of
GZMK and IL7R genes. In our cohort, the expression levels of these
two genes were generally high in the Rejection group and low in the
Infection group. Sample #36 showed a low level of expression of
IL7R and GZMK genes, and the system classified it as “Infection”
despite it being negative for the CMV serology test. On the other
hand, sample #38 showed a high level of expression for IL7R and
GZMK genes, and the system classified it as “Rejection” even
though the CMV serology positivity. This misclassification
suggests that those genes are crucial in differentiating Infections,
with low expression, from Rejections, with high expression.
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3.3 Microarray miRNAs analysis of FFPE
EMB

The same total RNA extracted and analyzed for mRNA
profiling was evaluated for miRNA profiling. The Clariom-$S
miRNA 4.0 chip tested the expression level of 2578 different
miRNAs for each patient, and we performed the same
comparisons conducted for the mRNA analysis (gene level fold-
change <-2 or >2, p-value<0.05). The statistical evaluation of the
raw data revealed that 513 miRNAs were differentially expressed
between the Control and Rejection groups, with 477 miRNAs
upregulated and 36 downregulated, while 111 (62 upregulated
and 49 downregulated) between the Control and Infection
groups. The comparison between the Infection and the Rejection
groups showed that 386 miRNAs were differentially expressed (32
upregulated and 354 downregulated). Among these 386 miRNAs,
29 emerged differentially expressed only in the latter comparison.
We further filtered out those results, focusing on the miRNA with
the highest p-value. Hence we selected twelve hsa-miRNAs that
showed the highest p-value in infection versus vs rejection
comparison: miR-8075 (fold-change= 2.23; p-value= 0.0052),
miR-93-5p (fold-change= -2.63; p-value= 0.0058), miR-3651
(fold-change= -2.26; p-value= 0.0059), miR-345-5p (fold-change=
-2.25; p-value= 0.0061), miR-6722 (fold-change= 2.57; p-value=
0.0098), miR-1296-5p (fold-change= -2.08; p-value= 0.0112), miR-
3162-5p (fold-change= -2.15; p-value= 0.0114); miR-532-5p (fold-
change= -3.26; p-value= 0.0177), miR-4433-3p (fold-change= -2.02;
p-value= 0.0293), miR-6782-5p (fold-change= -2.08; p-value=
0.0365), miR-342-5p (fold-change= -2.18; p-value=0.0371), and
miR-210-3p (fold-change= -2.54; p-value= 0.0469) (Figure 1C).

Once determined our miRNAs of interest, we explored their
function through a literature review. The screening of PubTator,
GeneCards, and PubMed databases revealed that these miRNAs are
mainly involved in PI3K/Akt, STAT, and HIF1o. pathways, regulating
cell proliferation and apoptosis, along with mitochondria stress response.

3.4 Analysis of mMRNA and miRNA
interactions in CMV infection

Once we identified the mRNAs and miRNAs differentially
expressed in the Infection vs Rejection groups, we further
investigated in silico the possible interactions among mRNAs and
the target genes of miRNAs.

We consulted TAC and Microcosm databases to define the
target genes of the selected miRNAs. Through a symmetric matrix
(Supplementary Figure S2), we highlighted the number of shared
genes among each couple of entries. In detail, it showed that only
miR-93-5p targets some of the mRNAs identified as DEG in the
Infection group.

Since we focused on the miRNAs shared target genes, we saw
that the most relevant miRNAs were miR-93-5p, miR-345-5p, miR-
532-5p, miR-342-5p, and miR-210-3p. Indeed, these miRNAs
shared a higher number of target genes: miR-93-5p shared 101
target genes with miR-345-5p, 100 target genes with miR-532-5p,
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78 target genes with miR-342-5p, and 66 target genes with miR-
210-3p (Supplementary Figure S2A). Next, we represented these
connections with an undirected weighted graph: the thickness of the
edges is proportional to the number of targets shared between two
miRNAs (Supplementary Figure S2B). Once again, the miRNAs
that were more relevant were miR-93-5p, miR-345-5p, miR-532-5p,
miR-342-5p, and miR-210-3p.

Interestingly, miR-93-5p targets some mRNAs identified in
infection vs rejection: ACADVL, ALPK2, OCRL, PDCL2, and UBC.
Using the EnrichR tool, we saw that these genes are mainly involved in
fatty acid metabolism pathways (Supplementary Figures S2C, D).

3.5 The interplay among miRNA targets
and GZMK and IL7R pathways

The analysis of mRNAs revealed that GZMK and IL7R are
crucial for distinguishing infection from rejection. Thus, we
investigated the interplay between the gene pathways and our
selected miRNAs. Consulting the Cytoscape database, we chose
the two most significant pathways for GZMK and IL7R based on the
p-value associated. The genes reported to be involved in these
pathways were matched with the miRNAs’ target genes to identify
the shared ones, and the results are shown in (See Supplementary
Materials, Supplementary Table S2). Notably, only seven miRNAs
were shown to target some genes involved in GZMK and IL7R
pathways, and their interplay is graphically represented by the
bipartite graph reported in Figure 1D. Once again, miR-93-5p
shared more target genes with the pathways analyzed, especially
with IL7R pathways, such as MAPKI1, JAK1, MYC, PIK3R2,
STAT3, and CRLF2. MiR-345-5p and miR-342-5p target several
genes in GZMK and IL7R pathways, such as ADHFEIL, PTK2B,
IRF1, PIK3R2, CRLF2, MAP2K2, MAPK3, LCK.

Thus, miR-93-5p and miR-345-5p showed the strongest
connections with IL7R and GZMK pathways. Both of them were
up-regulated in the Rejection group: mir-93-5p showed 5.98 Avg
(log2) in the Rejection group vs 4.59 Avg (log2) in the Infection
group; mir-342-5p showed 2.18 Avg (log2) in the Rejection group vs
1.6 Avg (log2) in the Infection group. Li et al. demonstrated that the
miR-93 family takes part in PTEN regulation (31). PTEN is a tumor
suppressor mutated in many cancers that antagonizes the PI3K/Akt
pathway, modulating cell cycle progression and cell survival (32, 33).
Furthermore, several studies demonstrated that this miRNA plays an
important role in enhancing endothelial activities (34) and regulating
integrin-B8 expression (35). Additionally, miR-345-5p showed
several shared target genes with other miRNAs. This miRNA is
reported to play a role in the regulation of HIF10, and consequently,
modulation of TGFB/Smad2/Smad3 signaling (36), linked to
ischemic damage response. Liu and colleagues reported that miR-
345-5p can downregulate the TLR4/NF-«kB pathway, altering
inflammatory response and apoptosis (37).

Taken together, all these results showed that miR-93-5p and
miR-345-5p are the best-ranked candidates to distinguish infection
from rejection since they are down-regulated in CMV-positive
patients and up-regulated in the Rejection group.
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3.6 Performance assessment of the
combined molecular markers

We are aware that our study population is small, and this leads
to a reduced statistical power. This was confirmed by the Post Hoc
Power analysis, which revealed that our cohort is associated with a
value of (1-B) of 0.19, and, consequently, with a high risk of false
negative results.

However, once defined our new panel of combined markers, we
assessed the accuracy of this novel approach to distinguish infection
from rejection. We implemented a classifier based on the identified
markers using a Support Vector Machine with a polynomial kernel
(KSVM). We then performed stratified cross-validation to evaluate
its performance. As shown in the Confusion Matrix (Figure 1E),
based on the level of expression of GZMK, IL7R, mir-93-5p, and
mir-345-5p, the model correctly classified as “rejection” all the real
rejection samples. On the other hand, the model correctly classified
five out of six infection samples (83,3%), with only one
misclassification. This performance is associated with an Infection
Precision of 0.83, with an overall accuracy of 91% (F1 score of 0.91).
Subsequently, the sensitivity and specificity analysis revealed that
the combination of GZMK, IL7R, mir-93-5p, and mir-345-5p
reached good results, with an Area Under the Curve (AUC) of
87% (Figure 1F).

In summary, these analyses showed that, although the power
analysis highlighted a limited statistical power due to the small
sample size, the model based on the combined marker panel
exhibited a promising predictive performance.

4 Discussion

Heart-transplanted patients represent a fragile population. After
surgery, they need to be strictly monitored to contrast possible
rejection episodes. The primary defense against rejection is
immunosuppressive therapy, which patients must take for their
entire lives. Unfortunately, these treatments make them more
susceptible to bacterial and viral infections. Cytomegalovirus is the
most clinically relevant infection in cardiac transplanted patients
during the first year of follow-up (1). CMV de novo infection or
reactivation needs to be treated properly (2, 8). Thus, correct diagnosis
is crucial to define the appropriate therapeutic protocol. With this
study, we aimed to explore the role of mRNA and miRNA as new
biomarkers to improve EMB interpretation and distinguish rejection
from infection-related inflammatory infiltrate on graft tissue.

Current molecular tests to assess CMV infection on EMB
specimens need improvement. Our study suggests that IL7R and
GZMK are decisive in the discrimination between an activate
inflammatory status, due to rejection and infection, and control
stable patients. These genes were downregulated in the Infection
group (-38.63 Fold-change for IL7R and -3.15 Fold-change for
GZMK), compared to the Rejection group, suggesting an alteration
in the regulatory mechanisms of their pathways. Many groups
showed that IL7R (also called CD127) is downregulated in viral
infection characterized by a latent phase (38-41). Interestingly,
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immune activation and CD4 lymphopenia have been associated
with decreased IL7R expression (41). These results perfectly fit with
the conditions observed in CMV-positive transplanted patients,
who are exposed to a viral-induced stimulation in an impaired
immunocompetence condition. Conversely, only a few and
contrasting studies have been published about GZMK expression
in viral infection (42). Of relevance, Verschoor and colleagues
showed that GZMK expression decreased in some specific subsets
of T cells in CMV-positive patients, and in older patients, who are
known to be characterized by a fragile and altered immune response
(43). Focusing on the connection between the pathways of GZMK
and IL7R and the miRNA dysregulated in our comparison, we
identified two key miRNAs that are up-regulated in the Rejection
group: miR-93-5p (5.98 Avg (log2) in Rejection vs 4.59 Avg (log2)
in Infection) and miR-345-5p (2.18 Avg (log2) in Rejection vs 1.6
Avg (log2) in Infection). These elements represent an important
starting point for investigating new CMV diagnosis biomarkers. We
could combine gene expression analysis (IL7R and GZMK) to assess
the inflammatory status of the graft, and on the other hand, the
assessment of miR-93-5p and miR-345-5p could be helpful to
discriminate infection, where their levels of expression are
decreased, from rejection. In clinical practice, the possible
application of this novel and promising approach could be
divided into two phases. First of all, thanks to IL7R and GZMK
testing, we could perform a screening process and discriminate
between stable and unstable patients, who show IL7R and GZMK
increased expression levels compared to non-rejecting patients.
Secondly, through mir-93-5p and mir-345-5p analysis, we could
improve our capacity to distinguish infection, where those miRNAs
show a lower level of expression, from rejection, where they are
overexpressed. In this ideal new workflow, combining different
biomarkers should be decisive in discriminating between infection
and rejection. Indeed, inflammatory response is a dynamic process,
and using a double level of investigation could improve our ability
to identify infection-associated inflammatory infiltrate on
tissue samples.

Over the past 30 years, multiple solid molecular and
epidemiological evidences have connected CMV infection and the
exacerbation of acute and chronic allograft rejection in solid organ
transplants, especially heart transplants (4, 7, 44-47). The association
between CMV and CAV, CAD, and vascular dysfunction has been
deeply investigated at the molecular level, demonstrating the primary
role of CMV in inducing focal inflammation, triggering atherosclerosis,
and microvascular damage. These results were also confirmed in
human hand transplantation and facial vascularized composite
allotransplantation (48-50).

Additionally, this novel paradigm could be effective in improving
CMV diagnosis and overcoming the limitations of molecular tests
currently in use. Indeed, tests based on the detection of the viral
genome are prone to false negative results, due to the focal reactivation
of CMV and to sampling error of EMB. The application of PCR or
immunohistochemistry analysis to detect the viral genomes or proteins
may yield false-negative results when the EMBs fail to sample regions
of focal CMV infection. Conversely, PCR may also produce false-
positive findings by detecting viral particles present on tissue samples as
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a result of blood contamination rather than true myocardial viral
localization. The analysis of genes that test the immune response to the
virus could overcome these limits. Finally, thanks to this proof-of-
concept study, we can optimistically foresee a wide clinical application
of our promising results with cost-effective and user-friendly
techniques, such as quantitative PCR (qQPCR). Indeed, we identified
four molecular candidate markers that could be easily analyzed on
EMB specimen extract in all clinical laboratories, with no need for new
platforms and minimal equipment costs.

Our study has some limitations. Unfortunately, our enrolled
population is quite small, and this is due to the strict inclusion
criteria applied in the selection phase. We aimed to evaluate the
transcriptomic profile of the EMB in a setting of CMV infection
without any other viral or bacterial coinfections, significantly
reducing the number of eligible patients. Despite the modest
population size, we obtained a huge amount of data thanks to the
high-throughput transcriptomic platform employed, without any
bias in transcript selection. Our cross-validation results
demonstrated good performance, supporting the robustness of
our findings despite the relatively low expected values. To address
the current limitations, further validation is warranted in an
independent cohort, ideally comprising a larger and more
heterogeneous patient population. This will enhance the
generalizability of our preliminary results to real-world clinical
practice and help mitigate the risk of false negatives.

In conclusion, we explored the possibility of identifying new
biomarker candidates in post-transplantation infection diagnosis.
Our study is a proof-of-concept that infection and rejection are
characterized by different transcriptomic profiles, both at mRNA
and miRNA levels, shedding new light on the understanding of the
pathophysiologic mechanisms that underlie these insidious
conditions. Combining CMV-related gene analysis with rejection-
related miRNA assessment could further improve our “resolution
power” in distinguishing CMV infection from ACR, which can
show an overlapping phenotype on histology. These novel and
interesting results open up new possible innovative, and promising
approaches for CMV infection diagnosis with the use of cost-
effective qPCR applications, reduced turnaround time, and large-
scale clinical applicability of our results.
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The analysis of explanted hearts offers clinicians a unique
opportunity to understand the underlying pathologies leading
to transplantation, confirm diagnoses, and contribute to the

This study evaluates global practices for managing explanted hearts, with a focus on tissue collection
and biobanking protocols. A survey conducted through the International Society for Heart and Lung
Transplantation (ISHLT) assessed responses from centers across Europe, North America, and Other
Countries. Results demonstrated significant variability in tissue sampling, grossing protocols, and
storage practices. While 78.8% of centers had grossing protocols, fewer (73.1%) adapted sampling
based on pathology. Fresh tissue collection was prevalent in 63.5% of centers, but volumes varied:
North America led with higher sampling rates (10-25 samples per heart), while Europe and Other
Countries collected fewer samples. Coronary artery sampling also showed regional differences. Fresh
tissues enable advanced molecular studies, while fixed tissues remain fundamental for histopathology.
Standardized global protocols for sampling, storage, and reporting could enhance the clinical and
research value of explanted hearts, optimizing post-transplant care and driving innovation in cardiac
medicine.
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Transplantation. This is an open access article under the CC BY-NC-ND license (http://creative-
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advancement of cardiac research." '’ Histopathological
evaluation of formalin-fixed tissues remains indispensable
for clinical diagnosis,” '’ while fresh tissue enables cutting-
edge molecular analyses such as transcriptomics, proteomics,
and genetic studies.'

Despite its importance, significant variability persists in

! We report relevant insights from an ISHLT Pathology survey on
explanted hearts at transplantation. We highlighted the role of pathologists
in biobanking heart tissue and the need of systematic study of the heart
removed at transplantation or at autopsy.
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how centers collect, store, and analyze explanted hearts.
These differences impact both clinical decision-making and
the comparability of research data across institutions. In
preparation for an International Society for Heart and Lung
Transplantation-supported development of protocols for
standardized explanted heart evaluation and reporting, a

2950-1334/© 2025 The Authors. Published by Elsevier Inc. on behalf of International Society for Heart and Lung Transplantation. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Table 1  Heart Storage Practices and Duration by Region

(A) Protocols and practices report

Answer Grossing X-ray Photographic Standard form for Blood Different sample
protocol performed  documentation macroscopy collection  according to
reporting pathology
Yes (%) 78.85 15.38 78.85 69.23 23.08 73.08
No (%) 21.15 84.62 5.77 30.77 73.08 26.92
Seldom (%) 0.0 0.0 15.38 0.0 3.85 0.0
Europe Yes (%) 75.0 12.5 79.17 66.67 25.0 62.5
Europe No (%) 25.0 87.5 8.33 33.33 70.83 37.5
Europe Seldom (%) 0.0 0.0 12.5 0.0 4.17 0.0
US/Canada Yes (%) 95.24 23.81 76.19 76.19 19.05 80.95
US/Canada No (%) 4.76 76.19 4.76 23.81 76.19 19.05
US/Canada Seldom (%) 0.0 0.0 19.05 0.0 4.76 0.0
Other Countries Yes (%) 42.86 0.0 85.71 57.14 28.57 85.71
Other Countries No (%) 57.14 100.0 0.0 42.86 71.43 14.29
(B) Percentage Number of samples collected from the fresh tissue
0 (%) 1 (%) 2 (%) 3 (%) 4 (%) 5 (%)
Number of samples of 36.54 15.38 23.08 11.54 9.62 3.85
fresh tissue per heart
(C) Percentage Number of samples collected from fixed tissue
1-10 (o/o) 10-25 (°/o) >25 (°/o)
How many fixed 55.32 38.3 6.38
samples do you take
for each heart?
(D) Percentage Number of samples collected from the coronary arteries
0 (%) 1 (%) 2 (%) 3 (%) 4 (%) >4 (%)
How many samples do  4.35 8.7 21.74 36.96 15.22 13.04

you take for the
coronary arteries?

Panel A: The table highlights differences across regions in the adoption of multiple practices showing areas where certain protocols are more commonly
implemented. Panel B: This section shows that most centers collect one or no samples of fresh tissue per heart, with fewer centers collecting larger numbers,
indicating varied tissue collection practices. Panel C: The data indicates that the majority of centers collect between 1 and 10 fixed tissue samples per heart.
Multiple centers collect a number between 10 and 25, while only few of them collect a number of samples higher than 25. Panel D: This section demonstrates
that centers typically collect 1 to 3 coronary artery samples, with fewer centers collecting larger numbers. Only few of the centers collected 0 samples.

survey was organized to characterize current transplant
center practices in tissue collection, storage, and examina-
tion of explanted hearts.

This study highlights key findings, including grossing
protocols, sampling practices for fresh and fixed tissues,
and storage durations. By promoting standardized proto-
cols, clinicians and researchers can maximize the diagnostic
and research value of these precious specimens.

Methods

A structured survey was distributed to International Society
for Heart and Lung Transplantation-affiliated heart trans-
plant centers across three global regions: Europe, North
America (United States/Canada), and Other Countries. The
survey explored the following areas:

1. Grossing and Tissue Sampling Protocols:
o Presence of grossing protocols.

o Collection of fresh and formalin-fixed tissue.
o Number of samples collected per heart (fresh and fixed).

o Coronary artery sampling practices.

2. Storage Practices:

o Conditions for short- and long-term storage (e.g., frozen,
formalin-fixed).

0 Duration of heart specimen storage.

3. Reporting and Blood Collection:

o Use of standardized reporting forms.
o Frequency of blood collection at transplantation.

Quantitative responses were analyzed and expressed as

percentages. Descriptive statistics highlighted regional
trends, with results summarized in Table 1 and Figures 1, 2.

Results

Grossing Protocols and Reporting Standards: A majority of
centers (78.8%) reported having a formal grossing protocol
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Figure 1 Distribution of Cardiac Transplant Centers by Region which have answered to the survey. The figure illustrates the geographic
distribution of cardiac transplant centers that responded to the survey, emphasizing regional variations in participation and practices.

(Table 1A), though adoption was highest in North America method, although some centers reported using freezing
(95.2%) compared to Europe (75%) and Other Countries methods, particularly when prioritizing molecular re-
(42.9%). The use of standardized reporting forms was si- search. Storage duration was relatively consistent across
milarly prevalent in North America (76.2%) but less so in Europe, North America, and other regions, with ap-
Other Countries (57.1%). proximately half of the centers storing hearts indefinitely.

Fresh and Fixed Tissue Sampling Practices: Fresh Notably, only 3 out of 52 centers collected fresh materials
tissue sampling was reported by 63.5% of centers globally outside the pathology department. In all other cases, pa-
(Table 1B). North American centers collected the highest thologists were responsible for storing both fresh and
number of fresh tissue samples per heart, with 38.3% fixed materials for biobanking purposes.

reporting 10-25 samples, while Europe predominantly
collected 1-10 samples (55.3%). In Other Countries, fresh

tissue sampling was inconsistent, with most centers col- Discussion

lecting fewer than five samples per heart. For fixed tis-

sues, 55.3% of centers reported collecting 1-10 samples, The findings highlight substantial global variability in the
while 38.3% collected 10-25 samples (Table 1C). Cor- management of explanted hearts, particularly in grossing
onary artery sampling practices also varied: 36.9% of protocols, tissue sampling, and storage practices. For clin-
centers sampled three arteries, and 15.2% sampled four icians, these results underscore the complementary value of
(Table 1D). Storage Practices: Heart storage methods and fresh and fixed tissue samples. Fresh tissues facilitate mo-
duration exhibited regional differences (Figure 2A, B). In lecular and genetic studies that can uncover novel bio-
Europe, the prevailing trend is to store hearts removed markers and therapeutic targets, * while formalin-fixed
during transplantation in nearly two-thirds of cases. In tissues remain the cornerstone for histopathology, con-
North America, there was a slight decline, with the trend firming diagnoses such as myocarditis, cardiomyopathy, or
decreasing to approximately to two-fifty of cases. Glob- transplant rejection.” '’ However, the survey revealed dis-

ally, formalin fixation was the most commonly used parities in sample volumes and coronary artery sampling.
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Figure 2 (A) Heart storage practice by region. This figure shows regional variation in heart storage methods, with some regions
favoring specific practices more consistently than others. (B) Heart storage duration distribution across the centers of the region. The
grouped bar plot in this picture illustrates heart storage durations across centers that reported performing storage practices in different

regions. It is evident that most centers store hearts for an indefinite period.

North American centers demonstrated higher tissue col-
lection rates, likely reflecting greater resource availability
and research integration. In contrast, centers in Other
Countries reported limitations due to infrastructure and
personnel shortages. Standardized protocols for tissue
sampling and storage are urgently needed. Uniform prac-
tices, including guidelines for sample volume, chamber
selection, and coronary artery sampling, would ensure more
consistent clinical evaluations and enhance the compar-
ability of research findings across regions. Additionally,
expanding access to freezing and cryopreservation tech-
nologies could improve fresh tissue collection in resource-
limited settings. The widespread adoption of grossing pro-
tocols (78.8%) and standardized reporting forms (69.2%) in
North America and Europe highlights their value in im-
proving diagnostic uniformity and accuracy. Training pro-
grams aimed at enhancing these practices globally could
further bridge the existing gaps.

Conclusion

The systematic collection of fresh and fixed tissues from ex-
planted hearts offers clinicians an invaluable resource for both
diagnostics and research. This survey identifies key areas of
variability in tissue sampling, grossing protocols, and storage
practices across global transplant centers. Promoting standar-
dized protocols will optimize the clinical and scientific value of
explanted hearts, supporting more precise post-transplant care
and driving innovations in cardiac medicine.
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