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ABSTRACT

Importance: Biomarkers are critical for precision medicine, supporting disease
diagnosis, prognosis, personalized treatments, and monitoring. Traditional
biomarker discovery methods, which often focus on single genes or proteins,
face several challenges, including limited reproducibility, a limited ability to
integrate multiple data streams, high false-positive rates, and inadequate
predictive accuracy. Machine learning and deep learning methods, and large
language models, paired with advancements in omics technologies, address
these limitations by analyzing large, complex multi-omics datasets to identify
more reliable and clinically useful biomarkers.

Observations: Machine learning and deep learning have proven effective in
biomarker discovery by integrating diverse and high-volume data types, such as
genomics, transcriptomics, proteomics, metabolomics, imaging, and clinical
records. These approaches successfully identify diagnostic, prognostic, and
predictive biomarkers across fields, such as oncology, infectious diseases,
neurological disorders, and autoimmune diseases. Newer methodological
developments include approaches to identify functional biomarkers, notably
biosynthetic gene clusters, crucial for discovering antibiotics and anticancer
drugs. Key artificial intelligence (Al) techniques include neural networks,
transformers, large language models, and feature selection methods, which are
finding more and more application to omics data and in clinical settings.
However, challenges remain regarding data quality, biological complexity,
model interpretability, validation, and generalization. Regulatory and ethical
considerations also impact clinical adoption, emphasizing the importance of
validated, trustworthy, and explainable Al methods.

Conclusions and Relevance: Machine learning, deep learning, and Al agent-
based approaches significantly enhance biomarker discovery, providing
valuable biological insights and advancing precision medicine. Future research
should focus on directly linking genomic data to functional outcomes,
particularly with biosynthetic gene clusters and non-coding RNAs. Rigorous
validation, model interpretability, and regulatory compliance are essential for
clinical implementation. These advancements promise to improve personalized
treatment strategies and patient outcomes.

Keywords: Biomarker Discovery, Machine Learning, Deep Learning, Al-based,
Multi-Omics Integration, Precision Medicine, Functional Biomarkers,
Biosynthetic Gene Clusters, Explainable Al, Trustworthy Al
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Biomarkers are measurable indicators of biological
processes, pathological states, and/or responses to
therapeutic interventions®. In precision medicine,
biomarkers are critically important as they facilitate
accurate diagnosis, effective risk stratification,
continuous disease monitoring, and personalized
treatment decisions, particularly for complex diseases
such as cancer®. Precision medicine aims to deliver
targeted therapies tailored to individual genetic,
environmental, and lifestyle factors, thus maximizing
treatment efficacy while minimizing potential adverse
effects3. The traditional approach to biomarker
discovery has predominantly focused on single
molecular features, such as individual genes or
proteins, quantitative trait loci, and/or single
nucleotide polymorphisms associated with disease as
identified by genome wide association studies*®.
However, this conventional methodology faces
significant challenges, including limited reproducibility®,
high false-positive rates’, inadequate predictive
accuracy, and increased costs due to the inherent
complexity and biological heterogeneity of diseases®.
Such single-feature approaches are frequently
inadequate in capturing the multifaceted biological
networks that underpin disease mechanisms,

Biomarker Machine Learning

particularly in complex and heterogeneous conditions
like cancer®.

The limitations of traditional biomarker discovery
approaches have prompted the exploration and
integration of advanced computational techniques,
notably machine learning (ML) and deep learning (DL).
These methods represent a substantial shift from
traditional analytical techniques by their capacity to
handle and interpret vast and complex biological
datasets, known collectively as multi-omics data™*.
Multi-omics approaches integrate data from diverse
biological layers, including genomics, transcriptomics,
proteomics, metabolomics, imaging data, and clinical
records, thus providing comprehensive molecular
profiles and facilitating the identification of highly
predictive biomarkers**>. Machine learning based
methodologies have demonstrated remarkable
capabilities in analyzing such large-scale datasets,
enabling the identification of intricate patterns and
interactions among various molecular features that
were previously unrecognized or poorly understood®*.
Indeed, as a consequence, the adoption and expansion
of computational techniques, particularly machine
learning and omics-based strategies, reflect an
ongoing transition toward integrative and data-
intensive biomarker discovery approaches (Fig. 1).
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Figure 1. PubMed trends from 2014 to 2024 show rapid expansion in biomarker research?. The increasing focus on supervised
machine learning, alongside emerging interests in unsupervised and reinforcement learning, indicates broader computational

adoption for predictive modeling and data exploration.

Furthermore, ML and DL based biomarker discovery is
not confined solely to conventional diagnostic and
prognostic biomarkers*®. Recent developments have
expanded the scope of ML and DL applications to
include functional biomarkers, such as biosynthetic
gene clusters (BGCs)*. BGCs are groups of genes that
encode the enzymatic machinery necessary to produce
specialized metabolites®, many of which have
significant therapeutic potential, such as antibiotics
and anticancer agents*#*°. Thus, the computational
prediction of BGCs using advanced deep learning
models presents a novel dimension in biomarker
discovery, directly linking microbial genomic
capabilities to functional outcomes?*.

Despite these advancements, the integration of ML
and DL techniques in biomarker discovery is not

without controversy or challenges. Key concerns
revolve around data quality issues, including limited
sample sizes, noise®?, batch effects, and biological
heterogeneity®3. These data-related limitations can
severely impact model performance, leading to issues
such as overfitting and reduced generalizability*-.
Additionally, the interpretability of ML models remains
a significant hurdle, as many advanced algorithms
function as "black boxes," making it difficult to
elucidate how specific predictions are derived?s. This
lack of interpretability poses practical barriers to
clinical adoption, where transparency and trust in
predictive models are essential?®. Another critical issue
is the insufficient use of rigorous external validation
strategies®. Biomarkers identified  through
computational methods must undergo stringent
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validation using independent cohorts and experimental
(wet-lab) methods to ensure reproducibility and clinical
reliability®®. Indeed, both the algorithmic pipeline, but
especially the data used in training Al approaches, as
well as validation approaches, can all impact the
trustworthiness of the Al output®.

Ethical and regulatory considerations also significantly
influence the deployment of ML-derived biomarkers
into clinical practice®. Biomarkers used for patient
stratification, therapeutic decision making, or disease
prognosis must comply with rigorous standards set by
regulatory bodies such as the US Food and Drug
Administration (FDA)3*. The dynamic nature of ML-
driven  biomarker  discovery, where models
continuously evolve with new data, presents particular
challenges for regulatory oversight and demands
adaptive yet strict validation and approval
frameworks32.

This review assesses how ML and DL technologies
enhance biomarker discovery, particularly through

poor pregnosis
overallgurvival

immunotherapy

cancer gegome atlas

tega
X gene expression

t cell
therapeutic target

key gene immune cell

nomogram  gag deg
hub gene Z &
potential biomarker

lasso

molecular mechanism diggnostic biomarker

roc receiver

absolute shrinkage

charatregs
logistic regression

eceiver @perating ¢
diagnostic model

2022.0 2022.5 2023.0 2023.5

integrating multi-omics data and functional genomics
approaches. To ground this effort, we conducted a co-
occurrence network analysis of recent PubMed-
indexed literature, which revealed increasingly dense
linkages among keywords such as gene expression,
sensitivity, classification, therapeutic targets, and
immune  profiling,  highlighting the growing
interconnections between machine learning, omics
technologies, and clinical biomarker research (Fig. 2).
Motivated by  these interconnections, we
systematically review the current landscape of
biomarker discovery studies across data modalities,
modeling approaches, and application domains. This
review outlines methodological advances and future
opportunities in the field by addressing key challenges,
exploring functional biomarker developments such as
biosynthetic gene clusters, and emphasizing the
importance of interpretability and clinical validation.
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Figure 2. Term co-occurrence network of PubMed-indexed literature (2022 - 2025) related to machine learning and biomarker
discovery. This map33 displays clusters of key terms extracted from the literature, reflecting major themes. Nodes represent
keywords, colored by publication year. Node size indicates term frequency.

Biomarker types and application domains

Biomarkers can be categorized broadly into risk3,
diagnostic, prognostic, predictive, and
pharmacodynamic types®. Diagnostic biomarkers
identify disease presence, prognostic biomarkers
forecast disease progression, and predictive
biomarkers estimate treatment efficacy®®. Machine
learning applications span across various disease areas,

with significant advancements in oncology, particularly
in breast, lung, and colon cancers, among others?.

In addition to cancer, ML-based biomarker discovery is
expanding into infectious diseases, neurodegenerative
disorders, and chronic inflammatory diseases,
illustrating the versatility of these methodologies3®. Of
particular interest is the emergence of microbiome and
functional biomarkers, where ML methods are
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instrumental in predicting complex biological
phenomena such as BGCs, crucial for novel antibiotic
and anticancer compound discovery?. Biomarkers
serve as quantifiable indicators of biological states or
conditions, offering critical insights for disease
diagnosis, prognosis, and therapeutic response
prediction. In the era of precision medicine, machine
learning and deep learning have accelerated the
discovery and application of diverse biomarker types
across a wide range of clinical and research domains.

ML-based biomarker discovery spans a broad spectrum
of application domains, including but not limited to:

e Cancer - Biomarkers for early detection, stratification
of tumor subtypes, and response to immunotherapy
are being actively developed using ML models trained
on genomic, epigenomic, and histopathological
data“o4*,

eInfectious diseases - Machine learning has been
employed to identify host and microbial biomarkers
that distinguish between viral and bacterial infections*
or predict disease severity in infections such as COVID-
193 and tuberculosis#.

e Neurological and psychiatric disorders - Functional
and structural neuroimaging data*, combined with
ML, are being used to identify biomarkers for
conditions like depression“® and schizophrenia“’.

e Autoimmune and inflammatory diseases - Machine
learning models help identify immunological markers
that distinguish between overlapping clinical
syndromes, improving diagnostic precision“t.

Across these diverse application areas, ML-based
biomarker discovery is increasingly enabling disease
endotyping—the classification of subtypes based on
shared molecular mechanisms rather than solely
clinical symptoms*. This mechanistic approach
supports more precise patient stratification, therapy
selection, and understanding of disease heterogeneity.

Data Types Utilized

ML-driven biomarker discovery integrates diverse data
types, notably genomics, transcriptomics, proteomics,
metabolomics, imaging data, patient data (clinical,
electroic health record [EHR], demographic), and
metagenomics. Omics technologies, such as DNA
microarrays and RNA sequencing (RNA-seq), provide
rich gene expression datasets essential for identifying
differential gene expressions® and molecular signatures
associated with specific disease states or treatment
responses.

Imaging data, including radiology and histopathology,
offer high-density information amenable to ML,
particularly DL methods. DL models, for example, can
extract hidden prognostic and predictive information
directly from routine histological images, significantly
enhancing the traditional pathology workflows>*.

Metagenomic and microbial genomic data have also
become vital, especially for studying microbiome-
related biomarkers and their influence on human
health and diseases. ML techniques applied to
metagenomic and metabolomic data are increasingly
uncovering microbial signatures linked with disease
phenotypes, including  biomarkers  predicting
functional traits like biosynthetic gene clusters.

An emerging frontier in biomarker research is the study
of microbiome-derived and functional biomarkers. The
recognition of the microbiome's impact on health has
spurred the application of ML to identify microbial
pathways involved in metabolite production, revealing
potential therapeutic targets. These approaches
integrate taxonomic, functional, and
ecological/environmental  data, expanding the
biomarker landscape beyond the human genome to
include the broader holobiont.

Machine Learning Methodologies

Machine learning methodologies in biomarker
discovery  encompass both  supervised and
unsupervised approaches. Supervised learning trains
predictive models on labeled datasets, aiming to
accurately classify disease status or predict clinical
outcomes. Commonly used supervised techniques
include support vector machines, which identify
optimal hyperplanes for separating classes, making
them effective for small sample, high dimensional
omics data; random forests, ensemble models that
aggregate  multiple decision trees, providing
robustness against noise and overfitting; and gradient
boosting algorithms (e.g., XGBoost, LightGBM), which
iteratively correct previous prediction errors for
superior accuracy but require careful tuning to avoid
overfitting.

In contrast, unsupervised learning explores unlabeled
datasets to discover inherent structures or novel
subgroupings without predefined outcomes. These
methods are invaluable for endotyping, which classifies
diseases based on underlying biological mechanisms
rather than purely clinical symptoms and includes
clustering methods such as k-means and hierarchical
clustering, and dimensionality reduction approaches
like principal component analysis (PCA)32.

Deep learning architectures, particularly convolutional
neural networks (CNN) and recurrent neural networks
(RNN), are especially well suited for complex
biomedical data. CNNs utilize convolutional layers to
identify spatial patterns, making them highly effective
for imaging data (e.g., histopathology), whereas RNNs
utilize a recurrent architecture that could help maintain
an internal memory of previous inputs, allowing them
to understand context and dependencies within
sequential information. This is especially important in
biomedical data that changes over time®, as it enables

© 2025 European Society of Medicine 4


https://paperpile.com/c/4EKInL/oEE9
https://paperpile.com/c/4EKInL/nAdn+UpRF
https://paperpile.com/c/4EKInL/VtP0
https://paperpile.com/c/4EKInL/kAj7
https://paperpile.com/c/4EKInL/tpd8
https://paperpile.com/c/4EKInL/eL81
https://paperpile.com/c/4EKInL/qBQ4
https://paperpile.com/c/4EKInL/LgwD
https://paperpile.com/c/4EKInL/HAH2
https://paperpile.com/c/4EKInL/fnCv
https://paperpile.com/c/4EKInL/x7ud
https://paperpile.com/c/4EKInL/P1te
https://paperpile.com/c/4EKInL/fKMB
https://paperpile.com/c/4EKInL/fKMB

RNNs to capture temporal dynamics and patterns
crucial for predictive and diagnostic tasks in healthcare
settings, such as prognosis or treatment response
prediction. Machine learning approaches vary

significantly across different omics data types, with
specific methodologies being optimized for different
biological data structures and applications (Table 1).

Table 1. Machine learning and deep learning techniques and applications across different omics data types

Omics Data ML Techniques

Typical Applications

Transcriptomics
Random Forest; XGBoost

Feature selection (e.g., LASSO); SVM;|Gene expression biomarkerss, cancer subtype

classification>#

Network; KNN

Genomics Logistic Regression; Random Forest;[Mutation-based risk models>s, variant|
Gradient Boosting prioritization%®
Proteomics Support Vector Machine; Deep NeurallProtein signature for early cancer detection’

Metabolomics PCA + Clustering (e.qg.,
hierarchical); LDA; Decision Trees

k-means,[Treatment response prediction®®, disease risk

scoring>®

Multi-omics

Multi-view Learning; Deep Auto-encoders;fintegrative
Network-based ML; Bayesian Learning

biomarker  discovery®°,
stratification®, longitudinal modeling>?

patient

Feature selection methods are crucial in reducing high-
dimensional noise inherent in omics data®. Embedded
methods like LASSO (Least Absolute Shrinkage and
Selection Operator) integrate feature selection into the
training process by applying regularization penalties to
shrink the coefficients of irrelevant features toward
zero. Wrapper methods such as recursive feature
elimination (RFE) treat feature selection as a separate
step, iteratively evaluating subsets of features based on
model performance. While wrapper methods can yield
highly optimized feature sets, they typically require
more computational resources than embedded
methods.

Model training involves tuning parameters to minimize
predictive error on labeled training datasets. A major
challenge is avoiding bias, overfitting, and data
imbalance, problems arising when models learn
dataset-specific noise rather than generalizable
signals. Strategies to mitigate these issues include
regularization,  feature scaling, dimensionality
reduction, training-validation-testing splits, cross-
validation (e.qg., k-fold), early stopping techniques, and
external validation on independent patient cohorts.

Model performance is evaluated using metrics such as
the area under the receiver operating characteristic
curve (AUC-ROC), measuring the trade-off between
sensitivity (true positives) and specificity (true
negatives); accuracy, indicating the proportion of
correct predictions; precision, reflecting the proportion
of true positives among predicted positives; and recall,
quantifying the proportion of actual positives correctly
identified. Each metric provides complementary
insights, particularly when dealing with imbalanced
data.

Finally, implementing robust and reproducible
biomarker discovery pipelines is enhanced by utilizing
cloud computing platforms (e.g., AWS, Azure, Google
Cloud Platform) and reproducible pipeline frameworks
(e.g., Nextflow®3, Snakemake®, Terra®, Luigi®, AWS
HealthOmics®’, Workflow Description Language®,
Partek Flow®). These technologies support scalable
analysis, rigorous validation, transparent reporting,
and streamlined integration of ML-derived biomarkers
into clinical workflows. For example, the Terra
platform, developed by the Broad Institute in
collaboration with Google Cloud, has been widely
adopted in genomic studies to run portable workflows
such as GATK™7* and RNA-seq-based biomarker
analyses, enabling researchers to scale across cohorts
and share reproducible results with collaborators in real
time.

Together, careful attention to methodological clarity,
rigorous training and validation procedures, and
interpretability of ML models ensures the development
of clinically relevant, generalizable, and ethically sound
biomarkers, ultimately advancing precision medicine
and personalized healthcare solutions. To build a
robust ML pipeline for biomarker discovery, several key
steps are essential: clearly defining the clinical or
biological question, collecting and preprocessing data,
selecting informative features, training and validating
the model, and deploying it strategically. First, define a
specific research goal, then integrate and preprocess
multi-omics data by standardizing metadata,
correcting batch effects, and normalizing datasets.
Feature selection plays a critical role in reducing
dimensionality and improving model performance.
Common approaches include filter methods (e.g.,
mutual information, ANOVA), wrapper methods (e.g.,
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recursive feature elimination), embedded methods
(e.g., LASSO, tree-based importance from random
forests), and unsupervised methods (e.g.,, PCA,
autoencoders). Next, choose and train suitable models,
including Random Forest, SVM, XGBoost, or deep
learning methods (CNN, RNN), which are tailored to
the data type. Validate model performance using train-

test splits, cross-validation, or external datasets,
employing metrics like AUC-ROC, accuracy, precision,
and recall. Finally, deploy the model using scalable
cloud platforms, ensuring continuous monitoring,
retraining, and updates to maintain accuracy and

clinical relevance over time (Fig. 3).
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Figure 3. Overview of the ML-driven biomarker discovery and deployment workflow. This structured pipeline includes four major
steps. Continuous monitoring and updating ensure robust, reproducible, and clinically applicable biomarker solutions.

Functional Biomarker Discovery: Deep Learning
for Biosynthetic Gene Cluster Prediction
Biosynthetic gene clusters are groups of genes co-
localized in microbial genomes that collectively encode
pathways for synthesizing specialized metabolites.
These metabolites often possess  significant
therapeutic potential, making BGCs invaluable in drug
discovery and microbial functional characterization’.
BGCs also serve as functional biomarkers reflecting
microbial metabolic capacity, critical for understanding
host-microbe interactions and discovering novel
antimicrobial compounds.

Deep learning has revolutionized the prediction and
characterization of BGCs through several advanced
models. Approaches include DeepBGC?, which
leverages Bidirectional Long Short-Term Memory
(BILSTM) networks. These are recurrent neural
networks that process input sequences in both forward
and backward directions to identify and classify BGCs
based on sequence patterns and contextual
dependencies. Convolutional Neural Network (CNN)
based models such as e-DeepBGC offer superior
performance in capturing local sequence patterns’s.
Transformer-based architectures like BERT have
recently been adapted for BGC prediction’s, improving
prediction accuracy significantly by using attention
mechanisms to weigh relationships between all parts of

a sequence simultaneously. They improve accuracy in
identifying non-linear and long-range dependencies
within genomic data, capabilities that traditional RNNs
and CNNs may miss. Ensemble methods, which
combine predictions from multiple deep learning
models (e.g., BiLSTM, CNN, and transformer models),
have shown promise in boosting robustness and
generalization.

The application of DL-based BGC prediction has been
transformative in natural product and microbiome
research, leading to discoveries of novel antimicrobial
compounds (Table 2). Public datasets such as the
MiBIG database’® (Minimum Information about a
Biosynthetic Gene Cluster database) provide
standardized, experimentally validated biosynthetic
gene clusters, allowing researchers to train, test, and
compare models on a shared reference set. This
consistency enables objective benchmarking across
algorithms and facilitates reproducibility. Comparative
analyses across different datasets typically involve
metrics like precision, recall, F1-score, and ROC curves,
highlighting model strengths and identifying areas for
improvement. For example, a model with high
precision but low recall may accurately identify well-
characterized BGCs but miss rare or cryptic clusters,
indicating a need for better generalization to diverse
sequence types or underrepresented gene
architectures.

© 2025 European Society of Medicine 6
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Table 2. Overview of deep learning-based BGC prediction models (2019—2025)

Year Training Set Model-Name Level Pretrain | Algorithm
ed
2019 3376 reference genome [DeepBGC Pfam NO Bi-LSTM + RNN
2020.7 |6200 fullgenome + BiGCARP** Pfam YES ESM-1b: embedding
18576 draft genome Dilated 1D-CNN on ByteNet &
CARP
2022.8 1,974 validated BG(Je-DeepBGC Pfam NO CNN+Bi-LSTM
sequences + 8,108 non-
BGC sequences
2023 1,355 MIBIG v3.0 (+) +BGC-Prophet”” |Gene YES Transformer - ESM (use gene as
RefSeq bacterial token)
genomes(-)
2024 DeepBGC(-)+MiBIG(+) BGCCGB™ Pfam NO GCN (Graph Convolutional
Network) + BERT
2025.1 Metagenomics GenomeOcean”® YES Transformer, decoder only, Byte-
Pair Encoding tokenizer
2025.3 MiBIG(+) + Cryptic BGCs|DeepSeMS® Pfam NO Transformer-based Seq2Seq
dataset(unverified) Model, ESM

Despite these successes, significant validation
bottlenecks persist. Experimental verification of
predicted BGC functions remains labor-intensive and
costly. Generalization to novel or atypical BGC types,
such as cryptic gene clusters with non-canonical
domain architectures or those from rare microbial taxa,
is particularly difficult. For instance, models trained
predominantly on Streptomyces genomes may
underperform when applied to BGCs from marine
organisms, highlighting the need for continual
retraining on more taxonomically and functionally
diverse datasets® or better matching training datato a
specific application.

A critical need remains for enhanced biological
interpretability of DL models to improve their
integration with experimental workflows. The
development and application of explainable Al
methods (XAl) present regulatory necessities and
unique research opportunities. Emerging researchers
are encouraged to incorporate interpretability
techniques such as attention mechanisms or feature
attribution tools, notably SHAP (SHapley Additive
exPlanations)® and LIME (Local Interpretable Model-
agnostic Explanations)®. SHAP assigns importance
values to individual features based on their
contribution to predictions, drawing on principles from
cooperative game theory, while LIME provides local
approximations of complex models through simpler,
interpretable models around specific data points.
These techniques clarify which sequence regions or
domains drive model predictions, prioritize genes for
experimental validation, and aid the functional
annotation of unknown BGC components. This
emphasis on transparency and interpretability will not

only bridge computational predictions and
experimental validation but also facilitate clinical
adoption and foster trust in ML-driven biomarker
discovery.

Integrating DL-based BGC predictions with multi-
omics data, including host genomics, metabolomics,
and clinical phenotypes, offers considerable potential.
Such integration can lead to microbiome-informed
biomarkers that accurately predict disease progression
or therapeutic response, advancing personalized
medicine strategies. Future research should aim to
develop comprehensive platforms integrating
microbial genomic data with host clinical parameters to
yield actionable insights into patient stratification and
treatment optimization.

Complementing these deep learning techniques,
recent advancements leveraging Large Language
Model (LLM) and agent-based frameworks have
emerged as additional powerful tools in biomarker
discovery workflows. Al agents, exemplified by
Biomni®, autonomously execute complex research
tasks by integrating diverse data sources and
computational resources, significantly enhancing
biomedical workflows. These Al tools have
demonstrated robust capabilities in various biomedical
applications such as causal gene prioritization, drug
repurposing, rare disease diagnosis, microbiome
analysis, and molecular cloning. Platforms like
PandaOmics® utilize advanced LLMs (e.g., ChatGPT®
and Gemini®) to interpret multi-modal datasets,
construct biological networks and knowledge graphs,
and effectively identify novel therapeutic targets and
biomarkers.
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Conclusions

Critical opportunities and challenges emerge as
biomarker discovery advances through machine
learning. Traditionally, biomarker discovery has
concentrated on identifying correlations between
molecular markers and clinical outcomes. Datasets
typically have more variables or features than available
samples, leading to underpowered analyses and
increasing the risk of overfitting. Data noise, including
image artifacts, batch effects, and hybridization errors,
significantly impacts the reliability of biomarker
identification®.  Biological heterogeneity  within
datasets, such as continuous or categorical molecular
profiles and features spread across multiple modalities,
complicates integration and meaningful analysis,
requiring robust imputation methods for missing
data®. Incorporating causal inference frameworks,
such as potential outcomes or counterfactual
modeling,  can  significantly ~ enhance  our
comprehension of biomarkers' underlying biology and
disease relevance®. Potential outcomes modeling
involves explicitly defining hypothetical scenarios
(counterfactuals), such as the effect of a specific
genetic mutation or treatment on disease progression.
Counterfactual modeling compares  observed
outcomes with hypothetical alternatives, aiming to
uncover cause-and-effect relationships rather than
mere associations. By leveraging these causal inference
approaches, researchers can distinguish biomarkers
that truly influence disease progression or treatment
responses from those that are simply correlated due to
confounding factors, ultimately guiding more targeted
and biologically relevant interventions.

A promising research area involves predicting
biomarker functionality directly from raw sequence or
omics data. While many studies currently utilize protein
or protein-family levels (e.g., Biosynthetic Gene
Clusters) as an intermediate step (see Table 2),
predictive models could bridge existing gaps by
characterizing rare mutations, non-coding RNAs (such
as IncRNAs and circRNAs), and other poorly
understood molecular entities. Integrating multiple
omics layers, including genomic, proteomic, and
metabolomic data that could further uncover
interconnected biological pathways and functional
signatures, offering a richer context beyond isolated
molecular features. Furthermore, novel methodologies
should prioritize constructing functional biomarker
signatures through graph-based and network-oriented
machine learning approaches. Techniques such as
Graph Convolutional Network (GCN), Graph Attention

Network (GAT), and network embedding methods
(e.g., node2vec) explicitly model molecular interactions
and relationships, enhancing clinical interpretability
and biological relevance. For instance, GCNs
incorporate gene or protein interaction networks
directly into predictive models, enabling the
identification of biomarkers that are functionally
interconnected rather than isolated®. GATs further
improve interpretability by weighting the importance
of neighboring nodes through attention mechanisms.
Methods like node2vec capture complex network
relationships by transforming nodes into continuous
embeddings, preserving structural information critical
for pathway-level interpretation®.

Validation remains a critical challenge. Researchers
must rigorously address validation biases, ensuring
biomarker models are externally validated and perform
reliably  in  independent  clinical  contexts.
Misclassification of prognostic versus predictive
biomarkers carries significant clinical implications and
must be actively mitigated. Ensuring close alignment
between training populations and intended clinical
cohorts in terms of demographics, disease stage,
genetic background, and clinical settingsis essential for
predictive accuracy, health equity, and fairness.
Additionally, synthetic and simulation-based datasets,
especially through Digital Twin technology®, offer
powerful platforms to benchmark biomarker
methodologies, systematically test hypotheses, and
iteratively refine models based on real-world data.
Finally, longitudinal and real-time biomarker discovery,
leveraging survival analysis and dynamic Bayesian
networks, represents a largely untapped yet promising
direction, enabling early detection and personalized
therapeutic strategies. Collectively, these avenues
provide ample opportunities for new investigators to
advance biomarker research, laying the groundwork
for impactful contributions in precision medicine.
Taken together, these avenues provide ample
opportunities for new investigators to advance
biomarker research, laying the groundwork for
impactful contributions in precision medicine and
ultimately improving patient outcomes.
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Table of Abbreviations

BiLSTM Bidirectional Long Short-Term Memory

BPE Byte-Pair Encoding

RNN Recurrent Neural Network

CNN Convolutional Neural Network

GCN Graph Convolutional Networks

KNN K-Nearest Neighbors

PCA Principal Component Analysis

BCG Biosynthetic Gene Cluster

CARP Convolutional Auto-encoding Representations of Proteins
Pfam Protein Families database

- Negative Samples
+ Positive Samples
ESM Evolutionary Scale Modeling
MiBIG Minimum Information about a Biosynthetic Gene Cluster Database
BERT Bidirectional Encoder Representations from Transformers
Seq2Seq Sequence to Sequence

EHR Electronic Health Record

AUC Area Under the Curve

DL Deep Learning

ML Machine Learning

ROC Receiver Operating Characteristic

DT Digital Twin
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