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Early detection of multiple cancer types remains a significant challenge in precision

oncology because conventional diagnostic approaches frequently depend on isolated

P-1SSN: 3051-3618 molecular biomarkers, fixed classification thresholds, and limited representations of
E-ISSN: 3051-3626 tumour heterogeneity. Although circulating tumour DNA (ctDNA) methylation signatures,
Volume: 03 somatic mutations, and circulating protein biomarkers provide complementary diagnostic
: information, differences in molecular abundance, analytical sensitivity, assay reliability,

Issue: 02 and biological specificity complicate their effective integration. This study proposes
Received: 10-06-2022 OncoFusion, a novel reliability-aware, attention-guided multimodal learning algorithm
Accepted. 07-07-2022 designed to integrate ctDNA methylation profiles, somatic mutation features, and protein
. . biomarker concentrations for multi-cancer early detection and cancer signal-of-origin
Published: 05-08-2022 classification. The proposed architecture combines modality-specific feature encoders, a
Page No: 113-132 cross-modal attention transformer, uncertainty-weighted biomarker fusion, and a multitask

classification framework to distinguish cancer-positive from cancer-negative samples
while identifying probable cancer origins. A reliability-adaptive fusion mechanism
dynamically adjusts the contribution of each biomarker modality according to sequencing
depth, molecular coverage, missingness, assay quality, and predictive uncertainty. To
evaluate its effectiveness, OncoFusion is designed for comparison with conventional
single-biomarker threshold classifiers, logistic regression, random forest, support vector
machines, XGBoost, LightGBM, and conventional stacking ensemble models. The
experimental framework incorporates stratified nested cross-validation, independent
external validation, bootstrap confidence intervals, calibration analysis, and ablation
experiments to establish the contribution of individual biomarkers and architectural
components. Diagnostic performance will be assessed using the area under the receiver
operating characteristic curve (AUROC), area under the precision—recall curve (AUPRC),
sensitivity at 95% and 99% specificity, F1-score, balanced accuracy, calibration error, and
cancer signal-of-origin accuracy. Comparative results will be presented through receiver
operating characteristic curves, precision—recall curves, confusion matrices, calibration
plots, and biomarker contribution analyses, with particular emphasis on early-stage disease
and low-abundance ctDNA signals. The central hypothesis is that reliability-aware cross-
modal integration can improve diagnostic discrimination, maintain high specificity, and
enhance robustness under incomplete or noisy biomarker measurements compared with
single-modality and conventional ensemble approaches. The proposed OncoFusion
framework provides a technically testable approach to multi-cancer early detection, with
potential applications in precision oncology screening and laboratory-supported diagnostic
decision-making, subject to independent clinical validation.
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1. Introduction

1.1. Background of Multi-Cancer Early Detection and Precision Oncology Diagnostics

Multi-cancer early detection (MCED) represents an important development in precision oncology, seeking to identify molecular
evidence of malignancy across different anatomical sites before advanced clinical manifestations become apparent. Conventional
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cancer-screening programmes generally target individual
malignancies through organ-specific procedures, including
mammography, colonoscopy, cervical cytology, and low-
dose computed tomography. Although these approaches
provide established clinical benefits in appropriate
populations, several aggressive cancers lack effective
population-level screening strategies. Advances in liquid
biopsy have introduced opportunities to interrogate tumour-
derived molecular information using peripheral blood,
potentially expanding screening coverage beyond individual
organs. Aravanis et al. (2017) identified next-generation
sequencing of circulating tumour DNA as a promising
foundation for early cancer detection, particularly through
highly sensitive identification of tumour-associated genomic
abnormalities. Nevertheless, the extremely low abundance of
tumour-derived molecules during early disease requires
analytical systems capable of distinguishing biological
signals from sequencing errors, normal cellular variation, and
background molecular noise. Consequently, effective MCED
requires more than highly sensitive laboratory measurements;
it also requires computational methods that integrate
heterogeneous biomarkers while preserving diagnostic
specificity.

The emergence of precision oncology diagnostics has
strengthened interest in combining molecular features
representing different dimensions of cancer biology. DNA
methylation patterns provide information about epigenetic
dysregulation and tissue identity, somatic mutations
characterize tumour-associated genomic alterations, and
circulating proteins reflect downstream biological processes
involving tumour growth, inflammation, and host responses.
Lo and Lam (2020) discussed the potential of blood-based
multi-cancer screening using circulating DNA and protein
biomarkers, highlighting the clinical relevance of combining
molecular testing with confirmatory diagnostic procedures.
Building on this foundation, the proposed OncoFusion
algorithm establishes a unified computational architecture for
integrating ~ methylation,  mutation, and  protein
measurements. Its principal design objective is to identify
complementary molecular evidence through modality-
specific encoders, cross-modal attention, and reliability-
adaptive fusion. Unlike fixed biomarker combinations,
OncoFusion is designed to account for sequencing depth,
assay quality, biomarker missingness, and predictive
uncertainty when estimating cancer probability and probable
cancer origin. The intended result is a clinically interpretable
diagnostic framework whose effectiveness can be established
through comparative testing against conventional single-
biomarker classifiers and ensemble learning models.

1.2. Biological Significance of Circulating Tumor DNA in
Early Cancer Detection

Circulating tumour DNA constitutes a tumour-derived
fraction of circulating cell-free DNA released into biological
fluids through cellular apoptosis, necrosis, and other
mechanisms associated with tumour activity. Its molecular
composition can contain somatic substitutions, insertions,
deletions, copy-number alterations, and epigenetic
abnormalities originating from malignant cell populations.
Unlike tissue biopsy, which samples a restricted anatomical
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region, plasma-derived ctDNA may capture molecular
information released from spatially distinct tumour
subpopulations. However, its diagnostic accessibility
depends strongly on tumour volume, vascularization,
anatomical location, biological turnover, and the efficiency
of DNA release into circulation. Bettegowda et al. (2014)
demonstrated substantial variation in ctDNA detectability
across cancer types and clinical stages, establishing that
early-stage malignancies frequently generate considerably
weaker circulating signals than advanced cancers. This
finding has direct implications for OncoFusion because
mutation-negative plasma samples cannot automatically be
interpreted as cancer-free. Instead, the algorithm must
distinguish true biological absence from inadequate
molecular sampling, insufficient sequencing coverage, and
low variant allele fractions, particularly when tumour-
derived fragments approach the analytical detection limit.
Tumour evolution further complicates ctDNA-based
diagnosis because malignant populations accumulate
genetically heterogeneous alterations through clonal
expansion, selection, and treatment-independent
evolutionary processes. Abbosh et al. (2017) demonstrated
that phylogenetic analysis of circulating DNA could reveal
clonal and subclonal features of early-stage non-small-cell
lung cancer, establishing the importance of genomic
architecture in interpreting plasma-derived mutation signals.
For multi-cancer classification, this evidence suggests that
mutation features should include variant allele frequency,
mutation burden, clonal representation, and the biological
relevance of alterations rather than relying exclusively on
binary mutation detection. Accordingly, OncoFusion is
designed to encode mutation-derived features within a
dedicated genomic representation that preserves information
about variant abundance and reliability. The encoded
mutation representation is subsequently integrated with
methylation signatures and protein biomarkers through
attention-based fusion. This structure is intended to
compensate for incomplete mutation information by
exploiting complementary epigenetic and proteomic
evidence without treating missing signals as definitive
negatives. Evaluation should therefore examine diagnostic
sensitivity across tumour stages, variant allele frequency
intervals, and sequencing coverage categories to establish
whether multimodal integration improves early-stage
discrimination under biologically realistic conditions.

1.3. DNA Methylation Signatures and Epigenetic
Alterations as Cancer-Specific Biomarkers

DNA methylation constitutes a fundamental epigenetic
mechanism regulating transcriptional activity, chromatin
organization, cellular differentiation, and genomic stability.
In cancer, abnormal methylation frequently involves
promoter-associated hypermethylation, widespread
hypomethylation, and disruption of tissue-specific regulatory
patterns. These alterations can emerge during malignant
transformation and may provide diagnostic information even
when individual somatic mutations occur infrequently.
Methylation signatures are particularly relevant to MCED
because their genomic distributions can reflect both
malignant transformation and the tissue from which
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circulating DNA originated. Shen et al. (2018) demonstrated
that plasma cell-free DNA methylome profiling could
support tumour detection and classification across several
malignancies, providing evidence that epigenetic information
offers discriminatory characteristics beyond conventional
mutation sequencing. From a computational perspective,
methylation measurements can be represented through
differentially methylated regions, CpG-level methylation
fractions, regional methylation densities, and tumour-
associated epigenetic patterns. Nevertheless, background
methylation from normal blood cells, variation in sequencing
coverage, and technical differences in methylation
enrichment or conversion procedures introduce uncertainty
that must be addressed before reliable classification.

The diagnostic potential of methylation profiling was further
established by Liu et al. (2020), who investigated targeted
methylation signatures for detecting and localizing more than
50 cancer types using circulating cell-free DNA. Their
findings support the feasibility of combining high-specificity
cancer detection with cancer signal-of-origin prediction
through appropriately selected epigenetic features. However,
diagnostic sensitivity remains influenced by cancer stage,
molecular abundance, and differences between tumour types.
OncoFusion therefore incorporates methylation as a primary
molecular modality within a broader multimodal learning
system rather than treating it as an independently sufficient
diagnostic indicator. Its methylation encoder is designed to
learn nonlinear relationships among cancer-associated
genomic regions while accounting for feature sparsity,
methylation measurement confidence, and sample-specific
coverage. The resulting latent representation will interact
with mutation and protein embeddings through cross-modal
attention, allowing the algorithm to learn whether epigenetic
abnormalities are reinforced by independent molecular
evidence. Comparative experiments should quantify the
incremental contribution of methylation using modality-
specific ablation, tissue-of-origin classification accuracy, and
sensitivity at predetermined specificity thresholds. Such
evaluation is necessary to determine whether reliability-
adaptive fusion offers measurable advantages over
methylation-only classifiers and conventional feature-
concatenation approaches.

1.4. Somatic Mutation Profiles and Genomic
Heterogeneity in Circulating Tumor DNA

Somatic mutations provide important molecular evidence of
malignant transformation because cancer development
involves the progressive accumulation of genomic alterations
affecting cellular proliferation, apoptosis, DNA repair, and
signalling pathways. Circulating tumour DNA can contain
substitutions, insertions, deletions, copy-number
abnormalities, and structural alterations originating from
genetically heterogeneous tumour populations. Frequently
investigated oncogenic alterations include mutations
affecting KRAS, TP53, EGFR, BRAF, and PIK3CA,
although their prevalence and diagnostic relevance differ
substantially across malignancies. The interpretation of these
alterations becomes particularly challenging during early-
stage disease because tumour-derived DNA may represent
only a small proportion of total circulating cell-free DNA.
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Furthermore, mutations detected in plasma do not necessarily
originate from malignant solid tumours. Razavi et al. (2019)
demonstrated that high-intensity sequencing can identify
plasma variants arising from different biological sources,
including clonal haematopoiesis, thereby emphasizing the
importance of distinguishing tumour-derived mutations from
background alterations. These findings establish a critical
requirement for the proposed OncoFusion algorithm:
mutation classification must incorporate variant-specific
biological context, molecular abundance, sequencing
confidence, and potential non-tumour origins rather than
assuming that every detected alteration represents
malignancy.

Genomic heterogeneity introduces additional difficulties
because different tumour subclones may possess distinct
mutational profiles, resulting in variable biomarker
detectability across patients with the same cancer type.
Chabon et al. (2020) demonstrated that integrating genomic
features could improve non-invasive early lung cancer
detection, illustrating the diagnostic importance of
combining mutation-related information with broader
molecular characteristics. Within OncoFusion, somatic
mutations are therefore represented through structured
features incorporating variant allele frequency, gene identity,
functional annotation, mutation burden, and sequencing
reliability. A modality-specific encoder is designed to
transform these features into a latent genomic representation
while reducing sensitivity to sparse mutation observations
and technical artifacts. The proposed cross-modal attention
mechanism subsequently evaluates whether mutation-
associated evidence is consistent with methylation-derived
tissue signatures and circulating protein patterns. For
example, a low-frequency KRAS alteration accompanied by
compatible epigenetic and proteomic features may receive
greater diagnostic consideration than an isolated mutation
lacking independent molecular support. However, such
integration must be trained and validated against appropriate
controls to prevent spurious associations. The resulting
comparative analysis will examine whether OncoFusion
improves mutation classification robustness, early-stage
sensitivity, and specificity relative to mutation-only
classifiers and conventional ensemble models.
1.5. Circulating Protein Biomarkers and Their
Complementary Diagnostic Contributions

Circulating protein biomarkers provide complementary
information about tumour biology because malignant
transformation alters protein expression, secretion, cellular
signalling, inflammatory activity, and interactions between
tumour cells and their surrounding microenvironment.
Unlike ctDNA mutations and methylation signatures, which
primarily represent genomic and epigenomic abnormalities,
circulating proteins reflect functional consequences of
biological processes occurring within malignant tissues and
host systems. Commonly investigated cancer-associated
proteins include carcinoembryonic antigen, cancer antigen
125, carbohydrate antigen 19-9, alpha-fetoprotein, and
prostate-specific antigen. Nevertheless, individual proteins
frequently demonstrate inadequate specificity because their
concentrations may increase during benign inflammatory,
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metabolic, or physiological conditions. Borrebaeck (2017)
emphasized the importance of progressing from isolated
protein measurements toward multiplex biomarker signatures
capable of improving diagnostic discrimination. This
perspective is particularly relevant to MCED, where
biomarker panels must identify diverse malignancies without
generating  excessive  false-positive  classifications.
Consequently, protein features should be evaluated through
normalized concentration measurements, analytical detection
limits, biological variability, inter-assay precision, and
associations  with  non-malignant  conditions.  These
requirements establish the foundation for incorporating
proteomic reliability indicators into the OncoFusion
architecture.

The diagnostic value of combining protein measurements
with genomic information was demonstrated by Cohen et al.
(2018), who developed CancerSEEK, a multi-analyte blood
test integrating circulating protein biomarkers with cell-free
DNA mutations. Their study evaluated 1,005 patients with
nonmetastatic cancers across eight tumour types and reported
a median detection sensitivity of approximately 70%, with
specificity exceeding 99% among the evaluated healthy
controls. Although these findings support multimodal
detection, the performance of fixed biomarker combinations
may vary across cancer types, clinical stages, and assay
conditions. OncoFusion extends the underlying integration
concept by incorporating DNA methylation as a third
molecular modality and introducing reliability-adaptive
weighting to regulate the influence of individual biomarker
groups. Its protein encoder will capture nonlinear
concentration relationships, while cross-modal attention will
evaluate interactions between proteomic patterns and
tumour-associated genomic abnormalities. The proposed
framework will also investigate whether protein
measurements improve detection when ctDNA mutation
abundance is insufficient for reliable classification. Ablation
experiments comparing methylation-only, mutation-only,
protein-only, pairwise fusion, and complete three-modality
models will establish the incremental diagnostic contribution
of circulating proteins under controlled validation conditions.

1.6. Limitations of Conventional Single-Biomarker
Detection and Ensemble Learning Models

Conventional single-biomarker cancer detection methods
commonly depend on predefined molecular thresholds,
individual mutation signatures, isolated methylation
measurements, or circulating protein concentrations.
Although these approaches can provide clinically useful
information, their performance is constrained by biological
heterogeneity, low biomarker abundance, and overlap
between malignant and non-malignant  molecular
distributions. Fixed thresholds are particularly problematic
when diagnostic signals vary with cancer stage, tumour
origin, specimen quality, and analytical platform. Cristiano et
al. (2019) demonstrated that genome-wide cell-free DNA
fragmentation patterns contain cancer-associated information
beyond individual genomic alterations, supporting the
broader principle that diagnostically relevant molecular
evidence is distributed across multiple biological
characteristics. Conventional machine learning classifiers,
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including logistic regression, support vector machines,
random forests, and gradient-boosted decision trees, can
model complex biomarker relationships, but their
effectiveness depends on feature representation, training
population characteristics, and validation design. Similarly,
conventional stacking and voting ensembles combine
classifier outputs without necessarily accounting explicitly
for assay reliability or sample-specific molecular uncertainty.
When modalities differ substantially in completeness or
measurement quality, indiscriminate feature concatenation or
fixed-weight prediction aggregation may produce unstable
classifications and poorly calibrated probabilities.

The limitations of single-modality approaches become
particularly apparent when diagnostic performance is
evaluated across clinical stages rather than through aggregate
discrimination alone. Klein et al. (2021) independently
validated a targeted methylation-based MCED test and
reported overall sensitivity of 51.5%, with stage | sensitivity
of 16.8% and substantially higher sensitivity in advanced
disease. These findings demonstrate that high-specificity
molecular classification does not necessarily translate into
adequate detection of early malignancies. OncoFusion
addresses this methodological challenge through a proposed
reliability-aware fusion mechanism that assigns sample-
dependent contributions to methylation, mutation, and
protein representations. Its cross-modal attention architecture
is designed to identify complementary evidence, while
uncertainty estimation will distinguish confident predictions
from classifications affected by insufficient molecular
information. Comparative evaluation against logistic
regression, random forest, support vector machines,
XGBoost, LightGBM, and stacking ensembles will assess
whether these mechanisms provide genuine improvements.
Performance will be examined using AUROC, AUPRC,
sensitivity at 95% and 99% specificity, calibration error, and
cancer signal-of-origin accuracy. Independent validation and
ablation analysis will be essential for determining whether
any observed advantage results from meaningful multimodal
integration rather than increased model complexity.

1.7. Research Gap and Motivation for Reliability-Aware
Multimodal Biomarker Fusion

Despite advances in liquid biopsy technologies and artificial
intelligence-based  cancer  classification,  important
methodological challenges remain in the integration of
heterogeneous molecular biomarkers for early-stage multi-
cancer detection. Existing approaches have demonstrated the
diagnostic value of mutation profiling, methylation analysis,
circulating proteins, and selected multimodal combinations;
however, analytical uncertainty and differences in biomarker
detectability remain major barriers to dependable clinical
application. Pantel and Alix-Panabiéres (2019) identified low
concentrations of circulating tumour-derived material as a
fundamental challenge for highly sensitive liquid biopsy
applications, particularly when residual or early malignant
disease produces limited molecular evidence. This problem
extends beyond laboratory sensitivity because computational
classifiers may interpret absent or unreliable measurements
as biologically meaningful negative observations.
Furthermore, different biomarker modalities exhibit distinct
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measurement distributions, technical error structures, and
relationships with cancer stage. A central research gap
therefore concerns the development and rigorous evaluation
of a unified model that can jointly learn methylation,
mutation, and protein representations while explicitly
adjusting their contributions according to sample-specific
analytical reliability. The proposed OncoFusion framework
is motivated by this requirement for biologically informed,
uncertainty-sensitive multimodal learning rather than
conventional fixed-weight biomarker aggregation.

Clinical implementation introduces additional challenges
involving assay standardization, population heterogeneity,
reproducibility, diagnostic calibration, and the interpretation
of molecular findings. Ignatiadis et al. (2021) emphasized
that the translation of liquid biopsy into clinical practice
requires careful consideration of analytical validity, clinical
validity, and implementation constraints. In response,
OncoFusion proposes a modality-specific encoding
architecture integrated through cross-modal attention,
reliability-dependent weighting, and multitask prediction of
cancer presence and probable cancer origin. The model is
designed to incorporate sequencing depth, methylation
coverage, protein assay precision, missingness indicators,
and predictive uncertainty as explicit computational inputs.
Its novelty will be evaluated against established single-
biomarker classifiers and conventional ensemble learning
approaches using identical datasets, consistent preprocessing,
and independent validation procedures. Particular attention
will be directed toward sensitivity in stage | and Il cancers,
false-positive control, calibration stability, and robustness
under incomplete biomarker availability. The study therefore
seeks to determine whether reliability-aware multimodal
integration provides a measurable diagnostic advantage while
maintaining clinically relevant specificity. Any superiority
claim will depend on reproducible experimental evidence,
statistically supported comparisons, and validation across
independent patient populations.

1.8. Research Objectives and Research Questions

The primary objective of this study is to develop and evaluate
OncoFusion, a reliability-aware multimodal artificial
intelligence algorithm that integrates ctDNA methylation
signatures, somatic mutation profiles, and circulating protein
biomarkers for multi-cancer early detection and cancer
signal-of-origin prediction. The investigation is structured
around five research objectives and five corresponding
research questions to establish the algorithm's diagnostic
effectiveness, computational reliability, and comparative
advantages over conventional single-biomarker and
ensemble learning models.

e Research Objectives
To develop a novel OncoFusion architecture integrating
ctDNA methylation, somatic mutation, and circulating
protein biomarker representations through modality-
specific ~ encoders and cross-modal  attention
mechanisms.

2. To formulate a reliability-adaptive biomarker fusion
mechanism incorporating sequencing depth, methylation
coverage, protein assay precision, missing biomarker
information, and predictive uncertainty.
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3. To evaluate OncoFusion's diagnostic performance using
AUROC, AUPRC, sensitivity, specificity, F1-score,
calibration error, and cancer signal-of-origin
classification accuracy.

4. To compare OncoFusion against conventional single-
biomarker classifiers, logistic regression, support vector
machines, random forests, XGBoost, LightGBM, and
stacking ensemble models under consistent experimental
conditions.

5. To investigate the contributions of individual biomarker
modalities and fusion components through ablation
analysis, early-stage cancer evaluation, robustness
testing, and independent external validation.

e Research Questions

1. How effectively can OncoFusion integrate ctDNA
methylation, somatic mutation, and circulating protein
biomarkers to distinguish cancer-positive from cancer-
negative samples?

2. To what extent does reliability-adaptive weighting
improve diagnostic robustness when molecular
measurements exhibit low abundance, analytical noise,
or incomplete biomarker coverage?

3. How accurately can OncoFusion detect early-stage
malignancies and predict cancer signal-of-origin while
maintaining clinically appropriate specificity?

4. Does OncoFusion achieve statistically significant
improvements in diagnostic  discrimination and
calibration compared with conventional single-
biomarker classifiers and established ensemble learning
algorithms?

5. What are the relative contributions of methylation,
mutation, protein biomarkers, cross-modal attention, and
reliability weighting to overall diagnostic performance
and external generalizability?

1.9. Novel Contributions and Significance of the Study
This study proposes OncoFusion as a unified computational
framework for multi-cancer early detection through the
integration of complementary genomic, epigenomic, and
proteomic biomarkers. Its principal methodological
contribution is the development of a reliability-aware cross-
modal attention architecture that combines modality-specific
feature learning with sample-dependent biomarker
weighting, allowing molecular evidence to be evaluated
according to both biological relevance and analytical quality.
Unlike conventional feature-concatenation approaches and
fixed-weight ensemble classifiers, OncoFusion is designed to
incorporate sequencing coverage, variant allele frequency,
methylation measurement reliability, protein  assay
variability, missing biomarker information, and predictive
uncertainty into the fusion process. A further contribution is
the formulation of a multitask classification framework
capable of estimating cancer probability and predicting
cancer  signal-of-origin  through  shared  molecular
representations. The study also proposes a systematic
experimental strategy involving single-modality baselines,
conventional machine learning algorithms, ensemble
classifiers, ablation experiments, probability calibration, and
independent validation. Its scientific significance lies in
testing whether three-modality integration provides

117|Page


http://www.transdisciplinaryjournal.com/

International Journal of Multidisciplinary Futuristic Development

additional diagnostic information beyond existing single- and
dual-modality approaches, particularly for early-stage
malignancies characterized by limited ctDNA abundance. Its
potential clinical significance concerns improved diagnostic
confidence, reduced susceptibility to unreliable biomarker
measurements, and more informative  molecular
classification. These contributions remain proposed
innovations whose effectiveness and originality must be
established through implementation, comparison with the
existing literature, and reproducible validation.

1.10. Scope of the Review and Structure of the Paper

This study focuses on the computational development,
mathematical formulation, and comparative evaluation of the
proposed OncoFusion algorithm for multi-cancer early
detection using circulating tumour DNA methylation
profiles, somatic mutation features, and circulating protein
biomarkers. Its methodological scope includes biomarker
preprocessing, feature normalization, modality-specific
representation learning, reliability estimation, cross-modal
attention, uncertainty-aware fusion, multitask classification,
and comparative machine learning evaluation. The
experimental design will prioritize datasets containing
matched biomarker measurements and independently
established cancer diagnoses, with particular consideration
given to cancer stage, tissue of origin, assay quality, and non-
malignant control populations. Diagnostic performance will
be investigated through discrimination metrics, sensitivity at
fixed specificity, calibration assessment, ablation studies, and
external validation. The study does not include the
development of new wet-laboratory assays, prospective
patient recruitment, or claims of demonstrated clinical utility
without supporting evidence. The manuscript is organized
into five principal sections: Section 1 establishes the
background, biological foundations, research problem,
objectives, and proposed contributions; Section 2 critically
reviews existing liquid biopsy technologies, biomarker
integration  strategies, and conventional diagnostic
algorithms; Section 3 presents the mathematical formulation,
architecture, optimization procedures, and experimental
design of OncoFusion; Section 4 examines comparative
diagnostic performance, early-stage detection, cancer signal-
of-origin classification, biomarker contributions, and
robustness; and Section 5 presents the research findings,
methodological limitations, recommendations for clinical
validation, and directions for further algorithm development.

2. Literature Review

2.1. Circulating Tumor DNA Biology, Liquid Biopsy
Technologies, and Molecular Detection Challenges
Circulating tumour DNA (ctDNA) constitutes a biologically

www.transdisciplinaryjournal.com

informative fraction of circulating cell-free DNA originating
from malignant tissues through apoptosis, necrosis, and other
DNA-release mechanisms. Its molecular characteristics
include tumour-associated mutations, epigenetic alterations,
and fragment-length distributions that can support minimally
invasive cancer detection. Wan et al. (2017) established the
relevance of ctDNA analysis for molecular oncology while
identifying analytical sensitivity, limited tumour-derived
DNA abundance, and preanalytical variability as substantial
barriers to clinical implementation as represented in figure 1.
Similarly, Heitzer et al. (2019) examined the expanding role
of liquid biopsies in genomics-driven oncology, emphasizing
the importance of assay standardization and reliable
interpretation of low-frequency molecular signals. Early-
stage tumours present particularly demanding detection
conditions because ctDNA concentrations may approach the
limits of molecular  measurement  technologies.
Consequently, sequencing depth, molecular barcoding, error
suppression, sample processing, and variant-calling
thresholds influence diagnostic reliability. These challenges
motivate the proposed OncoFusion framework, which
integrates mutation, methylation, and protein information
rather than interpreting individual molecular observations
independently.

The computational management of multimodal liquid-biopsy
information introduces additional challenges involving
secure data exchange, institutional heterogeneity, and
reproducible processing. Atalor (2019), in the supplied
citation, addresses privacy-preserving federated learning for
oncology-related adverse drug event prediction; the concept
is potentially transferable to distributed OncoFusion training,
although its reported application is not ctDNA detection.
Likewise, the supplied work of Nwokocha et al. (2021a)
concerns  FHIR-based interoperability, a relevant
consideration for integrating laboratory results and clinical
metadata across healthcare systems. Their separate study on
ECMS integration and Smile CDR adoption (Nwokocha et
al., 2021b) provides a related systems-integration context
rather than molecular diagnostic evidence. Together, these
methodological considerations support an OncoFusion
implementation in  which molecular data undergo
standardized preprocessing, quality assessment, and secure
integration before classification. The proposed model should
distinguish biological uncertainty from technical missingness
and incorporate assay-specific reliability indicators into its
multimodal representation. This design is particularly
important when mutation detection is weak but methylation
or protein measurements provide complementary evidence of
malignancy.
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Fig 1: Biological origins, molecular signatures, liquid biopsy technologies, and analytical challenges of circulating tumour DNA detection.

Figure 1 illustrates the biological origins, molecular
characteristics, liquid biopsy technologies, and analytical
challenges associated with circulating tumour DNA (ctDNA)
detection, establishing the molecular and computational
foundation of the proposed OncoFusion algorithm for multi-
cancer early detection. The diagram is organized into two
interconnected branches. The first branch describes ctDNA
biology and molecular characteristics, demonstrating how
malignant cells release tumour-derived DNA fragments into
peripheral circulation through apoptosis, necrosis, and other
DNA-shedding mechanisms. These fragments contain
diagnostically relevant molecular signatures, including
aberrant CpG methylation patterns, tumour-associated
somatic mutations, and fragmentomic characteristics such as
fragment length distributions and end motifs. DNA
methylation signatures provide information about epigenetic
dysregulation and tissue of origin, whereas somatic mutations
reveal oncogenic alterations, clonal diversity, and tumour-
associated genomic abnormalities. The second branch
illustrates the liquid biopsy workflow, beginning with
peripheral blood collection, plasma separation, and cell-free
DNA extraction, followed by molecular analysis using digital
polymerase chain reaction (dPCR), targeted next-generation
sequencing (NGS), and methylation profiling technologies.
These methods support the identification and quantification
of low-abundance tumour-derived molecular signals,
although their diagnostic effectiveness depends on
sequencing coverage, analytical sensitivity, sample integrity,
and molecular error suppression. The diagram further
identifies major detection challenges, including extremely
low ctDNA concentrations in early-stage malignancies,
sequencing and amplification errors, clonal haematopoiesis-
associated mutations, preanalytical variability, and
differences in tumour shedding across cancer types and
clinical stages. Within the OncoFusion framework, these
challenges motivate the incorporation of modality-specific
feature encoding, assay reliability —modelling, and
uncertainty-adaptive cross-modal attention to distinguish
biologically informative signals from technical noise.
Although the diagram concentrates on ctDNA-based
detection, the complete OncoFusion architecture additionally

integrates circulating protein biomarkers to provide
complementary diagnostic evidence, particularly when
mutation or methylation measurements are incomplete or
unreliable.

2.2. DNA Methylation, Somatic Mutation, and Protein
Biomarker Signatures for Multi-Cancer Classification
Multi-cancer classification requires integration of molecular
characteristics that capture complementary dimensions of
malignant transformation, tissue identity, and systemic
biological responses. DNA  methylation signatures
characterize epigenetic abnormalities through altered CpG
methylation patterns, whereas somatic mutations reveal
genomic changes associated with oncogenic transformation
and clonal evolution. Circulating protein biomarkers provide
additional information about tumour-associated secretion,
metabolic activity, inflammatory signalling, and host
responses. Sun et al. (2015) demonstrated that genome-wide
methylation analysis of plasma DNA could identify tissue
contributions to circulating DNA, establishing an important
biological ~ foundation  for  cancer  signal-of-origin
classification as presented in table 1. Best et al. (2015)
independently demonstrated the diagnostic potential of
tumour-educated platelet RNA profiles for pan-cancer and
multiclass prediction, reinforcing the broader value of
molecular information beyond DNA mutations. Although
platelet transcriptomics is distinct from circulating protein
quantification, these findings support the biological rationale
for integrating complementary blood-derived modalities.
Accordingly, OncoFusion proposes separate encoders for
methylation-region  measurements, somatic mutation
profiles, and normalized protein concentrations, enabling
each molecular domain to retain its distinctive statistical
characteristics before fusion.

The methodological challenge lies in integrating
heterogeneous features without allowing measurement scale,
missingness, or technical variability to distort diagnostic
inference. The supplied work of Onyekaonwu et al. (2019)
concerns predictive modelling in community pharmacy
applications and offers a general machine learning
perspective rather than direct evidence for molecular cancer
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classification. Similarly, Oladoye et al. (2021), as cited in the
supplied bibliography, address sensor fusion and degradation
modelling, providing a conceptual analogy for combining
measurements with differing reliability. Aluso (2021)
discusses cross-platform data integration in marketing
analytics, which is relevant only to the broader problem of
harmonizing heterogeneous information. OncoFusion
translates these general computational principles into a
biologically specific architecture using modality-wise
normalization, quality indicators, learned feature
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embeddings, and attention-based interactions. For example,
weak mutation evidence accompanied by highly informative
methylation patterns and consistent protein concentrations
may support classification more effectively than mutation
detection alone. The model will therefore be evaluated using
single-modality, pairwise-modality, and complete three-

modality  experiments to quantify complementary
information and determine whether reliability-aware
integration improves early-stage sensitivity without

compromising specificity.

Table 1. Comparative Characteristics of DNA Methylation, Somatic Mutation, and Protein Biomarker Signatures for Multi-Cancer
Classification

Molecular Characteristics and
Diagnostic Signatures

Biomarker
Modality

Contribution to Multi-Cancer
Classification

Integration Within the Proposed
OncoFusion Algorithm

Aberrant CpG methylation, promoter
DNA hypermethylation, genome-wide

Supports cancer detection, tissue-of-
origin identification, and

A methylation-specific encoder extracts
epigenetic representations, while cross-
modal attention incorporates sequencing

Methylation | hypomethylation, and tissue-specific  |discrimination between malignant and -
: T - - coverage and methylation measurement
epigenetic signatures. non-malignant molecular profiles. reliability
. L - . - A genomic encoder processes mutation
Tumour-associated alterations in genes Identifies oncogenic alterations, ] . .
Somatic  |such as TP53, KRAS, EGFR, BRAF, and| supports molecular characterization, features, sequencing confidence, and variant

abundance, enabling reliability-weighted

Biomarkers PSA, reflecting tumour-associated

secretion and host biological responses.

Mutations | PIK3CA, characterized by variant allele and provides complementary evidence intearation with methvlation and protein
frequency and mutation patterns. for distinguishing cancer types. g Y P
representations.
Circulating concentrations of proteins |Provides complementary biochemical coﬁcgg(z:gtlinc;?gglfe:rﬁ de:r::tOdaetrt:ﬁ]pstuvrveﬁ”e
Protein  |such as CEA, CA-125, CA19-9, AFP, and| evidence that may improve cancer P P :

discrimination when ctDNA signals
are weak or insufficient.

uncertainty-weighted fusion adjusts
contributions according to assay precision
and biomarker reliability.

2.3. Conventional Threshold-Based Methods, Logistic
Regression, and Single-Biomarker Diagnostic Algorithms
Conventional biomarker-based diagnostic  algorithms
typically classify samples through predetermined
concentration thresholds, mutation-presence indicators, or
statistical relationships between measured features and
disease status. Threshold-based methods are computationally
straightforward and clinically interpretable, but their
effectiveness depends on the separation between cancer-
positive and cancer-negative biomarker distributions.
Logistic regression extends this approach by estimating
cancer probability from weighted combinations of diagnostic
predictors, allowing continuous biomarker measurements
and selected clinical covariates to contribute to classification.
However, linear decision functions may inadequately
represent complex interactions among methylation, mutation,
and protein measurements as represented in figure 2. Pepe et
al. (2014) examined the limitations of risk reclassification
statistics, demonstrating the importance of rigorous
assessment when evaluating improvements in predictive
models. Diagnostic comparison should therefore extend
beyond apparent accuracy to include discrimination,
calibration, and clinically relevant operating thresholds.
Robin et al. (2011) developed the pROC framework for
receiver operating characteristic analysis and statistical
comparison, providing methodological support for evaluating
classifiers across sensitivity—specificity trade-offs. Although
that publication predates the requested period, it is retained
here as a foundational statistical reference rather than
misrepresented as a 2013-2021 publication.

Decision thresholds also have important conceptual parallels
with classification rules used outside biomedical diagnostics,
although such parallels do not establish clinical validity.
Ajayi et al. (2019) address legal prosecutability and

evidentiary standards rather than statistical cancer diagnosis;
consequently, their work cannot substantiate molecular
detection performance. Kwarteng et al. (2020) examine
cybersecurity risk reduction through access-control
mechanisms, offering only a general analogy for rule-based
decisions and false-alert management. Amebleh (2021)
discusses survival and hierarchical Bayesian forecasting in
financial liability modelling, illustrating a transferable
statistical modelling concept rather than an oncology
application. For OncoFusion, the relevant methodological
issue is whether a fixed diagnostic threshold or conventional
logistic regression can adequately classify samples when
molecular measurements differ in abundance, quality, and
biological specificity. The proposed comparison will
therefore include mutation-only, methylation-only, and
protein-only threshold models alongside regularized logistic
regression and other conventional classifiers. All models
should be assessed using identical training and testing
partitions, with operating thresholds selected exclusively
from training data. This strategy will determine whether
OncoFusion's nonlinear multimodal representations provide
improvements beyond simpler, interpretable diagnostic
baselines.

Figure 2. illustrates the computational principles, diagnostic
applications, and methodological limitations of conventional
threshold-based methods, logistic regression, and single-
biomarker machine learning algorithms used in multi-cancer
early detection. The diagram is organized into three
interconnected branches representing distinct approaches to
molecular cancer classification. The first branch describes
conventional threshold-based diagnostic methods, in which
cancer-positive  and  cancer-negative  samples  are
distinguished using predefined cutoffs for circulating tumour
DNA (ctDNA) variant allele frequency, CpG methylation
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levels, or circulating protein concentrations, including
carcinoembryonic antigen (CEA), cancer antigen 125 (CA-
125), and prostate-specific antigen (PSA). Although these
methods offer computational simplicity and straightforward
clinical interpretation, fixed thresholds may produce false-
negative results when tumour-derived molecular signals fall
below analytical detection limits, particularly in stage | and
Il malignancies, while benign conditions and clonal
haematopoiesis may  contribute to  false-positive
classifications. The second branch presents logistic
regression and statistical classification models, which
transform normalized biomarker measurements into
estimated cancer probabilities using a weighted linear
predictor and sigmoid activation function, expressed as
P(Y = 11X) = 1/[1 + exp(=(Bo + Tj=1” BiX;))], where o
represents the intercept, Bj denotes the regression coefficient
for biomarker j, and X; represents its measured value. Despite
their interpretability, conventional logistic regression models
may inadequately represent nonlinear molecular interactions
unless appropriate interaction terms or transformations are
explicitly incorporated. The third branch examines single-
biomarker machine learning algorithms, including support
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vector machines, random forests, and gradient-boosted
classifiers trained separately on methylation signatures,
somatic mutation characteristics, or protein biomarker
profiles. These algorithms can identify complex patterns
within individual molecular datasets but cannot exploit
complementary genomic, epigenomic, and proteomic
information when restricted to one modality. Furthermore,
inadequate treatment of sequencing errors, missing
biomarker measurements, assay variability, and predictive
uncertainty may reduce diagnostic reliability and external
generalizability. Collectively, the diagram establishes the
methodological motivation for the proposed OncoFusion
algorithm, which combines modality-specific feature
encoders, reliability-adaptive  cross-modal  attention,
uncertainty-weighted fusion, and multitask classification to
investigate whether integrated molecular evidence can
improve early-stage cancer detection, cancer signal-of-origin
prediction, probability calibration, and sensitivity at
clinically relevant specificity thresholds compared with
conventional single-biomarker and ensemble learning
approaches.

Conventional Threshold-Based Methods,
Logistic Regression, and Single-Biomarker
Diagnostic Algorithms for Multi-Cancer Detection

'

'

Fig 2: Conceptual classification of threshold-based, logistic regression, and single-biomarker machine learning approaches for multi-cancer

Conventional Threshold-Based Logistic Regression and Single-Biomarker Machine
Diagnostic Methods Statistical Classification Models Learning Algorithms
)
Fixed biomarker thresholds Biomarker feature representation Methylation-based classifiers
—> for cancer classification > (normalized molecular measurements > (using CpG methylation signatures
(mutation, methylation, protein) and selected predictors) and epigenetic features)
Variant allele frequency (VAF) Logistic probability estimation Mutation-based classifiers
™| thresholds for mutation detection > (weighted lincar predictor with > (using somatic mutation profiles,
sigmoid function) VAF, and mutation burden)
Methylation score and protein Decision bon.u.ldary and cl:msiﬁcalﬁon Protein-based classifiers
— concentration cutoffs > (cancgr-posmve V§. cancer-negative ! (using individual or multiplex
(e.g., CEA, CA-125, PSA) using probability threshold) protein biomarkers such as
CEA, CA-125,PSA)
Diagnostic limitations Statistical model limitations - - ;
(low sensitivity to early-stage (linear log-odds assumption, Diagnostic performance constraints
> signals, threshold variability, —> limited capture of nonlinear L (llm“C_d CFQSS'WOdﬂl mlerac;nons.
false positives and false negatives) relationships, sensitivity to assay variability, incomplete biomarker
feature selection) data, and reduced robustness)

detection.
2.4. Machine Learning, Ensemble Learning, Deep represent structured variation across heterogeneous omics
Learning, and Transformer-Based  Multi-Omics datasets. Although primarily an unsupervised framework,
Integration this approach establishes an important foundation for

Machine learning and deep learning have expanded the
computational capacity of molecular diagnostics by enabling
nonlinear representation learning, high-dimensional feature
selection, and integration of heterogeneous biological
measurements. Conventional algorithms such as support
vector machines, random forests, and gradient-boosted
decision trees provide useful diagnostic baselines, whereas
deep neural networks can learn hierarchical relationships
among complex molecular variables as shown in figure 3.
Argelaguet et al. (2018) introduced Multi-Omics Factor
Analysis, demonstrating how shared latent factors can

learning relationships between molecular modalities. Ching
et al. (2018) examined opportunities and limitations of deep
learning in  biomedical  applications, including
interpretability, limited sample sizes, data heterogeneity, and
overfitting. These challenges are especially relevant to multi-
cancer detection because methylation profiles may contain
thousands of genomic features, somatic mutations are
frequently sparse, and protein measurements exhibit distinct
distributions. OncoFusion addresses these differences
through modality-specific encoders followed by a cross-
modal attention mechanism designed to learn interactions
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between epigenetic, genomic, and proteomic representations
while incorporating assay reliability into the fusion process.

The supplied literature also contains computational studies
outside oncology whose relevance should be interpreted
carefully. Idika et al. (2021) describe deep learning for
malware classification, providing a domain-independent
example of automated feature learning but no direct evidence
of diagnostic performance in cancer populations. ljiga et al.
(2021a) investigate inclusive STEM education, while ljiga et
al. (2021b) examine multimedia approaches to scientific
communication; these publications may inform subsequent
communication of complex algorithmic findings but do not
establish the effectiveness of multimodal molecular learning.
OncoFusion's technical contribution instead concerns
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reliability-conditioned cross-modal attention, through which
biomarker embeddings are weighted according to
measurement quality and predictive uncertainty. The
proposed architecture combines methylation, mutation, and
protein encoders with a multitask prediction head for cancer
detection and signal-of-origin classification. Its comparative
evaluation will include random forest, XGBoost, LightGBM,
conventional stacking, and deep learning baselines, alongside
ablation experiments removing attention and reliability
weighting. Particular attention will be given to external
generalization, missing-modality robustness, calibration, and
early-stage sensitivity to determine whether the proposed
architectural complexity produces clinically meaningful
improvements.
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Fig 3. Comparative artificial intelligence architectures and reliability-adaptive multi-omics integration for multi-cancer detection and clinical
decision support.

Figure 3 illustrates the computational architecture and
clinical application of artificial intelligence-based multi-

omics integration for multi-cancer early detection,
emphasizing the relationship between conventional
diagnostic algorithms, ensemble learning, deep neural

networks, and the proposed OncoFusion framework.
Consistent with the comparative review in the study, the
workflow begins with the acquisition of three complementary
molecular datasets: circulating tumour DNA (ctDNA)
methylation signatures obtained through CpG methylation
profiling, somatic mutation features identified through
targeted next-generation sequencing and variant calling, and
circulating  protein  biomarkers  quantified  using
immunoassays or mass spectrometry. These measurements
undergo quality control, normalization, missing-value
assessment, feature selection, and dimensionality reduction
before entering the classification models. Conventional
algorithms, including logistic regression, support vector
machines, random forests, XGBoost, and LightGBM,
establish comparative baselines for cancer detection, while
stacking ensembles combine predictions from multiple
classifiers through a meta-learning mechanism. The image
further demonstrates deep learning architectures that extract
nonlinear molecular relationships and transformer-based

integration mechanisms that use attention operations to
identify interactions among genomic, epigenomic, and
proteomic representations. Within the proposed OncoFusion
architecture, modality-specific encoders generate latent
molecular embeddings, which are processed through
reliability-adaptive cross-modal attention and uncertainty-
weighted fusion to produce a shared patient-level
representation for binary cancer detection and cancer signal-
of-origin classification. This approach extends the multi-
analyte principle demonstrated by CancerSEEK, which
combines ctDNA mutations and protein biomarkers, and the
methylation-focused approach associated with Galleri, while
providing a framework for comparison with protein-based
methods such as OncoSeek and conventional ensemble
classifiers. The image also illustrates model evaluation
through receiver operating characteristic curves, precision—
recall analysis, sensitivity, specificity, F1-score, and
probability calibration, together with interpretability
techniques such as SHAP feature attribution and attention-
weight visualization. The displayed cancer probabilities,
model rankings, and diagnostic performance values are
conceptual examples rather than independently validated
OncoFusion results. The final stages depict clinical decision
support, where estimated cancer probability, probable
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anatomical origin, biomarker contributions, and prediction
uncertainty could assist clinicians in determining appropriate
confirmatory investigations. Overall, the image demonstrates
how reliability-aware multimodal learning may address
limitations of single-biomarker classification while
establishing a computational framework for comparative
diagnostic evaluation and future clinical validation.

2.5. Comparative Review of CancerSEEK, Galleri,
OncoSeek, XGBoost, and Existing Multimodal Detection
Frameworks

Existing multi-cancer early detection frameworks
demonstrate the diagnostic potential of combining molecular
biomarkers but differ substantially in biological coverage,
feature  integration, and classification  strategies.
CancerSEEK integrates circulating DNA mutations with
selected protein biomarkers to identify multiple malignancies
and estimate their anatomical origins. Cohen et al. (2018)
evaluated 1,005 patients with eight nonmetastatic cancer
types, reporting median sensitivity of approximately 70% and
specificity exceeding 99% among healthy controls. This
investigation established an important precedent for multi-
analyte detection, although its case-control design does not
independently establish population-screening effectiveness.
Galleri represents a different strategy, emphasizing targeted
cell-free DNA methylation profiling and machine learning-
based cancer signal-of-origin prediction. Klein et al. (2021)
reported overall sensitivity of 51.5% at 99.5% specificity in
an independent validation cohort, with sensitivity varying
considerably by clinical stage. These findings demonstrate
the importance of high-specificity classification while
identifying early-stage detection as a continuing limitation.
OncoSeek, which incorporates protein and clinical
information, is relevant to the broader comparison; however,
its principal published development falls outside the
requested 2013-2021 literature window and therefore
requires separate treatment in an updated review. The
proposed OncoFusion architecture seeks to investigate
whether integrating methylation, mutation, and protein
representations through reliability-adaptive attention can
improve diagnostic discrimination beyond these established
biomarker strategies.

Conventional machine learning algorithms provide important
comparative baselines for assessing whether OncoFusion's
proposed architecture offers measurable improvements.
XGBoost uses regularized gradient-boosted decision trees to
model nonlinear relationships and feature interactions,
making it suitable for structured molecular classification
when supported by appropriate preprocessing and validation.
However, its conventional application does not explicitly
require modality-specific representations or sample-
dependent assay reliability weighting. The supplied work of
Amebleh et al. (2021) addresses heterogeneous graph neural
networks for financial fraud detection, offering a potential
computational analogy for learning relationships among
heterogeneous features rather than evidence of cancer
detection performance. Kwarteng et al. (2021) examine data-
driven project management in distributed organizations,
providing organizational context for reproducible
computational workflows, while Onyekaonwu and Peter-
Anyebe (2019) address technology-enabled STEM education
and have no direct diagnostic application. Accordingly, the
proposed OncoFusion evaluation should focus primarily on
clinically relevant published algorithms and established
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statistical baselines. Comparative experiments will quantify
AUROC, AUPRC, sensitivity at 95% and 99% specificity,
cancer signal-of-origin  accuracy, calibration, and
computational efficiency. Single-modality, pairwise-fusion,
and complete multimodal ablation experiments will
determine whether improvements arise from complementary
molecular information, reliability weighting, or cross-modal
attention. Any claim of superiority must be supported by
independent validation, confidence intervals, and statistically
appropriate paired comparisons rather than differences
between separately published cohorts.

3. System Model Description and Proposed OncoFusion
Algorithm

This section presents the mathematical formulation of the
proposed OncoFusion algorithm, incorporating circulating
tumour DNA (ctDNA) methylation, somatic mutation
profiles, circulating protein biomarkers, assay reliability,
cross-modal attention, uncertainty-aware fusion, and
multitask  classification. The formulation  supports
reproducible comparisons with single-biomarker classifiers
and conventional ensemble learning models. All proposed
methods require implementation and empirical validation
before claims of diagnostic superiority can be made.

3.1. Multimodal Biomarker Dataset Representation,
Preprocessing, Feature Selection, and Assay Reliability
Modelling

The proposed dataset comprises N patient-level observations,
each containing three molecular modalities: CctDNA
methylation, somatic mutations, and circulating protein
concentrations. Each observation is associated with a binary
cancer-status label and, for cancer-positive cases, a cancer
signal-of-origin label. The multimodal dataset is defined as

N
D= {(X}M),Xfc),xi“’), Vi, ci)} . 1

i=1

Here, Xi(M) € R represents methylation features, Xi(G) €

R% denotes genomic mutation features, and X* € R
contains protein biomarker measurements. The variables
dy,dg, dp denote the respective feature dimensions; y; €
{0,1} indicates cancer status; and c; € {1, ..., C} identifies one
of C cancer origins when y; = 1.
Methylation features are represented as regional methylation
fractions or normalized methylation  enrichment
measurements. Mutation features include variant allele
frequencies, gene-level mutation indicators, and functional
annotations. Protein concentrations are log-transformed and
standardized using parameters estimated exclusively from
training data:

) _ toe(rex )il

Y O'}P)+€

Here, Xi(f) shows the nonnegative concentration of protein j
in patient i, expressed in a consistent reference unit; ,uﬁp) and

aj(P ) denote the training-set mean and standard deviation of

the log-transformed concentration; and &> 0 prevents
division by zero.

Feature selection combines training-fold variance filtering,
missingness assessment, and regularized supervised
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selection. Selection and imputation are performed within
cross-validation folds to prevent information leakage.
Assay reliability is quantified separately for each modality:

rm —cllp(q(m)exp[—/lmui(m)],0,1), me

L

{M, G, P}. 3

Here, ri(m) captures the reliability score; q(m)e[o,l]
represents a predefined assay-quality score derived from
sequencing coverage, molecular recovery, or protein assay

quality controls; ui(’") > 0 represents a normalized technical
uncertainty measure; A, =0 controls the penalty for
uncertainty; and clip restricts the result to the interval [0,1].
Missing modalities receive reliability zero. This formulation
allows OncoFusion to distinguish  low-confidence
measurements from reliable molecular evidence, consistent
with the analytical challenges identified by Heitzer et
al. (2019).

3.2. Mathematical Formulation of the OncoFusion
Algorithm and Modality-Specific Feature Encoding
OncoFusion employs three modality-specific neural encoders
to transform heterogeneous molecular measurements into a
shared latent representation. Each encoder processes its input
independently before multimodal interaction, preserving the
distinctive statistical characteristics of methylation, mutation,
and protein features.

The latent representation for modality m is defined as

h™ = £, (X™; 6,,) € R% 4

Here, f,, denotes a modality-specific encoder; )?i(m) shows
the preprocessed feature vector; 6,, represents trainable
parameters; hfm) determines the resulting embedding; and d
denotes the common latent dimension. The methylation
encoder learns regional epigenetic patterns, the mutation
encoder captures genomic alteration characteristics, and the
protein encoder model’s concentration-dependent biomarker
interactions.

For an implementable baseline, each encoder can use a two-
layer feedforward network:

hl(m) - Vllz(m)¢(VI/1(m)X~i(m) + bim)) + b;m). 5

Here, W,"™ and W,™ show trainable weight matrices; b™

and bém) represent bias vectors; and ¢ denotes a nonlinear
activation function such as GELU. Layer normalization and
dropout may be incorporated during training.

The embeddings are assembled into a multimodal
representation:

™

H; = |n{®| € R¥4. 6
h{"

The matrix H; contains one embedding per biomarker
modality and provides the input to the cross-modal attention
mechanism. Modality identity embeddings can be added to
distinguish the biological origins of the three tokens.

Unlike direct feature concatenation, this representation
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enables attention-based modelling of interactions between
different molecular domains. For example, a methylation
pattern associated with a particular cancer origin can be
evaluated jointly with a low-frequency oncogenic mutation
and a compatible protein biomarker profile.

This design draws on the general principles of attention-
based representation learning introduced by Vaswani et
al. (2017), while the reliability-aware molecular integration
and multitask prediction components constitute the proposed
OncoFusion architecture.

3.3.  Reliability-Adaptive  Cross-Modal  Attention,
Uncertainty-Weighted Fusion, and Multitask Cancer
Classification
The principal proposed innovation of OncoFusion is its
reliability-adaptive cross-modal attention mechanism, which
integrates methylation, mutation, and protein representations
according to molecular relevance and assay quality. Unlike
conventional attention models, the proposed architecture
incorporates explicit reliability information to reduce the
influence of uncertain biomarker measurements. For each
patient, query, key, and value matrices are computed as

Q; = H;Wy, K; = H;Wy, Vi=HW,. 7
Here, Q;, K;, V; € R3*% show query, key, and value matrices;
H; determines the multimodal embedding matrix;
Wy, Wy, Wy, € R¥% capture trainable projection matrices;
and d, represents the attention dimension.
The reliability-adaptive attention coefficients are defined by

o _ amr exp(leKln/\/_) 8
Lmn Z{’E{MGP}aL{’T eXP(QLsze/w/_)

Here, a; ., denotes attention from modality m to modality

n; a;, € {0,1} indicates modality availability; 7, () captures
the assay reliability score defined in Equatlon (3); and
QimK{, measures compatibility between molecular
representations. The denominator normalizes attention across
available modalities. Equation (8) requires at least one
modality with positive reliability; samples with no usable
modality must be rejected or assigned an indeterminate
prediction.

The attention-enhanced representation is

Zi(m) = Zne{M,G,P} A mn Vi,n- 9

Here, zi(m) denotes the contextualized representation of
modality m, incorporating complementary molecular
information from other modalities.

Predictive uncertainty is incorporated through a separate
learned uncertainty estimate, si(m) = 0, obtained from a
trained uncertainty-estimation component. Fusion weights
are then calculated as

(m)) 10

(m) almr p(
w
(D)
i

¢ ZnE{M G,P}QinT; eXp( (n))

where a)i(m) captures the normalized fusion weightandy = 0

controls sensitivity to predictive uncertainty. The uncertainty
estimator must be trained and assessed separately from the
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predefined assay-quality indicators to avoid treating technical
reliability and model confidence as equivalent quantities.
The final representation is

fi= Zme{M,G,P} (Ui(m) Zi(m)- 11

Here, f; € R% represents the integrated patient-level
biomarker embedding.

OncoFusion performs binary cancer detection and
conditional cancer signal-of-origin prediction through two
classification heads:

B = oWl fi + be), 12
7t; = softmax(W, f; + b,). 13

Here, p; represents the predicted probability of cancer; o
shows the sigmoid function; w,, b, represent binary-classifier
parameters; ft; € [0,1]¢ contains conditional cancer-origin
probabilities; and W,, b, capture the cancer-origin classifier
parameters. The softmax probabilities sum to one across the
C cancer origins.

The model is optimized using a multitask objective:
L= LBCE + loﬁorigin + Arﬁreg' 14

Here, Lgcg shows binary cross-entropy for cancer detection;
Lorigin denotes categorical cross-entropy calculated only for
cancer-positive samples; L., represents a regularization
term; and 4,1, =0 capture hyperparameters. This
formulation enables simultaneous optimization of detection
and cancer-origin prediction while preserving a clear
separation between diagnostic outputs.

The attention mechanism is informed by Vaswani et
al. (2017), but the proposed reliability and uncertainty
weighting requires independent experimental validation to
establish whether it improves clinical classification.

3.4. Algorithm Implementation, Model Training,
Comparative Baselines, and Experimental Validation
Framework

OncoFusion will be implemented using Python and a deep
learning framework such as PyTorch, with patient-level data
partitioning to prevent information leakage. Model
development will employ stratified nested cross-validation,
with inner folds used for hyperparameter optimization and
outer folds reserved for performance estimation. Where
multiple specimens originate from the same patient, all
corresponding records must remain within the same partition.
An independent external cohort, preferably collected from
different institutions or analytical platforms, will be reserved
for generalizability assessment.

Training will minimize the multitask loss using AdamwW
optimization, learning-rate scheduling, early stopping, and
regularization.  Candidate  hyperparameters  include
embedding dimension, attention-head count, dropout
probability, learning rate, weight decay, reliability penalty,
and uncertainty sensitivity. Hyperparameter selection will be
conducted exclusively within the training data.
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OncoFusion will be compared against methylation-only,
mutation-only, and protein-only classifiers, logistic
regression, support vector machines, random forest,
XGBoost, LightGBM, and conventional stacking ensembles.
Additional ablation models will remove cross-modal
attention, assay reliability weighting, uncertainty weighting,
and individual biomarker modalities.

Diagnostic sensitivity and specificity are defined as

Sensitivity = P 15
Specificity = TNTfFP. 16

Here, TP and TN denote true-positive and true-negative
classifications, while FP and FN represent false-positive and
false-negative classifications. Sensitivity will also be
evaluated at fixed specificity levels of 95% and 99%, with
classification thresholds determined from training or
validation data rather than the final test set.

Precision and F1-score are calculated as

TP

Precision = ——, 17
TP+FP

__ 2(Precision)(Sensitivity)

18

F,

Precision+Sensitivity

The area under the ROC curve and precision—recall curve will

quantify  threshold-independent discrimination, while
calibration will be assessed using the Brier score:
1 A
BS = XL (B — y)*. 19

Here, N represents the number of evaluated samples, p;
shows the predicted cancer probability, and y; denotes the
observed binary cancer label. Lower Brier scores indicate
better mean squared probabilistic prediction error.

Cancer signal-of-origin accuracy will be calculated among
cancer-positive patients:

CSO Accuracy = NiZi:yl:l I (argmaxﬁ,-c = c,-) ,20
+ c

where N, denotes the number of cancer-positive samples,
I(-) captures the indicator function, ;. represents the
predicted conditional probability of cancer origin c, and c;
shows the confirmed origin. A separate end-to-end analysis
should treat missed cancers as unsuccessful detection-and-
localization outcomes.

Statistical uncertainty will be quantified through patient-level
bootstrap confidence intervals. Paired model comparisons
will use appropriate procedures, including DeLong’s test for
correlated AUROCs where applicable. Precision—recall
curves, ROC curves, confusion matrices, calibration plots,
cancer-stage sensitivity charts, and biomarker ablation
graphs will form the principal graphical results. The resulting
analysis will determine whether OncoFusion provides
statistically supported improvements in early-stage detection,
calibration, and robustness rather than assuming superiority
in advance.
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The validation framework follows the broader principles of
rigorous clinical prediction modelling discussed by Collins et
al. (2015), particularly the need for transparent reporting,
appropriate validation, and reproducible performance
assessment.

4. Results and Discussion

4.1. Comparative Diagnostic  Performance  of
OncoFusion,  Single-Biomarker  Classifiers, and
Conventional Ensemble Learning Models

Research status: Illustrative numerical results for the
proposed experimental framework; not measured clinical or
computational outcomes.

The comparative evaluation examines the diagnostic
capability of the proposed OncoFusion algorithm against
conventional single-biomarker classifiers and established
machine learning approaches. Consistent with the
methodology in Section 3.4, performance is assessed using
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area under the receiver operating characteristic curve
(AUROC), area under the precision—recall curve (AUPRC),
and sensitivity at 99% specificity. Table 4.1 presents a
coherent illustrative performance scenario in which
reliability-adaptive fusion improves discrimination relative
to conventional classification approaches. The proposed
advantage is attributable to the combined representation of
methylation signatures, somatic mutations, and protein
biomarkers, supported by cross-modal attention and
uncertainty-sensitive weighting. Unlike single-biomarker
models, OncoFusion can incorporate complementary
molecular evidence when individual assays provide
incomplete information. However, the illustrated differences
require confirmation through patient-level evaluation,
bootstrap confidence intervals, and independent external
validation before conclusions regarding diagnostic
superiority can be established.

Table 2. Illustrative Comparative Diagnostic Performance of OncoFusion and Conventional Cancer Detection Algorithms

Algorithm AUROC | AUPRC Sensitivity at 99% specificity (%)
Methylation-only classifier 0.901 0.864 58.4
Mutation-only classifier 0.854 0.809 46.8
Protein-only classifier 0.832 0.781 435
Logistic regression 0.889 0.851 54.2
Random forest 0.918 0.887 62.1
SVM 0.907 0.873 59.6
XGBoost 0.941 0.916 68.7
LightGBM 0.936 0.908 66.9
Stacking ensemble 0.951 0.929 71.3
OncoFusion (proposed) 0.974 0.956 79.2
Comparative ROC performance
lllustrative modelled curves, not empirical patient-level ROC estimates. Legend identifies six algonthms.

OncoFusion (0.974) Stacking (0.951)

XGBoost (0.941)

Methylation only (0.901)

40 60 80

Random forest (0.918)

Mutation only (0.854)

Fig 4: lllustrative ROC profiles comparing OncoFusion with five established classifiers.

Figure 4.1 illustrates the proposed comparative
discrimination of OncoFusion against five alternative cancer
detection algorithms. At a false-positive rate of 1%,
corresponding to 99% specificity, OncoFusion achieves an
illustrative sensitivity of 79.2%, compared with 71.3% for
stacking, 68.7% for XGBoost, 62.1% for random forest,
58.4% for methylation-only classification, and 46.8% for
mutation-only classification. At a 5% false-positive rate,
OncoFusion reaches 92.5% sensitivity, exceeding stacking
(87.4%) and XGBoost (85.1%). The proposed model
maintains the highest illustrated sensitivity at a 10% false-
positive rate, reaching 96.2%, compared with 92.8% for
stacking and 91.1% for XGBoost. These patterns are

consistent with the hypothesized benefits of integrating
complementary molecular features through

adaptive attention. Nevertheless, the curves

hypothetical performance profiles rather than observed
diagnostic outcomes. Actual model superiority must be
demonstrated using independently evaluated patient samples
and statistically supported comparisons.

4.2. Receiver Operating Characteristic Analysis,
Precision—Recall  Evaluation,  Sensitivity—Specificity
Trade-offs, and Statistical Significance

Illustrative numerical analysis — not experimentally
measured results.
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The comparative evaluation examines diagnostic
discrimination  using  precision-recall  performance,
sensitivity at fixed specificity, and paired statistical testing.
Unlike the ROC curves presented in Section 4.1, this
subsection employs precision—recall curves to assess the
balance between correctly identified cancer cases and false-
positive classifications. Table 4.2 extends the illustrative
results reported previously, maintaining identical AUROC
and AUPRC values. OncoFusion achieves an assumed
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AUPRC of 0.956, compared with 0.929 for stacking and
0.916 for XGBoost. At 99% specificity, the corresponding
sensitivities are 79.2%, 71.3%, and 68.7%. These differences
motivate evaluation of reliability-adaptive multimodal
fusion, particularly when early-stage ctDNA signals are
sparse. Statistical significance cannot be established from
summary metrics alone; patient-level paired predictions and
bootstrap confidence intervals are required to determine
whether apparent performance differences are reproducible.

Table 3: Illlustrative Precision—Recall Performance and High-Specificity Sensitivity of Comparative Cancer Detection Algorithms

Algorithm AUPRC Sensitivity at 95% specificity (%) Sensitivity at 99% specificity (%)
Methylation-only 0.864 77.6 58.4
Mutation-only 0.809 69.8 46.8
Protein-only 0.781 65.1 435
Logistic regression 0.851 75.2 54.2
Random forest 0.887 80.7 62.1
SVM 0.873 78.4 59.6
XGBoost 0.916 85.1 68.7
LightGBM 0.908 83.7 66.9
Stacking ensemble 0.929 87.4 71.3
OncoFusion 0.956 92.5 79.2
Six illustrative precision—recall profiles. No title displayed within the graph. The legend identifies the
algorithms.
OncoFusion Stacking ensemble XGBoost Random forest Methylation only

Mutation only

Fig 5: Comparative Precision—Recall Curves of OncoFusion and Five Alternative Diagnostic Algorithms

Figure 4.2 illustrates the hypothesized precision advantage of
OncoFusion over five alternative diagnostic algorithms
across increasing recall thresholds. At 50% recall,
OncoFusion maintains 98.5% precision, compared with
96.8% for stacking, 95.8% for XGBoost, 92.4% for random
forest, 90.8% for methylation-only classification, and 86.2%
for mutation-only classification. At 70% recall, OncoFusion
achieves 96.7% precision, exceeding stacking by 3.6
percentage points and XGBoost by 5.4 percentage points. At
90% recall, its precision remains 92.5%, compared with
86.4% for stacking and 83.4% for XGBoost. These
differences illustrate how complementary biomarker
representations and reliability-aware weighting might reduce
false-positive predictions as sensitivity increases. However,
the graph is a hypothetical demonstration rather than an
empirical precision—recall analysis. Actual curves must be
generated from patient-level prediction scores, with cancer
prevalence reported and paired statistical comparisons

performed before concluding that OncoFusion offers superior
diagnostic performance.

4.3. Cancer-Type Classification, Early-Stage Detection,
Biomarker Contribution, and Ablation Analysis
Ilustrative numerical results — not measured experimental
or clinical findings.

The proposed OncoFusion framework is evaluated
conceptually through cancer signal-of-origin classification,
early-stage detection, and biomarker ablation analysis.
Consistent with the multitask architecture developed in
Section 3.3, the analysis examines whether combining
methylation, somatic mutation, and circulating protein
representations improves cancer-type identification while
preserving sensitivity in early disease. Table 4.3 presents
illustrative comparisons across individual and combined
biomarker configurations. The complete OncoFusion
architecture achieves an assumed cancer signal-of-origin
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accuracy of 91.6%, compared with 84.7% for methylation-
only classification and 87.9% for conventional three-
modality fusion. Its illustrative stage 1-1I sensitivity reaches
72.4%, exceeding the corresponding 61.8% for conventional
fusion. These patterns suggest a potential benefit from

Protein biomarkers

25%

(Complementary
contribution)

(Primary contribution)

Somatic mutations

31%

(Secondary contribution)

measured experimental values.

DNA methylation

44%

www.transdisciplinaryjournal.com

reliability-adaptive attention and uncertainty-weighted
integration. However, these values are hypothetical and
require validation using independent, stage-stratified patient-
level molecular datasets.

DNA methylation (44%)
Tissue-specific epigenetic signatures
and signal-of-origin information.

Somatic mutations (31%)
Genomic alterations and clonal
mutation patterns.

Protein biomarkers (25%)
Tumour-associated proteins, immune
responses, and systemic biological
activity.

Note. Percentages represent illustrative relative contributions of biomarker modalities within the OncoFusion architecture and do not constitute

Fig 6: Relative Contributions of Biomarker Modalities to OncoFusion Classification

Table 4: Illustrative Cancer Signal-of-Origin Classification, Early-Stage Detection, and Biomarker Ablation Performance

Biomarker configuration / algorithm Cancer-origin accuracy (%) Stage I-11 sensitivity (%) |AUROC
Methylation-only classifier 84.7 58.4 0.901
Mutation-only classifier 72.6 46.8 0.854
Protein-only classifier 69.8 435 0.832
Methylation + mutation 86.1 63.2 0.927
Methylation + protein 87.3 65.7 0.935
Mutation + protein 80.5 57.1 0.908
Conventional three-modality fusion 87.9 61.8 0.951
OncoFusion without reliability weighting 89.1 66.5 0.957
OncoFusion without cross-modal attention 88.4 64.9 0.949
Complete OncoFusion 91.6 724 0.974

Figure 4.3 illustrates the proposed distribution of biomarker
contributions  within  the  OncoFusion  multimodal
classification architecture. DNA methylation accounts for
44% of the illustrative contribution, followed by somatic
mutations at 31% and circulating protein biomarkers at 25%.
Methylation therefore exceeds mutation contribution by 13
percentage points and protein contribution by 19 percentage
points. The combined mutation and protein contribution
reaches 56%, suggesting that non-methylation biomarkers
could collectively provide substantial complementary
diagnostic information. This distribution is biologically
plausible because methylation patterns may capture tissue-
associated epigenetic signatures, while mutation profiles
reflect genomic alterations and proteins represent
downstream biological activity. Nevertheless, these
percentages are illustrative and cannot be inferred directly
from the diagnostic performance values in Table 4.3. Actual
contributions should be estimated using a clearly defined
attribution method, such as grouped Shapley values or
permutation importance, with uncertainty intervals and

appropriate handling of correlated biomarker features.

4.4. Model Robustness, Calibration, Computational
Efficiency, External Generalizability, and Clinical
Interpretation

Illustrative  numerical  results for  methodological

demonstration; not experimentally validated findings.

The robustness and clinical applicability of OncoFusion are
assessed through diagnostic calibration, computational
efficiency, and performance under incomplete biomarker
measurements and external dataset variation. Consistent with
the reliability-adaptive framework in Section 3, the analysis
considers whether uncertainty-weighted fusion can preserve
discrimination when individual molecular modalities become
unreliable or unavailable. Table 4.4 presents illustrative
comparisons showing that OncoFusion achieves an AUROC
of 0.974, a Brier score of 0.048, and an external-validation
AUROC of 0.951. Its proposed computational inference time
is 12.8 milliseconds per sample, compared with 8.4
milliseconds for XGBoost and 15.6 milliseconds for stacking.
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These values suggest a potential trade-off between diagnostic
performance and computational complexity. However,
clinical suitability requires prospective validation, reliable
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calibration, reproducibility across laboratories, and
assessment of false-positive consequences before clinical
implementation.

Table 5: Illustrative Comparative Evaluation of Calibration, Computational Efficiency, and External Generalizability

Algorithm Brier score | | Inference time (ms/sample) | | External-validation AUROC 1
Methylation-only 0.094 4.2 0.873
Mutation-only 0.118 3.8 0.821
Protein-only 0.127 3.1 0.802
Logistic regression 0.101 1.6 0.861
Random forest 0.086 6.3 0.889
SVM 0.091 7.1 0.876
XGBoost 0.071 8.4 0.912
LightGBM 0.075 6.9 0.907
Stacking ensemble 0.063 15.6 0.926
OncoFusion 0.048 12.8 0.951

ustrative grouped histogram-style comparison of AUROC under increasing missing biomarker fractions. No
title displayed within the graph.
CncoFusion Stacking ensemble X¥GBoost Random forest Methylation only

Mutation only

Fig 7: Comparative Distribution of Diagnostic Performance Under Increasing Biomarker Missingness

Figure 4.4 illustrates the potential robustness of OncoFusion
compared with five alternative algorithms under
progressively increasing biomarker missingness. With
complete molecular information, OncoFusion achieves an
illustrative AUROC of 0.974, compared with 0.951 for
stacking, 0.941 for XGBoost, and 0.918 for random forest. At
10% missingness, OncoFusion retains an AUROC of 0.965,
while stacking and XGBoost decline to 0.933 and 0.925,
respectively. At 20% missingness, OncoFusion maintains
0.952, exceeding stacking by 0.044 and XGBoost by 0.053.
Under 30% missingness, its AUROC remains 0.936,
compared with 0.874 for stacking, 0.862 for XGBoost, 0.831
for random forest, 0.813 for methylation-only classification,
and 0.751 for mutation-only classification. These
hypothetical patterns suggest that reliability-adaptive fusion
could improve resilience to incomplete molecular
observations. Actual robustness must be established through
controlled masking experiments and independent validation.

e Clinical and methodological interpretation
The illustrative findings suggest that OncoFusion could offer
advantages in three areas: probability calibration, external

diagnostic  discrimination, and resilience to missing
biomarker information. Nevertheless, the proposed
improvements must be assessed under clinically

representative conditions, including early-stage disease,

benign conditions that may generate false-positive signals,
variation in sequencing coverage, and differences between
laboratory platforms.

5. Conclusions and Recommendations

5.1. Summary of the Proposed OncoFusion Framework
and Principal Research Findings

This study developed the mathematical and computational
specification of OncoFusion, a reliability-adaptive
multimodal artificial intelligence framework designed to
integrate circulating tumour DNA (ctDNA) methylation
signatures, somatic mutation profiles, and circulating protein
biomarkers for multi-cancer early detection. The proposed
architecture combines modality-specific neural encoders,
cross-modal  attention, assay reliability —modelling,
uncertainty-weighted  feature  fusion, and multitask
classification to support cancer detection and cancer signal-
of-origin prediction. Its evaluation framework incorporates
conventional single-biomarker classifiers, logistic regression,
support vector machines, random forests, XGBoost,
LightGBM, and stacking ensembles. The illustrative
comparative analysis presented in Section 4 assigned
OncoFusion an AUROC of 0.974, AUPRC of 0.956, and
sensitivity of 79.2% at 99% specificity, compared with
AUROC values of 0.951 and 0.941 for stacking and
XGBoost, respectively. Additional hypothetical results
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indicated cancer signal-of-origin accuracy of 91.6%, stage 1-
Il sensitivity of 72.4%, and a Brier score of 0.048. The
robustness scenario further illustrated an AUROC of 0.936
under 30% missing biomarker information, suggesting a
potentially useful role for reliability-sensitive molecular
integration. Importantly, these numerical values represent
illustrative scenarios rather than outcomes obtained from
trained models or patient-level experiments. Consequently,
the principal finding is the establishment of a mathematically
defined, experimentally testable framework rather than
demonstrated  diagnostic  superiority. The proposed
methodology provides a coherent foundation for
investigating whether complementary genomic, epigenomic,
and proteomic information can improve early cancer
detection while preserving specificity, calibration, and
interpretability.

5.2. Contributions to Multimodal Biomarker Integration
and Artificial Intelligence-Based Multi-Cancer Detection
The proposed OncoFusion framework contributes to
computational precision oncology by establishing an
integrated mathematical architecture for combining
biologically heterogeneous molecular biomarkers through
reliability-aware representation learning. Its first contribution
is the formulation of three modality-specific encoders that
transform methylation measurements, somatic mutation
characteristics, and circulating protein concentrations into a
common latent feature space while preserving modality-
dependent biological information. Second, the reliability-
adaptive cross-modal attention mechanism explicitly
incorporates sequencing coverage, assay-quality indicators,
missingness, and measurement uncertainty into the
estimation of molecular interactions. Third, uncertainty-
weighted fusion provides a computational mechanism for
reducing the influence of unreliable biomarker observations
without automatically interpreting missing molecular signals
as evidence of cancer absence. Fourth, the multitask
classification architecture jointly estimates cancer probability
and conditional cancer signal-of-origin, allowing shared
molecular representations to support complementary
diagnostic objectives. The proposed ablation framework also
provides a means of quantifying the incremental
contributions of individual biomarker modalities, attention
mechanisms, and reliability weighting. For example,
comparisons between complete OncoFusion and variants
excluding methylation or uncertainty weighting can establish
whether observed performance improvements arise from
biological complementarity or architectural complexity.
Beyond algorithm development, the study specifies an
evaluation strategy incorporating discrimination, calibration,
high-specificity  sensitivity, external validation, and
computational efficiency. These contributions provide a basis
for assessing OncoFusion against established single-
biomarker and ensemble learning models. Their scientific
significance will depend on whether reproducible
experiments demonstrate meaningful improvements under
clinically representative conditions.

5.3. Study Limitations, Clinical Translation Challenges,
and Diagnostic Reliability Considerations

Several limitations must be addressed before OncoFusion can
be considered suitable for clinical application. Most
importantly, the comparative numerical results presented in
this manuscript are illustrative and have not been generated
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through documented training, testing, or external validation
using patient-level molecular datasets. Accordingly, the
reported performance values cannot establish clinical
accuracy, statistical significance, or superiority over existing
diagnostic algorithms. A further limitation concerns the
availability of sufficiently large, matched datasets containing
ctDNA methylation, somatic mutation, and protein
measurements from the same individuals. Differences in
sequencing technologies, methylation profiling protocols,
protein assay platforms, and specimen-processing conditions
may introduce systematic measurement variation and reduce
generalizability. Biological challenges include low ctDNA
abundance  in  early-stage  malignancies,  clonal
haematopoiesis, tumour heterogeneity, and overlapping
protein signatures between malignant and benign conditions.
Computational limitations include potential overfitting,
instability of attention-derived interpretations, imperfect
uncertainty calibration, and sensitivity to missing-not-at-
random biomarker observations. Furthermore, high
specificity does not necessarily guarantee an acceptable
positive predictive value in low-prevalence screening
populations. False-positive classifications may lead to
unnecessary imaging, invasive investigations, psychological
distress, and additional healthcare expenditure. Clinical
translation therefore requires rigorous assessment of assay
reproducibility, diagnostic thresholds, cancer signal-of-origin
accuracy, and downstream confirmatory pathways. Patient
privacy, institutional data governance, model transparency,
and equitable performance across demographic and clinical
subgroups must also be considered. These limitations
reinforce the need to distinguish computational feasibility
from demonstrated clinical utility.

5.4. Recommendations for Independent Clinical
Validation, Algorithm Optimization, and Future
Research

Future research should prioritize implementing OncoFusion
using well-characterized, patient-level datasets containing
matched methylation, mutation, and protein biomarker
measurements, confirmed cancer diagnoses, tumour-stage
information, and appropriately selected non-cancer controls.
Model development should employ nested cross-validation,
patient-level data separation, and an independent external
validation cohort to reduce optimistic performance estimates.
Particular emphasis should be placed on stage I and Il
cancers, low-abundance ctDNA signals, and malignancies
lacking established screening programmes. Diagnostic
thresholds should be selected using training or validation data
and subsequently evaluated at clinically relevant specificity
levels, particularly 95% and 99%. Algorithm optimization
should investigate alternative modality encoders, attention-
head configurations, reliability calibration strategies,
uncertainty estimation methods, and missing-modality
training procedures. Controlled ablation experiments should
determine the contributions of methylation, mutations,
proteins, cross-modal attention, and uncertainty weighting to
diagnostic performance. Future evaluations should report
AUROC, AUPRC, sensitivity, specificity, F1-score, Brier
score, calibration slope, and cancer signal-of-origin accuracy
with appropriate confidence intervals. External validation
should examine differences across institutions, assay
platforms, cancer types, and demographic groups. Additional
studies  should  assess  computational  efficiency,
explainability, cost-effectiveness, and clinical decision-curve
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performance. Where sufficiently representative datasets
become available, prospective screening studies should
investigate diagnostic yield, false-positive consequences,
confirmatory testing requirements, and patient outcomes.
Ultimately, OncoFusion should advance toward clinical
translation only after reproducible evidence establishes that

its

multimodal reliability-aware architecture provides

meaningful benefits over simpler and established diagnostic
approaches
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