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Abstract

The integration of multi-omics data holds great
promise for identifying robust and clinically rel-
evant biomarkers, yet the increasing complexity
of computational methods raises questions about
their practical utility. In this study, we present
a comprehensive benchmarking framework that
evaluates 27 feature selection strategies and 11
predictive models across three real-world disease
cohorts: Alzheimer’s disease, progressive supranu-
clear palsy, and breast cancer. We compare tra-
ditional machine learning, ensemble-based meth-
ods, and state-of-the-art deep learning models in
terms of predictive performance, stability, and bi-
ological interpretability. Our results reveal that
ensemble feature selection consistently improves
robustness and accuracy, particularly for com-
pact biomarker panels. Surprisingly, deep learn-
ing models did not outperform simpler classifiers
such as logistic regression (L.Regression), sup-
port vector machines, or multilayer perceptrons,
which often achieved comparable or superior re-
sults with lower computational cost and greater
interpretability. Triple-omics yielded the highest
validation, followed by dual-omics and then single-
omics (Triple j Dual ; Single). Biological valida-
tion against five independent databases confirmed
the clinical relevance of the identified biomarkers,
including both well-established and novel candi-
dates. To support reproducibility and community
adoption, we provide a web-based tool for apply-
ing our benchmarking pipeline. Our findings ad-
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vocate for a pragmatic approach to biomarker dis-
covery—prioritizing methodological transparency,
reproducibility, and biological insight over algo-
rithmic complexity.
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Key Points

e Ensemble feature selection consistently yields
more stable and accurate biomarker panels
than individual rankers.

e Deep learning models (MORE, MOGONET)
do not outperform simpler classifiers such as
logistic regression, SVM, or MLP.

e Predictive performance improves with inte-
gration level (Triple-omics ; Dual-omics §
Single-omics).

e External validation using CTD, GeneCards,
HMDD, and EWAS-ATLAS confirms the bio-
logical and clinical relevance of the discovered
biomarkers.

e The benchmarking pipeline promotes trans-
parency, reproducibility, and practical appli-
cability in multi-omics biomarker discovery.

1 Introduction

Biomarker discovery has become a cornerstone of
precision medicine, enabling earlier disease de-



tection, a more accurate prognosis, and person-
alized therapeutic strategies. Early studies pri-
marily relied on single-omics approaches, such
as transcriptomics or proteomics, which provided
valuable insights but often captured only one
layer of biological regulation and yielded lim-
ited predictive power. With the rapid expansion
of high-throughput technologies, researchers can
now generate multi-omics datasets that integrate
diverse modalities—including, but not limited
to, transcriptomics, epigenomics, proteomics, and
metabolomics—thereby capturing complementary
regulatory layers and offering a more holistic view
of disease processes [1]. Integrating these het-
erogeneous data modalities holds the promise of
identifying more robust biomarkers that not only
improve clinical decision-making but also provide
mechanistic insight into disease biology [2] [3] [4]
[5]. However, despite the increasing availability of
multi-omics data, extracting clinically meaningful
and reproducible biomarker panels remains a ma-
jor challenge.

The core difficulty arises from the intrin-
sic characteristics of multi-omics data. First,
most datasets are high-dimensional yet low-sample
(n < p), where thousands of molecular features
are profiled across only a few hundred patients.
This imbalance makes analyses highly susceptible
to overfitting and spurious associations—false cor-
relations that arise from random noise, confound-
ing, or chance [6][7][8][9][10]. Second, the het-
erogeneity of omics layers poses additional chal-
lenges: gene expression values are continuous,
DNA methylation profiles are sparse, and mu-
tation calls are discrete, each reflecting distinct
biological processes. Integrating such modali-
ties requires harmonization across measurement
scales and distributions, which is nontrivial and
risks introducing bias [11][12]. Third, the lim-
ited availability of clinically annotated cohorts ex-
acerbates instability and reduces reproducibility
across independent datasets. These challenges
make biomarker discovery highly sensitive to small
perturbations in the data, often yielding pan-
els that fail to generalize. Single-method fea-
ture selection approaches, such as univariate sta-
tistical tests or machine learning—based rankers,
are particularly vulnerable in this setting, fre-
quently producing unstable biomarker lists with
inconsistent biological interpretation [13][12][14].
Ensemble ranking has been proposed to miti-
gate such variability and improve feature stabil-
ity and reproducibility across high-dimensional
omics datasets [15][16][17][18]. However, com-
prehensive benchmarking across multiple diseases,
omics modalities, and model types remains un-

explored. Most existing applications are largely
limited to single-omics analyses such as tran-
scriptomics [19][20], proteomics [21], or general
omics feature spaces [22][23][24], while only a
few have benchmarked individual feature-selection
methods on multi-omics datasets [25, 26]. More
broadly, there remains a lack of comprehensive
benchmarking pipelines that jointly evaluate fea-
ture selection, predictive modeling, and multi-
omics integration strategies. Moreover, very few
studies systematically perform external bioinfor-
matic validation of discovered biomarker pan-
els by comparing predicted genes or pathways
against independent biological databases— the
Comparative Toxicogenomics Database (CTD),
which curates chemical-gene—disease relationships
and pathway annotations [27]; the Human mi-
croRNA Disease Database (HMDD), a manually
curated resource of miRNA-disease associations
[28]; GeneCards, an integrative compendium of
human genes and their disease/phenotype links
[29]; and the EWAS-ATLAS, a catalog of
CpG—trait associations from epigenome-wide asso-
ciation studies [30]. This step is critical for assess-
ing the biological interpretability and clinical rele-
vance of computational findings. While some stud-
ies include post hoc validation through overlap or
enrichment analyses against known databases or
literature [31, 32, 33], these are typically limited in
scope and do not constitute broad benchmarking
across diseases, modalities, and for each method.

Moreover, more recently, several deep learn-
ing-based multi-omics integration frameworks,
such as MORE [34] and MOGONET [35] have
been proposed to capture cross-modality relation-
ships and exploit complex non-linear patterns.
However, while such frameworks have demon-
strated strong performance across several datasets
and integration settings, their comparative stabil-
ity, reproducibility, and consistency against sim-
pler or ensemble-based approaches remain insuffi-
ciently explored. In addition, external validation
of biomarker panels—essential for establishing bi-
ological and clinical relevance—is still rarely per-
formed in a structured and multi-level manner.
As a result, it remains unclear whether increas-
ing methodological complexity consistently yields
more reliable and interpretable biomarker pan-
els, or whether simpler and ensemble-based ap-
proaches may offer equal or greater robustness.

In this study, we present a comprehen-
sive benchmarking framework for multi-omics
biomarker discovery across three real-world dis-
ease cohorts. We analyze Alzheimer’s dis-
ease (AD) using the ROSMAP cohort [36],
progressive supranuclear palsy (PSP) using the



MayoRNASeq cohort [37], and breast cancer
(BC) using the TCGA-BRCA cohort [38]. We
systematically evaluate 27 biomarker selection
strategies—spanning single rankers and ensem-
ble ranking methods—and 11 predictive models,
ranging from traditional machine learning algo-
rithms to advanced integration approaches such
as MORE and MOGONET. Beyond computa-
tional benchmarking, we validate biomarker pan-
els against four independent biological reference
databases (CTD [27], HMDD [28], GeneCards
[29], or EWAS-ATLAS [30], and g:Profiler [39] for
pathway enrichment cross-checked against CTD-
pathways), ensuring both interpretability and clin-
ical relevance. Together, this work establishes a
robust, reproducible, and generalizable pipeline
for multi-omics biomarker discovery and provides
new insights into when methodological complex-
ity offers genuine advantages over simpler, more
interpretable strategies.

2 Methods

This section outlines the experimental design,
datasets, and computational framework used in
this study. We describe the selection and prepro-
cessing of multi-omics datasets, followed by the
feature selection, ensemble ranking, and bench-
marking procedures applied to evaluate model per-
formance across integration levels. Each subsec-
tion details a specific component of the workflow,
from data preparation to biomarker validation and
performance evaluation.

2.1 Study cohort

Experiments in this study were conducted using
three real-world, publicly available datasets—the
Religious Orders Study and Memory and Ag-
ing Project (ROSMAP; Alzheimer’s disease,
AD) [36], the MayoRNASeq cohort (progressive
supranuclear palsy, PSP) [37], and the TCGA-
BRCA cohort (breast cancer, BC) accessed via
the UCSC Xena Browser [38]. The characteris-
tics of these datasets are summarized in Table 1,
and brief descriptions of each dataset are provided
in the following sections. Henceforth, we refer
to the three cohorts by their disease-based short-
hand: AD (ROSMAP), PSP (MayoRNASeq),
and BC (TCGA-BRCA). To avoid ambiguity,
when we mean the disease entity rather than the
cohort, we spell it out in full (e.g., “Alzheimer’s
disease,” “progressive supranuclear palsy,” “breast
cancer”).

Religious Orders Study and Memory and
Aging Project (ROSMAP)

ROSMAP is a longitudinal cohort study designed
to investigate the neuropathological and molecu-
lar mechanisms underlying aging and Alzheimer’s
disease [40]. ROSMAP combines two harmonized
prospective cohorts: the Religious Orders Study,
which recruits older Catholic nuns, priests, and
brothers across the United States, and the Mem-
ory and Aging Project, which enrolls lay older
individuals from the Chicago area. Participants
are cognitively assessed annually, and all con-
sent to brain donation at the time of death, en-
abling comprehensive linkage between clinical tra-
jectories and postmortem molecular data. AD
encompasses extensive phenotypic and molecular
information, including demographic and clinical
variables, neuropsychological testing, neuropatho-
logical indices, genetic variation, transcriptomics,
epigenomics, proteomics, and metabolomics [41].
For the present study, we focused on molecular
profiles generated from postmortem dorsolateral
prefrontal cortex (DLPFC), including microRNA
expression, mRNA expression, and DNA methy-
lation data, along with diagnostic information
on Alzheimer’s disease. The analytic cohort in-
cluded participants with available molecular pro-
files and clinical diagnoses, after standard qual-
ity control and preprocessing. Individuals with
incomplete molecular or phenotypic information
were excluded.

The Mayo RNAseq Study (MayoRNAseq)

The MayoRNASeq study is a large-scale project
designed to characterize the multi-omics profiles
of neurodegenerative diseases, including progres-
sive supranuclear palsy, Alzheimer’s disease, and
age-matched controls [37]. The dataset was gener-
ated from postmortem brain tissues obtained from
the Mayo Clinic Brain Bank, with samples col-
lected from both the temporal cortex and cerebel-
lum. Participants were recruited as part of neu-
ropathological investigations and classified into di-
agnostic categories based on established consen-
sus criteria integrating clinical assessments with
postmortem neuropathological evaluations. PSP
provides extensive molecular and phenotypic in-
formation, including RNA-Seq expression profiles,
proteomics, clinical diagnoses, and metabolomics
data. For the present study, we focused exclu-
sively on postmortem temporal cortex samples,
analyzing RNA-Seq gene expression, proteomics,
and metabolomics patterns from participants di-
agnosed with progressive supranuclear palsy and
matched controls. After applying standard quality



Table 1: Overview of study characteristics

Cohort Disease / Condi- Data Types Sample Data Source
tion Size
ROSMAP Alzheimer’s disease Transcriptomics, microRNA, 378 Synapse®
methylation, clinical
TCGA-BRCA  Breast cancer Transcriptomics, methyla- 1,229 UCSC XenaP
tion, microRNA, clinical
MayoRNASeq Progressive Transcriptomics, 437 Synapse®
Supranuclear Palsy metabolomics,  proteomics,
clinical

& ROSMAP Dataset
b UCSC Xena TCGA-BRCA Dataset
¢ MayoRNASeq Dataset

Note: The sample sizes reported here are based on the available clinical datasets for the specific disease and corre-
sponding controls. Different sample counts may apply to specific omics subsets, as detailed in Section 2.2.

control and preprocessing steps, only participants
with complete molecular profiles and clinical in-
formation were included in the analytic cohort.

Breast Cancer Cohort (TCGA-BRCA)

The TCGA-BRCA dataset was obtained from
The Cancer Genome Atlas (TCGA) project via
the UCSC Xena data portal [42]. TCGA-BRCA
is a large-scale, multi-omics study designed to
comprehensively characterize the molecular and
clinical features of breast cancer. The dataset
includes transcriptomics, microRNA expression,
DNA methylation, copy number variation, so-
matic mutations, and matched clinical annota-
tions. For the present study, we focused on tran-
scriptomic profiles derived from bulk RNA se-
quencing (Illumina HiSeq 2000), microRNA ex-
pression data, and DNA methylation data gen-
erated using the Illumina HumanMethylation450
platform. After applying standard quality control
and preprocessing steps, only samples with com-
plete molecular profiles and clinical data were in-
cluded in the analytic cohort.

2.2 Data Preprocessing Pipeline

All data cleaning, preprocessing, and preparation
steps were performed as part of a unified data pre-
processing pipeline to ensure consistency across
cohorts and omics modalities.

Data Cleaning

For each dataset, clinical metadata were harmo-
nized with the corresponding omics expression ma-
trices using biospecimen mapping files to ensure
consistent sample identifiers across modalities.
Duplicate samples and features were removed, and
features with more than 30% missing values were

excluded. Remaining missing values were imputed
using the KNNImputer from the Scikit-learn li-
brary (version 1.7.0), with distance-weighted av-
eraging based on the five nearest neighbors. To
ensure consistency of molecular identifiers, mi-
croRNA names were standardized using miRBase
(release version obtained in 2025), while Ensembl
gene IDs were mapped to HGNC gene symbols us-
ing the MyGene Python API (version 3.1.0). This
mapping process improved cross-study compara-
bility and downstream interpretability. For each
dataset, only samples with complete multi-omics
profiles and matched clinical annotations were re-
tained for downstream analyses. All data cleaning
and preprocessing steps were performed in a ded-
icated Python 3.11.9 environment.

Data Preprocessing

To reduce noise, remove experimental artifacts,
and improve interpretability of downstream anal-
yses, we adopted data preprocessing protocols
adapted from the MOGONET framework [35].
For DNA methylation data, only probes corre-
sponding to the Illumina Infinium HumanMethy-
lation27 BeadChip were retained to ensure biologi-
cal interpretability. Features with no signal (mean
value equal to zero) or low variance were removed.
We applied variance-based filtering thresholds ac-
cording to data modality: (i) mRNA expression:
features with variance < 0.1 were removed, (ii)
DNA methylation: features with variance < 0.001
were removed, and (iii) miRNA expression, pro-
teomics, and metabolomics: only features with
zero variance were excluded, given the limited
number of available features.

To further reduce redundancy, we performed
feature preselection using ANOVA F-tests within
the training set to identify features significantly
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associated with the target labels. False Discovery
Rate (FDR) control was applied to correct for mul-
tiple testing. To avoid selecting highly correlated
features, we imposed an additional constraint such
that the first principal component of the prese-
lected features explained < 50% of the variance.
After feature selection, each omics dataset was in-
dividually scaled to the range [0, 1] using min-
max normalization before model training. For
the PSP metabolomics and proteomics datasets, a
logyo transformation was applied prior to prepro-
cessing to stabilize variance and normalize feature
distributions.

Data Preparation

For each cohort, datasets were organized to sup-
port three experimental settings: (i) single-omics,
(ii) paired dual-omics, and (iii) integrated triple-
omics analyses. This design resulted in varying
dataset sizes and class distributions across the
three cohorts (AD, PSP, and BC). In BC, substan-
tial class imbalance was observed between tumor
and control samples. To mitigate potential bias in
model training, the dominant class (tumor) was
downsampled to approximately 1.2 times the size
of the minority class (control) in all experimental
settings. A detailed summary of dataset charac-
teristics, including the number of samples, feature
counts per omics type, and class distributions for
each data subset, is provided in Table 2. Table
rows are grouped by cohort to clearly distinguish
dataset-specific characteristics.

2.3 Single Rankers

To identify predictive and biologically meaningful
features across heterogeneous, high-dimensional
multi-omics datasets, we employed a comprehen-
sive suite of 15 single-feature ranking approaches,
each representing a different paradigm of feature
importance estimation, summarized in Table 3.
These single rankers were selected to ensure di-
versity in algorithmic foundations, ranging from
model-agnostic explainers to regularized regres-
sion, statistical hypothesis testing, and deep learn-
ing—based multi-omics rankers. The combination
of these complementary strategies increases ro-
bustness by capturing both linear and non-linear
dependencies while mitigating biases introduced
by any single method.

2.4 Ensemble Rankers

To improve robustness and reduce biases from
individual feature selectors, we applied a com-
prehensive ensemble rank aggregation strategy

that combined the results of 13 single rankers
(rankers in Table 3 except MORE-Ranker and
MOGONET-Ranker). Ensemble learning miti-
gates the instability of individual ranking algo-
rithms by integrating their outputs into a consen-
sus ranking. We implemented two main categories
of ensemble methods: rank-based aggregation,
which integrates the relative ordering of features
across rankers, and weight-based aggregation,
which combines continuous importance scores as-
signed by different rankers. A summary of the
ensemble methods is provided in Table 4.

MORE-Ranker and MOGONET-Ranker
were excluded from the ensemble because our
objective was to systematically benchmark three
distinct tiers of methods: (1) conventional sin-
gle rankers, (2) ensemble-based aggregations of
these single rankers, and (3) advanced deep
learning-based models such as MORE and
MOGONET. Including the latter in the ensem-
ble would have blurred the distinction between
traditional aggregation-based strategies and com-
plex representation-learning frameworks. Instead,
they were retained as independent benchmarks to
evaluate how ensemble rank aggregation compares
with state-of-the-art deep learning—based feature
selection methods.

These ensemble rankers combine complemen-
tary evidence from diverse single-feature selectors.
Rank-based methods emphasize consensus order-
ing, whereas weight-based methods leverage con-
tinuous importance scores. Together, they en-
hance stability, robustness, and reproducibility of
biomarker discovery in high-dimensional, multi-
omics datasets.

2.5 Benchmark Setup

Starting from the cleaned and prepared datasets
described in Section 2.2, we designed a comprehen-
sive benchmarking framework to evaluate feature
selection strategies, predictive models, and multi-
omics integration methods. The benchmarking
experiments were performed independently for
each cohort (AD, PSP, and BC) and across
three integration levels: single-omics, dual-omics,
and triple-omics analyses. In the single-omics
setting, each omics type (e.g., mRNA, miRNA,
methylation, proteomics, or metabolomics) was
analyzed separately to assess its individual pre-
dictive power. The dual-omics setting included
all pairwise combinations of omics modalities
available within each cohort—for example, AD
included mRNA-miRNA, mRNA-methylation,
and miRNA-methylation pairs; PSP included
mRNA-proteomics, mRNA-metabolomics, and
metabolomics—proteomics; and BC included



Cohort Omics Combination Samples Features Classes Class Ratio
miRNA only 378 200 Alzheimer’s disease / Control 209 / 169
mRNA only 378 200 Alzheimer’s disease / Control 209 / 169
Meth only 375 200 Alzheimer’s disease / Control 207 / 168
AD mRNA + miRNA 375 200 + 200 Alzheimer’s disease / Control 209 / 169
mRNA + Meth 375 200 + 200 Alzheimer’s disease / Control 207 / 168
miRNA + Meth 375 200 + 200 Alzheimer’s disease / Control 207 / 168
mRNA + miRNA + Meth 375 200 + 200 + 200  Alzheimer’s disease / Control 207 / 168
mRNA only 162 200 Progressive supranuclear palsy / Control 84 / 78
Prot only 111 200 Progressive supranuclear palsy / Control 83 / 29
Metab only 98 200 Progressive supranuclear palsy / Control 78 / 20
PSP mRNA + Prot 111 200 + 200 Progressive supranuclear palsy / Control 83 / 29
mRNA + Metab 98 200 + 200 Progressive supranuclear palsy / Control 78 / 20
Metab + Prot 97 200 + 200 Progressive supranuclear palsy / Control 77 / 20
mRNA + Prot + Metab 97 200 + 200 + 200 Progressive supranuclear palsy / Control 77 / 20
miRNA only 158 200 Breast cancer / Control 83 /75
mRNA only 236 200 Breast cancer / Control 124 / 112
Meth only 375 200 Breast cancer / Control 106 / 96
BC mRNA + miRNA 158 200 + 200 Breast cancer / Control 83 /75
mRNA + Meth 108 200 + 200 Breast cancer / Control 57 / 51
miRNA + Meth 175 200 + 200 Breast cancer / Control 92 / 83
mRNA + miRNA + Meth 108 200 + 200 + 200 Breast cancer / Control 57 / 51

Table 2: Summary of prepared datasets for single-, dual-, and multi-omics analyses.

Abbreviations: miRNA = microRNA expression data; mRNA = gene expression data; Meth = DNA methylation
data; Prot = proteomics data; Metab = metabolomics data.

mRNA-miRNA, miRNA-methylation, and
mRNA-methylation combinations. The triple-
omics setting involved the joint integration of
all available omics layers in each cohort (mRNA
+ miRNA + methylation for AD and BC, and
mRNA + proteomics + metabolomics for PSP)
to evaluate the added value of full multi-omics
integration.

Although each cohort provides additional omics
modalities beyond these three, we restricted
our analyses to a common subset to ensure
methodological comparability with MORE and
MOGONET, which are primarily designed for
three-layer integration. This selection enabled fair
benchmarking under consistent experimental con-
ditions.

This hierarchical setup enabled a system-
atic comparison across three methodological
tiers—conventional single rankers, ensemble rank
aggregation methods, and deep learning—based
models (MORE and MOGONET). A detailed
summary of all data subsets, including the number
of samples, feature counts, and class distributions,
is provided in Table 2.

For every omics subset, we generated biomarker
panels of increasing size to systematically evaluate
model performance under varying levels of feature
sparsity. Candidate panel sizes were set to {10, 20,
30, 40, 50, 60, 70, 80, 90, 100}, in addition to a
full-feature panel containing all available features:
200 for single-omics datasets, 400 for dual-omics
subsets, and 600 for triple-omics subsets. This en-

abled a structured exploration of predictive perfor-
mance while balancing panel interpretability and
computational cost.

A total of 27 feature selection strategies
were evaluated, spanning single rankers and
ensemble-based rankers. Single rankers
cluded model-agnostic explainers such as SHAP
and LIME, statistical tests (two-sample t-Test
and Mann—Whitney U-test), regularized regres-
sion methods (LASSO, Ridge, and Elastic Net),
tree-based selectors (Boruta, RF Gini Impor-
tance (RF-FI), RF Permutation Importance (RF-
PFI), XGBoost Gain (XGB-FI), and XGBoost
Permutation Importance (XGB-PFI)), wrapper-
based selection via SVM-RFE, and deep learning-
based methods (MORE-Ranker and MOGONET-
RANKER). In addition, we incorporated ensemble
feature aggregation methods, categorized into two
groups: rank-based (Mean Rank, Median Rank,
Min Rank, Geomean Rank, Median Rank Al-
gorithm (MRA), Stuart Rank Aggregation (Stu-
art), and Robust Rank Aggregation (RRA)) and
weight-based (Mean Weight, Median Weight, Max
Weight, Geomean Weight, and the Threshold Al-
gorithm (TA)). For rank-based selectors, features
were ordered according to their relative impor-
tance, while weight-based selectors integrated nor-
malized feature importance scores to produce con-
sensus rankings.

in-

For each cohort, omics subset, feature se-
lector, and biomarker panel size, we trained
11 predictive models spanning diverse learn-



Table 3: Summary of non-ensemble (single) feature ranking methods used in this study.

Method Model/Approach Type Description Ref.
Model-Agnostic Explainable AI
SHAP XGBoost (post-hoc) Model- Decomposes predictions into additive con-  [43, 44]
agnostic tributions using Shapley values from coop-
erative game theory.
LIME Random Forest (surro- Model- Approximates local decision boundaries [45]
gate) agnostic with interpretable surrogate models to ex-
plain feature influence.
Regularized Regression-Based Methods
LASSO Penalized regression Multivariate ¢, penalty enforces sparsity, selecting a [46]
small subset of important features.
Ridge Penalized regression Multivariate 0y penalty shrinks coefficients smoothly, [47]
mitigating multicollinearity.
Elastic Net Penalized regression Multivariate Combines ¢; and f» penalties to balance [48]
sparsity and stability.
Statistical Hypothesis Testing
t-Test Statistical test Univariate Two-sample ¢t-test comparing group means —
under approximate normality.
Mann—Whitney U Non-parametric test Univariate Rank-based test comparing group distribu-  [49]
tions without assuming normality.
Tree-Based Feature Selection and Importance
Boruta Random Forest wrap- Multivariate Compares real feature importance with [50]
per permuted “shadow” features; retains only
relevant features.
RF-FI Random Forest Multivariate Gini (impurity) importance aggregated [51]
across trees.
RF-PFI Random Forest Model- Permutation importance: drop in perfor- —
agnostic mance after permuting each feature.
XGB-FI Gradient boosting Multivariate XGBoost gain-based importance aggre- [52]
gated across boosted trees.
XGB-PFI Gradient boosting Model- Permutation importance computed on —
agnostic trained XGBoost models.
Wrapper-Based Recursive Feature Elimination
SVM-RFE Linear Support Vector Multivariate Tteratively removes the least influential fea-  [53]
Machine (SVM) tures based on SVM weights, yielding a
ranking.
Deep Learning—Based Multi-Omics Feature Ranking
MORE-Ranker Deep autoencoder in- Multivariate Learns joint latent representations across [34]
tegration omics and derives feature importance via
gradient-based attribution.
MOGONET-Ranker  Graph neural network Multivariate Uses modality-specific graphs and cross- [35]

integration

view attention to assign feature impor-
tance scores.

Note: “MORE-Ranker” and “MOGONET-Ranker” denote the feature rankings generated by the respective

frameworks’ biomarker-ranking scripts via RFE; in this benchmark, these rankings are used as standalone selectors and
are not included in the ensemble aggregations.

ing paradigms:
Random Forest,

L.Regression (L.Regression),
Extreme Gradient Boosting

(XGBoost), CatBoost, AdaBoost, Gradient
Boosting (Gradient Boost), Support Vec-
tor Machine (SVM), Multilayer Perceptron

(MLP), Decision Tree (D.Tree), MORE, and
MOGONET. The two multi-omics—specific deep

models—MORE and MOGONET—are designed
to exploit cross-modality dependencies for inte-
grative biomarker discovery. Model evaluation
used 5-fold stratified cross-validation, ensur-
ing balanced class distributions within each fold
and enabling consistent comparisons of predictive
performance. Henceforth, we use the abbrevia-



Table 4: Summary of ensemble rank aggregation methods applied in this study.

Method Description Ref.

Rank-Based Aggregation

Mean Rank Computes the arithmetic mean of feature ranks across all rankers; fea- —
tures with consistently high ranks receive better scores.

Median Rank Uses the median rank to reduce sensitivity to extreme rankings from —
outlier rankers.

Min Rank Assigns each feature its best (lowest) rank observed across rankers, em- —
phasizing consistently strong features.

Geomean Rank Aggregates feature ranks using their geometric mean, favoring features —
that perform well across most rankers.

Median Rank  Algorithm A consensus aggregation algorithm designed to maximize Kendall’'s 7 [54]

(MRA) correlation with individual rankers by iteratively aligning medians.

Stuart Rank Aggregation A probabilistic meta-analysis-based method that models rank distribu-  [55]

(Stuart) tions to estimate significance levels for aggregated ranks.

Robust Rank Aggregation Assigns p-values to features by testing whether their observed ranks [55]

(RRA) deviate from a uniform null distribution, robust to noise and missing
data.

Weight-Based Aggregation

Mean Weight Computes the arithmetic mean of normalized importance weights across —
rankers, producing a consensus feature score.

Median Weight Uses the median importance score to minimize the influence of extreme —
weights from unstable rankers.

Max Weight Assigns each feature its highest observed weight across rankers, priori- —
tizing features that are strongly favored by any ranker.

Geomean Weight Aggregates feature weights using the geometric mean, favoring features —
consistently scored high across rankers.

Threshold Algorithm (TA) Tteratively identifies features exceeding a dynamic weight threshold [56]

across rankers, retaining only those showing consistent importance.

tions in parentheses.

All scripts and experiments were implemented
in Python 3.11.9, leveraging scikit-learn
for traditional machine learning methods, i.e.,
xgboost, catboost, and lightgbm for gradient
boosting methods, and customized Python im-
plementations for MORE and MOGONET, as
provided by the authors of these works. A
schematic overview of the entire benchmarking
workflow, including data preparation, feature se-
lection, biomarker panel generation, model evalu-
ation, and performance assessment, is presented
in Figures 1 and 2. A detailed description of
the evaluation metrics applied within the cross-
validation loop is provided in Section 2.7.

2.6 Biomarker Panel Validation

To ensure biological relevance and clinical inter-
pretability, each biomarker panel generated during
the benchmarking experiments was systematically
validated against external reference databases.
For every panel size in each experimental setting

described in Section 2.5, we performed validation
at multiple molecular levels using publicly avail-
able, expert-curated resources. In experiments in-
volving dual-omics or triple-omics integration, the
selected panel could contain features from multi-
ple data modalities. In such cases, panels were de-
composed into omics-specific subsets (e.g., genes,
microRNAs, methylation sites) prior to validation,
ensuring that each feature type was evaluated us-
ing the most appropriate reference resource.

Validation was conducted at four distinct lev-
els corresponding to specific molecular and func-
tional categories: (1) microRNAs — disease as-
sociations were validated using the HMDD (v4.0,
2025) [28]; (2) genes — validated using two com-
plementary resources, the CTD (Release Aug 27
2025) [27] and GeneCards (Version 5.25) [29],
both of which provide curated disease—gene asso-
ciations with evidence scores; (3) DNA methy-
lation sites — validated using the FEWAS-
ATLAS (v2025) [30], a comprehensive repository
of epigenome-wide associations linking CpG sites
to diseases and traits; and (4) pathways — as-



sessed using g:Profiler (v0.2, 2025) [39] for func-
tional enrichment, with enriched pathways subse-
quently cross-referenced against pathway—disease
associations from CTD for independent confirma-
tion.

Generation of Validation Datasets

Validation datasets were compiled from the afore-
mentioned resources to ensure consistent refer-
ence standards across all experiments. From the
CTD database, we retrieved all disease-associated
genes and pathways relevant to Alzheimer’s dis-
ease, breast cancer, and progressive supranuclear
palsy. Each gene—disease association was accom-
panied by a confidence score provided by CTD.
For pathway-level validation, we computed a cus-
tom association score for each pathway based
on the proportion of disease-associated genes
present within the pathway relative to its to-
tal gene content. Similarly, gene-disease asso-
ciations and evidence scores were obtained from
the GeneCards database, ensuring complemen-
tary coverage of disease-relevant targets. For
methylation sites, validation datasets were ex-
tracted from EWAS-ATLAS, which links CpG
sites to diseases via large-scale epigenome-wide as-
sociation studies. MicroRNA—disease associations
and supporting evidence were obtained from the
HMDD database, which compiles experimentally
validated miRNA-disease relationships. Protein-
and metabolite-level validation was not performed
due to the lack of sufficiently reliable and com-
prehensive reference datasets as of 2025. Because
CTD curates pathway—disease associations, we
treat this as a separate validator (CTD-pathways).
For each gene set derived from gene-expression
analyses, we performed pathway enrichment with
g:Profiler and validated the predicted pathways
against CTD-pathways.

2.7 Evaluation Metrics

To comprehensively assess the predictive perfor-
mance and reliability of biomarker panels across
models and experimental settings, we computed
multiple evaluation metrics within the 5-fold strat-
ified cross-validation framework. These metrics
capture different aspects of model performance,
including classification accuracy, sensitivity, speci-
ficity, predictive values, and overall discriminative
ability. Accuracy measures the proportion of cor-
rectly classified samples among all predictions and
provides a general measure of model performance
but can be misleading when class imbalance is
present. To address this, we considered additional
metrics that separately evaluate positive and neg-

ative classifications.  Precision (also known as
the Positive Predictive Value, PPV) quantifies the
proportion of correctly predicted positive samples
among all positive predictions, reflecting the reli-
ability of positive classifications. Recall (also re-
ferred to as Sensitivity or True Positive Rate) mea-
sures the proportion of true positive samples cor-
rectly identified by the model, capturing its ability
to detect relevant cases. Specificity (True Negative
Rate) evaluates the model’s ability to correctly
classify negative samples, complementing sensitiv-
ity. Together, these measures provide a balanced
view of model performance for both classes. To
combine precision and recall into a single sum-
mary metric, we computed Fj , which represents
their harmonic mean and provides a robust indi-
cator of predictive performance, particularly un-
der class imbalance. In addition, the Negative
Predictive Value (NPV) was calculated to quan-
tify the proportion of correctly predicted negative
samples among all negative predictions, comple-
menting PPV when evaluating models in datasets
with skewed class distributions. Finally, we evalu-
ated the Area Under the Receiver Operating Char-
acteristic Curve (AUC-ROC), which measures the
overall ability of the model to discriminate be-
tween positive and negative classes across vary-
ing classification thresholds. AUC-ROC is par-
ticularly relevant for comparing models indepen-
dently of specific decision thresholds and provides
an aggregated measure of model discrimination.

Together, these metrics provide a comprehen-
sive framework for evaluating predictive accuracy,
sensitivity, specificity, and discriminative power
across diverse biomarker panels, feature selectors,
and predictive models.

Performance Stability. In addition to stan-
dard evaluation metrics, we quantified stability as
the variability of model performance across ex-
perimental replicates. Specifically, stability was
defined as the width of the performance window,
i.e., the difference between the maximum and min-
imum observed Fl-scores (or AUCs) for a given
model-selector combination. A narrow window
indicates consistent behavior across experimental
conditions, reflecting higher robustness and repro-
ducibility.

3 Results

Baseline model performance without fea-
ture selection

Across the three cohorts (AD, PSP, and BC),
we first evaluated predictive performance using
all available features without applying any fea-



Data Modalities Used per Cohort

ROSMAP Cohort MayoRNASeq [ TCGA-BRCA Cohort
(AD) Cohort (PSP) (BC)
MicroRNA Metabolomics MicroRNA
Gene Expression Proteomics Gene Expression
DNA Methylation Gene Expression DNA Methylation

l l

|

Data Cleaning
Harmonization, Duplicate Removal, Filtering, Imputation, Feature Standardization

!

Data Preprocessing

MicroRNA
Zero-Variance Removal
ANOVA F-test Selection
FDR Correction
Correlation Constraint
Min-Max Scaling [0-1]

Gene Expression
Low-Variance Filtering (<0.1)
ANOVA F-test Selection

FDR Correction

Correlation Constraint (PC1 <50%)
Min-Max Scaling [0—1]

DNA Methylation

lllumina HM27 Probes Filtering
Low-Variance Filtering (<0.001)
ANOVA F-test Selection

FDR Correction

Correlation Constraint (PC1 <50%)
Min-Max Scaling [0-1]

!

Experimental Design

Metabolomics & Proteomics
Log10 Transformation
Zero-Variance Removal

ANOVA F-test Selection

FDR Correction

Correlation Constraint (PC1 <50%)
Min-Max Scaling [0-1]

AD PSP BC

Omics Type N N Omics Type N N Omics Type N N
(Samples) (Features) (Samples) (Features) (Samples) (Features)

miRNA only 378 200 Metab only 98 200 miRNA only 158 200

mRNA only 378 200 Prot Only 1M1 200 mRNA only 236 200

Meth only 375 200 mRNA Only 162 200 Meth only 375 200

mRNA + miRNA 375 400 Metab + Prot 97 400 mRNA + miRNA 158 400

mRNA + Meth 375 400 Metab + mRNA 98 400 mRNA + Meth 108 400

miRNA + Meth 375 400 Prot + mRNA M1 400 miRNA + Meth 175 400

mRNA + miRNA + Meth 375 600 Metab + Prot + mRNA 97 600 mRNA + miRNA + Meth 108 600

Figure 1: Experimental design and data modalities across cohorts. Overview of datasets and prepro-
cessing steps used in the benchmarking study. Data from AD, PSP, and BC were harmonized through
cleaning (duplicate removal, filtering, imputation, feature standardization) and modality-specific pre-
processing (e.g., variance filtering, ANOVA F-tests, FDR correction, correlation constraints, min-max
scaling, or log transformation). The experimental design combined multiple single-omics, dual-omics,

and triple-omics configurations.

The lower panel summarizes the number of samples and features

available for each omics modality and their combinations per cohort, highlighting the balanced yet
heterogeneous design of the benchmarking framework.

ture selection (Table 5). In AD, MLP achieved
the highest AUC (0.85 + 0.05) and a correspond-
ingly strong Fj score (0.73 %+ 0.05), closely fol-
lowed by L.Regression (AUC = 0.84 + 0.05, F; =
0.71 £ 0.05). Although MOGONET and MORE
reached moderate AUCs (0.81 £+ 0.03-0.04), they
maintained competitive F} scores around 0.74 +
0.03-0.05 due to balanced precision—recall behav-
ior. In contrast, D.Tree performed poorest overall
(AUC = 0.61 £ 0.08, F; = 0.56 £ 0.13).

In PSP, nearly all models achieved excellent dis-
crimination (AUC > 0.95), with MLP and SVM
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delivering consistently high Fj scores ( 0.98 +
0.02) and balanced accuracy. MORE achieved the
top AUC (0.99 £ 0.01) and perfect recall (1.00 +
0.00) but exhibited low precision (0.57 + 0.23),
which reduced its F; to 0.69 + 0.19. MOGONET,
by contrast, showed a sharp drop in both preci-
sion and recall, yielding an anomalously low F}
(0.29 £ 0.00) despite a relatively high AUC (0.89
+ 0.00), suggesting overfitting or miscalibration in
class probability outputs.

In BC, ceiling effects were observed across
nearly all classifiers. L.Regression, SVM, and



Analysis Workflow per Dataset

1 Feature Ranking by Simple Rank
(2) Ensemble Ranking (1) eature Ranking by Simple Ranker

Lasso Ridge RF Permutation Importance
Mean Rank I SHAP LIME XGBoost Permutation
Median Rank RF Gini Importance Mann-Whitney U SVM-RFE
XGBoost Gain ElasticNet Boruta T-Test
Geomean Rank
MORE MOGONET
MRA : g g
(3) Feature Selection From Each Ranked Lists
Stuart Rank
10 20 30 40 50 60 70 80 90 100 All
RRA
: (4) 5-Fold Cross (5) Biomarker Panel
Mean Weight - - . .
Validation Validation
Median Weight Random Forest XGBoost Human microRNA Disease Database
(HMDD, v4.0, 2025)
. Gradient Boost CatBoost
Max Weight Comparative Toxicogenomics
L. Regression AdaBoost Database (Release Aug 27 2025)
Geomean Weight
9 D.Tree MLP SVM GeneCards (Version 5.25)
TA Y, MORE MOGONET EWAS-ATLAS (v2025)

Figure 2: Analysis workflow per dataset. Schematic overview of the benchmarking pipeline applied to
each cohort. (1) Features were ranked using a diverse set of single rankers, including statistical tests (t-
Test, Mann—Whitney U), regularized models (LASSO, Ridge, Elastic Net), model-based importances
(Random Forest, XGBoost, Boruta, SVM-RFE), explainability-based scores (SHAP, LIME), and deep
learning—embedded rankers (MORE-Ranker, MOGONET-Ranker). (2) Ranked lists were aggregated
using ensemble methods such as mean, median, geometric mean, weighted schemes, robust rank ag-
gregation (RRA), and Stuart rank. (3) From each ranking, biomarker panels of varying sizes (10-100
features and full lists) were selected. (4) These panels were evaluated via 5-fold cross-validation using
a variety of traditional ML-based classifiers (D.Tree, L.Regression, Random Forest, Gradient Boost,
XGBoost, CatBoost, AdaBoost, SVM, MLP) and deep learning frameworks (MORE, MOGONET). (5)
Finally, selected panels were validated against external databases, including HMDD, CTD, GeneCards,
and EWAS-ATLAS, to assess biological relevance.

MORE achieved near-perfect performance with often deliver more stable and interpretable per-
AUCs between 0.98 and 1.00 and F} scores ranging formance, matching or surpassing complex models
from 0.96 to 1.00. Gradient-based ensemble mod- when no feature selection is applied.
els (e.g., XGBoost, CatBoost) also performed at
parity, with both AUC and F; > 0.97, indicating
minimal performance differentiation. MOGONET
slightly trailed with AUC 0.92 £ 0.00 and Fy 0.96  Applying feature selection led to consistent per-
£ 0.00 despite perfect recall, again hinting at po-  formance gains across all cohorts (Figure 3a).
tential imbalance handling issues. Mean Fi-scores increased notably when models
Taken together, these results demonstrate that were trained on subsets of top-ranked biomarkers
while deep integration models such as MORE rather than the full feature sets, reflecting the ben-
and MOGONET can achieve high AUCs, they efit of reducing noise and redundancy. The most
do not always translate these into equally strong pronounced improvements were observed in AD
F scores—particularly in smaller or less balanced and BC, where cross-validation stability was en-
cohorts. Conversely, traditional single-model ap- hanced and several traditional methods matched
proaches such as L.Regression, SVM, and MLP or outperformed more complex architectures once

Impact of feature selection
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Table 5: Baseline classification results across cohorts without feature selection. Performance is reported

for 11 models in triple-omics.

Cohort Model AUC Accuracy Precision Recall Fy Specificity NPV
L. Regression 0.84 +£0.05 0.73 £0.06 0.71 £0.08 0.71 +£0.06 0.71 +0.05 0.75 +0.10 0.76 £+ 0.05
Random Forest 0.78 = 0.04 0.70 & 0.04 0.67 +0.04 0.65 £ 0.09 0.66 £ 0.06 0.74 +£0.05 0.73 £+ 0.05
XGBoost 0.80 +£0.04 0.71 £0.04 0.68 £0.05 0.68 £ 0.08 0.68+0.05 0.73 £0.06 0.74 £ 0.05
D. Tree 0.61 +0.08 0.61 £0.07 0.55£0.09 0.59 +0.16 0.56 +0.13 0.63 £ 0.03 0.66 £ 0.07
Gradient Boost 0.79 £ 0.05 0.71 £0.05 0.67 £ 0.07 0.69 & 0.06 0.68 +£0.04 0.72+£0.09 0.74 £ 0.04
AD CatBoost 0.81 +£0.05 0.73 £0.05 0.71 £0.06 0.68 +0.08 0.69 +0.05 0.76 £ 0.09 0.75 £+ 0.05
AdaBoost 0.79 £ 0.06 0.73 £0.06 0.71 £0.06 0.67 +0.08 0.69 + 0.07 0.77 £ 0.05 0.75 £ 0.06
MLP 0.85 +0.05 0.74 £ 0.06 0.70 £0.07 0.74 £ 0.05 0.72 +0.06 0.73 £ 0.08 0.78 £ 0.05
SVM 0.81 +£0.04 0.72 £0.04 0.68 £0.02 0.71 +£0.13 0.69 +0.06 0.72 +£0.06 0.77 £ 0.07
MORE 0.81 £0.03 0.73 £0.05 0.70 £0.08 0.75 +£0.11 0.72+£0.05 0.72 £ 0.13 0.79 £ 0.06
MOGONET 0.81 +£0.04 0.76 £0.03 0.73 £0.05 0.75 +£0.06 0.74 £0.03 0.77 £0.06 0.79 £ 0.03
L. Regression 0.98 £ 0.03 0.94 £0.07 094 £0.06 0.99 £+ 0.02 0.96 +0.04 0.75+0.27 0.90 £ 0.20
Random Forest 0.92 £ 0.05 0.90 £ 0.07 0.91 £ 0.06 0.97 £0.03 0.94 £0.04 0.60 £0.30 0.85 £ 0.20
XGBoost 0.96 + 0.03 0.91 £0.06 0.92+0.06 097+ 0.03 0.94 +0.04 0.65+0.25 0.88 £ 0.15
D. Tree 0.64 +0.12 0.82 +£0.07 0.85+0.05 0.94 +0.08 0.89+0.04 0.35+0.25 0.57 £ 0.40
Gradient Boost 0.83 £ 0.15 0.88 £0.12 0.90 £ 0.09 0.96 = 0.05 0.93 + 0.07 0.55 £ 0.40 0.70 £ 0.40
PSP CatBoost 0.95 + 0.05 0.90 £ 0.05 0.89 +£0.05 1.00 & 0.00 0.94 +0.03 0.50 + 0.22 1.00 £ 0.00
AdaBoost 0.95+0.04 0.93 £0.08 0.95=+0.05 096+ 0.05 0.96=+0.05 0.80+0.19 0.85+ 0.20
MLP 0.97 £0.03 0.97 £0.03 0.97 £0.03 0.99 £ 0.02 0.98 +£0.02 0.90 £ 0.12 0.96 £ 0.08
SVM 0.98 +£0.02 0.93 £0.05 093 £0.04 099+ 0.02 0.96+0.03 0.70+0.19 0.93 £0.13
MORE 0.99 +£0.01 0.76 £ 0.19 0.57 £0.23 1.00 £ 0.00 0.69 +0.19 0.70 £ 0.24 1.00 £ 0.00
MOGONET 0.89 +0.00 0.75 £ 0.00 0.33 £0.00 0.25 4+ 0.00 0.29 +0.00 0.88 +0.00 0.82 + 0.00
L. Regression 1.00 £ 0.01 0.98 +£0.02 0.98 +0.03 0.98 +0.04 0.98 +£0.02 0.98 +£0.04 0.98 £ 0.03
Random Forest 1.00 £ 0.01 0.99 + 0.02 1.00 + 0.00 0.98 +0.04 0.99 +£0.02 1.00 +£0.00 0.98 £+ 0.03
XGBoost 0.97 +£0.04 0.97 £0.04 0.98 £0.04 0.97+0.04 0.97+0.04 0.98 +0.04 0.96 + 0.04
D. Tree 0.93 +0.08 0.93 +£0.08 0.94 +£0.05 0.91 +0.14 0.92+0.09 0.94+0.05 0.92 +0.11
Gradient Boost 0.98 £ 0.03 0.96 £ 0.03 0.98 £ 0.03 0.95 + 0.07 0.96 £ 0.04 0.98 £0.04 0.95 £ 0.06
BC CatBoost 1.00 £0.00 0.99 £ 0.02 1.00 4+ 0.00 0.98 +£0.04 0.99 £0.02 1.00£0.00 0.98 £ 0.03
AdaBoost 0.97 £ 0.04 0.96 £ 0.03 0.98 £0.03 0.95+ 0.07 0.96 + 0.04 0.98 +£0.04 0.95 £ 0.06
MLP 1.00 £ 0.01 0.98 +£0.02 0.98 +0.03 0.98 +0.04 0.98+£0.02 0.98 +0.04 0.98 £ 0.03
SVM 1.00 £ 0.01 0.99 £ 0.02 1.00 &£ 0.00 0.98 +0.04 0.99 +£0.02 1.00 £0.00 0.98 £+ 0.03
MORE 1.00 £ 0.00 0.95 + 0.00 0.91 +0.00 1.00 +0.00 0.95 + 0.00 0.91 +£0.00 1.00 £ 0.00
MOGONET 0.92 £ 0.00 0.95+0.00 0.92£0.00 1.00=+ 0.00 0.96 %+ 0.00 0.91 £ 0.00 1.00 =+ 0.00

dimensionality was reduced. PSP models, already
near ceiling without selection, showed modest but
still measurable gains in precision and Fi, sug-
gesting that targeted feature reduction can fine-
tune performance even in highly separable cohorts.
Overall, feature selection improved predictive ac-
curacy while also keeping simpler models competi-
tive, making the resulting biomarker panels easier
to interpret and more suitable for clinical use.

Effect of omics integration strategies

We next assessed the effect of single-, dual-, and
triple-omics integration strategies on predictive
performance (Figure 3b—c; Figure 4). Figures 3b—c
summarize the median of average cross-validation
Fi-scores across selector—classifier—panel size com-
binations, while Figure 4 shows the peak perfor-
mance achieved across omics configurations. To-
gether, these complementary perspectives cap-
ture both central trends and best-case out-
comes. Across all cohorts, predictive perfor-
mance improved progressively from single-omics
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to dual-omics and reached its highest levels
with triple-omics integration. In BC, all in-
tegration levels achieved near-ceiling medians
and maxima (0.95-1.0 across metrics), confirm-
ing that the dataset is highly separable regard-
less of modality configuration, though triple-
omics still achieved the most consistent top
scores. In PSP, single-omics models already
performed strongly, but integration—particularly
triple-omics—yielded small yet measurable gains
in precision and F} scores. AD showed the most
pronounced benefit from integration: performance
increased substantially when moving from single-
to dual-omics, and further improved under triple-
omics configurations, with the mRNA 4 methyla-
tion + miRNA combination consistently outper-
forming all alternatives. Overall, these results
demonstrate that predictive accuracy and stabil-
ity improve as the level of omics integration in-
creases, with triple-omics providing the most com-
prehensive and robust representation of the under-
lying biological signal, followed by dual-omics and
single-omics analyses.
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Figure 3: Benchmarking model performance across datasets, omics levels, models, and feature selection
strategies. (a) Comparison of mean Fl-scores with and without feature selection across AD, PSP, and
BC, showing consistent gains with feature selection. (b) Performance by data modality and integration
strategy, where triple-omics combinations frequently outperform other integrations. (c) Comparison of
single-omics, dual-omics, and triple-omics integration across cohorts, highlighting the balance between
information gain and noise. (d) Performance of individual machine learning models, where traditional
linear and tree-based methods remain competitive with deep learning approaches such as MORE
and MOGONET. (e) Impact of different feature selection rankers, showing that ensemble aggregation
strategies yield more stable and accurate results compared to single rankers. Collectively, these panels
demonstrate that while feature selection and judicious integration enhance performance, added model
complexity does not always translate to better outcomes.

Benchmarking across classifiers works (Figures 3d, 5b, 6). In the median F; com-
parison (Figure 3d), L.Regression, SVM, ensem-
ble tree models (AdaBoost, CatBoost), and MLP
consistently occupied the top tier across cohorts,
whereas D.Tree, Gradient Boost, MORE, and
MOGONET generally ranked lower with reduced

Classifier performance varied across cohorts and
integration strategies, but a consistent trend
emerged: traditional machine learning approaches
often matched or surpassed deep learning frame-
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Figure 4: Model performance across omics types and integration strategies. Performance metrics
(AUC, accuracy, F1, NPV, precision, recall, and specificity) are shown for the best-performing combi-
nations of feature selector, classifier, and panel size within each omics configuration, evaluated across
AD, PSP, and BC. Bars correspond to specific omics inputs (e.g., mRNA, miRNA, methylation,
proteomics, metabolomics, and their pairwise or three-way integrations). Results show that triple-
omics integration consistently achieved the highest overall performance, surpassing both single- and
dual-omics settings. Dual-omics configurations ranked second, offering a strong balance between com-
plementary information gain and model stability. These results emphasize that integrating multiple
omics layers enhances predictive robustness, with triple-omics providing the most comprehensive view
of underlying biological variation.

medians. This indicates that well-regularized lin-
ear /nonlinear baselines and MLP yield the most
reliable central performance, while the more spe-
cialized multiview methods do not confer a uni-
versal advantage.

Further insights come from the precision-recall
analysis in Figure 5b. Points closest to the top-

right corner correspond to classifiers achieving
the best balance between precision and recall.
MLP and L.Regression clustered near this frontier
across all three cohorts, with CatBoost and Gra-
dient Boost also performing strongly. AdaBoost
trailed slightly beneath this group, while D.Tree
formed a mid-tier cluster with moderate precision
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and recall. Random Forest, SVM, and XGBoost
generally occupied the upper-mid to upper-right
regions, reflecting high recall with somewhat lower
precision depending on the dataset. By contrast,
MORE and MOGONET consistently populated
the lower parts of the panels, indicating simulta-
neously weaker precision and recall across cohorts.

A more granular perspective is provided by Fig-
ure 6, which tracks classifier performance across
feature set sizes and multiple evaluation met-
rics (AUC, accuracy, F1, NPV, precision, recall,
and specificity) in BC, PSP, and AD. In BC,
nearly all classifiers achieved ceiling-level perfor-
mance across all metrics regardless of feature
number. Linear (L.Regression) and nonlinear
models (CatBoost, SVM, XGBoost, MLP) main-
tained mean values near 1.0 with minimal sen-
sitivity to panel size, underscoring the strength
of the dataset signal and suggesting that even
simple models with modest panels can achieve
near-perfect discrimination. By contrast, PSP
revealed greater variability. While AUC, accu-
racy, and F; scores generally stabilized above 0.9
across classifiers, specificity declined with larger
feature sets, especially in Gradient Boost and XG-
Boost. L.Regression, SVM, and MLP displayed
the most consistent profiles, maintaining balanced
sensitivity and precision with narrow fluctuations.
D.Tree, Gradient Boost, Random Forest, MORE,
and MOGONET lagged, with reduced precision
and specificity despite achieving moderate recall.
In AD, the most challenging cohort, feature set
size had a pronounced effect on model perfor-
mance. L.Regression, MOGONET, and MLP ex-
hibited steady improvements across all evaluation
metrics as biomarker panels expanded, with per-
formance plateauing around 50—60 features across
nearly all metrics. Tree-based ensembles deliv-
ered competitive recall but showed greater metric-
specific variability: Random Forest and XGBoost
achieved strong recall yet more modest precision.
These results highlight the influence of panel size
on predictive stability and emphasize the need for
balanced feature selection in noisy, multi-omics
Alzheimer’s data.

Collectively, these results demonstrate that
metric-specific behaviors are as important as over-
all accuracy. Precision and specificity tended to
degrade more rapidly with larger feature sets, par-
ticularly in PSP and AD, while recall remained
relatively stable. Traditional methods and MLP
consistently balanced these trade-offs, whereas
MORE and MOGONET struggled to maintain
parity across metrics. These findings highlight
the dual importance of parsimonious feature selec-
tion and classifier choice in multi-omics biomarker
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discovery, and caution against assuming that in-
creased model complexity alone yields superior re-
sults.

Performance comparison of feature selec-
tion strategies

We benchmarked 27 feature ranking methods, in-
cluding MORE and MOGONET, single rankers,
and ensemble aggregation approaches. Figure 3e
summarizes their mean F; score distributions
across cohorts. Ensemble-based selectors such as
geometric mean rank, mean rank, median rank,
median rank algorithm, Stuart rank, max weight,
median weight, and RRA rank achieved consis-
tently strong performance with high medians and
relatively narrow spreads. Several traditional se-
lectors, including t-Test, LASSO, Mann—Whitney
U, random forest importance (RF-FI), and XG-
Boost importance (XGB-FI), performed compa-
rably well, highlighting their continued compet-
itiveness. By contrast, LIME and the more
recent multiview-specific deep learning rankers
(MOGONET-Ranker, MORE-Ranker) exhibited
lower medians and broader variability, indicating
weaker and less stable performance. SHAP fell
into an intermediate category, outperforming the
weakest selectors but not matching the stability of
ensembles or top traditional methods.

Figure 5a presents precision—recall scatter plots
per selector, with points colored by cohort. The
apparent groupings are primarily cohort effects:
BC concentrates near the upper-right (high pre-
cision and recall), PSP forms an intermediate
band, and AD lies lower—especially on recall.
Against this backdrop, selectors differ mainly in
(1) the overall location of this three-cohort triad
and (ii) the spread between cohorts. FEnsem-
ble aggregators (e.g., mean/median/geometric-
mean rank/weight, RRA, Stuart) and strong tra-
ditional methods (t-Test, LASSO, Elastic Net,
RF-FI, XGB-FI, Boruta) place the triad higher
with tighter dispersion, whereas SHAP, LIME,
SVM-RFE, Ridge, Min Rank, Max Weight, MRA
show mid-level placement and wider spread. The
multiview rankers (MORE-Ranker, MOGONET-
Ranker) and TA tend to sit lower overall and ex-
hibit larger cohort gaps. Thus, the separation
visible in the figure reflects differences in cohort
separability rather than intrinsic clustering of se-
lectors; methods that both elevate the triad and
compress the BC-PSP—AD gap are the most ro-
bust.

Figures 7a—b illustrate how feature selectors in-
teract with classifiers and feature panel sizes. The
strongest selectors—including traditional statisti-
cal and model-based methods (t-Test, LASSO,
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Figure 5: Comparative performance of feature selection strategies and classifiers across cohorts. (a)
Precision-recall plots summarizing the trade-off between sensitivity (mean recall) and mean preci-
sion for different feature selection rankers across AD, PSP, and BC, showing that ensemble rankers
generally achieve better balance than single methods. (b) Similar precision—recall analysis across
classifiers, highlighting that tree-based ensembles (AdaBoost, XGBoost, CatBoost) and linear mod-
els (L.Regression, SVM, MLP) maintain competitive performance compared to deep learning models

(MORE, MOGONET).

Elastic Net, Ridge, Boruta, RF-FI, XGB-FI) and
ensemble aggregators (Mean Rank/Weight, Me-
dian Rank/Weight, Geomean Rank/Weight, Stu-
art, RRA)—consistently supported high F-scores
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across models and panel sizes. These selec-
tors enabled linear (L.Regression), kernel (SVM),
MLP, and ensemble tree classifiers (XGBoost,
Random Forest, CatBoost) to reach stable, near-
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Figure 6: Model performance across biomarker panel sizes in different cohorts. Performance metrics
(AUC, accuracy, F1, NPV, precision, recall, and specificity) as a function of the number of selected
features for AD, PSP, and BC. Curves represent different classifiers, including traditional linear models
(L.Regression, SVC), tree-based ensembles (Random Forest, XGBoost, CatBoost, AdaBoost, Gradient
Boost), multilayer perceptron (MLP), and deep learning—based methods (MORE, MOGONET). Across
cohorts and models, performance improves rapidly with small panels (10-30 features), reaches near-
optimal values by intermediate panel sizes (50-75), and shows limited gains beyond 100 features. These
results indicate that compact biomarker panels can capture most of the predictive signal, making them

both efficient and clinically feasible.

optimal performance across all cohorts. In con-
trast, weaker or less consistent selectors—such
as MORE-Ranker, MOGONET-Ranker, LIME,
SVM-RFE, and TA—produced lower F}-scores
and greater variability, particularly in AD. Even
strong classifiers like SVM and Gradient Boost
could not compensate for the poor feature sets
generated by these methods. Performance gains
generally plateaued around 50-60 features across
most models and cohorts, indicating that this
range balances information capture with redun-
dancy control. Ensemble and well-regularized se-
lectors maintained robustness across small and
large panels, while weaker methods exhibited
sharper declines and inconsistent stability. Collec-
tively, these results emphasize that selector quality
determines classifier potential, and that optimal
panel sizes should align with selector reliability to
ensure reproducible biomarker discovery.

Figure 8 compares selectors across cohorts,
stratified by ensemble versus single methods.
In BC, nearly all selectors—ensemble and sin-
gle alike—achieved ceiling-level performance (F;
1.0), reflecting the strong discriminative sig-
nal in this dataset. In PSP, ensemble se-
lectors generally concentrated at the top with
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consistently high mean F; values and tighter
spreads, though several traditional methods (t-
Test, LASSO, RF-FI, XGB-FI) performed equally
well, indicating redundancy of complex aggre-
gation in this cohort. In AD, however, differ-
ences were more pronounced: ensembles (e.g., Ge-
omean Rank/Weight, Median Rank/Weight, Stu-
art, RRA) clearly outperformed most single meth-
ods, which displayed wider variability and lower
means. Only a few single selectors (SHAP, Ridge,
LASSO, Elastic Net) approached ensemble-level
stability in this challenging dataset. Together,
these patterns show that while ensembles pro-
vide cross-cohort robustness, traditional single
rankers remain competitive in high-signal settings,
whereas noisy, heterogeneous data like AD reveal
the distinct advantage of consensus aggregation.

Together, these results demonstrate that en-
semble feature selection methods consistently out-
performed most individual rankers across cohorts,
panel sizes, and evaluation metrics (Figures 3e, ba,
7, 8). At the same time, traditional methods such
as t-Test, LASSO, and RF-FI remained among the
stronger single rankers, underscoring their contin-
ued relevance in biomarker discovery pipelines.

The similarity and divergence of feature selec-



tors across cohorts can be understood by combin-
ing the PCA clustering (Figures 9a—c) and UpSet
overlap plots (Figures 9d—f) with earlier bench-
marking results. Across all three cohorts, en-
semble rankers formed distinct clusters away from
single rankers in PCA space, indicating system-
atic differences in their selection behavior. In AD
and PSP, ensembles (Mean, Median, Geomean,
RRA, Stuart) occupied cohesive regions, while sin-
gle rankers such as SVM-RFE, SHAP, and Ridge
grouped more closely together, suggesting inter-
nally consistent selection patterns within each
class of methods. Deep learning—embedded se-
lectors (MORE-Ranker and MOGONET-Ranker)
consistently fell outside both the ensemble and
single ranker clusters, highlighting their tendency
to produce idiosyncratic feature sets that diverge
from consensus patterns.

The UpSet plots further emphasize these rela-
tionships by quantifying the number of features
uniquely selected by each method. In AD, inter-
sections were dominated by traditional selectors
such as XGB-FI, RF-PFI, and t-Test, which ex-
hibited large counts of unique features (up to 19
features selected exclusively by a single method),
indicating limited overlap with other selectors. In
contrast, ensemble rankers converged on smaller,
more coherent subsets, with very few unique fea-
tures (often fewer than four across cohorts), re-
flecting stronger agreement with other methods.
Similar patterns were observed in PSP, where tra-
ditional rankers displayed unique selections of up
to 23-24 features, while ensembles showed far
fewer distinct features, emphasizing their integra-
tive behavior. In BC, nearly all selectors showed
relatively low uniqueness due to the dataset’s
strong signal and separability, yet ensemble selec-
tors still maintained more balanced intersections
compared to the scattered and idiosyncratic pro-
files of weaker methods (e.g., LIME, TA, SVM-
RFE).

Together, these results confirm that while tra-
ditional single rankers (t-Test, LASSO, RF-FI,
XGB-FI) often behave similarly within their own
class but produce more method-specific feature
sets, ensemble aggregation enhances cross-method
consensus by identifying features shared across
diverse selection strategies. In contrast, spe-
cialized selectors such as LIME and deep learn-
ing—embedded rankers generate more divergent
outputs, reinforcing the conclusion that increased
methodological complexity does not necessarily
yield more convergent or interpretable selection
patterns. This convergence of evidence from PCA
and UpSet benchmarking highlights that ensem-
bles and top-performing traditional methods are

18

not only competitive but also systematically more
similar in their selections, whereas deep learn-
ing—based selectors consistently diverge from the
rest.

Comprehensive Analysis of Interactions
across Feature Selectors, Panel Sizes, Mod-
els, and Omics Levels

To systematically evaluate how feature selectors
interact with models, panel sizes, and omics
integration strategies, we generated heatmaps
summarizing maximum Fl-scores across selec-
tor—-model-omics and selector—panel size—omics
combinations. For each cohort (AD, PSP, BC),
biomarker panels of increasing size (K = 10-100)
were constructed from ranked feature lists pro-
duced by 27 different selection strategies, spanning
statistical tests, regularized regressors, tree-based
importance scores, wrapper methods, explain-
ability methods, and ensemble aggregation tech-
niques. Each panel was evaluated using 11 classi-
fiers covering linear, tree-based ensemble, kernel,
and deep learning paradigms, alongside the multi-
omics-specific models MORE and MOGONET.
Performance was averaged across cohorts, and
the maximum F1l-score was retained either per
selector—panel size-omics combination or per se-
lector—-omics—model combination. The resulting
heatmaps (Figures 11 and 10) provide a trivari-
ate view of how selectors align with model fami-
lies and panel sizes under different levels of omics
integration.

Across models and omics levels (Figure 10),
triple-omics achieved the highest Fi-scores
overall, followed closely by dual-omics, while
single-omics remained the weakest configuration.
The best-performing cells were concentrated
where ensemble selectors (Mean, Median, or
Geomean ranks; RRA; Stuart) paired with tra-
ditional classifiers such as L.Regression, SVM,
MLP, and CatBoost. In contrast, embedded
selectors (MORE-Ranker, MOGONET-Ranker)
formed a low-F; band across models, indicat-
ing poor alignment with both optimal model
families and informative omics combinations.
Notably, not only ensemble selectors but also
single methods such as LASSO, Ridge, and
Elastic Net achieved competitive or even higher
performances in several settings, though their

outcomes were less consistent across omics
levels. Overall, the strongest three-way as-
sociation ~was  Ensemble or single selector; <+

;traditional model; <>

; Multi-omics (Triple > Dual > Single), and
deviations from this synergy resulted in marked
performance drops. These patterns align with the
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Figure 7: Model performance across rankers, classifiers, and biomarker panel sizes in three cohorts. (a)
Mean Fl-scores of different classifiers (D.Tree, L.Regression, SVM, Random Forest, Gradient Boost,
AdaBoost, CatBoost, XGBoost, MLP, MORE, MOGONET) when paired with feature subsets gener-
ated by multiple rankers across AD, PSP, and BC. Ensemble rankers consistently improved classifier
performance compared to single rankers, with tree-based ensembles and linear models performing com-
petitively with deep learning frameworks. (b) Effect of biomarker panel size on Fl-score across rankers
and cohorts. Performance increased rapidly with small panels (10-30 features) and plateaued at larger
panel sizes, demonstrating that compact feature sets retain most predictive signal. Together, these
panels highlight the benefit of ensemble feature selection and compact biomarker panels across diverse
models and cohorts.
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Figure 8: Comparison of single and ensemble feature selection methods across cohorts. Mean F1-
scores for individual (single) rankers, ensemble aggregation methods, and embedded rankers from deep
learning frameworks (MORE, MOGONET) across BC, PSP, and AD datasets. Bars represent average
performance across classifiers and panel sizes. Ensemble methods such as Mean Weight, Geomean
Weight, TA, RRA, and Stuart consistently achieved strong and stable performance across cohorts.
Regularized single methods like Elastic Net, LASSO, and Ridge also performed competitively, par-
ticularly in BC, where the distinction between ensemble and single rankers was most pronounced.
In contrast, deep learning-embedded rankers (MORE, MOGONET) did not consistently outperform
either group, underscoring the reliability of aggregation-based and regularized feature selection strate-

gies.

broader benchmarking trends, where ensemble-
and regression-based selectors demonstrated
greater stability and interpretability compared to
deep-learning rankers.

F1 values increased sharply from K =~ 10 to
K =~ 30-60 and then plateaued (Figure 11), show-
ing a positive correlation with panel size that satu-
rated, particularly in dual-omics, which displayed
the densest block of near-ceiling Fl-scores across
selectors. Single-omics exhibited a stronger depen-
dence on K, with low scores at small K and mod-
erate gains at mid K, while triple-omics showed
broader variance across K, reflecting sensitivity
to redundancy and noise. Ensemble selectors were
least sensitive to K, maintaining high F1-scores
across the full range, whereas weaker or embed-
ded selectors showed earlier plateaus and reduced
slopes. The favorable tri-variate regime emerged
as: ensemble selector <> dual-omics <> mid-sized
panels (K =~ 30-60). Expanding K beyond 60
provided little additional gain and in some cases
reduced stability, consistent with the broader anal-
ysis that compact panels capture most relevant
signal and that dual-omics balances information
and noise.
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The strongest tri-variate correlations consis-
tently converged on the same corner: ensemble ag-
gregation combined with traditional models, eval-
uated in triple-omics settings with mid-sized pan-
els. This is where similarity, stability, and peak
F1 coincided, whereas embedded selectors, single-
omics, and very small or very large K systemati-
cally underperformed or exhibited unstable behav-
ior.

Biological validation of discovered biomark-
ers

Here’s a concise rewrite that covers all four figures
without going deep into specifics:

We quantified biological plausibility as true
positives (TPs)—the overlap between the top-k
selected biomarkers and the top-1000 entries from
external databases (HMDD, CTD-pathways,
CTD, GeneCards, EWAS-ATLAS)—for
k € {10,30,50,100} (Figures 13-16). Across
feature selectors, ensemble methods (Geom.
Mean (rank/weight), Mean/Median (rank), Stu-
art, RRA) consistently achieved the highest TP
counts, with strong traditional rankers (t-test,
LASSO, RF-FI, XGB-FI, SVM-RFE) often close
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Figure 9: Selector Similarity and Divergence. We evaluated the relationships between feature
selectors using PCA and UpSet analyses, where similarity reflects the degree of feature overlap or
clustering proximity among rankers, and divergence indicates systematic differences in their selection
behavior. Panels Panels (d—f) show UpSet plots of feature intersections across different rankers for
AD, PSP, and BC, respectively, computed using the top 30 features selected by each method. While
individual rankers selected highly variable feature sets, ensemble methods consistently identified over-
lapping subsets, reflecting greater methodological coherence within each cohort. This is evident from
the fact that most ensemble methods do not appear on the UpSet plot’s y-axis among top selectors with
unique feature sets, indicating that their selections largely overlap with one another rather than being
distinct. Panels (a—c) show principal component analysis (PCA) of feature selection rankers across
cohorts. Each profile encodes the union of top-k features (kK = 10-100) as binary presence/absence
vectors. (a) AD: PC1 = 12.7%, PC2 = 11.3%. (b) PSP: PC1 = 13.9%, PC2 = 12.6%. (c) BC: PC1
= 15.4%, PC2 = 12.6%. Across all cohorts, ensemble rankers cluster separately from single rankers,
while deep learning—embedded rankers (MORE, MOGONET) occupy distinct positions, highlighting
systematic divergence in selection behavior.

behind; methods such as LIME, TA, MOGONET- gains. Increasing k raised absolute TP counts
Ranker, and MORE-Ranker generally validated and slightly compressed between-method gaps,
less. Across omics strategies, single-omics (top but the qualitative ordering—and the advantage
panels) showed the lowest recoveries, while of multi-omics integration—remained consistent
dual-omics (middle) and especially triple-omics across all four figures.

(bottom) yielded higher overlap across databases.

Cohort differences were evident but stable across In this study, we adopt a data-driven defini-
cutoffs: BC (green) typically attained the highest tion of biomarker discovery, referring to the iden-
absolute TPs (including CpG validations), AD tification of molecular features that robustly dis-
(blue) benefited most in miRNA-based validation criminate between disease and control samples

(HMDD), and PSP (orange) showed moderate within each omics layer. This definition aligns
with the analytical phase of biomarker research,
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Figure 10: Heatmap of maximum Fj-scores for selector—omics level-model combinations.
Maximum Fj-scores are reported for each selector—omics level pairing after averaging performance
across cohorts and taking the best score across panel sizes. Rows correspond to feature selection strate-
gies (single rankers, ensemble rankers, and embedded rankers from MORE and MOGONET), while
columns represent classifiers spanning linear, tree-based ensemble, and deep learning models. Each
cell reports the maximum Fj-score achieved for a given selector-omics configuration across models.
Triple-omics integration consistently delivers the strongest and most stable performance, surpassing
both single- and dual-omics settings across most selectors and classifiers. Ensemble rankers combined
with traditional classifiers (e.g., L.Regression, MLP, SVM) achieve results comparable to or even ex-
ceeding those of deep learning models, underscoring their efficiency and interpretability. In addition,
single regularized methods such as LASSO, Ridge, and Elastic Net also achieved competitive or higher
Fi-scores in several settings, though with slightly lower consistency across omics levels. Dual-omics con-
figurations remained competitive—particularly with L.Regression, SVM, and MLP—yet triple-omics
consistently outperformed when the model architecture and constraints were held constant. These
findings highlight that the synergistic information captured through triple-omics integration markedly
enhances predictive robustness, while both ensemble and regularized feature selection methods remain
key drivers of high model performance.

where computational models prioritize disease- tissue-derived molecular signatures into accessible
associated molecules based on reproducibility and biofluid biomarkers. Such complementary stud-
predictive value, rather than immediate clini- ies support the view that multi-omics profiling in
cal applicability. Following the classical frame- postmortem tissue can inform the search for pe-
work of biomarker classification [57], our find- ripheral correlates of neurodegenerative processes.
ings should be interpreted as molecular signatures

of disease derived from postmortem tissue (AD . . i
and PSP) and tumor tissue (BC). While these Cross-Omics Biomarkers Identified per Co-

signatures provide valuable insight into disease hort

mechanisms and may guide future development
of accessible biomarkers in biofluids (e.g., blood
or CSF), the current analyses focus on compu-
tational prioritization within affected tissue con-
texts. Recent large-scale efforts, such as the blood- ;.4 yank heatmaps (Tables 6, 7, 8; Figures 17,
based molecular atlas of Alzheimer’s disease [58], 19, and 18) summarize the consistency and sta-
further emphasize the importance of translating bility of identified features. To focus on repro-

Across cohorts, our framework revealed both val-
idated and novel biomarker candidates repro-
ducibly prioritized across multiple omics levels and
feature selection strategies. Selection frequencies
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Figure 11: Heatmap of Maximum F1-Scores for Selector-Panel Size Combinations Across Omics In-
tegration Levels. Maximum F1-scores are reported for selector—panel size—omics level combinations
after averaging performance across cohorts. Rows correspond to different omics integration settings
(single-omics, dual-omics, and triple-omics with panel sizes K = 10-100), while columns represent fea-
ture selection strategies (single rankers, ensemble aggregators, and embedded rankers from MORE and
MOGONET). Each cell displays the best F1-score achieved at the model level for a given selector—omics
configuration. Triple-omics integration consistently yields the strongest and most stable performance,
particularly when combined with ensemble-based rank aggregation. Dual-omics configurations achieve
moderate improvements, while single-omics setups remain more variable—highlighting the progressive
benefit of multi-layer data fusion for biomarker discovery.

ducible signals, we restricted the lists to markers
that appeared among the top 10 ranked features
in at least 20 distinct rankers. For each candi-
date, the tables report the omics levels in which
it was selected, the number of rankers supporting
its inclusion (N), and the total frequency of top-
10 appearances across omics settings. The corre-
sponding heatmaps display the same set of fea-
tures, showing their minimum rank (achieved at
each omics level) across all rankers, thereby com-
plementing the frequency-based summaries with a
visual representation of ranking stability.

In AD, miRNAs emerged as particularly sta-
ble cross-omics markers. hsa-miR-129-5p and
hsa-miR-132 were selected by 22 rankers with
the highest frequencies (83 and 80, respec-
tively), consistent with their strong prior ev-
idence in AD-related synaptic regulation and
neuroinflammation. ~ Other validated miRNAs
such as hsa-miR-29a and hsa-miR-146b-5p also
ranked highly, alongside novel signals like hsa-
miR-885-5p, which showed robust reproducibil-
ity across rankers. Several mRNAs (APLN,
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PPDPF, PLEKHM2, MEIS3, CCDC69, SPACAG)
were consistently identified, some with previ-
ous links to AD pathology, while others remain
poorly characterized. Importantly, CpG methyla-
tion sites (cg06690548, cgl12981137, cgl9832721,
cgl6003238, ¢g22442730) formed a reproducible
block of epigenetic candidates, underscoring
the contribution of DNA methylation to AD-
associated regulatory disruption. Together, these
findings demonstrate the ability of ensemble fea-
ture selection to recover both known AD biomark-
ers and underexplored regulatory signals across
omics layers.

In PSP, metabolite signals were dominant, re-
flecting strong metabolic dysregulation. Highly
ranked metabolites included trimethylamine N-
oxide (TMAO), a known neuroinflammatory
marker, along with 1-linoleoyl-GPC (18:2),
stachydrine, trigonelline, salicylate, and 1-methyl-
5-imidazoleacetate, which were selected with high
frequency across rankers and omics levels. Pro-
tein markers such as TBCK, ANKRDI11, and
PPT1 were also reproducibly prioritized, with
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Figure 12: Heatmap of Maximum F1-Scores for Model-Omics Level-Panel Size Combinations. Maxi-
mum F1-scores are reported for each omics level-panel size—classifier combination after averaging per-
formance across cohorts and selecting the maximum across feature selectors. Rows represent machine
learning classifiers spanning linear (L.Regression), kernel-based (SVM), ensemble tree-based (Ran-
dom Forest, XGBoost, CatBoost, AdaBoost, Gradient Boost), deep learning models (MLP, MORE,
MOGONET), and a D.Tree baseline. Columns correspond to omics integration strategies (single-omics,
dual-omics, and triple-omics at panel sizes K = 10-100). Each cell displays the best Fl-score achieved
for a given panel size-model-omics configuration. Triple-omics integration consistently yielded the
strongest overall performance, with traditional classifiers (e.g., L.Regression, Random Forest, XG-
Boost) achieving robust results across panel sizes. Single-omics exhibited greater variability, whereas
dual-omics occasionally reached peak scores but less consistently than triple-omics.

PPT1 aligning with known lysosomal dysfunction
in neurodegeneration. Several novel candidates,
including ARHGAP19-SLIT1, ARHGAP35, and
ASAHI1, were consistently ranked but have lim-
ited prior evidence in PSP, suggesting new direc-
tions for functional validation. The integration
of metabolomics and proteomics proved especially
effective in uncovering reproducible signals, high-
lighting the relevance of metabolic-lysosomal in-
teractions in progressive supranuclear palsy dis-
ease pathology.

In BC, both miRNAs and mRNAs were ro-
bustly recovered, with strong overlap with estab-
lished oncogenic drivers. Validated candidates
such as hsa-miR-21-5p, hsa-miR-139-5p/3p, hsa-
miR-141-3p, COL10A1, MMP11, and FIGF were
consistently prioritized, confirming the frame-
work’s ability to detect well-characterized can-
cer biomarkers. At the same time, several
mRNAs lacking strong prior association with
breast cancer (PPP1R12B, LRRC3B, TMEM220,
PPAPD1C1A, HSD17B6, ADAMTS5, SDPR,
SPRY2) were reproducibly selected across rankers,
highlighting potential novel players in BC biol-
ogy. Similarly, CpG sites such as cg26353877,
€g23290344, and cgl11052143 repeatedly achieved
top rankings, despite limited prior characteri-
zation, suggesting unexplored epigenetic signals.
These results emphasize how multi-omics integra-
tion not only validates known oncogenic path-
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Table 6: AD summary table of reproducible cross-
omics biomarkers.

Feature FeatureType OmicsLevel Selection Frequency — N(Selectors)
¢g06690548 Meth Single+Dual+Triple 37 20
cgl2981137 Meth Single+Dual+Triple 35 17
cg12845808 Meth Single+Dual 34 21
cg19832721 Meth Single+Dual+Triple 33 18
¢g16003238 Meth Single+Dual+Triple 32 18
©g22442730 Meth Single+Dual+Triple 29 17
cg12864235 Meth Single+Dual 24 16
24765079 Meth Single+Dual+Triple 20 16
02489552 Meth Single+Dual+Triple 20 13
APLN mRNA Single+Dual+Triple 51 18
CCDC69 mRNA Single+Dual+Triple 47 17
PPDPF mRNA Single+Dual+Triple 43 17
SLC6A12 mRNA Single+Dual+Triple 42 16
PTPRF mRNA Single+Dual+Triple 36 18
MEIS3 mRNA Single+Dual+Triple 34 14
CNN3-DT mRNA Single+Dual 33 18
PLEKHM2 mRNA Single+Dual+Triple 32 17
RPL29 mRNA Single+Dual+Triple 32 14
QDPR mRNA Single+Dual+Triple 24 15
SPACAG6 mRNA Single+Dual+Triple 21 14
hsa-miR-129-5p  miRNA Single+Dual+Triple 83 22
hsa-miR-132 miRNA Single+Dual+Triple 80 22
hsa-miR-885-5p ~ miRNA Single+Dual+Triple 55 20
hsa-miR-29a miRNA Single+Dual+Triple 37 22
hsa-miR-146b-5p miRNA Single+Dual+Triple 27 15
hsa-miR-99a miRNA Single+Dual+Triple 23 12
hsa-miR-129-3p miRNA Single+Dual+Triple 22 19

ways but also systematically identifies repro-
ducible novel features across data modalities.

Together, these analyses show that ensem-
ble ranking consistently recovers disease-relevant
biomarkers across AD, PSP, and BC, while also
revealing reproducible novel features that warrant
further experimental investigation.
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Figure 13: External validation (Top-10 cutoff). Bars show overlaps with curated disease-associated
features in HMDD (miRNAs), CTD-pathways, CTD, GeneCards, and EWAS-ATLAS across single-,
dual-, and triple-omics for AD, PSP, and BC. Integration increases validation, most clearly in CTD-

pathways; ensembles are consistently strong.

4 Discussion

In this study, we systematically benchmarked 27
feature ranking methods, multiple classifiers, and
diverse omics integration strategies across three
heterogeneous cohorts: AD, PSP, and BC. By
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evaluating both predictive performance and bi-
ological validation, we provide a comprehensive
assessment of how methodological choices influ-
ence the discovery and robustness of candidate
biomarkers.

Our results demonstrate that model complexity
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Figure 14: External validation (Top-30 cutoff). Dynamic range widens; CTD-pathways and EWAS-
ATLAS show pronounced gains; qualitative ordering of methods persists with ensembles leading.

is not necessarily synonymous with improved pre-
dictive power. Traditional classifiers—including
L.Regression, support vector machines, ensem-
ble tree-based approaches (Random Forest, XG-
Boost, CatBoost), and multilayer perceptrons
(MLPs)—consistently matched or outperformed
multiview deep learning methods such as MORE
and MOGONET (Figures 10). This was partic-

—~

ularly striking in BC, where nearly all classifiers
reached ceiling-level performance (Figure 6), in-
dicating that high-quality single- or dual-omics
signals can be effectively captured with relatively
simple models. In contrast, more complex frame-
works often exhibited lower medians and broader
variability, underscoring the challenges of train-
ing deep models in high-dimensional, low-sample
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Figure 15: External validation (Top-50 cutoff). Broad uplift across cohorts; between-method gaps
narrow slightly; dual/triple-omics remain strongest.

omics settings.

Feature selection emerged as a critical driver
of performance and interpretability. Ensemble-
based rank aggregation methods—including Ge-
omean (Rank and Weight), Median and Mean
Ranks, Median and Mean Weight, Stuart, TA,
and RRA—consistently produced the most sta-
ble and accurate biomarker panels Figures 10-11).

~—
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Importantly, several traditional selectors such
as LASSO, Elastic Net, Ridge, and SHAP re-
mained highly competitive, reinforcing their con-
tinued relevance in biomarker pipelines. By con-
trast, weaker selectors (e.g., Boruta, MOGONET-
Ranker, MORE-Ranker) showed lower and less
stable performance across cohorts and panel sizes.
These findings highlight that robust ensemble
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Figure 16: External validation (Top-100 cutoff). High absolute counts with partial saturation; inte-
grative advantage and method hierarchy maintained.

ranking strategies not only mitigate the instability
of single methods but also facilitate reproducibil-
ity across heterogeneous cohorts.

Omics integration strategies further shaped out-
comes. Across median and maximum perfor-
mance comparisons, dual-omics configurations fre-
quently outperformed single-omics, providing the
optimal balance of predictive accuracy and gener-
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alization. For example, combining miRNA with
DNA methylation in AD and mRNA with pro-
teomics in PSP improved discrimination relative
to single-omics and approached the performance of
corresponding triple-omics settings. Nonetheless,
triple-omics retained the overall maximum perfor-
mances across all feature selectors, panel sizes, and
most models (Figures 10-11). These results indi-
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Figure 17: Rank heatmap for AD. Feature ranking stability across multiple selection methods in
AD. Rows represent candidate microRNAs, genes, and CpG methylation sites, while columns denote
rankers grouped into single and ensemble methods. Each cell displays the rank assigned by that
ranker to that feature. Smaller numeric ranks indicate higher importance (top-ranked). Among the
consistently top-ranked features, validated biomarkers such as hsa-miR-129-5p, hsa-miR-132, hsa-miR-
146b-5p, ARRDC2, PLEKHM2, and PPDPF overlapped with known Alzheimer’s disease associations.
In contrast, novel candidates, including hsa-miR-885-5p, APLN, CCDC69, SPACA6, MEIS3, and
CNN3-DT were robustly prioritized across rankers but remain underexplored in AD. Similarly, several
CpG methylation sites (cgl12981137, cg22442730, cgl6003238, cgl9832721, cgl2864235) were repeat-
edly ranked highly despite limited prior evidence, suggesting underexplored epigenetic contributions.
Together, the heatmap demonstrates the ability of ensemble ranking to recover known AD biomarkers
while highlighting reproducible, potentially novel candidates across molecular layers.

Table 7: PSP summary table
cross-omics biomarkers.

of reproducible

Feature FeatureType  OmicsLevel Selection Frequency ~ N(Selectors)
N-acetyl-3-methylhistidine™ Metab Single+Dual+ Triple 90 23
stachydrine Metab Single+Dual+Triple 88 23
I-linoleoyl-GPC (18:2) Metab Single+Dual+Triple 84 24
T-methyl-5-imidazolelactate Metab Single+ Dual+Triple 80 24
e (N-methylnicotinate) ~ Metab Single+Dual+ Triple 73 20

ide Metab Single+Dual+ Triple 63 22
L-methyl-5-imidazoleacetate Metab Single+Dual+Triple 60 18
1.2-dilinoleoyl-GPC (18:2/18:2)  Metab Single+Dual+Triple 36 18
12-HHT'E Metab Single+ Dual+ Triple 2 17
salicylate Metab Single-+ Dual+ Triple 23 15
2-methylserine Metab Single+Dual+ Triple 20 15
TBCK Prot Single+Dual+Triple 58 22
NTN5 Prot Single+Dual+ Triple 37 18
ANKRDI1 Prot Single+ Dual+ Triple 35 17
ARHGAP19-SLIT1 Prot Single+Dual+Triple 30 17
ARHGAP35 Prot Single-+ Dual+ Triple 27 2
E9PIMG mRNA Single+Dual 4 23
PPTL mRNA Single+Dual 34 21
LIPA4 mRNA Single+Dual+Triple 30 15
PCP mRNA Single+Dual 2 20
ASAHIL mRNA Single+Dual 21 20

cate that while multi-omics integration can yield
synergistic gains, the benefits depend strongly on
cohort-specific sample size balance and modality
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quality, echoing prior concerns that indiscriminate
addition of modalities may introduce noise or re-
duce sample coverage, thereby hindering general-
ization. In contrast, BC was barely affected by the
omics integration level, with nearly all configura-
tions reaching ceiling-level performance.

Our results caution against over-engineering.
Deep learning models such as MORE and
MOGONET, while theoretically powerful, im-
posed heavy computational costs and often failed
to outperform well-regularized traditional classi-
fiers such as L.Regression, SVMs, or Random
Forests. In many instances, ensembles of single
rankers, including Mean/Median Weight/Rank,
and RRA, provided greater stability than single
deep-embedded rankers. Given the modest cohort
sizes of typical omics studies, introducing architec-
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Figure 18: Rank heatmap for PSP. Feature ranking stability across multiple selection methods in
PSP (progressive supranuclear palsy, PSP). Rows represent candidate mRNA, proteins, and metabo-
lites, while columns denote rankers grouped into single and ensemble methods. Each cell displays the
rank assigned by that ranker to that feature; smaller numeric ranks indicate higher importance (top-
ranked). Consistently top-ranked features included validated metabolites and genes with prior neu-
rological relevance, such as trimethylamine N-oxide (TMAO) (neuroinflammation), ANKRD11 (chro-
matin regulator), and PPT1 (lysosomal enzyme). At the same time, several novel candidates emerged,
including genes like TBCK, ARHGAP19-SLIT1, ARHGAP35, and ASAH1, as well as metabolites
such as stachydrine, trigonelline, salicylate, 1-methyl-5-imidazoleacetate, 2-methylserine, 12-HHTYE,
and 1-linoleoyl-GPC (18:2), which were reproducibly prioritized but remain poorly studied in PSP.
Together, the results highlight both the recovery of known disease-linked features and the discovery of
reproducible, underexplored candidates across omics layers.

tural complexity without large-scale training data
risks overfitting, reduced reproducibility, and di-
minished interpretability.

Our validation analyses consistently show that
integrating multiple omic layers concentrates bi-
ologically meaningful signal. Moving from single-
omics to dual- and then triple-omics yields a clear,
stepwise increase in true-positive (TP) overlap
with curated resources, even though the fixed per-
panel quota forces each modality to contribute
fewer features under integration. This pattern ar-
gues against simple quota or “more-of-one-omic”
effects. Dual-omics can, in principle, benefit from
repeat appearances of the same biology across two
layers, but triple-omics does not—features appear
once—yet it still achieves many of the strongest
recoveries. The most parsimonious interpreta-
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tion is that cross-omics prioritization filters out
idiosyncratic, modality-specific noise and enriches
for shared, disease-relevant biology.

Methodologically, the selector hierarchy is
stable across databases, cohorts, and cutoffs
k € {10,30,50,100}. Ensemble aggrega-
tions—both rank-based (Mean/Median/Geomean

of ranks; Stuart; RRA) and weight-
based (Mean/Median/Geomean of  impor-
tances)—counsistently occupy the top tier.

Strong traditional rankers (e.g., t-Test, LASSO,
Ridge/Elastic Net, SVM-RFE, RF-FI, XGB-FI)
are often competitive and typically form the next
band. Methods such as LIME, TA, MOGONET-
Ranker, and MORE-Ranker tend to wvalidate
less across settings. Increasing k raises absolute
TP counts and modestly narrows gaps among
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Figure 19: Rank heatmap for BC. Feature ranking stability across multiple selection methods in BC
(breast cancer). Rows represent candidate features (microRNAs, genes, and CpG methylation sites),
while columns denote individual rankers grouped into single and ensemble methods. Each cell displays
the rank assigned by that ranker to that feature; smaller numeric ranks indicate higher importance
(top-ranked). Among the consistently top-ranked features, validated biomarkers such as hsa-miR-
21-5p, hsa-miR-139-5p/3p, hsa-miR-96-5p, COL10A1, MMP11, and FIGF overlapped with known
breast cancer associations. In contrast, novel candidates including PPP1R12B, LRRC3B, TMEM220,
PPAPDCI1A, HSD17B6, ADAMTS5, SDPR, and SPRY2 were robustly prioritized across rankers but
lack strong prior evidence in BC. Similarly, several CpG sites (cg23290344, cg26353877, cg25691167,
cgl11052143, cgl5700197) were repeatedly ranked highly yet remain underexplored in breast cancer.
Together, the heatmap demonstrates the ability of ensemble ranking to recover known BC biomarkers
while highlighting reproducible, potentially novel candidates across molecular layers.

methods, but the qualitative ordering remains
unchanged, indicating that conclusions are not
sensitive to the exact cutoff.

The choice of external resource shapes both
the dynamic range and interpretability of wval-
idation. CTD-pathways is the most discrim-
inative readout: it shows the largest absolute
gains under integration and cleanly separates
methods, consistent with the idea that conver-
gent signals across layers project strongly at the
pathway level. HMDD (miRNA-disease) and
GeneCards (gene associations) display steadier,
narrower ranges yet still benefit from multi-omics,
with fewer zeros and more selectors above base-
line. CTD gene—disease associations are com-
paratively conservative—many methods score low
under single-omics—but dual/triple-omics reduces
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zeros and lifts the mid-range, again pointing
to cross-omics concentration rather than quota
reshuffling. EWAS-ATLAS is cohort-limited yet
consistently rises with integration, underscoring
that methylation-anchored signals are not excep-
tions to the trend.

Cohort effects persist but follow a coherent
pattern. BC generally achieves the highest ab-
solute TP counts—especially in CTD-pathways
and CpG validations—suggesting that disease con-
text and data richness interact favorably with
multi-omics integration. AD benefits most in
miRNA-based validation (HMDD), aligning with
the strengths of its available modalities, and still
gains from integration elsewhere. PSP shows
moderate but consistent improvements with fewer
dramatic shifts. These differences likely reflect



Table 8: BC summary table of reproducible cross-
omics biomarkers.

Feature FeatureType OmicsLevel Selection Frequency — N(Selectors)
cg15700197 Meth Single+Dual+Triple 54 19
€g23290344 Meth Dual+Triple 33 19
cg21504624 Meth Single+Dual 23 20
cg11052143 Meth Single+Dual 23 17
€g25691167 Meth Single+Dual+Triple 22 19
cg26353877 Meth Dual+Triple 20 15
COL10A1 mRNA Single+Dual+Triple 72 24
MMP11 mRNA Single+Dual+Triple 57 24
LRRC3B mRNA Single+Dual+Triple 53 22
FIGF mRNA Single+Dual 37 17
CD300LG mRNA Single+Dual+Triple 36 19
SPRY2 mRNA Single+Dual 33 19
PPAPDC1A mRNA Single+Dual+Triple 28 14
HSD17B6 mRNA Single4+Dual+Triple 27 22
ADAMTS5 mRNA Single+Dual+Triple 26 19
PPP1R12B mRNA Dual+Triple 26 16
TMEM220 mRNA Single+Dual+Triple 23 12
SDPR mRNA Single+Dual 21 15
CPA1 mRNA Single4+Dual+Triple 20 16
CA4 mRNA Single+Dual+Triple 20 14
hsa-miR-21-5p miRNA Single+Dual+Triple 69 24
hsa-miR-139-5p ~ miRNA Single4+Dual+Triple 35 20
hsa-miR-96-5p miRNA Single+Dual+Triple 32 21
hsa-miR-10b-5p  miRNA Single+Dual+Triple 31 19
hsa-miR-183-5p ~ miRNA Single+Dual+Triple 28 20
hsa-miR-139-3p  miRNA Single+Dual+Triple 28 18
hsa-miR-1307-5p miRNA Single+Dual+Triple 24 19

cohort-specific biology, platform composition, and
depth per modality rather than instability of the
selection strategies.

The convergence of results across four cutoffs
strengthens the robustness of our conclusions. At
k=10, integration already confers clear advan-
tages; by k=30 and k=50, dynamic ranges widen
and method ordering becomes more evident; at
k=100, absolute counts grow and some panels ap-
proach saturation, yet the integrative advantage
and selector hierarchy persist. Thus, our find-
ings hold across stringent to permissive thresholds,
suggesting they are not artifacts of one particular
operating point.

Two caveats merit mention. First, while dual-
omics can occasionally benefit from cross-layer
repeat hits, the strong performance of triple-
omics—where features are unique—indicates that
repeatability alone cannot explain the gains. Sec-
ond, database coverage and curation depth vary
by resource and disease area, so validation magni-
tudes should be interpreted as lower bounds on bi-
ological plausibility rather than exhaustive truth.
Within these limits, the consistency across re-
sources, cohorts, and k strongly supports the cen-
tral claim.

Practically, these results recommend multi-
omics pipelines that (i) integrate across layers, and
(ii) employ ensemble aggregation to enhance sta-
bility and biological recovery. Such designs pro-
duce panels that are not only predictive but also
align with established knowledge bases, increasing
confidence that shortlisted markers capture shared
disease mechanisms. Detailed examination of val-
idated and putatively novel features—especially
those repeatedly prioritized across modalities and
databases—offers promising candidates for mech-
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anistic follow-up and translational evaluation.

Possible explanations for higher counts
in CTD-pathways. We note that the path-
way reference used for CTD-pathways was con-
structed by performing pathway enrichment with
g:Profiler on the transcriptomics cohort (when
available).  This procedure can yield a larger
set of candidate pathways than a fixed, manu-
ally curated threshold, thereby increasing the op-
portunity for overlaps (higher TP counts). In
addition, (i) enrichment often returns families
of highly overlapping pathways (parent—child or
near-duplicate gene sets), effectively multiplying
match opportunities; (ii) pathway-level validation
aggregates signal across multiple genes, so cross-
omics prioritization may concentrate on shared
mechanisms that map more readily to pathways
than to individual genes; and (iii) cohort-specific
choices in multiple-testing control (e.g., FDR),
background gene universe, and database cover-
age can further expand the validated pathway
set. Collectively, these factors can inflate abso-
lute counts in the CTD-pathways panel relative
to gene-level resources, without altering the qual-
itative ordering of methods or the observed inte-
grative advantage.

In AD, our benchmark highlighted a set of
reproducible miRNA markers, including miR-
132, miR-129-5p, miR-146b-5p, and miR-29a,
which have all been implicated in synaptic
regulation, inflammation, and neurodegenera-
tion  [59][60][61][62][63][64][65][66][67][68][69][70].
These findings reinforce their credibility as
diagnostic anchors. In parallel, miR-885-5p
emerged as a robust but underexplored candidate,
warranting follow-up.  Several genes (APLN,
PPDPF, MEIS3, CCDC69, SPACA6) and CpG
loci  (cg06690548, cgl2981137, ¢gl9832721,
cgl6003238, cg22442730) were also consistently
ranked, with many lacking extensive prior study
in AD, underscoring their novelty.

In PSP, metabolite features dominated.
Trimethylamine N-oxide (TMAO) was prioritized
and aligns with prior evidence linking it to
cognitive decline and inflammation [71][72][73].
Trigonelline, stachydrine, and salicylate also
surfaced, consistent with experimental reports
of neuroprotective or anti-inflammatory activity
[74][75][76][77][78]. Among proteins, PPT1—a
lysosomal enzyme—confirmed known links to
neuronal morphology and function [79] and the
necessity of depalmitoylation in synaptic plas-
ticity [80]. Meanwhile, ANKRD11 and TBCK
represented less-characterized but reproducibly
high-ranked signals. Genes such as ASAH1 and



ARHGAP family members (e.g., ARHGAP19-
SLIT1, ARHGAP35) also emerged as novel
leads, with mechanistic plausibility through lipid
metabolism and neuronal signaling pathways.

In BC, familiar miRNA and mRNA drivers were
consistently recovered. hsa-miR-21-5p is a well-
known oncomiR that promotes proliferation, inva-
sion, and immune evasion in breast tumors, in part
via PTEN/TIMP3 pathways, and its high tumor
or circulating levels are linked to poor prognosis
[81]. Recent reports have further confirmed its de-
tectability as a circulating biomarker in the blood
of patients with breast cancer mutations [82], re-
inforcing its translational potential beyond tumor
tissue. hsa-miR-139-5p/-3p generally acts as a tu-
mor suppressor; both strands are downregulated
in breast cancer and inhibit invasion/migration
and metastatic programs when restored [83]. hsa-
miR-96-5p functions as an oncogenic miRNA that
drives proliferation and motility by repressing
FOX01/FOXO03a and related targets [84]. Among
genes, COL10A1 is recurrently overexpressed in
breast tumors and promotes malignant progres-
sion (e.g., via PAHB), with multiple studies linking
it to worse outcomes [85]. MMP11 (stromelysin-
3) shows high expression in tumor and stromal
compartments and is associated with adverse clin-
icopathologic features and poorer survival [86].
FIGF (VEGF-D) is a lymphangiogenic growth fac-
tor that facilitates lymphatic spread and metas-
tasis in breast cancer [87]. Alongside these, sev-
eral promising but underexplored candidates were
reproducibly prioritized. For instance, LRRC3B
has been reported as a tumor suppressor in breast
cancer cell models, and is frequently epigeneti-
cally silenced via promoter methylation in breast
carcinoma [88]. The repeated ranking of CpG
methylation sites such as c¢g23290344, cg26353877,
cg25691167, c¢gl11052143, and cgl5700197 further
emphasizes the importance of epigenetic signals,
aligning with broader evidence that methylation
profiles differ significantly between tumor and ad-
jacent normal breast tissues [89].

Based on these results, we recommend a set
of selector—classifier—panel size combinations for
future users (Table 9). Across integration lev-
els, Fl-scores generally increased with panel
size up to K 60, after which performance
plateaued. Triple-omics configurations achieved
the strongest overall performance (0.91-0.95), par-
ticularly when combined with ensemble rankers
(e.g., RF-PFI, XGB-PFI, mean- or median-based
aggregation) and traditional classifiers such as
L.Regression, SVM, or MLP. Dual-omics provided
robust and reproducible results (0.87-0.92), with
SHAP, Elastic Net, and rank-based ensembles
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paired with CatBoost or MLP emerging as con-
sistent choices, especially for K = 40-60. Single-
omics analyses yielded lower performance over-
all (0.83-0.89), but competitive results were ob-
tained with SHAP, Elastic Net, or Ridge regres-
sion at K = 30-70, paired with interpretable clas-
sifiers such as L.Regression, SVM, or MLP. These
findings suggest that mid-sized panels (3060 fea-
tures) optimized with ensemble rankers and tradi-
tional models strike the best balance between sta-
bility and predictive accuracy, while larger panels
(K > 70) offer only marginal gains. Deep learn-
ing models did not consistently outperform sim-
pler classifiers, reinforcing that their use should
be reserved for larger datasets with independent
validation.

While prior benchmarking efforts have advanced
the field, they typically lacked the full tri-variate
perspective we adopt—explicitly considering the
interactions between feature selectors, classifiers,
the variety of omics data types, and panel sizes
across heterogeneous cohorts. For instance, Li
et al. systematically compared feature selection
strategies on multi-omics TCGA datasets [25],
providing an important reference point for cancer
studies, but their work did not evaluate how panel
size or classifier choice modulate reproducibility.
Urbanowicz et al. performed one of the most com-
prehensive evaluations of Relief-based algorithms
[90], focusing on simulated and real bioinformatics
data, but their scope was method-centric rather
than integrative across classifiers and omics lay-
ers. Bommert et al. benchmarked filter-based fea-
ture selection methods for high-dimensional sur-
vival data [91], highlighting stability and ranking
consistency in gene expression—driven prognosis,
yet they did not test cross-omics generalization or
multi-modal integration.

Other recent studies have pushed toward multi-
omics and task-specific optimization. Labory et
al. benchmarked feature selection and extraction
combinations for omics classification [92], identi-
fying synergies between dimensionality reduction
and statistical filters, but their work emphasized
single-omics scenarios. Lukaszuk et al. exam-
ined the stability of feature selection across can-
cer types using TCGA datasets [26]. Zappia et al.
dissected the impact of feature selection choices
on single-cell RNA-seq integration [93], revealing
that the number and type of selected features pro-
foundly affect downstream analysis. Spooner et
al. benchmarked ensemble machine learning ap-
proaches for multi-omics integration [94], show-
ing strong performance of hybrid ensembles, but
they did not explicitly decompose contributions
from selectors, classifiers, and feature set sizes.



Table 9: Recommended combinations of omics integration level, panel size (K), feature selectors, and
models derived from benchmarking analyses. Fl-scores were averaged across cohorts, and the top
five performing selector—-model combinations were used to define recommendations, with score ranges

reported.
Omics Level Panel Best Feature Selectors Best Models Performance
Size (K) Trend (F1)
Single-Omics 10 SHAP, Mean Weight, TA, Geomean Weight, Ge- CatBoost, SVM, MLP 0.863 — 0.867
omean Rank
20 TA, Mean Weight, SHAP MLP, AdaBoost, Cat- 0.874 — 0.876
Boost, SVM
30 Median Weight, Elastic Net, Mean Weight, TA MLP, SVM 0.880 — 0.887
40 LASSO, MRA, Elastic Net, Median Weight, TA MLP 0.884 — 0.888
50 Elastic Net, Median Weight, MRA, Ridge, RRA MLP 0.879 - 0.890
60 LASSO, Elastic Net, TA, Ridge MLP, L.Regression 0.882 — 0.888
70 Median Weight, Elastic Net, Ridge, LASSO, Mean MLP 0.882 — 0.890
Weight
80 Ridge, Geomean Weight, Median Weight, Stuart, MLP 0.880 — 0.885
Geomean Rank
90 Median Weight, TA, Geomean Rank, Mean Weight =~ MLP, L.Regression 0.874 — 0.881
100 Median Weight, TA, MRA, Ridge, Mean Weight MLP 0.875 — 0.879
Dual-Omics 10 Median Weight, shap, Geomean Weight, Mean SVM, MLP, CatBoost 0.896 — 0.899
Weight
20 LASSO, TA, Mean Weight, Elastic Net MLP, SVM 0.909 — 0.916
30 Elastic Net, LASSO, TA, Geomean Weight, Mean MLP, SVM 0.912 - 0.919
Weight
40 LASSO, Mean Weight, Elastic Net, Geomean Weight MLP, SVM 0.919 — 0.923
50 Elastic Net, Median Weight, LASSO, Mean Weight, MLP 0.922 - 0.929
TA
60 Elastic Net, LASSO, Mean Weight, Ridge, TA MLP 0.924 — 0.934
70 Elastic Net, LASSO, Geomean Weight, Ridge MLP, L.Regression 0.922 - 0.936
80 Elastic Net, Median Weight, LASSO, Mean Weight = MLP, L.Regression 0.926 — 0.935
90 Elastic Net, LASSO, Ridge, Median Weight MLP, L.Regression 0.923 - 0.930
100 Elastic Net, Median Weight, LASSO, Ridge, TA MLP 0.923 - 0.931
Triple-Omics 10 MRA, Stuart, mean_rank SVM, CatBoost, MLP 0.911 - 0.917
20 Elastic Net, Mean Weight, LASSO, TA MLP, L.Regression, SVM  0.920 — 0.928
30 Elastic Net, LASSO MLP, L.Regression, SVM  0.922 — 0.934
40 LASSO, Elastic Net, TA MLP, L.Regression, SVM  0.926 — 0.939
50 LASSO, Elastic Net MLP, L.Regression, SVM  0.929 — 0.938
60 Elastic Net, LASSO, Geomean Weight, Median MLP 0.933 — 0.953
Weight, Ridge
70 LASSO, Elastic Net, Ridge, TA MLP, L.Regression 0.938 — 0.949
80 Elastic Net, LASSO, Median Weight, TA MLP, L.Regression 0.939 — 0.951
90 LASSO, Elastic Net, Mean Weight, Ridge MLP, L.Regression 0.939 — 0.948
100 Elastic Net, LASSO, TA, Median Weight MLP, L.Regression 0.939 — 0.956

Similarly, Claude et al. showed that hybrid en-
semble selectors improved transcriptomic classifi-
cation [20], while Li et al. explored block-omics
combinations for survival prediction [26], both ad-
vancing multi-omics interpretability but without
addressing systematic cross-cohort reproducibil-
ity. Classical works also remain highly relevant.
Christin et al. critically assessed feature selection
in metabolomics pipelines [95]; Pudjihartono et al.
reviewed modern FS methods and their limitations
[96]; and Siegismund et al. compared feature se-
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lection techniques in high-content screening data
[97]. Recent large-scale reviews further underscore
the need for reproducibility frameworks in multi-
omics feature selection.

By contrast, our work spans Alzheimer’s dis-
ease (AD), progressive supranuclear palsy (PSP),
and breast cancer (BC) cohorts; integrates across
molecular layers (mRNA, miRNA, methylation,
proteins, and metabolites); and systematically
benchmarks 27 feature selectors (including single,
ensemble, and deep-learning embedded rankers



like MORE and MOGONET). We explicitly model
selector x classifier X panel size interactions,
emphasizing reproducibility across heterogeneous
omics levels, thereby filling a critical methodolog-
ical gap in integrative biomarker discovery.

There are several limitations of this study. Co-
hort sizes, particularly in PSP, remain modest,
which restricts statistical power. Cross-cohort
generalization is challenging due to differences
in disease biology and cohort design. Techni-
cal sources of variability, including CpG map-
ping and platform-specific normalization, may also
influence feature rankings. Additionally, while
deep learning models underperformed here, larger
datasets could reveal performance gains that we
were unable to observe.

Future work should extend the benchmark to
larger Alzheimer’s cohorts such as ADNI and
AMP-AD, integrate more comprehensive pro-
teomics and metabolomics data, and experimen-
tally validate novel candidates such as miR-885-
5p in AD, LRRC3B and SDPR in BC, and
ARHGAP19-SLIT1 or ASAH1 in PSP. Longi-
tudinal modeling is also needed to track pro-
gression and treatment response, moving beyond
case—control classification toward clinically action-
able prediction.

Finally, to promote transparency and repro-
ducibility, we developed BioMark, a web tool
that enables users to analyze their own omics
datasets with different rankers and classifiers. In
parallel, we provide an interactive benchmark
explorer, a lightweight web application for dy-
namic inspection of our results, including sum-
mary tables, heatmaps, and performance curves.
Together, these tools make our benchmark not
only a research contribution but also a resource
for the community.

5 Conclusion

This study presents a comprehensive benchmark-
ing framework for multi-omics biomarker discov-
ery, addressing a critical question in bioinformat-
ics and translational research: does increasing
methodological complexity yield better biomark-
ers? By systematically evaluating 27 feature se-
lection strategies and 11 predictive models across
three diverse disease cohorts—Alzheimer’s disease
(AD), progressive supranuclear palsy (PSP), and
breast cancer (BC)—we provide robust evidence
that challenges the assumption that deep learn-
ing and complex integration methods inherently
outperform traditional approaches. Our findings
demonstrate that ensemble-based feature selec-
tion methods, particularly those leveraging rank
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and weight aggregation, consistently enhance the
stability, reproducibility, and biological relevance
of biomarker panels. Notably, traditional ma-
chine learning models such as L.Regression, sup-
port vector machines, and multilayer perceptrons
often matched or exceeded the performance of ad-
vanced deep learning frameworks like MORE and
MOGONET, especially in settings with limited
sample sizes and high-dimensional data. We show
a monotonic trend: Dual ; Single, and Triple |,
Dual—triple-omics generally yields the best over-
all performance, with gains most evident when
data quality and sample size are adequate. Im-
portantly, compact biomarker panels (30-60 fea-
tures) derived from ensemble selectors and inter-
pretable models not only achieve high predictive
accuracy but also facilitate downstream biological
interpretation and clinical translation. The biolog-
ical validation of identified biomarkers against cu-
rated databases (e.g., HMDD, CTD, GeneCards,
EWAS-ATLAS) reinforces the clinical relevance of
our approach. Moreover, the reproducible identi-
fication of both well-established and novel candi-
dates across omics layers underscores the utility
of ensemble strategies in uncovering robust dis-
ease signatures. To support the broader research
community, we provide a web-based interactive
explorer for visualizing performance metrics and
biomarker rankings. In conclusion, our work ad-
vocates for a pragmatic and evidence-driven ap-
proach to multi-omics biomarker discovery—one
that prioritizes robustness, interpretability, and
biological validation over algorithmic complexity.
We encourage researchers to critically assess the
trade-offs between model sophistication and prac-
tical utility, especially in the context of transla-
tional applications.

Code Availability

All  code developed this  study is
openly available at https://github.
com/itu-bioinformatics-database-lab/
biomarker-benchmark. The repository contains
reproducible pipelines for data preprocessing,
feature selection, model benchmarking, and vali-
dation analyses. Users can replicate all reported
results by obtaining the datasets listed in the
Data Availability section or apply the framework
to their own multi-omics cohorts.
Implementation note. The Python imple-
mentations of the Stuart rank aggregation and Ro-
bust Rank Aggregation (RRA) algorithms were
adapted from the RobustRankAggreg R package
(version 1.2; Kolde & Laur) [55], released under
the GPL-2 license. Algorithmic equivalence with

for


https://bioinf.itu.edu.tr
https://mo-bicc-bench-results-explorer.streamlit.app/
https://mo-bicc-bench-results-explorer.streamlit.app/
https://github.com/itu-bioinformatics-database-lab/biomarker-benchmark
https://github.com/itu-bioinformatics-database-lab/biomarker-benchmark
https://github.com/itu-bioinformatics-database-lab/biomarker-benchmark

the original R implementation was verified using
benchmark gene lists.

Data Availability

The multi-omics datasets analyzed in this study
are subject to data use agreements and cannot be
publicly shared within this repository. Access to
the raw data can be obtained directly from the
respective repositories in accordance with their ac-
cess policies. AD data, including mRNA, miRNA,
and DNA methylation profiles from postmortem
brain tissue, are available under controlled access
through the Synapse AMP-AD Knowledge Portal
(https://www.synapse.org/!Synapse:syn3219045).
PSP data, comprising transcriptomic, proteomic,
and metabolomic measurements, are accessi-
ble through the AMP-AD Knowledge Portal
(https://adknowledgeportal.synapse.org/) under
study accession syn5550404. The associated
metabolomics dataset, obtained from the same
Mayo Clinic PSP samples, is available under
the title “The Landscape of Metabolic Brain
Alterations” (syn26401311). BC data, including
gene expression, miRNA expression, and DNA
methylation profiles, were obtained from the
UCSC Xena Browser (https://xena.ucsc.edu/).
Only processed and derived outputs—such as
ranked feature lists, performance summaries,
and validation statistics—are included in the
GitHub repository to comply with institutional
and repository data use policies.
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