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Abstract—Biomarkers play a pivotal role in disease diagnosis
and prognosis by offering molecular insights into biological
states. The rapid growth of high-throughput omics technologies
has enabled the generation of large-scale biomarker datasets,
yet analyzing these complex, high-dimensional data remains a
major challenge—particularly for researchers lacking advanced
computational expertise. While numerous tools exist for omics
data analysis, many fall short in providing an integrated, user-
friendly environment tailored specifically for biomarker discovery
and interpretation.

To address this gap, we present BioMark, a web-based
platform designed to streamline biomarker analysis across di-
verse omics types. BioMark integrates robust statistical meth-
ods with widely used machine learning algorithms to support
key workflows, including statistical analysis, dimensionality re-
duction, classification, and subsequent model explanation. The
platform emphasizes accessibility, offering intuitive visualiza-
tions and automated reporting to facilitate the interpretation
and dissemination of results. Notably, BioMark also offers a
feature-ranking strategy that consolidates outputs from multi-
ple analytical methods, enhancing the robustness of biomarker
identification. By lowering the barrier to advanced biomarker
analytics, BioMark empowers a broader range of researchers
to uncover clinically relevant molecular signatures and accel-
erate translational research. Biomark is available online at
https://bioinf.itu.edu.tr/biomark.

Index Terms—disease diagnosis, biomarker discovery, artificial
intelligence, multivariate analysis

I. INTRODUCTION

B IOMARKERS are useful to diagnose diseases and moni-
tor the prognosis of patients. These molecular indicators

provide critical insights into biological states, aiding in the
identification of disease presence and the prediction of disease
trajectory and outcome [1]. Biomarkers encompass a wide
range of molecular entities, such as genomic alterations,
gene expression levels (transcriptomics), protein abundance
(proteomics), and metabolite concentrations (metabolomics),
and they are fundamental to understanding the molecular
underpinnings of health and disease. Their accurate identifica-
tion and interpretation across diverse biological contexts are
paramount for improving diagnostic capabilities, monitoring
disease progression, predicting treatment responses, and ulti-
mately personalizing treatment strategies in various medical
conditions.

The advent of high-throughput technologies has led to
an exponential increase in the volume and complexity of
biomarker data. These technologies, including next-generation
sequencing, microarray analysis, and advanced mass spectrom-
etry, generate vast datasets that often characterize thousands
or even millions of molecular features simultaneously [2], [3],
[4], [5], [6], [7], [8], [9]. Analyzing these large, heterogeneous,

and intricate datasets presents significant computational chal-
lenges. Issues such as data noise, missing values, batch effects,
high dimensionality (where the number of features far exceeds
the number of samples), and the need for integrating data from
multiple omics layers require sophisticated computational,
statistical, and machine learning methods for effective analysis
[6], [10], [11]. For many researchers and clinicians, who may
not possess extensive programming skills or have access to
dedicated bioinformatics support and powerful computational
resources, applying these advanced analytical methods remains
a considerable barrier [11], [12].

To address these challenges, a diverse landscape of com-
putational tools has been developed. Many platforms offer
comprehensive suites for general omics analysis, including
data processing, statistical tests, and visualization, often de-
livered via accessible web interfaces to support researchers
without extensive programming backgrounds [13], [7], [8], [2],
[5]. Examples range from broad platforms like OmicsAnalyst
[14] and PROMO [15] to more specialized resources for
metabolomics like Metabolomics Workbench [16] and iMAP
[17]. Other tools focus on specific functionalities such as
multi-omics integration [6], cancer prognosis analysis [1],
[18], or pathway informatics using databases like KEGG [19]
and Reactome [20]. Despite this rich ecosystem, a critical gap
remains. Many existing tools have limitations in their ease of
use for non-experts, the breadth of integrated analytical meth-
ods, or the intuitive visualization of results, forcing researchers
to use multiple, disconnected tools for a complete analysis
[11], [12]. There is a persistent need for a platform that
seamlessly integrates the essential biomarker analysis work-
flows—identifying significant differences, discovering patient
subgroups, and building predictive models—into a single,
cohesive environment.

In response to this need, we have developed BioMark,
a novel web-based tool designed to provide a user-friendly
and comprehensive platform for biomarker data analysis.
BioMark enables researchers to upload their high-dimensional
biomarker datasets and perform crucial analyses including
dimensionality reduction and visualization to discover hidden
patient subgroups, and classification analysis to build predic-
tive models for diagnosis and prognosis. The tool employs a
combination of robust statistical methods and widely-used ma-
chine learning techniques, and provides intuitive visualizations
to aid in the interpretation of complex results. Furthermore,
BioMark offers a unique capability to combine and rank
biomarker lists obtained from its distinct Statistical Analysis
and Model Explanation modules, providing a more robust
identification of important features by consolidating results
from various perspectives. BioMark aims to make advanced
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biomarker analysis accessible to a wider audience, facilitating
the identification of biomarkers useful for disease diagnosis
and prognosis and accelerating research in these areas, with
the capability to generate comprehensive reports summarizing
the analysis findings and visualizations for easy dissemination
of results.

To demonstrate its practical utility, we apply BioMark to
real-world transcriptomics datasets from prostate and breast
cancer studies. These case studies showcase the platform’s
effectiveness in identifying significant biomarkers, revealing
patient subgroups through dimensionality reduction and visu-
alization, and constructing accurate diagnostic models. The
remainder of this paper is organized as follows: Section
II reviews related work, Section III details the architecture
and methodologies of BioMark, Section IV presents the per-
formance evaluation and case study results, and Section V
provides concluding remarks.

II. RELATED WORK

The increasing availability of high-dimensional omics and
biomarker data has led to the development of numerous com-
putational tools and platforms designed to assist researchers
in data analysis and interpretation. These tools can be broadly
categorized under three umbrella groups: (i) comprehensive
analysis platforms, (ii) niche specialized applications, and (iii)
resources for downstream biological interpretation. Positioning
BioMark within this landscape requires an examination of their
respective strengths and limitations.

Comprehensive web-based platforms represent the most
common category, offering end-to-end analysis workflows (see
Table I for a qualitative comparison in different dimensions).
For instance, MetaboAnalyst [2], MetaboAnalystR [3] and
OmicsAnalyst [14] provide a powerful suite of tools for
statistical analysis, functional enrichment, and visualization,
but are primarily tailored for metabolomics and multi-omics
data integration, respectively. Platforms like Omics Play-
ground [13] and GenoCraft [8] excel in providing interactive
and user-friendly interfaces for exploratory data analysis,
including dimensionality reduction and clustering. However,
a common limitation of these general-purpose tools is that
their biomarker discovery workflows often rely on individual
statistical methods. While powerful, they typically lack an
integrated mechanism to consolidate feature importance rank-
ings from multiple, methodologically distinct approaches (e.g.,
combining statistical significance from ANOVA with model-
based importance from SHAP). This consolidation is a core
feature of BioMark, designed to enhance the robustness and
reliability of identified biomarker signatures.

A second category consists of specialized tools designed
for specific research questions or data types. Numerous web
servers, such as OSacc [18], OSuvm [21], and others focusing
on specific cancers [22], [23], [24], [25], are dedicated to
survival and prognosis analysis, often using pre-existing public
datasets like The Cancer Genome Atlas (TCGA). While in-
valuable for prognostic studies, these tools are not designed for
users to upload and analyze their own datasets for differential
expression or classification model building, which is a primary

function of BioMark. Other specialized resources focus on ad-
vanced visualization (e.g., MicrobioSee [26]), complex multi-
omics integration pipelines (e.g., MOMIC [6]), or specific
methods for outcome prediction (e.g., X-Tile [27]).

Finally, foundational bioinformatics resources like KEGG
[19], Reactome [20], and Pathway Tools [28] provide the
essential pathway and genome informatics necessary for the
biological interpretation of results. While indispensable for
downstream analysis, these are databases and toolkits rather
than platforms for upstream statistical discovery from user-
supplied data matrices.

While this diverse landscape offers powerful capabilities, a
clear gap remains. Researchers often face a trade-off: either
use a general-purpose platform that may lack dedicated, robust
biomarker discovery workflows, or piece together multiple
specialized tools, which can be inefficient and requires sig-
nificant bioinformatics expertise. BioMark addresses this gap
by providing a single, cohesive web platform specifically
architected for biomarker discovery. It uniquely integrates
three critical, yet often separate, workflows: (i) robust differ-
ential analysis featuring an integrated multi-method feature
ranking system to increase confidence in results, (ii) intuitive
visualization for sample stratification, and (iii) comprehensive
classification model building and evaluation. By focusing on
this core biomarker analysis pipeline and prioritizing an intu-
itive user experience, BioMark empowers researchers without
extensive computational backgrounds to perform end-to-end
analyses, from raw data to validated biomarker lists and high-
performance predictive models.

III. METHODS

The BioMark tool is designed as a web-based platform
to facilitate the analysis and visualization of biomarker data,
primarily focusing on high-dimensional datasets such as gene
expression and protein levels. The tool’s architecture and
functionalities are structured to enable researchers, including
those without extensive programming backgrounds, to easily
perform advanced analyses and gain meaningful biological
insights

A. Architecture

The BioMark web tool operates through a client-server
architecture, as illustrated in Fig. 1. Users interact with the
platform through a web browser, which serves as the client
interface.

The back-end employs a hybrid architecture to combine
a responsive web interface with powerful scientific compu-
tation. A persistent Node.js server handles all client-side
HTTP requests and session management. When an analy-
sis is requested, the Node.js server acts as an orchestrator,
launching the corresponding Python analysis script (from
the services module) as an asynchronous child process
(spawn). This Python process handles all intensive data pro-
cessing, statistical analyses, and machine learning modeling.

Upon completion, the Python script communicates its results
(such as file paths to generated graphs and tables, or JSON-
formatted metadata) back to the Node.js server by writing to
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TABLE I: Qualitative comparison of BioMark features against established omics analysis platforms. BioMark distinguishes
itself through its focus on multi-method rank aggregation and deep model explainability (SHAP/LIME).

Feature / Capability BioMark MetaboAnalyst OmicsAnalyst Omics Playground

Primary Application Biomarker
Discovery

Metabolomics
Profiling

Multi-omics
Integration

Exploratory
Data Analysis

Feature Ranking
Multi-Method
Aggregation

(RRF, Rank Prod.)
Single Method Single Method Single Method

AI Explainability
Deep

(SHAP, LIME,
Waterfall Plots)

Basic
(Variable

Importance)

Basic
(Loadings/

Importance)

Moderate
(SHAP

Support)

ML Algorithms
Broad

(XGBoost, CatBoost,
RF, SVM, etc.)

Standard
(PLS-DA, RF,

SVM)

Standard
(RF, PLS-DA)

Broad
(AutoML
Features)

Output Format Interactiv Plots +
PDF Report Interactive Interactive Interactive

Pathway Enrichment Planned Extensive Extensive Extensive

its standard output stream (stdout). The Node.js server effi-
ciently captures this output, aggregates the results, and sends
the final response back to the user’s web browser for display.
This architecture ensures that computationally intensive tasks
are handled asynchronously by the Python runtime—without
blocking the main Node.js event loop—providing a robust,
scalable, and responsive user experience even during long-
running analyses.

B. Data Uploading

The BioMark tool is designed to work with omics datasets,
typically in a tabular format where rows represent samples
(e.g., patients or experiments) and columns represent bio-
logical entities (e.g., genes, proteins, metabolites) or sample
metadata (e.g., disease status, sample ID). The primary data
format format is CSV (Comma Separated Values). The plat-
form also robustly handles other common tabular formats such
as TSV, TXT, and Excel (.xlsx), as well as compressed files
(.gz, .zip). Users can upload their own datasets through the
web interface. For users new to the platform or wishing to
explore its functionalities, a pre-loaded demo dataset is also
available and can be downloaded. The tool is optimized to
handle high-dimensional data, often characterized by a large
number of biomarkers (columns) relative to the number of
samples (rows). While primarily focused on numerical data
(such as expression levels or concentrations), the tool can also
handle categorical columns, particularly for the target variable.

C. Data Preprocessing and Transformation

Upon data upload, BioMark automatically identifies nu-
merical and categorical (object-type) columns. To ensure the
scientific validity of downstream analyses, the tool implements
a robust preprocessing pipeline.

A critical step in this pipeline is the handling of cat-
egorical data. Unlike methods that apply ordinal encoding
(e.g., assigning 1, 2, 3 to groups), BioMark utilizes One-
Hot Encoding (pd.get_dummies or OneHotEncoder).
This transformation converts a single categorical feature into
multiple binary (1/0) columns, one for each unique category.

This model-agnostic "healthy" approach is essential, as
it prevents the introduction of artificial ordinal relationships

(e.g., "Group C" > "Group B") that would invalidate the results
of linear models (like Logistic Regression, SVC) and distance-
based algorithms (like PCA and t-SNE). Numerical features
are processed using median imputation for missing values and
optional StandardScaler for normalization.

D. Selecting Patient Groups

The analysis often involves comparing or grouping samples
based on specific criteria. BioMark allows for the selection of
different classes within a target variable, such as disease status
(e.g., healthy vs. diseased). The platform can automatically
detect different classes present in the uploaded target variable
column, and users can then select the specific classes they wish
to include in their analysis. This functionality is particularly
important for differential analysis and classification tasks
where distinct groups of samples need to be defined.

E. Determining Analysis Groups

Following the selection of patient groups based on class
labels, BioMark allows for determining the specific groups
to be compared in the analysis. This step is integral to
the Statistical Analysis module, where the tool aims to find
statistically significant differences in biomarker levels between
predefined groups (e.g., comparing biomarker profiles of a
’patient’ group against a ’healthy’ group). The tool is designed
to facilitate the comparison between different combinations of
selected classes, enabling researchers to explore various group
comparisons relevant to their study.

F. Selecting an Analysis Type and Customization

BioMark offers multiple analysis options, which are
grouped into four main modules: Statistical Analysis, Model
Explanation, Dimensionality Reduction & Visualization, and
Classification Analysis.

• Statistical Analysis: This module uses traditional sta-
tistical tests such as the T-test and ANOVA to identify
biomarkers with statistically significant differences be-
tween predefined groups.

• Dimensionality Reduction & Visualization: Used to
visualize the underlying structure of the data and ex-
plore natural groupings among samples. This is achieved
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Fig. 1: The BioMark Analysis Workflow. The pipeline begins with data upload (supporting various formats, including
compressed files) and automated preprocessing. The data is then processed in parallel by statistical and machine learning
modules (including explainability via SHAP, LIME, and Permutation Importance). Feature importance rankings from these
distinct methods are consolidated via the Rank Aggregation module to identify robust biomarkers, which are presented in the
final report alongside dimensionality reduction visualizations.

by projecting high-dimensional biomarker data into a
lower-dimensional space (2D or 3D) using techniques
such as PCA (Principal Component Analysis), t-SNE (t-
Distributed Stochastic Neighbor Embedding), and UMAP
(Uniform Manifold Approximation and Projection). The
resulting visualizations can reveal inherent patterns and
potential subgroups within the samples based on their
biomarker profiles.

• Classification Analysis: This module focuses on build-
ing and evaluating predictive models. Users can select
from a wide range of machine learning algorithms (e.g.,
Logistic Regression, XGBClassifier, SVC, etc.) to train
a model that assigns samples to specific categories. This
step produces performance metrics (e.g., Accuracy, F1-
Score) and, for tree-based models, their native feature
importance scores (e.g., ‘feature_importances_‘).

• Model Explanation: This module is applied after a
model has been trained in the Classification Analysis
module. It allows users to interpret the behavior of
the specific model they just trained. It includes model-
agnostic techniques like SHAP [29], [30], LIME [31],
and Permutation Feature Importance to rank biomarkers
based on their contribution to the model’s predictions.

BioMark provides options for users to either utilize default
parameters for these analyses or to customize detailed param-
eter settings for more advanced control (such as test dataset
size, cross-validation folds, and model tuning options).

1) Feature Selection and Workflow Stages: BioMark in-
corporates a robust feature selection mechanism crucial for
enhancing the interpretability and performance of downstream
analyses, particularly for high-dimensional omics data. This
process allows researchers to focus on the most informative
biomarkers by reducing noise and computational complexity.
The platform distinguishes between two primary analytical
stages based on feature selection: "Without Feature Selection"
and "After Feature Selection."

Feature Selection Mechanism: The core feature selection
process is initiated by using the methods within the Statistical

Analysis and Model Explanation modules. These modules
compute and consolidate feature importance scores from the
suite of methods it contains. These methods can be broadly
categorized as follows:

• Statistical Tests: Standalone tests like ANOVA and T-test
that assess each feature independently.

• Model-Based Importance: A set of methods that rely on
internally trained machine learning models. Importance
scores are derived via:

– Model-specific attributes (XGBoost Feature Impor-
tance, Random Forest Feature Importance).

– Explainability frameworks like SHAP and LIME are
applied in a model-agnostic manner to the user-
selected, internally trained model (e.g., XGBoost,
Random Forest, etc.) to provide detailed feature
attributions.

These individual method-specific rankings are then con-
solidated using a flexible rank aggregation methodology to
generate a final consensus list. This multi-method aggregation
strategy enhances the confidence in the identified top features,
as they are consistently deemed important across different
analytical perspectives. The detailed methodology for this
consolidation, including the platform’s support for multiple
aggregation strategies like Reciprocal Rank Fusion (RRF) and
Rank Summation, is described in Section III-H.

"Without Feature Selection" Stage: In this initial stage,
all analyses, including preliminary visualizations and classi-
fication model training, are performed using the entire high-
dimensional dataset with all available features. Results from
this stage represent a baseline performance reference before
any dimensionality reduction based on feature importance is
applied, and corresponding figures are often explicitly labeled
"Without Feature Selection."

"After Feature Selection" Stage: Following the feature
selection process, a refined dataset is created by retaining
only the top N selected biomarkers (as determined by the
aggregated ranking) along with the target class column. All
subsequent analyses, including advanced dimensionality re-
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duction visualizations (e.g., PCA, t-SNE, UMAP plots) and
re-training of classification models, are then performed exclu-
sively on this reduced, most informative feature set. Results
and figures generated in this stage are explicitly labeled with
"After Feature Selection," showcasing the enhanced insights
and improved model performance achieved by focusing on the
most relevant molecular signatures. This two-stage approach
allows for a direct comparison of analytical outcomes, empha-
sizing the value of feature selection in biomarker discovery.

BioMark enforces fixed random seeds (default ran-
dom_state=42 in Python/Scikit-learn) for all stochastic algo-
rithms (t-SNE, UMAP, Random Forest, XGBoost) to ensure
that biomarker rankings and visualizations are fully repro-
ducible across independent runs.

G. Explainability: Visualizing Biomarkers

Visualizations are a key component of the BioMark tool, en-
abling users to intuitively explore and interpret their biomarker
data and analysis results. To enhance accessibility for users
without a computational background, info-buttons are placed
throughout the interface to describe each analysis task. Fur-
thermore, the results page features a "Plot Guide" button,
which provides detailed explanations on how to interpret each
generated plot. The platform generates various types of plots
tailored to the specific analyses performed:

• Heatmap: Displays the levels of important biomarkers
across different samples using color intensity, revealing
patterns and groupings. Heatmaps can also show compar-
ative feature rankings from different statistical methods
in summary analysis.

• PCA Plot: Visualizes how samples are distributed and
grouped in a selected lower-dimensional space (2D or
3D) after PCA dimension reduction.

• t-SNE Plot: Similar to PCA plots, this visualizes sample
distribution and grouping in a selected lower-dimensional
space (2D or 3D) after t-SNE dimension reduction.

• SHAP Summary Plot: From SHAP analysis, this plot
shows the overall impact of each feature on the model
output and the direction of the effect (positive/negative).

• SHAP Dependence Plot: Illustrates how the model
output changes as the value of a specific feature changes.

• LIME Explanation Plots: Provide local feature impor-
tances that explain the prediction for a single sample
based on LIME analysis.

• Statistical Method Summary Plot: Creates a plot
summarizing the results of different statistical methods
used in differential analysis, showing comparative fea-
ture rankings. Separate summaries can be generated for
different pairs of classes.

H. Combining and Ranking Multi-Analysis Results

A significant challenge in biomarker discovery is that
different analytical methods—each with its own statistical
assumptions and biases—often yield distinct lists of candidate
biomarkers. Relying on a single method can lead to findings
that are not robust. To address this, BioMark incorporates
a powerful and flexible feature that consolidates and ranks

biomarker lists generated from multiple analytical approaches,
providing a more reliable, consensus-based result.

The core of this consolidation is a flexible rank aggregation
methodology. BioMark supports several established strategies
to generate this unified ranking, allowing users to select the
method best suited for their data. The supported methods
include:

• Reciprocal Rank Fusion (RRF): The default and rec-
ommended method. RRF calculates a score (Score =∑

1
k+rank ) that is highly robust to outlier rankings and

strongly rewards features consistently ranked at the top
[32].

• Rank Product: A non-parametric method that identifies
features with a rank product (geometric mean of ranks)
that is significantly better than expected by chance.

• Weighted Borda: An extension of the Borda count where
users can assign custom weights to different analyti-
cal methods (e.g., giving SHAP a higher weight than
ANOVA).

• Rank Summation (Total Rank Score): The simplest
baseline method, included for its interpretability, where
a "Total Rank Score" is calculated by summing its
individual ranks.

This methodological flexibility allows researchers to explore
the robustness of their findings under different aggregation
assumptions.

To illustrate the fundamental concept of rank aggregation
using its most straightforward example, consider a hypotheti-
cal analysis using the Rank Summation method. Imagine five
biomarkers (Gene A to Gene E) analyzed using three different
methods, yielding the ranked lists shown in Table II.

TABLE II: Hypothetical ranked outputs from three different
analysis methods.

ANOVA Results SHAP Results PF Importance Results

1. Gene C
2. Gene A
3. Gene E
4. Gene B
5. Gene D

1. Gene A
2. Gene C
3. Gene B
4. Gene D
5. Gene E

1. Gene A
2. Gene E
3. Gene C
4. Gene B
5. Gene D

To consolidate these rankings using the Rank Summation
method, BioMark extracts the rank of each gene from each
list and aggregates them. The process is detailed in Table III.

TABLE III: A Hypothetical Example of the Rank Summation
Methodology. The table shows the individual ranks of five
biomarkers from three different methods and the calculated
Total Rank Score used for the final consolidated ranking.

Biomarker ANOVA SHAP PF Rank Total Score

Gene A 2 1 1 4
Gene C 1 2 3 6
Gene E 3 5 2 10
Gene B 4 3 4 11
Gene D 5 4 5 14

After calculating the Total Rank Score for each biomarker,
they are sorted from the lowest to the highest score to produce
the final consolidated list for this specific method:
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1) Gene A (Total Score: 4)
2) Gene C (Total Score: 6)
3) Gene E (Total Score: 10)
4) Gene B (Total Score: 11)
5) Gene D (Total Score: 14)
In this example, Gene A is identified as the most robust

biomarker under the Rank Summation method. This demon-
strates the core principle of rank aggregation: filtering out
biomarkers that appear significant due to the artifacts of one
method. This concept of consensus ranking—whether through
the simple Rank Sum example shown here or the platform’s
more advanced default RRF method—increases confidence in
the final selected candidates for downstream validation and
research.

I. Analysis Report Generation
Upon completion of the analyses, BioMark enables users to

generate and download reports that contain all the constructed
visualizations and analysis results in an organized format.
These reports are typically provided in PDF format. Further-
more, to facilitate further offline analysis and integration with
other tools, key results such as feature rankings and statistical
test outputs can be downloaded directly as CSV files from
the results page. The platform also displays the processing
time taken for analyses, which is particularly useful for longer
computations.

J. Asynchronous Analysis and Notifications
To enhance the user experience for computationally in-

tensive tasks, which can take several hours (as shown in
Table V), BioMark implements an asynchronous analysis and
notification system.

When a user initiates an analysis, a heuristic assesses the
"duration risk." For high-risk tasks (e.g., XGBoost Feature Im-
portance or optional hyperparameter tuning), a modal window
appears, warning the user of the potential runtime. This modal
provides an optional field for the user to enter their email
address.

If an email is provided, the backend assigns a unique
job ID and runs the analysis as a background process. This
asynchronous architecture (detailed in Section III-A) allows
the user to safely close their browser window without in-
terrupting the task. Upon completion, the system sends an
email notification. This email contains a unique, secure link
to a "Results Viewer" page, where the user can access their
completed plots and analysis data. This entire notification flow
is optional and does not affect the standard in-browser analysis
for users who choose not to provide an email.

IV. RESULTS

This section presents the performance evaluation of the
BioMark web tool through load tests and analysis time
measurements, followed by the analytical findings from its
application to two distinct cancer gene expression datasets
from literature [33]: prostate cancer and breast cancer. The
aim is to demonstrate BioMark’s efficiency, scalability, and
capabilities in handling high-dimensional biomarker data and
extracting meaningful biological insights.

A. Load Test

To comprehensively evaluate the BioMark web tool’s per-
formance and scalability, a series of load tests were conducted
focusing on the impact of varying dataset sizes under different
user loads. The BioMark tool’s backend was deployed on a
server running Ubuntu 24.04.1 LTS (kernel 6.8.0-62-generic)
with an Intel(R) Xeon(R) Gold 6330 CPU @ 2.00GHz (112
cores, 2 sockets) and 251 GB of RAM. The load testing
itself was performed using Locust 2.25.0, a Python-based load
testing tool, executed from a separate client machine to ensure
an isolated testing environment.

To evaluate the performance and scalability of the data
ingestion component of BioMark, which represents the pri-
mary user entry point and a potential performance bottleneck,
our load test focused on a specific, high-traffic scenario:
the concurrent upload of user datasets. Each virtual user
simulated this core action to measure the system’s response
under varying data loads. This scenario was executed using
three distinct dataset sizes, which were subsampled from a
single, real-world public dataset to ensure a consistent data
structure across the tests. The source data was obtained from
the NCBI Gene Expression Omnibus (GEO) repository under
accession number GSE120584 [34], corresponding to a human
miRNA expression study for dementia risk prediction. The
three derived datasets were as follows:

• Small Dataset: 20 samples, 10 molecules (file size:
2.011 kB).

• Medium Dataset: 200 samples, 100 molecules (file size:
234.366 kB).

• Moderately-sized dataset: 1000 samples, 1000
molecules (file size: 11.905 MB).

Each test was executed for a duration of 30 seconds, while
varying the number of concurrent Virtual Users (VUs) from
10 to 1000. This approach allowed for a detailed assessment
of how dataset size influences key performance metrics across
a wide range of user loads.

The results, comprehensively summarized in Figure 2 and
Table IV, highlight the critical impact of dataset size on
BioMark’s performance. Across all dataset sizes and virtual
user loads, the system consistently demonstrated robust stabil-
ity with a 0% failure rate. This indicates BioMark’s reliability
in handling file uploads without errors, even under stress.

Response Time Performance: As depicted in Figure 2a
(top-left panel), average response times varied significantly
with dataset size. The Small Dataset consistently yielded the
fastest response times, remaining below 5 seconds even at
1000 VUs (e.g., 2.28s at 1000 VUs, as shown in Table IV). The
Medium Dataset showed a moderate increase, with average
response times typically between 20-30 seconds (e.g., 3.5s
at 1000 VUs). The Moderately-sized dataset presented the
highest response times, averaging around 70-80 seconds (e.g.,
73.5s at 1000 VUs). This direct correlation is further exem-
plified in Table IV, which summarizes performance at low
and high user loads. At 1000 VUs, the average response time
for the Moderately-sized dataset (73.47 s) is drastically higher
than for the Medium (3.47 s) and Small (2.28 s) datasets,
clearly demonstrating the performance impact of data size.
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(a) Performance Metrics (Response Time and Throughput) (b) Heatmap Distribution of Metrics

Fig. 2: Performance evaluation of BioMark. (a) Detailed comparison of average response times, throughput, 95th percentile
response times, and failure rates. (b) Heatmap visualizations illustrating the distribution of metrics across different dataset sizes
and virtual user loads.

The 95th percentile response times (Figure 2a, bottom-left
panel, and Figure 2b, bottom-left panel) also show a similar
trend, indicating that the impact of dataset size affects the vast
majority of user experiences.

Throughput Capacity: Figure 2a (top-right panel) illus-
trates the throughput performance. The Small Dataset and
Medium Dataset achieved similar peak throughput values,
ranging from 0.8 to 1.4 requests/second, and demonstrated
robust scaling behavior as user loads increased. In contrast,
the moderately-sized dataset exhibited significantly lower
throughput, stabilizing around 0.4-0.5 requests/second. This
suggests that while BioMark can process larger files, the per-
second processing capacity is substantially reduced due to the
increased computational overhead associated with larger data
volumes.

TABLE IV: Summary of Load Test Performance Metrics at
Low, Medium, and High Virtual User (VU) Loads for Each
Dataset Size.

Dataset
Size

Virtual
Users

Avg. Response
Time (s)

95th Percentile
RT (s)

Throughput
(req/s)

Small
60 2.26 2.6 0.94
510 2.30 2.6 1.14
1000 2.28 2.5 1.17

Medium
60 3.20 4.0 1.02
510 3.53 4.9 1.14
1000 3.47 4.8 1.17

Moderately-sized
60 54.05 59.0 0.55
510 71.82 85.0 0.39
1000 73.47 91.0 0.38

The load test results underscore that BioMark effectively
handles varying data sizes, maintaining 0% failure rates across
all tested conditions. However, performance metrics like re-
sponse time and throughput are heavily influenced by the

size of the uploaded dataset. Small and medium datasets are
processed efficiently, making BioMark highly responsive for
typical biomarker panels. For large, high-dimensional omics
datasets, while the system remains reliable, processing times
naturally increase, indicating a need for careful consideration
of computational resources and potential optimizations for
extremely large files in future developments. These findings
provide crucial insights for capacity planning and user expec-
tations when analyzing diverse omics data with BioMark.

B. Analysis Time Evaluation

This subsection details the execution times for various com-
putationally intensive analytical tasks performed by BioMark,
highlighting the tool’s efficiency in processing complex
biomarker data. The analysis times were recorded on the same
server environment used for load testing.

Analysis time was evaluated for critical operations such
as differential analysis, dimensionality reduction tasks, and
classification across two distinct datasets: the prostate cancer
dataset (137 samples, 27,828 features) and the breast cancer
dataset (108 samples, 16,382 features). The detailed execution
times for each analysis type are presented in Table V.

Table V demonstrates that BioMark efficiently processes
large and complex omics data within practical timeframes for
many critical operations. For instance, most dimensionality
reduction tasks (e.g., PCA) and simpler classification models
(e.g., Logistic Regression, Decision Tree, SVC) complete
within seconds, providing rapid insights. Differential analysis
methods like ANOVA and T-test also execute quickly.

However, certain computationally intensive machine learn-
ing methods, particularly in Model Explanation (e.g., XG-
Boost Feature Importance, Permutation Feature Importance)
and classification (e.g., CatBoosting Classifier), require sig-
nificantly extended durations. For the prostate cancer dataset,
XGBoost Feature Importance took approximately 9.4 hours
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TABLE V: Analysis Execution Times for Prostate and Breast
Cancer Datasets

Analysis Type Prostate Breast

Statistical Analysis

ANOVA 7 s 7 s
T-test 20 s 15 s

Dimensionality Reduction and Visualization

PCA 10 s 10 s
t-SNE 12 s 11 s
UMAP 13 s 11 s

Classification Analysis (Training & Native Importance)

Logistic Regression 11 s 9 s
Random Forest 8m 30s 4m 58s

RF Native Feat.
Imp.

(incl. in 8m 30s) (incl. in 4m 58s)

XGBClassifier 9h 23m 07s 2h 57m
XGB Native Feat.

Imp.
(incl. in 9h 23m 07s) (incl. in 2h 57m)

Decision Tree 11 s 9 s
Gradient Boosting 3m 16s 1m 29s
CatBoost Classifier 1h 19m 23m
AdaBoost Classifier 55 s 29 s
MLPClassifier 17 s 15 s
SVC 11 s 10 s

Model-Agnostic Explanation (using trained models)

SHAP (with XGB-
Classifier)

33 s 18 s

LIME (with Ran-
dom Forest)

73 s 42 s

Permutation Feat.
Imp. (with Random
Forest)

2h 28m 18s 51m 47s

(33787 s), and Permutation Feature Importance took around
2.5 hours (8898 s). Similarly, CatBoosting Classifier required
about 1.3 hours (4741 s). While these durations are substan-
tial, they are typical for high-dimensional feature importance
calculations and complex model training on large datasets.
The breast cancer dataset, being smaller, generally resulted
in faster execution times for these computationally demanding
tasks (e.g., XGBoost Feature Importance: 10620 s ≈ 2.9 hours;
CatBoosting Classifier: 1381 s ≈ 23 minutes).

These measurements highlight BioMark’s capability as a
versatile tool for biomarker discovery and validation. While
common analytical tasks are highly responsive, users should
anticipate longer processing times for advanced, computa-
tionally intensive algorithms on high-dimensional omics data,
especially for larger datasets.

C. Case Study on Prostate Cancer

This section details the application of the BioMark web
tool to a prostate cancer transcriptomics dataset (137 samples,
27,828 gene transcripts, where ’Factors’ column includes
cancer/healthy status).

1) Analysis Results:

a) Biomarker Identification and Analysis: To identify
statistically significant biomarkers capable of distinguishing
between prostate cancer and healthy samples, we employed a
comprehensive approach using BioMark’s analytical modules.
This process leverages both traditional Statistical Analysis
and advanced Model Explanation techniques, providing a
multi-faceted view of the molecular signatures driving the
disease.

The analysis began with classical statistical tests like
ANOVA to identify biomarkers with significant mean expres-
sion differences between the cancer and healthy cohorts. As
shown in the ANOVA results (Fig. 4a), biomarkers such as
LOC105374013, DANCR, and PCA3 demonstrated high F-
values, indicating strong statistical power in differentiating the
two groups based on their expression levels alone.

To gain deeper, model-driven insights, we employed model-
based explainability techniques. While BioMark’s architecture
is model-agnostic—allowing SHAP and LIME to be applied
to any classifier trained by the platform (e.g., XGBoost, SVC,
etc.)—for the specific analyses in this case study, we applied
SHAP to interpret the predictions of an internally trained
XGBoost classifier and LIME to explain the predictions of a
Random Forest model. Unlike ANOVA, which assesses each
feature in isolation, these methods evaluate a biomarker’s con-
tribution within the context of a predictive model that learns
complex interactions. The SHAP Summary Plot (Fig. 4b)
offers a global perspective on feature importance. For instance,
it reveals that high expression of biomarkers like NEK5 and
LOC105374013 (indicated by red dots) consistently yields
high positive SHAP values, pushing the model’s prediction
towards cancer. Conversely, low expression of these same
markers (blue dots) contributes to a "healthy" prediction. This
visualization powerfully illustrates not only the importance of
each biomarker but also the direction and magnitude of its
effect across all samples.

This global view is complemented by instance-level expla-
nations. The SHAP Heatmap (Fig. 4b) visualizes the collective
behavior of SHAP values across the entire dataset, clearly
delineating the cancer and healthy cohorts through distinct
biomarker contribution patterns. For a more granular view,
SHAP Waterfall plots (Fig. 4d) deconstruct the prediction
for individual samples. They illustrate precisely how each
biomarker contributes to shifting the model’s output from the
baseline to the final prediction for both a representative cancer
sample and a healthy one. For example, in the cancer sample,
high expression of RUSC1 and NEK5 are shown as primary
drivers of the cancer classification.

Similarly, the LIME plot (Fig. 4e) provides a local ex-
planation for a single cancer sample, highlighting that high
expression of STAT6 and MCM8 were key contributors to its
specific classification. The slight differences in top biomarkers
between global methods (SHAP Summary, ANOVA) and local
methods (LIME, SHAP Waterfall) underscore the biologi-
cal heterogeneity within the cancer group and demonstrate
BioMark’s capacity to capture both population-level trends and
patient-specific molecular events. This dual approach, com-
bining robust statistical validation with nuanced model-based
interpretation, facilitates a more comprehensive identification
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of clinically relevant biomarkers.
To further justify the utility of the rank aggregation strategy,

we analyzed the concordance between different analytical
modules. Figure 3 illustrates the overlap between the top 20
biomarkers identified by ANOVA (statistical), SHAP (model-
based), and the final aggregated list. While individual methods
yielded distinct subsets of candidates due to their differing
mathematical assumptions, the aggregated list successfully
captured the consensus features—those lying at the intersec-
tion of statistical significance and predictive power—thereby
filtering out potential method-specific artifacts.

Fig. 3: Venn diagram visualizing the overlap between the
top 20 features identified by ANOVA, SHAP, and the final
Aggregated Rank (Rank Summation). The diagram demon-
strates how the aggregation strategy captures consensus fea-
tures shared across methods (intersections) while filtering out
biomarkers that are isolated artifacts of a single statistical
approach.

2) Literature-Based Validation of Identified Biomarkers:
A key measure of BioMark’s efficacy is its ability to iden-
tify biomarkers that are corroborated by existing scientific
literature. Our analysis successfully pinpointed a range of
molecules with well-documented roles in prostate cancer, thus
validating our platform’s analytical pipeline. For instance, top-
ranked features identified by BioMark through its biomarker
combination feature (Fig. 5) such as the lncRNAs DANCR
and PCAT7 are strongly supported by previous studies, which
confirm their roles in promoting invasion and metastasis [35],
[36]. Similarly, our tool highlighted NEK5, whose elevated
expression is known to support tumor growth [37]; KLF8,
a co-activator for the androgen receptor linked to poor sur-
vival [38]; CRISP3, a marker for a particularly aggressive
molecular subtype of prostate cancer [39]; and the tumor
suppressor SERPINB5 (Maspin), whose loss is associated
with cancer progression [40]. Alongside these established
markers, BioMark also prioritized candidates like SNORD12B
and SNORD105B, for which direct links to prostate cancer are
not yet extensively documented. This demonstrates BioMark’s
dual capability: robustly confirming known, clinically relevant

biomarkers while simultaneously generating novel hypotheses
for future experimental investigation.

Beyond their individual validations, the top-ranked biomark-
ers identified by BioMark show a functional convergence
on pathways driving tumor aggressiveness and metastasis.
Specifically, the selection of long non-coding RNAs DANCR
and PCAT7, along with the transcription factor KLF8, points
to a deregulation of the Epithelial-to-Mesenchymal Transition
(EMT) machinery, a critical process for cancer cell invasion.
This signature is further reinforced by the inclusion of NEK5,
a kinase essential for cell cycle progression. Collectively, these
findings suggest that the BioMark-derived signature does not
merely represent random distinct genes, but rather captures
a cohesive biological phenotype characterized by enhanced
proliferative capacity and the acquisition of invasive metastatic
potential

a) Dimensionality Reduction and Visualization: Dimen-
sionality reduction and visualization were performed to inves-
tigate the inherent structure of the prostate cancer dataset and
to explore natural groupings among samples based on their
biomarker profiles. This unsupervised approach utilizes dimen-
sionality reduction techniques to visualize high-dimensional
data in a lower-dimensional space, revealing patterns without
prior knowledge of the sample labels (cancer or healthy). The
analyses were conducted "After Feature Selection," meaning
they were applied to a refined subset of the most informative
biomarkers. This crucial preliminary step, as detailed in Sec-
tion III-F1, reduces data noise and computational complexity,
allowing the algorithms to focus on the strongest biological
signals and thus produce clearer, more meaningful visualiza-
tions.

To achieve this, we employed three powerful dimensionality
reduction methods: Principal Component Analysis (PCA),
t-Distributed Stochastic Neighbor Embedding (t-SNE), and
Uniform Manifold Approximation and Projection (UMAP),
all offered in BioMark. The results, visualized in 3D space
in Figure 6, consistently demonstrate a striking separation
between the cancer and healthy samples.

As a linear method, PCA identifies the axes of maximum
variance in the data. The resulting PCA plot (Fig. 6a) shows
a clear and effective separation, with the healthy samples
forming a tight, distinct cluster and the cancer samples forming
another, more dispersed group. This indicates that a significant
linear component of the variation in the biomarker data is
sufficient to distinguish the two groups.

To capture more complex, non-linear relationships, we ap-
plied t-SNE and UMAP. The t-SNE method, which excels at
preserving local neighborhood structures, also revealed a very
strong separation between the two classes (Fig. 6b), further
confirming that the groups are distinct even when considering
non-linear patterns. Similarly, UMAP, which effectively bal-
ances the preservation of both local and global data structure,
provided the most striking visualization (Fig. 6c). It produced
exceptionally compact and well-defined clusters with a pro-
nounced margin between them, reinforcing the robustness of
the identified biomarker signature.

The convergence of these three distinct methods—linear
(PCA) and non-linear (t-SNE, UMAP)—on the same conclu-
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(a) ANOVA Feature Importance (b) Heatmap of Top Differentiating Biomarkers (c) SHAP Summary Plot

(d) SHAP Waterfall Plot (e) LIME Local Explanation

Fig. 4: Comprehensive biomarker explainability analysis for Prostate Cancer. (a) Top discriminative biomarkers detected by
ANOVA. (b) Global SHAP summary illustrating feature impact. (c)Heatmap of Top Differentiating Biomarkers in Prostate
Cancer: Displaying expression patterns of top 19 biomarkers across cancer and healthy samples. (d) SHAP Waterfall plots
contrasting prediction logic. (e) LIME plot showing local feature contributions.

sion provides powerful evidence for the validity of the selected
biomarkers. The ability of these unsupervised techniques to
so clearly partition the samples based on their biological
status underscores the fundamental transcriptomic differences
between cancerous and healthy prostate tissue.

b) Classification Analysis and Predictive Model Perfor-
mance: To assess the diagnostic potential of the identified
biomarker signature, a comprehensive classification analysis
was performed using the Biomark tool. Various machine
learning models were trained to distinguish between cancer
and healthy samples using the transcriptomic profiles. The
performance of these models was systematically evaluated

with stratified k-fold cross validation and is presented in
Table VI. As detailed in Section III-F1, the analysis was
conducted in two stages: first using the "Without Feature
Selection" approach on the entire high-dimensional feature set,
and subsequently using the "After Feature Selection" approach
on a refined subset of the most informative biomarkers.
The results clearly demonstrate the strength of the identified
biomarker set in building accurate predictive models from
omics data. When models were trained on the full dataset,
their performance was moderate, reflecting the challenge of
learning from noisy, high-dimensional data. However, applying
feature selection to focus on identified key biomarkers led to
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Fig. 5: Consolidated ranking (via Rank Summation) of the
top 20 differentiating biomarkers in Prostate Cancer. The plot
summarizes feature importance scores from multiple methods
(SHAP, LIME, ANOVA, etc.) to provide a robust consensus
list of molecules distinguishing cancer samples from healthy
controls.

a dramatic and universal improvement in all metrics evaluated
for almost every model. The Support Vector Classifier (SVC)
emerged as the top-performing model after biomarker selec-
tion, achieving an impressive accuracy of 0.94 and a robust F1-
score of 0.88. Other models, such as Logistic Regression and
the MLP Classifier, also showed excellent performance, with
accuracies of 0.92 and 0.90, respectively. This significant boost
in predictive power strongly validates the diagnostic relevance
of the selected biomarker panel and showcases BioMark’s
effectiveness in facilitating an end-to-end workflow, from
biomarker discovery to the construction of high-performance
diagnostic tools.

D. Case Study on Breast Cancer

This section details the application of the BioMark web tool
to a breast cancer biomarker dataset (108 samples, 16,382 fea-
tures, ’Factors’ column for cancer/healthy status), demonstrat-
ing the tool’s adaptability across varying data characteristics.

1) Analysis Results:
a) Biomarker Identification and Analysis: To demon-

strate BioMark’s adaptability, the same comprehensive ana-
lytical workflow was applied to the breast cancer dataset. The
process again combined traditional Statistical Analysis with
Model Explanation techniques to uncover the key molecular
drivers distinguishing cancer from healthy breast tissue sam-
ples.

Statistical analysis with ANOVA (Fig. S5 in Sppl. Material)
identified biomarkers with the most significant differences
in mean expression between the groups. Features such as

TABLE VI: Classification Model Performance Metrics for
Prostate Cancer Diagnosis

Without Feature Selection

Model Accuracy Precision Recall F1-Score

Logistic Regression 0.78 0.59 0.97 0.72
Random Forest 0.80 0.71 0.48 0.56
XGBClassifier 0.82 0.72 0.61 0.66
Decision Tree 0.75 0.55 0.67 0.59
Gradient Boosting 0.82 0.68 0.74 0.69
CatBoosting Classifier 0.81 0.83 0.41 0.53
AdaBoost Classifier 0.81 0.72 0.60 0.62
MLPClassifier 0.69 0.49 0.93 0.64
SVC 0.77 0.62 0.48 0.53

After Feature Selection

Model Accuracy Precision Recall F1-Score

Logistic Regression 0.92 0.86 0.87 0.84
Random Forest 0.88 0.81 0.77 0.78
XGBClassifier 0.89 0.82 0.80 0.79
Decision Tree 0.80 0.69 0.58 0.62
Gradient Boosting 0.80 0.63 0.70 0.66
CatBoosting Classifier 0.90 0.79 0.87 0.82
AdaBoost Classifier 0.88 0.78 0.80 0.79
MLPClassifier 0.90 0.80 0.90 0.83
SVC 0.94 0.88 0.90 0.88

VIT, SEMA3G, PDE2A, and KL ranked highest based on
their F-values, establishing their strong statistical relevance in
separating the cohorts.

For more nuanced, model-driven insights, we employed
model-based explainability techniques. While BioMark’s ar-
chitecture is model-agnostic—allowing SHAP and LIME to
be applied to any classifier trained by the platform (e.g.,
XGBoost, SVC, etc.)—for the specific analyses in this case
study, we applied SHAP to interpret the predictions of an
internally trained XGBoost classifier and LIME to explain the
predictions of a Random Forest model. The SHAP Summary
Plot (Fig. S6 in Sppl. Material) provides a global overview
of the features most impactful to the model. Notably, for
top biomarkers like KL and ZHX3, low expression levels
(blue dots) are associated with high positive SHAP values,
indicating that their downregulation is a strong predictor of
breast cancer. This contrasts with the patterns observed in
the prostate cancer dataset and highlights the disease-specific
nature of biomarker signatures. The SHAP Heatmap (Fig. S1
in the Suppl. Material) visualizes this phenomenon across
all samples, revealing a clear separation where the cancer
cohort (right side) is characterized by patterns of biomarker
contributions that are distinct from the healthy cohort (left
side).

Instance-level explanations further clarify these relation-
ships. The SHAP Waterfall plots (Fig. S7 in Suppl. Material)
elegantly contrast the model’s reasoning for a healthy versus
a cancer sample. For the healthy sample, high expression of
KL and ZHX3 strongly contributes to a "healthy" prediction.
Conversely, for the cancer sample, low expression of these
same biomarkers are the primary drivers of the "cancer"
classification. The LIME plot (Fig. S8 in Suppl. Material)
offers a similar local validation for a single healthy sample,
showing that high expression of PCYOX1 and appropriate
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(a) PCA (Linear Separation) (b) t-SNE (Local Structure) (c) UMAP (Global & Local Structure)

Fig. 6: Dimensionality reduction visualizations for Prostate Cancer "After Feature Selection". (a) 3D PCA plot showing linear
separation axes. (b) 3D t-SNE plot revealing local neighborhood clusters. (c) 3D UMAP plot demonstrating the most distinct
separation between cancer and healthy groups.

levels of other markers like ABCA6 and DENND2D solidified
its correct classification. By integrating these multi-faceted in-
sights, BioMark successfully identified significant biomarkers
like DENND2D, PYROXD2, and DPT, and elucidated their
complex predictive roles, underscoring the platform’s power
in extracting context-rich biological information from diverse
datasets.

2) Literature-Based Validation of Identified Biomarkers:
To further validate our tool’s performance, the biomarkers
identified in the breast cancer dataset were cross-referenced
with published findings, revealing a strong overlap with estab-
lished research across diverse biological functions. BioMark
successfully flagged multiple genes with confirmed roles in
breast cancer pathology. For example, DPT (Dermatopontin)
is a known tumor suppressor whose downregulation is linked
to malignancy [41]. IKBKE and PARVA were also identified,
and both are documented to promote invasion and metastasis
[42], [43]. Additionally, our tool prioritized CHEK1, a crucial
marker in triple-negative breast cancer [44]; MPPED2, a tu-
mor suppressor silenced by hypermethylation [45]; and CRY2,
a circadian clock gene whose low expression correlates with
aggressiveness and poor survival [46]. The congruence be-
tween BioMark’s automated analysis and this broad spectrum
of manually curated literature findings powerfully underscores
the tool’s reliability and precision. The identification of less-
studied features like PYROXD2 further highlights its capacity
to pinpoint novel candidates worthy of future research.

Biologically, the top markers prioritized in the breast cancer
analysis reflect a distinct disruption of tumor suppressive
mechanisms and cell adhesion dynamics. The strong predictive
value of downregulated KL (Klotho) and DPT (Dermatopon-
tin) highlights the loss of critical tumor suppressor functions
associated with aging and extracellular matrix integrity. Con-
versely, the identification of IKBKE and PARVA implicates
the activation of inflammatory signaling and cytoskeletal re-
organization. This functional grouping suggests that BioMark
successfully isolated a molecular profile defined by the dis-

Fig. 7: Consolidated (via Rank Summation) ranking of the
top 30 differentiating biomarkers in Breast Cancer. The plot
summarizes feature importance scores from multiple methods
(SHAP, LIME, ANOVA, etc.) to provide a robust consensus
list of molecules distinguishing cancer samples from healthy
controls.
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mantling of protective cellular barriers and the activation of
pathways prerequisite for migration and malignancy.

a) Dimensionality Reduction and Visualization: The di-
mensionality reduction and visualization pipeline was sub-
sequently applied to the breast cancer dataset to evaluate
its inherent structure and the separability of the cancer and
healthy groups. Following the protocol detailed in Section
III-F1, PCA, t-SNE, and UMAP visualizations were generated
after feature selection. In striking contrast to the prostate
cancer results, the breast cancer samples exhibited a greater
degree of inter-group similarity, making their separation more
challenging.

The resulting visualizations are presented in the Supple-
mentary Material. The PCA plot (Fig. S2) revealed only
a partial separation between the cancer and healthy samples.
While a general trend is visible, there is significant overlap
between the two groups. Similarly, the t-SNE analysis (Fig.
S3), which focuses on local data structure, also resulted in a
largely mixed distribution of samples, failing to resolve them
into distinct clusters.

However, the UMAP analysis proved to be the most effec-
tive method for this more complex dataset (Fig. S4). Despite
the challenges, UMAP successfully partitioned the majority of
the samples into two discernible clusters. This demonstrates
UMAP’s strength in preserving a more meaningful balance
of local and global data structure. The ability of BioMark
to still uncover underlying data structures, even in a dataset
with less distinct separation, underscores its utility for patient
stratification

b) Classification Analysis and Predictive Model Perfor-
mance: Predictive models for breast cancer diagnosis were
trained using the same array of machine learning algorithms as
for prostate cancer, with their performance evaluated through
cross-validation. As with the prostate cancer analysis, model
performance was compared between the "Without Feature
Selection" approach (using the full feature set) and the "After
Feature Selection" approach (using the refined biomarker
subset), summarized in Table VII. In contrast to the prostate
cancer case, a couple of models (i.e., LR and SVC) for breast
cancer performed strongly even without feature selection,
suggesting a robust initial biomarker signature. However, the
application of feature selection was still crucial for optimizing
performance for most models. While some models showed
little change, others improved significantly. Notably, the Ad-
aBoost Classifier’s performance surged after feature selection,
reaching the highest accuracy of 0.90 and the best F1-score
of 0.88. Other models like Random Forest and CatBoosting
Classifier also saw their F1-scores improve to 0.85 after feature
selection. These results underscore that even for a strong
initial set of biomarkers, the feature selection workflow within
BioMark is invaluable for identifying the optimal model and
achieving the highest possible diagnostic accuracy.

The classification models, particularly the CatBoosting
Classifier, achieved high predictive performance in predicting
breast cancer status, underscoring BioMark’s robustness and
broad applicability for biomarker-driven classification tasks
across different cancer datasets.

TABLE VII: Classification Model Performance Metrics for
Breast Cancer Diagnosis

Without Feature Selection

Model Accuracy Precision Recall F1-Score

Logistic Regression 0.86 0.81 0.90 0.85
Random Forest 0.84 0.87 0.76 0.80
XGBClassifier 0.80 0.80 0.76 0.77
Decision Tree 0.78 0.73 0.84 0.77
Gradient Boosting 0.79 0.75 0.84 0.78
CatBoosting Classifier 0.84 0.84 0.79 0.81
AdaBoost Classifier 0.78 0.79 0.73 0.74
MLPClassifier 0.85 0.83 0.84 0.83
SVC 0.84 0.80 0.84 0.81

After Feature Selection

Model Accuracy Precision Recall F1-Score

Logistic Regression 0.85 0.84 0.82 0.82
Random Forest 0.87 0.85 0.87 0.85
XGBClassifier 0.85 0.82 0.84 0.83
Decision Tree 0.80 0.77 0.78 0.77
Gradient Boosting 0.83 0.80 0.78 0.79
CatBoosting Classifier 0.87 0.85 0.87 0.85
AdaBoost Classifier 0.90 0.87 0.89 0.88
MLPClassifier 0.86 0.84 0.84 0.84
SVC 0.80 0.78 0.79 0.78

V. LIMITATIONS AND FUTURE DIRECTIONS

While BioMark lowers the barrier to advanced biomarker
discovery, we acknowledge several limitations in the cur-
rent implementation. First, regarding data preprocessing, the
platform is designed primarily for downstream analysis of
processed data. Consequently, it does not currently include
upstream quality control (QC) modules for sample-level out-
lier detection or automated batch-effect correction. Users are
advised to perform normalization and batch correction prior to
uploading data to ensure the validity of downstream statistical
inferences.

Second, the statistical analysis module currently relies on
parametric tests (T-test and ANOVA). While robust for many
omics datasets, these methods may not be optimal for data that
strictly violates normality assumptions. Future updates will
incorporate non-parametric alternatives, such as the Wilcoxon
rank-sum test and Kruskal-Wallis test, to broaden the tool’s
applicability.

Third, the current scope of the platform is limited to
binary classification tasks (e.g., Case vs. Control). Datasets
requiring multi-class outcome prediction are not supported
in the present version. Additionally, the pipeline does not
explicitly apply automated resampling techniques (such as
SMOTE or ADASYN) to handle severe class imbalance.
Users with heavily skewed class distributions should therefore
interpret classification metrics with caution.

Fourth, regarding biological interpretation, the current ver-
sion focuses on identifying and ranking molecular signatures
but does not yet feature built-in pathway or Gene Ontology
(GO) enrichment analysis. Integrating these databases (e.g.,
KEGG, Reactome) is a priority for the next major release to
provide automated biological context.

Finally, as indicated in our load testing (Section IV-A), scal-
ability remains a consideration. While the asynchronous archi-
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tecture handles standard datasets efficiently, execution times
for computationally intensive tasks—specifically permutation-
based feature importance—can be substantial for very large,
high-dimensional datasets.

Future development work will focus on addressing these
limitations, specifically by extending support to multi-class
problems, integrating survival analysis modules, and adding
the aforementioned non-parametric and enrichment capabili-
ties.

VI. CONCLUSION

In this paper, we introduced BioMark, a web-based platform
designed to bridge the gap between complex high-throughput
omics data and researchers seeking meaningful biological
insights. By integrating robust statistical methods, machine
learning algorithms, and intuitive visualizations into a single,
user-friendly environment, BioMark successfully lowers the
barrier to advanced biomarker analysis.

Our case studies on prostate and breast cancer datasets
demonstrated the platform’s practical utility. BioMark not only
identified numerous biomarkers validated by existing literature
but also constructed highly predictive classification models
with accuracies reaching up to 94%. This highlights its dual
capability as both a reliable discovery tool and a powerful
diagnostic model builder. Furthermore, the platform’s abil-
ity to pinpoint under-investigated yet statistically significant
molecules showcases its potential for generating novel, data-
driven hypotheses for translational research. By continuing
to enhance its capabilities—particularly by addressing the
limitations outlined in Section V—BioMark can serve as a
valuable resource for the scientific community, empowering
a broader range of researchers to accelerate the pace of
biomarker-driven medicine.
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