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Abstract

RNA biomarkers enable early and precise disease diagnosis, monitoring, and prognosis, facilitating personalized medicine and targeted
therapeutic strategies. However, identification of RNA biomarkers is hindered by the challenge of analyzing relatively small yet high-
dimensional transcriptomics datasets, typically comprising fewer than 1000 biospecimens but encompassing hundreds of thousands
of RNAs, especially noncoding RNAs. This complexity leads to several limitations in existing methods, such as poor reproducibility on
independent datasets, inability to directly process omics data, and difficulty in identifying noncoding RNAs as biomarkers. Additionally,
these methods often yield results that lack biological interpretation and clinical utility. To overcome these challenges, we present
BAMBI (Biostatistical and Artificial-intelligence Methods for Biomarker Identification), a computational tool integrating biostatistical
approaches and machine-learning algorithms. By initially reducing high dimensionality through biologically informed statistical
methods followed by machine learning-based feature selection, BAMBI significantly enhances the accuracy and clinical utility of
identified RNA biomarkers and also includes noncoding RNA biomarkers that existing methods may overlook. BAMBI outperformed
existing methods on both real and simulated datasets by identifying individual and panel biomarkers with fewer RNAs while still
ensuring superior prediction accuracy. BAMBI was benchmarked on multiple transcriptomics datasets across diseases, including breast
cancer, psoriasis, and leukemia. The prognostic biomarkers for acute myeloid leukemia discovered by BAMBI showed significant
correlations with patient survival rates in an independent cohort, highlighting its potential for enhancing clinical outcomes. The

software is available on GitHub (https://github.com/CZhouLab/BAMBI).
Keywords: biomarker; machine learning; statistics; noncoding RNA; diagnosis and prognosis; high-dimensionality reduction

Introduction

Molecular biomarkers have been widely used in disease diag-
nosis and prognosis. There are four major types of molecular
biomarkers at the biological level: DNA, RNA, protein, and
metabolic biomarkers [1]. Among them, RNA biomarkers have
several advantages: (i) RNA molecules have rapid and significant
expression changes, allowing for real-time monitoring of disease
status and treatment response [1-3]; (ii) RNA biomarkers provide
insights into active gene expression and their roles in disease
progression [3]; (iil) RNA molecules show higher tissue-of-origin
specificity compared to DNA biomarkers, making them especially
useful in disease diagnosis and prognosis [3]; (iv) multiple types
of RNAs (including mRNAs and IncRNAs) can be detected in
bodily fluids, such as blood, allowing for minimally invasive
or noninvasive screening; and (v) the high specificity of RNA
biomarkers advances personalized medicine, optimizes clinical
trial processes, and accelerates the approval of new drugs.
Furthermore, advances in next-generation RNA sequencing

(RNA-seq) techniques make RNA biomarker identification
and quantification more reliable than traditional microarray
techniques.

Despite these advantages, the identification of RNA biomarkers
from transcriptomics data remains challenging.

(i) Traditional machine learning (ML) or deep learning (DL)
methods [4-6] often struggle with transcriptomics datasets, where
the number of features far exceeds the number of samples,
leading to overfitting and poor generalization [/7-9]. Overfitting
occurs when models perform well on training data but fail to
generalize new, unseen data. Transcriptomics datasets typically
comprise only tens to a few hundred samples due to the high cost
of data generation, while the number of features (genes) often
exceeds tens of thousands. This high dimensionality, combined
with limited sample sizes, amplifies the risk of overfitting during
ML or DL model training. The risk of overfitting is even greater
when identifying noncoding RNA (ncRNA) biomarkers, as the
number of ncRNAs (which can reach hundreds of thousands) far
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exceeds that of protein-coding mRNAs (tens of thousands). This
challenge is particularly critical in rare diseases, where obtaining
large, high-quality datasets is especially difficult.

(ii) The biomarkers identified by current accuracy-driven meth-
ods face challenges in clinical translation. These methods, par-
ticularly DL-based approaches, often prioritize accuracy in the
trade-off between accuracy and feature number. As a result, they
frequently identify large biomarker panels to maximize predictive
performance [6, 10-14]. However, large biomarker panels may
increase the risk of overfitting and clinical testing costs, reduce
assay feasibility, and hinder the interpretability and usability of
biomarkers in routine clinical settings. These factors collectively
delay clinical decision-making and limit the practicality of inte-
grating such biomarkers into routine diagnostics.

(iif) Most current tools require preprocessed expression tables
as input and lack the capability to handle raw RNA-seq data
directly. This limitation poses a significant barrier for clinicians
and researchers without specialized bioinformatics training,
reducing the accessibility and applicability of these methods in
diverse research and clinical environments.

(iv) Existing methods often overlook ncRNAs as potential
biomarkers despite evidence suggesting that ncRNAs, including
long noncoding RNAs (IncRNAs), comprise the majority of the
human genome [15] and exhibit a higher degree of disease-
specific expression compared to protein-coding mRNAs [16, 17].
Therefore, existing methods restrict opportunities to develop
novel ncRNA-based diagnostics and treatments.

(v) Lastly, existing methods frequently lack sufficient insights
into the biological relevance of their findings, limiting under-
standing of underlying disease mechanisms. Without comprehen-
sive biological interpretability, the clinical relevance of identified
biomarkers remains unclear, hindering their adoption in person-
alized medicine and therapeutic development.

To address these multifaceted challenges, we developed BAMBI
(Biostatistics and Artificial-Intelligence-integrated Method for
Biomarker Identification), a computational tool designed to
enhance RNA biomarker discovery for disease diagnosis and prog-
nosis. BAMBI mitigates the high dimensionality of transcriptomics
data by employing biologically informed statistical techniques to
retain only the most informative genes relevant to the disease,
thereby reducing the risk of overfitting and enhancing model
generalizability across different datasets and disease contexts.
Following dimensionality reduction, BAMBI utilizes ML-based
feature selection to identify a minimal yet highly predictive
gene set of biomarkers, ensuring high prediction accuracy while
maintaining simplicity and clinical feasibility. This approach
addresses the issue of large biomarker panels, making the
identified biomarkers more practical for clinical implementation.

Furthermore, BAMBI integrates raw RNA-seq preprocessing
steps into its workflow, eliminating the need for preprocessed
expression tables and making the tool accessible to users without
specialized bioinformatics training. This feature democratizes
biomarker discovery, facilitating broader clinical and research
applications. Additionally, BAMBI is specifically designed to iden-
tify both coding and noncoding RNA biomarkers, accommodating
the vast number of ncRNAs and enhancing the discovery of
novel disease-specific biomarkers. By providing comprehensive
visualization of identified biomarkers and their functional
interpretations, BAMBI ensures that the findings are not only
statistically robust but also biologically meaningful and easy for
clinical implementation.

Our comparative analysis demonstrates that BAMBI outper-
forms existing methods in multiple metrics across multiple

transcriptomics datasets spanning diseases such as breast cancer,
psoriasis, and leukemia. Notably, the prognostic biomarkers for
acute myeloid leukemia (AML) identified by BAMBI showed signif-
icant correlations with patient survival rates in an independent
cohort, underscoring its potential to enhance clinical outcomes.

In summary, BAMBI represents a significant advancement
in RNA biomarker discovery by effectively addressing the high
dimensionality and clinical translation challenges inherent in
analyzing transcriptomics datasets. Its ability to integrate raw
RNA-seq data processing, robust feature selection, and the
inclusion of noncoding RNAs makes BAMBI a versatile and
powerful tool for advancing personalized medicine and improving
clinical diagnostics.

Materials and methods

Collection of transcriptomics datasets (RNA-seq
and microarray)

We included two RNA-seq datasets and two microarray datasets
for this study. The two RNA-seq datasets consist of one breast can-
cer dataset obtained from the The Cancer Genome Atlas Program
(TCGA) database [18] and one psoriasis dataset from the National
Center for Biotechnology Information (NCBI) Gene Expression
Omics (GEO) database (accession number: GSE54456 [19]). The
TCGA breast cancer dataset includes transcriptomics data in
Binary Alignment Map (BAM) format of 116 solid ductal and
lobular neoplasms biospecimens and 112 adjacent normal solid
tissue samples from the TCGA-Breast Invasive Carcinoma (TCGA-
BRCA) project [18]. These data in BAM format were converted into
FASTQ format using the bamtofastq tool in the BIOBAMBAM?2 soft-
ware [20], preparing them for downstream analyses. The psoriasis
dataset includes the RNA-seq data of skin biospecimens from 92
psoriatic patients and 82 healthy individuals.

Two microarray datasets were obtained from previous publica-
tions [21, 22]. One comprises the transcriptomics data of colon
tissues from 40 patients and 22 healthy controls [21], and the
other comprises the transcriptomics data of prostate tissues from
52 patients and 50 healthy controls [22]. We preprocessed the
microarray data tables to align with the input format require-
ments of BAMBL.

Gene annotation

We used LncBook Version 2.0 [23] as the reference gene annota-
tions when mapping the RNA-seq data to the human reference
genome (version: hg38). It contains the genomic location annota-
tions for 19 957 coding genes and 101 293 IncRNA genes.

Preprocessing RNA-seq data in BAMBI

RNA-seq reads were mapped to the reference genome using the
HISAT?2 tool [24]. Subsequently, the HTSeq tool [25] was used to
quantify the mapped alignments. Finally, quantified read counts
mapped to each RNA gene were used to calculate the expression
levels of RNA genes in Fragments Per Kilobase of transcript per
Million mapped reads (FPKM). Prior to applying each tool, we
converted the gene expression profiles into the required input
format for each tool.

Feature selection embedded in BAMBI

BAMBI combines biologically informed statistical methods with
ML methods to select features. This integrated feature selection
approach effectively reduces data dimensionality, simplifies the
dataset, and minimizes the data volume required for effective



model training. Details are provided in the Supplementary Mate-
rials and Methods.

Heatmap generation

We used the R package “pheatmap” with the default settings to
generate the heatmap for this study.

Co-expression network analysis

We constructed the co-expression networks for IncRNAs using the
“mcxarray” program in the Markov Clustering (MCL)-edge net-
work analysis tool [26] (http://micans.org/mcl/) based on Spear-
man correlation. In this study, we selected a Spearman correlation
cutoff of 0.8 to balance the number of singletons and the median
node degree as recommended by the MCL tool [26] and follow-
ing similar principles used in previous studies [27]. This thresh-
old was empirically validated to maintain significant biological
relationships while preventing over-clustering, ensuring that the
resulting network clusters are both meaningful and functionally
interpretable.

Gene Ontology analysis

We used the Database for Annotation, Visualization, and Inte-
grated Discovery (DAVID) Functional Annotation platform (http://
david.abcc.nciferf.gov/) [28, 29] to perform the Gene Ontology (GO)
enrichment analysis for the protein-coding genes identified in
each co-expression cluster. Only protein-coding genes with FPKM
> 1in at least one sample from the entire dataset were used as
the background for GO enrichment analyses.

Survival analysis

Survival analysis was conducted by using the Python package
“lifelines.” The P-value was calculated using the log-rank test.

Performance comparison with existing methods

We compared BAMBI's performance with three existing com-
putational tools—BioDiscML [4], ILRC [5], and ECMarker [6]—
using RNA-seq, microarray, and simulated datasets. For RNA-seq
and microarray data, we evaluated the detection of both single
and panel biomarkers through cross-validation strategies across
multiple datasets. A “single biomarker” refers to a biomarker
composed of a single gene, as opposed to a panel of biomarkers
that contain multiple genes. Simulated datasets were specifically
designed to assess robustness and performance under varying
sample sizes, including scenarios with small sample sizes.
The detailed procedures for method comparisons, simulated
dataset generation, and performance evaluations are described
in Supplementary Methods and Materials.

Results
Overview of BAMBI's computational workflow

The clinical utility of RNA biomarkers in disease diagnosis and
prognosis includes two types of RNA biomarkers: single biomarker
(composed of a single gene) and panel of biomarkers (consisting of
multiple genes). Typically, RNA biomarker detection involves pre-
processing transcriptomic data to obtain expression profiles, fol-
lowed by the identification of candidate RNA biomarkers (Fig. 1a).

Here, we introduce BAMBI (Fig. 1b), a streamlined pipeline and
novel method that integrates raw RNA-seq data preprocessing
with RNA biomarker identification. This pipeline is adept at iden-
tifying both individual biomarkers and panels of minimal, highly
predictive biomarkers from RNA-seq or microarray data, encom-
passing both coding and noncoding RNAs.
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BAMBI employs a four-phase process enhanced by several inno-
vative approaches (please see Materials and Methods for details)
to address key challenges in biomarker discovery as outlined in
the Introduction.

e Phase 1. Data preprocessing—BAMBI preprocesses input
transcriptomic data (RNA-seq or microarray), including
gene expression quantification and normalization, to gen-
erate normalized gene expression profiles for downstream
analysis.

e Phase 2: Biologically informed statistical-based feature
selection—Unlike conventional ML feature selection, which is
typically driven by accuracy, BAMBI is specifically tailored to
meet the requirements of detecting biologically informative
biomarkers, focusing on both predictive accuracy and biolog-
ical relevance. Thus, BAMBI first utilizes a suite of biologically
informed statistical methods to reduce data dimensionality
by excluding genes that are not biologically meaningful.
These statistical analyses include differential expression
analysis, fold-change analysis, and filtering lowly expressed
genes and genes with significant expression distribution
overlaps.

- Differential expression analysis: Differentially expressed (DE)
genes are more likely to play important functional roles,
so this step ensures that retained DE gene features are
functionally associated with the disease under study.

— Fold-change analysis: Fold change, defined as the ratio of
expression levels between conditions, provides a straight-
forward measure of gene expression changes, helping
to identify significant alterations. Genes with large fold
changes are often more likely to be functionally signifi-
cant and represent robust signals rather than noise. Fold-
change analysis helps prioritize genes with substantial
expression differences, enhancing the reliability of the
biomarkers for practical use.

— Filtering extremely low expression genes: Genes with very
low expression levels are susceptible to be transcriptional
noise. By filtering out these low-abundance genes, BAMBI
enhances model stability and ensures that the selected
biomarkers represent reliable expression alterations
rather than noise-prone outliers.

- Filtering genes with significant overlapping expression distribu-
tions: Genes with significant overlap in their expression
distributions between groups (e.g. healthy versus dis-
eased) are not effective for distinguishing these groups.
Removing such genes ensures that the selected features
effectively distinguish between conditions, which is
crucial for developing a robust biomarker panel. Unlike
traditional methods, this approach provides a more
comprehensive view of gene expression differences
(Supplementary Fig. S1).

This biologically driven approach ensures that retained
features are biologically meaningful, improving biomarker
detection and enhancing predictive power and robustness
against noise.

e Phase 3: ML-based feature selection—While the previous
phase focuses on selecting genes that are biologically
meaningful and relevant to the disease context, this ML-
based feature selection phase will further refine the gene
set, emphasizing predictive genes while minimizing the risk
of overfitting. It uses recursive feature elimination (RFE)
along with the SHapley Additive exPlanations (SHAP) value
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Figure 1. Overview of the BAMBI workflow for RNA biomarker discovery. (a) Illustration of BAMBI applied to RNA biomarker detection. BAMBI identifies
RNA diagnostic biomarkers by analyzing transcriptomics data (RNA-seq or microarray) obtained from whole blood or tissue samples. (b) The BAMBI
workflow comprises five phases: Phase 1 involves preprocessing input transcriptomics data, including RNA quantification and normalization, to generate
normalized gene expression profiles for downstream analysis. Phase 2 employs biologically informed statistical feature selection, including differential
expression analysis, fold-change analysis, and filtering of genes with low expression and genes with significant overlaps in expression distributions, to
reduce data dimensionality and retain biologically relevant features. Phase 3 applies ML-based feature selection utilizing RFE with SHAP values within a
10-fold cross-validation framework to refine the gene set and emphasize predictive features. Phase 4 implements enhanced cross-validation to identify
robust biomarkers, focusing on genes that are consistently influential across data splits and model types and thereby ensuring predictive reliability.
BAMBI enables the provision of both single biomarkers (composed of a single gene) and panel biomarkers (consisting of multiple biomarkers). Phase 5
evaluates the biological relevance of identified biomarkers by visualizing their expression profiles with heatmaps and distribution plots as well as their
co-expression clusters and enriched GO terms associated with these clusters. This provides insights into the potential functional roles of the candidate
biomarkers.



[30] within a 10-fold cross-validation (10-CV) framework.
Together, these two phases effectively reduce data dimen-
sionality, simplify the dataset, and decrease the amount of
data required for effective model training.

e Phase 4: Robust biomarker selection—Following feature
selection, BAMBI employs an enhanced cross-validation
strategy for robust biomarker selection. It fully utilizes
insights generated through 10-fold cross-validation, moving
beyond traditional methods that rely solely on aggregated
metrics. BAMBI leverages the comprehensive information
available from 10-CV to identify both single and panel
biomarkers that are consistently influential across multiple
data splits and model types, focusing on biomarkers with
robust predictive reliability. This strategy ensures that the
identified biomarkers are predictively stable and suitable for
biological validation and clinical use.

e Phase 5: Evaluating biological relevance of identified
biomarkers—BAMBI evaluates the biological relevance of
identified biomarkers by visualizing their expression patterns
(e.g. heatmaps, expression distribution plots, box plots),
co-expression networks, and enriched GO terms. The co-
expression network cluster identified biomarkers with genes
sharing common biological functions, while GO enrichment
provides insights into the potential functional roles of
these biomarkers in the studied disease. This phase further
assesses whether the identified biomarkers are functionally
relevant to the diseases under study.

This multiphase approach balances biological relevance,
predictive accuracy, and robustness, enabling BAMBI to effec-
tively address the challenges of high-dimensional transcrip-
tomic datasets with limited sample sizes. This algorithm’s
detailed pseudocode and implementation are provided in the
Supplementary Materials to ensure reproducibility.

BAMBI outperforms existing methods on both
real and simulated datasets

We compared the performance of BAMBI with three state-of-the-
art computational tools: BioDiscML [4], ILRC [5], and ECMarker [6],
using both real and simulated datasets.

First, we compared the relative performance of these four
methods using both real RNA-seq and microarray datasets
(Fig. 2a) in detecting two different types of biomarkers: single
biomarker and panel of multiple gene biomarker (please see
Materials and Methods for details). For each RNA-seq dataset, the
relative performances of both IncRNA and mRNA were evaluated
separately, resulting in six scenarios for performance comparison
(Fig. 2a). We assessed the performance regarding specificity
versus sensitivity and precision versus recall. Across all scenarios,
BAMBI demonstrated superior relative performance in discov-
ering single biomarkers and panel biomarkers (Fig.2b andc,
Supplementary Figs S2-S5, and Supplementary Tables S1 and S2).
Additionally, BAMBI had the highest balanced accuracy for both
single biomarkers (Fig. 2d) and panel biomarkers (Fig. 2e). While
BAMBI achieves higher relative performance than other tools, its
identified panel biomarkers still consist of the least number of
genes compared to other tools (Fig. 2e). Fewer biomarkers make
them more useful in clinical testing because they simplify the
clinical test, reduce costs, and target the most relevant indicators
for disease, thus enhancing their practicality in a variety of
healthcare settings.

Second, we evaluated the performance of BAMBI against
three other methods using simulated datasets. Specifically, we
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generated 100 simulated datasets based on IncRNA expression
profiles from the TCGA breast cancer dataset, with each dataset
generated through an independent simulation with a distinct
random seed. Each simulated dataset consisted of shuffled
expression profiles for three groups of IncRNA genes across
patient and control cohorts: targeted biomarkers, shuffled
biomarkers, and nonbiomarker genes (Fig. 2f). The five putative
IncRNA biomarkers identified in the breast cancer dataset
(Fig. 2a) were used as predefined biomarkers in each simulated
dataset. Among them, two (HSALNG0116686 and HSALNG0022084)
were designated as targeted biomarkers, and the other three
(HSALNGO0119995, HSALNGO0112904, and HSALNG0075746) served
as shuffled biomarkers. The targeted biomarkers, whose expres-
sions were shuffled only within their original cohorts, still
retained differential expressions between patient and control
cohorts, ensuring they remained valid biomarkers in each
simulated dataset. In contrast, the shuffled biomarkers were
designed to evaluate the effectiveness of shuffling in eliminating
their expression heterogeneity, and thus, we shuffled their
expression profiles across cohorts to eliminate differential
expression between patients and controls. Consequently, shuffled
biomarkers are no longer identifiable as valid biomarkers.
Additionally, 100 nonbiomarker IncRNA genes were randomly
selected from the remaining IncRNA genes, and their expression
profiles were shuffled across cohorts to serve as negative controls.

To evaluate BAMBI's robustness and ability to handle small
sample sizes, we designed simulated datasets with sample sizes
(n) ranging from 10 to 200. Subsamples of 200, 150, 100, 50, 30,
20, and 10 were randomly selected, with an equal distribution of
patient and control samples in each dataset. Biomarker detection
accuracy was compared across these sample sizes (Fig.2g,
Supplementary Table S3). BAMBI consistently outperformed
BioDiscML, ILRC, and ECMarker across all sample sizes. While
accuracy generally decreased for all methods as sample size
(n) decreased, BAMBI demonstrated greater robustness and
maintained a significantly higher accuracy across all sample
sizes. In contrast, ILRC performed reasonably well with larger
sample sizes (n=200 and n=150) but showed a sharp decline in
accuracy as sample size decreased. BioDiscML showed relatively
stable performance but consistently lagged behind BAMBI across
most sample sizes. ECMarker struggled across all sample sizes,
with accuracy consistently below 10%, reflecting the limitations
of its DL-based approach for small-sample scenarios. These
results underscore BAMBI's robustness and adaptability for
biomarker detection, especially in scenarios with limited data
availability, including pilot studies.

Beyond prediction accuracy, we compared these methods at
both the algorithmic and application levels (Tables 1 and 2).
BAMBI's unique combination of biologically informed statistical
feature selection, ML-based feature selection, and enhanced
cross-validation sets it apart from existing tools (Table 1). It also
offers practical advantages, such as the ability to process raw
RNA-seq data, a user-friendly design, and tailored for clinical
applications (Table 2).

BAMBI identifies diagnostic biomarkers with
high predictive power and biological significance
in breast cancer

We tested BAMBI in discovering mRNA and IncRNA biomarkers for
diagnosing breast cancer. BAMBI was applied to analyze the RNA-
seq data of 116 biospecimens from primary ductal and lobular
neoplasms as well as the RNA-seq data of 112 biospecimens from
the adjacent normal solid tissues. Using BAMBI, we identified
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scenarios. (b, ) Scatter plots depicting the average performance differences among four methods across these six scenarios. Methods closer to the
upper-right corner demonstrate superior performance. (d, e) Average performance rankings of the four methods when identifying single and panel
biomarkers. (f) Flowchart for illustrating the generation of simulated datasets. These datasets comprised three gene categories: targeted biomarkers,
shuffled biomarkers, and nonbiomarker genes. Expression profiles of targeted biomarkers were shuffled within cohorts to retain differential expression,
while those of shuffled biomarkers and nonbiomarker genes were shuffled across cohorts to eliminate heterogeneity. (g) Performance comparison of
four methods on simulated datasets with varying sample sizes. BAMBI consistently achieved higher biomarker detection accuracy across all sample
sizes, demonstrating its robustness and adaptability, particularly under conditions of limited data availability. BioDiscML showed stable but lower
performance; ILRC experienced a sharp decline in accuracy for datasets with smaller sample sizes; and ECMarker struggled across all scenarios,
underscoring BAMBI's advantage in datasets with small sample sizes.
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Table 1. Comparison of biomarker detection methods at the algorithm level.

Tools Overall strategy Feature selection strategies Biomarker selection Biologically informed  Optimized
priority gene filter for ncRNAs
BAMBI Statistical filtering o Differential expression e Biological relevance Yes Yes
+ ML-based selection e Fold-change filtering e Prediction accuracy
+ enhanced o Filtering lowly expressed genes e Robustness
cross-validation e Filtering genes with significant
expression overlapping among groups
e ML recursive elimination with SHAP
BioDiscML  Information on gain e Information gain ranking e Prediction accuracy No No
ranking + ML-based e General ML-based stepwise feature
exhaustive search selection
ILRC Clustering + L1 e Cluster-based redundancy removal e Robustness No No
regularization e Randomized L1 regularization e Minimally redundant
ECMarker Semirestricted e L1regularization e Prediction accuracy No No

Boltzmann machines
DL model + gradient
scoring

BAMBI combines biologically informed statistical filtering, ML-based feature selection, and enhanced cross-validation. This multifaceted approach balances
biological relevance, predictive accuracy, and robustness, distinguishing it from other methods that primarily focus on prediction accuracy or general ML- or
DL-based feature selection strategies. ncRNAs, noncoding RNAs.

Table 2. Comparison of biomarker detection methods at the application level.

Tools Directly processing raw Providing biological Ease of use?® Clinical applications®
RNA-seq data? interpretation?

BAMBI Yes Yes High High

BioDiscML No No Medium Low

ILRC No No Low Medium

ECMarker No No Low Low

BAMBI uniquely supports raw RNA-seq data input, provides biologically relevant biomarker output, and does not require extensive bioinformatics
preprocessing or coding expertise. 2Ease of use: BAMBI is user-friendly and accessible to researchers without bioinformatics expertise, whereas other tools
may require advanced bioinformatics knowledge for data preprocessing and execution. Additionally, ILRC and ECMarker tools also require basic coding skills

for execution. PClinical applications: BAMBI aims to identify biomarkers to be minimal, robust, and interpretable. In contrast, ILRC emphasizes classification

stability but does not focus on identifying a minimal number of biomarkers with interpretability. The goal of BioDiscML and ECMarker mainly focuses on
achieving predictive accuracy such that they may tend to identify a large panel of biomarkers, which makes clinical implementation challenging due to

complexity and interpretability issues.

both single and panel biomarkers from this dataset. Here, we
focused on presenting the results of single biomarkers identified
by BAMBI.

Two mRNA molecules (TSLP and SPRY2) and five IncRNA
molecules (HSALNG0022084, HSALNG0119995, HSALNG0112904,
HSALNG0075746, and HSALNG0116686) were discovered as the
putative single diagnostic biomarkers for breast cancer. Each of
these seven RNA biomarkers could be used to facilitate diagnosing
breast cancer with a high predictive power of up to 98.7% balanced
accuracy (see Fig. 3a). The expression profiles of these seven RNA
biomarkers across breast cancer tumors and normal tissues, as
shown in the heatmap and distribution graph (Fig. 3b and c),
clearly exhibit the significantly distinct expression patterns of
the discovered RNA biomarkers between breast cancer tumors
and normal tissues.

The seven discovered RNA biomarkers shed light on their
significant biological roles in breast cancer. TSLP has been
identified as a biomarker and has been shown to inhibit breast
cancer development through the activation of CD4" T cells [31,
32] (Fig. 3d). SPRY2 has also been shown to negatively regulate
breast cancer progression. Repressing the expression of SPRY?2 will
hyperactivate the Ras/Raf/ERK pathway, promoting breast cancer
progression [33-35] (Fig. 3e). The five IncRNA biomarkers are co-
expressed with three groups of coding genes (Fig. 3f). Among
these five IncRNA biomarkers, the co-expression network analysis
and GO enrichment analysis suggest that: (i) the HSALNG002284

was co-expressed with coding genes involved in extracellular
matrix structural constituent, collagen binding, and integrin
binding (Fig. 3f, left). (ii) Three of these IncRNA biomarkers
(HSALNGO0119995, HSALNG0112904, HSALNGO0075746) are co-
expressed with coding genes involved in calcium binding or Wnt-
protein binding (Fig. 3f, middle). (iii) The other IncRNA biomarker
(HSALNGO0116686) is co-expressed with coding genes involved
in angiogenesis signal transduction (Fig. 3f, right). This analysis
indicates that the coding genes of these three clusters (Fig. 3f),
which are co-expressed with the putative IncRNA biomarkers,
have been found to contribute to breast cancer progression.

BAMBI identifies diagnostic biomarkers with
high predictive power and biological significance
in psoriasis

To evaluate the ability of BAMBI to discover diagnostic biomarkers
in noncancerous diseases, we applied BAMBI to analyze the RNA-
seq data of 174 psoriasis biospecimen from 92 patients and 82
healthy controls.

Two mRNA biomarkers (S100A9 and S100A7) and two IncRNA
biomarkers (HSALNG0002446 and HSALNG0129303) were identi-
fied as putative biomarkers. Each of these four RNA biomarkers
could be used to diagnose psoriasis with a balanced accuracy over
98% (Fig. 4a). The expression profiles of these four biomarkers
(Fig. 4b and ¢) in heatmaps and distribution plots exhibit clear
differences in expression patterns between psoriasis patients
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Figure 3. BAMBI discovers the biologically informative single mRNA or IncRNA gene as the putative biomarkers for breast cancer diagnosis. We
applied BAMBI to the RNA-seq data of the tumor biospecimens and nearby normal biospecimens from a cohort of 112 breast cancer patients. BAMBI
found that two protein-coding mRNAs and the five IncRNAs would be predictive for breast cancer diagnosis, each with over 91% balanced accuracy of
prediction. (a) the prediction performance for each of the putative biomarkers in diagnosing breast cancer. (b) Heatmaps of the expression profiles for
these seven candidate biomarkers across controls and breast cancer specimens. (c) Expression distributions of the seven candidate biomarkers across
controls and breast cancer specimens. (d, ) Known functional roles of the putative protein-coding gene biomarkers (TSLP and SPRY2) in breast cancer.
TSLP has been shown to inhibit breast cancer tumorigenesis through Th2 and repression of SPRY2 expression can promote breast cancer progression
through the hyperactivation of the Ras/Raf/ERK pathway. The graph d was created using BioRender. (f) The five putative IncRNA biomarkers are contained
in three co-expression clusters (Clusters I, I, and III). The coding genes of Clusters I, I, and III are enriched in the GO categories significantly related to
breast cancer progression. (f) Left: Cluster I contains the putative IncRNA biomarker HSALNG0022084 and is enriched in coding genes involved in the
extracellular matrix structure. (f) Middle: Cluster II contains the putative IncRNA biomarkers HSALNG0119995, HSALNG0112904, and HSALNG0075746
and is enriched in coding genes involved in calcium ion binding and Wnt-protein binding. (f) Right: Cluster III contains the putative IncRNA biomarker
HSALNGO0116686 and is enriched in coding genes involved in angiogenesis signal transduction.
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Figure 4. BAMBI was applied to identify mRNA or IncRNA genes as putative biomarkers for diagnosing psoriasis. We applied BAMBI to the RNA-
seq data of skin biospecimens from 92 psoriasis patients and 82 healthy controls. BAMBI identified two protein-coding genes (S100A9 and S100A7)
and two IncRNAs (HSALNG0002446 and HSALNGO0129303) as predictive biomarkers for psoriasis diagnosis, each with >98% prediction power. (a) The
prediction performance for each of the putative biomarkers in diagnosing psoriasis. (b) Heatmaps of the expression profiles for candidate mRNA
and IncRNA biomarkers across controls and psoriasis specimens. (c) Expression distributions of the four candidate biomarkers across controls and
psoriasis specimens. (d) SI00A9 is highly enriched in the psoriatic skin compared to normal skin. (e) SI00A7, also known as psoriasin, is a key player
in psoriasis and exhibits multifaceted roles. This protein is notably overexpressed in keratinocytes, which leads to abnormal skin cell differentiation
and increased inflammation. This overexpression attracts immune cells to the skin. The accumulation of immune cells, coupled with the presence
of S100A7, escalates the production of inflammatory cytokines, further amplifying inflammation and exacerbating psoriasis symptoms. (f) The two
putative IncRNA biomarkers are contained in one co-expression cluster. (g) The coding genes of this co-expression cluster containing the putative
IncRNA-biomarkers are enriched in the GO categories significantly related to keratinization and epidermis development. This indicates that these two
putative IncRNA biomarkers may contribute to psoriasis progression through keratinization and epidermis development. (h) Left: The coding genes
that are directly connected to the two putative IncRNA-biomarkers in the co-expression cluster of f. (h) Right: The coding genes that are involved in

keratinization and epidermis development are highlighted.
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and healthy controls, which are the defining characteristics of
biomarkers.

The four identified RNA biomarkers can provide significant
insights into the pathology of psoriasis. SI00A9 is highly enriched
in psoriatic skin compared to normal skin, and this has been
verified by many previous studies [36-38] (Fig. 4d). SI00A7, also
known as psoriasin, is a key player in psoriasis and exhibits
multifaceted roles. This protein is notably overexpressed in ker-
atinocytes resulting in abnormal skin cell differentiation and
increased inflammation. This overexpression attracts immune
cells to the skin. The accumulation of immune cells, coupled with
the presence of SI00A7, increases the production of inflamma-
tory cytokines, further intensifying inflammation and exacerbat-
ing psoriasis symptoms [39-41] (Fig. 4e). Co-expression network
analysis and GO enrichment analysis (Fig. 4f-h) suggest that the
two IncRNA biomarkers are co-expressed with the coding genes
involved in keratinization and epidermis development, which are
key biological processes in psoriasis [42].

BAMBI identifies putative prognostic biomarkers
for acute myeloid leukemia, indicative of patient
survival rate
We extended the application of BAMBI to discover prognostic
biomarkers for cancer. We applied the BAMBI method to analyze
the gene expression profiles of patients at the onset of AML
where data for the follow-up treatment outcomes were available
(Fig. 5a). Then, we examined whether the putative prognostic
biomarkers identified by BAMBI were associated with the survival
rates of the AML patients using an independent evaluation cohort.
Because the dataset available for both the training and inde-
pendent evaluation cohorts contained mRNA gene expression
profiles but lacked raw RNA-seq data, we were unable to include
IncRNA genes in this prognostic biomarker application. To ensure
consistency in the evaluation process, we used only mRNA
genes with expression profiles available in both the training and
independent evaluation cohorts. BAMBI discovered nine putative
biomarkers that could be identified in at least 8 out of the 10
portions in the training cohort using 10-CV strategies. Among the
nine putative biomarkers, four genes (GRAMD1B, DOCK1, CD109,
and ALDH?2) were found to significantly indicate the survival rate
of AML patients in the independent evaluation cohort (P <.05)
(Fig. 5b—f). As determined by the Cox proportional hazards model,
higher expression levels of any of these four genes were found to
be associated with increased hazard rates and consequently lower
survival rates in AML patients. The result from the independent
cohort was consistent with the negative correlations between
their expression levels with the treatment outcome in the training
cohort (Supplementary Fig. S6). This suggests these four putative
prognostic biomarkers serve as negative indicators of treatment
outcome for AML patients. The other five biomarkers did not show
significant relevance to the survival rate of AML patients from
the independent cohort, which could be attributed to multiple
factors. One potential reason may be that the treatment outcome
(good versus poor) in the training cohort was multifactorial rather
than only the patients’ overall survival rate. There may also be
confounding factors, such as age, relapse rate, and event-free
survival. For example, younger patients generally have better
overall survival than older patients, but this may not be reflected
in the differences in expression of these biomarkers.

Discussion

We developed BAMBI, a comprehensive pipeline integrating sta-
tistical methods and ML to identify coding and noncoding RNA

biomarkers. BAMBI addresses key challenges in RNA biomarker
discovery through several innovations.

First, BAMBI effectively handles small-cohort data by combin-
ing biologically informed statistical feature selection with ML-
based feature selection. This strategy selects biologically mean-
ingful and predictive gene sets from hundreds of thousands of
gene candidates, significantly reducing data dimensionality. By
reducing the dimensions of high-dimensional datasets, BAMBI
performs well without requiring a large training dataset. Unlike
many existing tools that often underperform with limited data
size and are sensitive to sample size, BAMBI demonstrates robust
performance on datasets with limited sample sizes (Fig. 2g and
Supplementary Figs S2-S5).

Second, BAMBI's biologically informed statistical feature selec-
tion improves the reliability and predictive power of biomarker
detection. Unlike conventional ML methods that are typically
accuracy-driven, BAMBI's approach aims to identify biomarkers
that are both predictive and robust. This initial statistical feature
selection reduces gene features, establishing a solid foundation
for downstream ML-based feature selection.

Third, BAMBI employs an enhanced cross-validation strategy
for robust biomarker selection. By fully utilizing insights gained
from 10-fold cross-validation, BAMBI identifies genes that are con-
sistently influential across multiple data splits and model types,
emphasizing biomarkers with strong predictive reliability. This
approach ensures that the identified biomarkers are consistently
influential, biologically relevant, and highly interpretable, mak-
ing them suitable for both biological interpretation and clinical
applications.

Fourth, BAMBI demonstrates adaptability for prognostic
biomarker discovery, as demonstrated with AML. BAMBI utilizes
transcriptomics data from patients under on-site conditions along
with their follow-up treatment outcomes, which are influenced
by multiple factors such as age, survival, relapse, treatment
complexity, and remission rates. Consequently, BAMBI avoids
biases associated with prognostic biomarkers that only reflect
survival rates, providing a more comprehensive assessment of
patient prognosis.

Fifth, BAMBI is scalable to discover other types of noncoding
RNAs as potential biomarkers, such as circular RNAs and microR-
NAs, although this study focuses on demonstrating its utility in
identifying IncRNA biomarkers. It is also able to identify RNA
biomarkers while combining all types of coding and noncoding
RNA together.

These innovations introduced by BAMBI make it uniquely
suited for practical use in both translational research and clinical
settings. The following illustrate BAMBI’s potential applications,
ranging from early-stage pilot studies to integration into clinical
workflows. First, BAMBI is well suited for pilot biomarker
discovery in early-stage preclinical research, particularly when
data are limited and only small cohorts are available. It serves
as a valuable tool for researchers conducting pilot studies,
formulating hypotheses, and laying the groundwork for larger
clinical trials with more substantial data. Second, BAMBI's
architecture is adaptable for handling larger sample sizes
and integrating multi-omics data. As available data increase,
BAMBI's dimensionality reduction techniques minimize data
requirements, enabling the identification of more complex
relationships with greater precision. Additionally, BAMBI's ability
to handle high-dimensional data can be extended to other omics
datasets, such as proteomics or DNA methylomics. Third, BAMBI
is designed for ease of use and flexibility, making it accessible
to a wide range of researchers, including those with limited
bioinformatics expertise. Unlike other tools, BAMBI streamlines
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Figure 5. BAMBI identifies putative RNA prognostic biomarkers for AML. (a) Flowchart of applying BAMBI to identify RNA prognostic biomarkers for
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the workflow, enabling broader adoption, especially in early-
stage pilot studies or clinical environments where specialized
bicinformatics expertise may be limited. Finally, BAMBI shows
significant potential for clinical translation. For instance, the
RNA biomarkers identified by BAMBI could be incorporated into
diagnostic assays to guide treatment decisions and monitor
therapeutic efficacy. Its capability to identify biomarkers with
high predictive accuracy, combined with its adaptability to
noncoding RNAs, positions BAMBI as a critical tool for advancing
personalized medicine.

Future directions: BAMBI could be further enhanced to improve
its application effectiveness. First, although BAMBI performs
robustly with relatively small datasets, its accuracy may decline
for datasets with extremely small sample sizes (e.g. <30). Future
work will focus on adapting BAMBI to better handle such
cases through advanced augmentation techniques or transfer
learning. Second, imbalanced datasets may introduce biases
during model training, which can affect generalizability. To
address this, we recommend generating synthetic data to ensure
balanced performance across diverse datasets. Third, while the
quality of transcriptomics datasets affects the performance
of all computational methods, and not BAMBI specifically, we
emphasize that using high-quality datasets is essential for
obtaining reliable results in any transcriptomics analysis.

Conclusion

This BAMBI method and software represent a significant advance-
ment in identifying coding and noncoding RNA biomarkers for
diagnosis and prognosis. We have demonstrated that BAMBI can
discover RNA biomarkers to accurately diagnose diseases or pre-
dict treatment outcomes. It can identify both single biomark-
ers and biomarker panels composed of a minimal number of
genes while maintaining high predictive accuracy, enhancing its
applicability in clinical practice. The BAMBI tool is versatile and
applicable to numerous diseases on a transcriptome-wide scale,
making it a valuable asset for both translational research and
clinical applications.

Key Points

* We developed BAMBI, a robust method that identifies
coding and noncoding RNA biomarkers for disease diag-
nosis and prognosis, consistently outperforming existing
methods in diverse disease contexts.

e BAMBI effectively handles small-cohort, high-
dimensional transcriptomics data by using a two-step
feature reduction strategy, ensuring reliable biomarker
identification even for datasets with limited sample
sizes.

e BAMBI's biologically informed statistical feature selec-
tion ensures that the biomarkers are both predictive
and biologically meaningful, enhancing clinical inter-
pretability.

e BAMBI's enhanced cross-validation strategy ensures
that biomarkers are consistently influential, highly
interpretable, and suitable for downstream clinical
applications.

e BAMBI’s ease of use, adaptability, and scalability make it
ideal for biomarker discovery in both early-stage preclin-
ical research and clinical applications while supporting
personalized medicine and targeted therapies.
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