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Abstract

The inherent heterogeneity of cancer contributes to highly variable responses to any anticancer treatments. This underscores the
need to first identify precise biomarkers through complex multi-omics datasets that are now available. Although much research has
focused on this aspect, identifying biomarkers associated with distinct drug responders still remains a major challenge. Here, we
develop MOMLIN, a multi-modal and -omics machine learning integration framework, to enhance drug-response prediction. MOMLIN
jointly utilizes sparse correlation algorithms and class-specific feature selection algorithms, which identifies multi-modal and -omics—
associated interpretable components. MOMLIN was applied to 147 patients’ breast cancer datasets (clinical, mutation, gene expression,
tumor microenvironment cells and molecular pathways) to analyze drug-response class predictions for non-responders and variable
responders. Notably, MOMLIN achieves an average AUC of 0.989, which is at least 10% greater when compared with current state-
of-the-art (data integration analysis for biomarker discovery using latent components, multi-omics factor analysis, sparse canonical
correlation analysis). Moreover, MOMLIN not only detects known individual biomarkers such as genes at mutation/expression level,
most importantly, it correlates multi-modal and -omics network biomarkers for each response class. For example, an interaction
between ER-negative-HMCN1-COL5A1 mutations-FBX02-CSF3R expression-CD8 emerge as a multimodal biomarker for responders,
potentially affecting antimicrobial peptides and FLT3 signaling pathways. In contrast, for resistance cases, a distinct combination of
lymph node-TP53 mutation-PON3-ENSG00000261116 IncRNA expression-HLA-E-T-cell exclusions emerged as multimodal biomarkers,
possibly impacting neurotransmitter release cycle pathway. MOMLIN, therefore, is expected advance precision medicine, such as to
detect context-specific multi-omics network biomarkers and better predict drug-response classifications.
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Introduction and quality of life [5-7]. However, even for the most advanced

The advent of high-throughput sequencing technologies has revo-
lutionized our ability to collect various ‘omics’ data types, such as
deoxyribonucleic acid (DNA) methylations, ribonucleic acid (RNA)
expressions, proteomics, metabolomics and bioimaging datasets,
from the same samples or patients with unprecedented details [1].
By far, most studies have performed single omics analytics, which
capture only a fraction of biological complexity. The integra-
tion of these multiple omics datasets offers a more compre-
hensive understanding of the underlying complex biological pro-
cesses than single-omic analyses, particularly in human diseases
like cancer and cardiovascular disease, where it significantly
enhances prediction of clinical outcomes [2, 3].

Cancer is a highly complex and deadly disease if left
unchecked, and its heterogeneity poses significant challenges
for treatment [4]. Standard treatments, including chemotherapy
with or without targeted therapies, aim to reduce tumor
burden and improve patient outcomes such as survival rate

therapies, such as immunotherapies, treatment effectiveness
varies widely across cancer types and even between patients
with same diagnosis [8]. This heterogeneity is believed to be
due to tumor microenvironment heterogeneity and their effects
on the resultant complex and myriad molecular interactions
within cells and tissues [9, 10]. This variability underscores the
urgent need to identify precise biomarkers to predict individual
patient responses and potential adverse reactions to a particular
therapy [11]. This can be made possible through multi-omics data
integration analyses at the individual patient scale [12].

To assess treatment response, such as pathologic complete
response (pCR) and residual cancer burden (RCB), current clinical
practice relies on clinical parameters (e.g. tumor size/volume and
hormone receptor status), along with genetic biomarkers (e.g.
TP53 mutations) [13-15]. However, these approaches do not fully
capture the complex intracellular regulatory dynamics [16, 17]
or the tumor-immune microenvironment (TiME) interactions

Received: March 25, 2024. Revised: May 30, 2024. Accepted: June 11, 2024
© The Author(s) 2024. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (https://creativecommons.org/
licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For

commercial re-use, please contact journals.permissions@oup.com

20z aunr g uo 3senb Aq | 569692/00€9e4d//GZ/3191LE/qIq/W0d dNodlWapede//:sdny Wolj papeojumoq


https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://orcid.org/0000-0002-5811-2780
https://orcid.org/0000-0002-0314-9666

 35467 21315 a 35467 21315 a
 
mailto:kumar_selvarajoo@bii.a-star.edu.sg
mailto:kumar_selvarajoo@bii.a-star.edu.sg
mailto:kumar_selvarajoo@bii.a-star.edu.sg
mailto:kumar_selvarajoo@bii.a-star.edu.sg
mailto:kumar_selvarajoo@bii.a-star.edu.sg
mailto:kumar_selvarajoo@bii.a-star.edu.sg

2 | Rashid and Selvarajoo

that influence outcomes [18, 19]. Thus, to enhance personalized
cancer treatments, we need novel methodologies that can handle
large, complex molecular (omics) and clinical datasets. Machine
learning (ML) methods integrating multi-omics data offer a
promising avenue to improve prediction accuracy and uncover
robust biomarkers across drug-response classes [20], which may
be overlooked by single-omics analytics. This approach can
predict patients benefiting from standard treatments and those
requiring alternative plans like combination therapies or clinical
trials.

The current drug-response prediction methods can be broadly
categorized into ML-based and network-based approaches. ML
methods often analyze each data type (e.g. mutations and gene
expression) independently using univariable selection [21, 22] or
dimension reduction methods [23]. These results are then inte-
grated using various classifiers or regressors [e.g. support vector
machine, elastic-net regressor, logistic regression (LR) and random
forest (RF)] [24-26] and ensemble classifier to make predictions [9].
However, these methods often overlooked the crucial interactions
among different data modalities. Deep learning methods, while
gaining popularity, are limited by the need for large clinical sam-
ple sizes to achieve sufficient accuracy [27]. Recent ML advance-
ments have focused on integrating multimodal omics features
with patient phenotypes to improve predictive performance
[28, 29]. To discover multimodal biomarker, techniques such
as multi-omics factor analysis (MOFA) and sparse canonical
correlation analysis (SCCA), including its variant multiset SCCA
(SMCCA) offer realistic strategies for integrating diverse data
modalities [30-32]. However, although these methods are suitable
for classification tasks, they are unsupervised and do not directly
incorporate phenotypic information (e.g. disease status) to
integrate diverse data types. As a result, they are limited to
identify phenotype-specific biomarkers.

Recently, advanced supervised approaches like data integration
analysis for biomarker discovery using latent components
(DIABLO) by Sing et al. (2019) have emerged to overcome these
limitations [28]. DIABLO is an extension of generalized SCCA
(GSCCA), considers cross-modality relationships and extracts
a set of common factors associated with different response
categories. Network-based methods, like unsupervised network
fusion or random walk with restart approaches construct drug—
target interaction and sample similarity networks that are
effective for patient stratification [20, 33]. However, these methods
lack a specific feature selection design, limiting their utility for
identifying biomarkers for patient classification. Nevertheless,
none of these ML methods are rigorous in terms of task/class-
specific biomarker discovery and interpretability, and both
SMCCA and GSCCA struggle with gradient dominance problem
due to naive data fusion strategies [34]. Therefore, it is essential
to develop novel interpretable methods for identifying robust
multimodal network biomarkers across diverse data types to
advance our understanding of the complex factors that influence
drug responses.

In this study, we introduce MOMLIN, a multi-modal and
-omics ML integration framework to enhance the prediction of
anticancer drug responses. MOMLIN integrates weighted multi-
class SCCA (WMSCCA) that identifies interpretable components
and enables effective feature selection across multi-modal and
-omics datasets. Our method contributes in three keyways: (i)
innovates a class-specific feature selection strategy with SCCA
methods for associating multimodal biomarkers, (i) includes
an adaptive weighting scheme into multiple pairwise SCCA
models to balance the influence of different data modalities,

preventing dominance during training process and (iii) ensures
robust feature selection by employing a combined constraint
mechanism that integrate lasso and GraphNet constraints to
select both the individual features and subset of co-expressed
features, thereby preventing overfitting to high-dimensional
data.

We applied MOMLIN to a multimodal breast cancer (BC)
dataset of 147 patients comprising clinical features, DNA muta-
tion, RNA expression, tumor microenvironment and molecular
pathway data [9], to predict drug-response classes, specifically
distinguishing responders and non-responders. Our results
demonstrate MOMLIN'’s superiority in terms of outperforming
state-of-the-art methods and interpretability of the underlying
biological mechanisms driving these distinct response classes.

Background and methods

Overview of our proposed method for treatment
response prediction

The workflow of our proposed method MOMLIN for identifying
class- or task-specific biomarkers from multimodal data is shown
in Fig. 1. The core of this pipeline involves three stages: (i) identifi-
cation of response-specific sparse components, in terms of input
features and patients, (ii) development of drug-response predic-
tor using latent components of patients and (iii) interpretation
of sparse components and multi-modal and -omics biomarker
discovery.

The rationales underpinned of this approach is that effective
biomarkers are: (i) response-related multimodal features includ-
ing genes, cell types and pathways, and (ii) features that demon-
strate prediction capabilities on unseen patients. The first stage,
a ‘feature selection step’ that selects multimodal features on the
generated sparse components based on their relevance to drug-
response categories (pCR and RCB-I to III). Features with high
loading identified are considered as potential biomarker candi-
dates. The second stage, a ‘classification step’, validates these
biomarkers by assessing their predictive power in distinguishing
responders from non-responders to anticancer therapy; any pre-
dictions indicating chemo-resistant tumors should be considered
for enrolment in clinical trials for novel therapies. The third stage,
an ‘interpretation step,’” analyzes the candidate biomarkers in a
multi-modal and-omics network associated with relevant biologi-
cal pathways. This step aims to elucidate the underlying biological
processes differentiating between drug-response phenotypes.

Stage 1. Identification of response-associated
sparse components in terms of input features
and patients

Multi-modal and -omics data overview and preparation
This study utilized clinical attributes, DNA mutation and gene
expression (transcriptome) data from147 matched samples of
early and locally advanced BC patients (categorized as pCR, n= 38,
RCB-1, n=23, or RCB-II, n=61, or RCB-III, n=25), obtained from
the TransNEO cohort at Cambridge University Hospitals NHS
Foundation [9]. The dataset includes clinical attributes (8 features,
summary attributes are available in Supplementary Table S1
available online at http://bib.oxfordjournals.org/), genomic fea-
tures (31 DNA mutation genes, applying a strict criterion of genes
mutated in at least 10 patients) and RNA-sequencing (RNA-Seq)
features (18 393 genes), covering major BC subtypes-normal-like,
basal-like, Her2, luminalA and luminalB. Although DNA muta-
tion genes typically represent binary data, we used mutation
frequencies to construct a mutation count matrix. Initial data
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Figure 1. Schematic representation of the proposed framework. In stage 1, multimodal datasets from cancer patients (e.g. BC) were sourced from a
published study [9]. This dataset comprises clinical features, DNA mutations, and gene expression from pre-treatment tumors, alongside post-treatment
response classes (pCR, RCB-I to III). TIME and pathway activity were derived from transcriptomic data using statistical algorithms. For identifying
class-specific correlated biomarkers, class binarization and oversampling were used to balance between classes. WMSCCA models the multimodal
associations across different biomarkers and identifies response-specific sparse components on diverse input features and patients. In stage 2, a binary
LR classifier then utilizes these patient latent components for predicting response to therapies, evaluated by AUROC. Next in stage 3, class-specific
sparse components are shown in a heatmap, highlighting key signatures (non-zero loading) in colors. Finally, the identified multi-modal and -omics
signatures then formed a correlation network, revealing pathways associations with multi-modal and -omics biomarkers for each response class. Nodes

with colors in the network indicate multimodal features.

pre-processing involved a log2 transformation on the RNA-Seq
features after filtering out less informative features at 25th per-
centile (in terms of mean and standard deviation) using interquar-
tile range. For integrative modeling, we used the top 40% of
variable genes (3748 genes, based on median absolute deviation
ranking) from the RNA-Seq datasets. Finally, each feature was
normalized dividing by its Frobenius norm, adjusting the offset
between high and low intensities across different data modalities.

To characterize TIME and pathway markers, we applied
various statistical algorithms on the RNA-Seq data. The GSVA
algorithm [35] calculated (i) the GGI gene sets [36] and (ii) STAT1
immune signature scores [37]. For immune cell enrichment,
three methods were used: (i) MCPcounter [37] with voom-
normalized RNA-Seq counts; (ii) enrichment over 14 cell types
using 60 gene markers, employing log2-transformed geometric
mean of transcript per million (TPM) expression [38]; and (iii)

z-score scaling of cancer immunity parameters [39] to classify
four immune processes (major histocompatibility complex
molecules, immunomodulators, effector cells and suppressor
cells). Additionally, the TIDE algorithm [40] computed T-cell
dysfunction and exclusion metrics for each tumor sample
using log2-transformed TPM matrix of counts, which can serve
as a surrogate biomarker to predict the response to immune
checkpoint blockade. Pathway activity scores for each tumor
sample were computed using the GSVA algorithm with input
gene sets from Reactome [41], PIP [42] and BioCarta databases
within the MSigDB C2 pathway database [43].

Sparse multiset canonical correlation analysis

In this study, lowercase letters denote a vector, and uppercase
ones denote matrices, respectively. The term ||.|l;; denotes the
matrix l; -norm, and ||.|l4, denotes the GraphNet regularization.
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The sparse multiset canonical correlation analysis (SMCCA) is
an extension of dual-view SCCA, proposed to model associations
among multiple types of datasets [31]. Given the multiple types
of datasets, let X € R™P represent gene expression data with p
features, and Y € R"™% represent the k -th data modality (e.g.
clinical, DNA mutation and tumors microenvironment) with g
features. Both X and Y have n samples, and k = (1, ...,K), where
K denotes the number of different data modalities. The objective
function of SMCCA is defined as follows:

K K
: T~T
min zk —uTXTYyup +Au||u\|1+k§ JkllVells )
=1 =1

s.tllul3 =1, Ilell = 1, Vk,

where u and v, are the canonical weight vectors corresponding
to X and Y, indicating the importance of each respective
biomarkers. The term |.|; represents the l; regularization to
detect small subset of discriminative biomarkers and prevent
model overfitting. Ay, Ay are non-negative tuning parameters
balancing between the loss function and regularization terms.
The term ||.|\§ denotes the squared Euclidean norm to constraint
weight vectors u and as unit length vy, respectively.

However, SMCCA has limitations: (i) it is naturally unsuper-
vised, meaning SMCCA cannot leverage phenotypic information
(e.g. disease status and drug-response classes); (ii) pairwise asso-
clation among multiple data types can vary significantly and can
lead to gradient dominance issues during optimization; and (iii)
SMCCA mines a common subset of biomarkers for classifying
different tasks, which diminishes its relevance, as each task might
require distinct features sets.

Weighted multi-class sparse canonical correlation analysis

To address the above limitations, here we propose weighted
multi-class SCCA (WMSCCA), a formal model for class/tasks-
specific feature selection, different from the conventional SMCCA.
Throughout this study, we used the terms tasks/classes/drug-
response classes interchangeably. WMSCCA includes phenotypic
information as an additional data type, employs a weighting
scheme to resolve the gradient dominance issue and innovates
traditional class-specific feature selection strategies through
the one-versus-all strategies into its core objective function. In
this study, the underlying motivation is WMSCCA can jointly
identify drug-response class—specific multimodal biomarkers to
improve drug-response prediction. For ease of presentation, we
consider n patients with data matrices X € R™?, Y € R™%,
and Z € R™C¢ from C different drug-response classes. Here, X,
denotes p features from gene expression datasets, Y denotes g
features from k -th data modality (e.g. mutation, clinical features,
TIME and pathway activity), Z. denotes ¢ response class, and
k = (1,...,K), K denotes the number of data modalities. The
WMSCCA optimization problem can be formulated as follows:

Cc K
'??\21 DD —oq U XTI YaUa — 0wl X Ze — 03,08, Y Ze )
c=1 k=1
K
+y)+ D ¥ (Vi) (2)

k=1

st IXcucl3 = 1, IYauall3 = 1, foralle, k.

where U € RP*CV, e R%**C are canonical loading matrices
correspond to X and Yy, representing the importance of candidate

biomarkers for each class C, respectively. In this equation, the
first term models associations among X, and Y, datasets; the
second- and third terms correlate class labels Z. with X and
Yy, data modalities for each C™ class, aiming to identify class-
specific features and their relationships; ¥ (U) and v (Vi) rep-
resent sparsity constraints on U and Vi, to select a subset of
discriminative feature. As mentioned in Equation (1), to address
gradient dominance, the adjusting weight parameter oxy, ox; and
oy, can be defined as:

1 1 1
Oxy = ,Oxz = 2 Oyz = T o
VXU = Yeuell,” T IXu—=Zl, T 1Yevk — Zllo

(3)

where k = (1,...,K), K denotes the number of data modalities.
0. adjusts a larger weight if the non-squared loss (denominator
term) between datasets is small and vice versa.

Given high-dimensional datasets, the model in Equation (2)
encounters an overfitting problem. Therefore, the use of a sparsity
constraint is appropriate to address this issue. We hypothesized
that gene expression biomarkers can be either single genes or co-
expressed sets; thus, a combined penalty is designed for the X
dataset. Therefore, v (U) for X takes the following form:

¥ (U) = auBlUll1 1 + au (1= B) 1Ullgn, (4)

where, oy, 8 are nonnegative tuning parameters. g balances
between the effect of co-expressed and individual feature
selection. The first sparsity constraint is matrix |y 1 -norm, which
is defined as follows:

p C
Ul =D D Il (5)
i=1 ¢

This penalty promotes class-specific features on U. The second
sparsity constraint GraphNet regularization, defined as follows:

C
IUllgn = > ul Lee, )
C

where L. represents the Laplacian matrices of the connectivity in
X matrices. The Laplacian matrix is defined as L = D — A, where
D is the degree matrix of connectivity matrix A (e.g. gene co-
expression or correlation network). This penalty term promotes
a subset of connected features to discriminate each response
on U.

Besides, neither every mutation marker nor every clinical/-
TiME/pathways involves in predicting response classes, therefore,
the ;1 -norm is used on the Y, datasets to select individual
markers, i.e. ¥ (Vi) for the Y, data modalities take the following
form:

¥ (Vi) = avkllViell1 1. (7)

where ay is non-negative tuning parameter.

Finally, we obtained C pairs of canonical weight matrices
(UVa) (c=1,...,Ck=1,...,K) using an iterative alternative
algorithm by solving Equation (2) [44, 45]. Detected features
with non-zero weights in each class in the weight vectors were
extracted as correlated sets.

The WMSCCA method involves parameters ay,f,and oy
(k=1,...,K). Given the limited number of samples, we applied
a nested cross-validation (CV) strategy on training sets and
evaluated the maximum correlation on the test datasets. Optimal
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values for the regularization parameters were determined within
each training set via internal five-fold CV.

Stage 2. Drug-response prediction using latent
components of patients

To predict drug-response categories, we trained LR classifier using
the latent components of patients (or raw multimodal features)
generated by MOMLIN in Fig. 1: stages 1 and 2. We used a binary
classification scheme, distinguishing pCR versus non-pCR, RCB-
I versus non-RCB-I, RCB-II versus non-RCB-II and RCB-III versus
non-RCB-III, to evaluate model performance. In addition, we per-
formed analyses with existing multi-omics methods, including
SMCCA+LR, MOFA+LR, DIABLO and latent principal component
analysis (PCA) features, with LR classifiers. To assess prediction
performance for the response to treatment in an unbiased man-
ner, we used five-fold cross-validated performance and repeated
the process over 100 runs. The partitioning of data was kept
consistent across all models for fair comparisons. The accuracy of
response prediction was evaluated using area under the receiver
operating characteristic curve (AUROC).

Stage 3. Interpretation of sparse components and
multi-omics biomarker discovery and their
networks

After learning sparse latent components of features across differ-
ent data modalities using MOMLIN, we identify the most relevant
feature based on the loading weight of genes, TIME and pathways,
which reveal underlying interactions for discriminating response
classes. The larger the loading weight, the more important the
pair of features in discriminating response categories. We then use
these selected features to construct a sample correlation network,
or a relationship matrix based on their canonical weights [46].
In this network, nodes represent selected features, and the edge
weights between two interconnected features indicate correla-
tion or relatedness. The generated network is visualized using
the ggraph package in R (https://cran.r-project.org). Finally, we
prioritize multi-omics biomarkers based on their degree centrality
within the interconnected correlation network.

Results

Derivation of response-associated latent
components from BC data with MOMLIN

We applied MOMLIN to analyze a breast cancer (BC) dataset
to predict treatment response and gain molecular insights.
The dataset comprised 147 BC patients with early and locally
advanced pretherapy tumors [9], categorized as follows: pCR
with 38 patients, RCB-I (good response) with 23 patients, RCB-II
(moderate response) with 61 patients and RCB-III (resistance) with
25 patients. After preprocessing and filtering least informative
features, the final dataset comprised 3748 RNA genes (top 40%
out of 9371 genes), 31 mutation genes, 8 clinical attributes, 64
TIME and 178 pathways activities (Fig. 1: stage 1). Supplementary
Table S1 available online at http://bib.oxfordjournals.org/ sum-
marizes overall clinical characteristics by patients’ response
classes.

While our proposed framework offers general applicability
for identifying context-specific multi-omics biomarkers, this
study specifically focused on discovering drug-response—specific
biomarkers to enhance the prediction of pCR and RCB resistance.
MOMLIN decomposed the input multimodal data into response-
associated sparse latent components of input-features and
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patients. These sparse components reveal patterns of how various
features (e.g. genes and mutations) and clinical attributes related
to treatment outcomes (Fig. 1: stage 1-3), and their effectiveness
was evaluated by measuring prediction performance. We
assessed the predictive ability of MOMLIN through five-fold CV
repeated 100 times. In each iteration, the dataset is divided into
five-folds, with one random fold assigned as the held-out test
set, and the remaining folds used as the training set. MOMLIN
was trained using the training dataset, including detection of
predictive marker candidates, and its performance was evaluated
on the ‘unseen’ test set. This process was repeated for all
five-folds to ensure robust evaluation of MOMLIN's generalizabil-
ity. Performance was measured by the AUROC matrices (Fig. 1:
stage 2).

Performance comparison with existing methods
for drug-response prediction

To evaluate the prediction capability of MOMLIN, we modeled
each response category as a binary classification problem and
compared its prediction accuracy to existing multi-omics integra-
tion algorithms. For comparison, we randomly split the dataset
into a training set (70%) and a test set (30% unseen data), with bal-
anced inclusion of response classes. We employed LR as the clas-
sifier to assess predictive performance of multimodal biomarkers.
We compared MOMLIN with four other classification algorithms
for omics data: (i) SMCCA, which integrates multi-omics data by
projecting it onto latent components for discriminant analysis; (ii)
MOFA, which decomposes multi-omics data into common factors
for discriminant analysis; (iii) sparse PCA; and (iv) DIABLO, a
supervised integrative analysis method, represent the state-of-
the-art in classification. All methods were trained on the same
preprocessed data.

The classification results showed that MOMLIN outperformed
the compared multi-omics integration methods in most classifi-
cation tasks on unseen test samples (Fig. 2A). Notably, DIABLO,
the next best performer, was 10 to 15% less effective than
our MOMLIN. Additionally, we compared the performance of
component-based LR models against raw feature-based LR
models to predict RCB response classes. Although raw feature-
based models showed improved prediction, their performance
was notably dropped compared to component-based models
(Fig. 2B). This indicates the superior adaptability and effectiveness
of component-based models in leveraging multi-omics data for
predictive purposes.

Moreover, to test and demonstrate generalizability of this
framework, we applied MOMLIN to a preprocessed multi-
omics dataset of colorectal adenocarcinoma (COAD) with 256
patients [47]. This dataset included gene expression, copy
number variations and micro-RNA expression data, which
we used to classify COAD subtypes such as chromosomal
instability (CIN, n=174), genomically stable (GS, n=34) and
microsatellite instability (MSI, n=48). The performance results
shown in Supplementary Table S2 available online at http://
bib.oxfordjournals.org/ and Supplementary Figure S1 available
online at http://bib.oxfordjournals.org/, indicate that MOMLIN
outperformed all state-of-the-art methods tested in classifying
COAD subtypes. Moreover, when comparing the raw feature-
based accuracies with sparse components-based (features
derived from MOMLIN) accuracies, we found that raw feature-
based classifier was superior against existing methods (Figure
S1A and B), but lower than the components-based classifier.
This consistent observation supports our findings with BC drug-
response performances.
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A. Different methods performance comparisons on unseen data (test data)
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Figure 2. Performance comparison with existing methods and detection of informative data combination. All results in the plots depict test AUROC over
five-fold CV obtained from 100 runs. (A) Box plots comparing response prediction performance of MOMLIN against existing state-of-the-art multi-omics
methods. (B) Performance comparison between predictors based on latent components and those utilizing a selected subset of multimodal features. (C)
Comparing AUROCs for the models with different data subset combinations (clinical, clinical + DNA, clinical + RNA and clinical + DNA + RNA) using

MOMLIN.

Importance of different omics data for treatment
response prediction

To assess the added value of integrating multimodal data for
predicting treatment response, we trained four prediction models
with different feature combinations: (i) clinical features only,
plus adding (i) DNA, (iii) RNA and (iv) both DNA and RNA. We
found that adding different data modalities improved prediction
performance across all response classes (Fig. 2C). Notably, the
models that combined clinical data with either RNA or both DNA
and RNA demonstrated superior and comparable performance
with an average AUROC of 0.978. In contrast, the model based on
clinical features alone had much lower AUROC, ranging from 0.51
to 0.82. These results suggest that RNA transcriptome is the most
informative data modality in this dataset. Thus, integrating gene
expression with clinical features could significantly improve our
ability to predict treatment outcomes in BC.

Interpretation of response-associated sparse
components identified by MOMLIN

To understand the molecular landscape of treatment response in
BC, we used MOMLIN to model response—specific bi-multivariate
associations across multiple data modalities. We observed
stronger correlations between RNA gene expression and both
TIME (r=0.701) and pathway activity (r=0.868), indicating greater
overlap or explained information between them. Conversely,
moderate correlations were found between RNA gene expression
and DNA mutations (r=0.526), or clinical features (r=0.488),
indicating partially overlapping or independent information.
These results suggest that multimodal biological features provide
complementary information in a combinatorial manner.

When investigating the importance of each feature to
predict response classes, MOMLIN identified four distinct
loading vectors corresponding to pCR and RCB response classes,
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Figure 3. Heatmaps illustrate the features importance on response-associated

components identified by MOMLIN. Each row in the heatmap represents

a drug-response class, pCR, RCB-I, RCB-II and RCB-III, with columns representing features across different data modalities. The color gradient indicates

feature loading or importance, representing the strength of association with
association directions to response classes. All results in the heatmaps depict

response classes. The sign (negative or positive) of gradient denotes the
an average over 100 runs of five-fold CV. (A-E) represents the response-

associated candidate biomarkers detected in latent components in (A) gene expression data (highlighting DE genes), (B) clinical features, (C) DNA
mutations (highlighting mutated genes), (D) TIME cells and (E) functional pathway profiles (highlighting altered pathways).

highlighting distinct weight patterns for pCR versus non-pCR
and RCB versus non-RCB classes (Fig. 3). For example, in the pCR
(complete response) components—taking the top five molecular
features across different modalities revealed distinct molecular
patterns. Specifically, gene expression analysis showed that
downregulation of FBXO2 and RPS28P7 inhibits tumor cell prolif-
eration, and potentially may enhance treatment efficacy, and the
upregulation of C2CD4D-AS1, CSF3R, and SMPDL3B genes may
promote immune response, increasing tumor cell vulnerability
and therapeutic effect (Fig. 3A). Mutational analysis revealed
negative associations of marker genes HMCN1 and GATA3,
but a positive association for COL5A1 (Fig. 3C). Additionally,
tumor mutation burden (TMB), and homologous recombination
deficiency (HRD)-Telomeric Al signatures were higher in pCR
patients, suggesting high genomic instability compared to RCB
patients [9]. TIME analysis showed reduced immunosuppressive
mast cells and extracellular matrix (ECM), along with increased

infiltration of neutrophils, TIM-3 and CD8+ T-cells (Fig.3D).
Subsequently, the pathway analysis further revealed potential
downregulation of the PDGFRB pathway, involved in stromal
cell activity and associated with improved patient response [49],
while upregulation of pathways for antimicrobial peptides, FLT3
signaling, ephrin B reverse signaling and potential therapeutics
for SARS (Fig. 3E), suggesting enhanced immune surveillance
and interaction with tumor cells. In summary, MOMLIN reveals
distinct genomic landscape with higher immune activity and
genomic instability in pCR that characterizes its favorable
treatment response.

Similarly, in the RCB-I (good response) components—RNA
expression analysis revealed that lower expression of genes
GPX1P1 and HBB are linked to less aggressive tumors [48], while
those of thiosulfate sulfurtransferase (TST), NPIPAS and GSDMB
were overexpressed, linked to enhanced immune response and
therapeutic effectiveness [49, 50]. Mutational analysis showed
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positive association for therapeutic targets signatures TPS3,
MUC16 and RYR2 [51, 52], but a negative in NEB, and CIN
scores. TIME analysis demonstrated increased infiltration of
Tregs, cancer-associated fibroblast (CAF), monocytic lineage
and natural killer (NK) cells, indicating more active of immune
environment [9], with reduced TEM CD4 cells. Pathway analysis
further identified downregulation of NOD1/2 signaling, EPHA-
mediated growth cone collapse and toll-like receptor (TLR1, TLR2)
pathways, involved in inflammation and immune response, with
the upregulation of allograft rejection, and GO and early G1
pathways. In summary, tumors that achieve RCB-I is marked
by distinct genomics marker, active immune response, and
lower CIN.

In RCB-II (moderate response) components: RNA expres-
sion analysis revealed overexpression of RPLPOP9, FTH1P20,
RNF5P1 pseudogenes, following accumulation of overexpressed
ERVMER34-1, and PON3 genes play an oncogenic role in BC
[53]. Mutation analysis revealed positive association of HRD-
LOH, RYR1 and MT-ND4, but negative association of MACF1
and neoantigen loads, in line with previous reports [54, 55].
Analysis of TIME features demonstrated increased infiltration
of IDO1 and TAP2, with reduced CTLA 4, NK cells and PD-L2 cells,
indicating a less suppressive immune environment. Pathways
analysis further revealed downregulation pathways of G1/S DNA
damage checkpoints and TP53 regulation, highlighting DNA repair
issues, with the upregulation of PDGFRB pathway, E2F targets
and signaling by Hedgehog associated with cell proliferation.
In summary, RCB-II patients display distinct genomics markers
including pseudogenes, lack of suppressive immune environment
and active proliferation.

In RCB-III (resistant) components: RNA gene expression anal-
ysis revealed lower expression of therapeutic target PON3, and
FGFR4 [56], and flowed accumulation of lower expressed IncRNAc
ENSG00000225489, ENSG00000261116 and RNF5P1. Mutation sig-
nature analysis identified a positive association of MT-ND1, but
a negative association in therapeutic targets TP53, and MT-ND4
[7, 52]. Neoantigen loads were higher following lower TMB indi-
cate reduced tumor suppressor activity. TIME analysis revealed
reduced activity of T-cell exclusion, and HLA-E, with increased
ECM, HLA DPA1 and LAG3, suggesting an immune suppressive
tumor environment. Pathway analysis revealed upregulation of
pathways involved in neurotransmitter release, cell-cycle pro-
gression (RB-1) and immune system diseases, suggesting active
cell signaling and proliferation, with downregulation of EPHB
FWD pathway and nucleotide catabolism. In summary, patients
that attained RCB-III, characterized by low mutational burden
and an immune suppressive environment, leading to treatment
resistance.

Linking biology to treatment response through
biomarker network analysis

To further extract multimodal network biomarkers and under-
stand the complex biological interactions in patients with pCR
and RCB, we performed cross-interaction network analysis using
candidate signatures identified by MOMLIN across different
modalities. This analysis included clinical features, DNA muta-
tions, gene expression, TIME cells and enriched pathways, aiming
to elucidate the underlying biology associated with specific
treatment responses. Figure 4 shows the interaction networks
of selected multimodal features for each RCB class. To identify
potential biomarkers associated with pCR and RCB response, we
specifically focused on the top ten multimodal features based on
network edge connections. For example, tumors that attained in

PCR, the network analysis revealed co-enrichment of mutations
in HMCN1 and COL5A1 genes, particularly in estrogen receptor
(ER)-negative patients. HMCN1 and COL5A1 therapeutic targets
like molecules encode proteins for ECM structure, and mutations
of these genes regulate tumor architecture and cell adhesion,
potentially facilitating immune cell infiltration [52]. We also
observed elevated expressions of FBX0O2, CSF3R, C2CD4D-AS1 and
RPS28P7 genes, alongside increased infiltration of CD8+ T-cells [9,
57]. FBXO2 is a component of the ubiquitin-proteasome system,
which regulates protein degradation and influences cell cycle
and apoptosis [58], while CSF3R plays a vital role in granulocyte
production and immune response [59]. These gene expression
patterns, coupled with increased CD8+ T-cell infiltration, suggest
a robust anti-tumor immune response. Furthermore, these
molecular perturbations may be linked to antimicrobial peptide
pathways and FLT3 signaling, potentially contributing to the
favorable outcome in achieving pCR [60, 61]. Future work could
specifically search for these complex interactions across different
molecules to gain more clinically relevant insights into pCR
tumors. Supplementary Table S3 available online at http://bib.
oxfordjournals.org/ presents the more detailed list (top 30) of the
multi-modal and -omics biomarkers identified using the MOMLIN
pipeline.

Similarly, RCB-I tumors exhibited co-enriched mutations in
MUC16 and TPS53, particularly in HER2+ cases [14]. MUC16
(CA125) is therapeutic molecule associated with immune evasion
and tumor growth [51], while TP53 mutations can lead to
loss of cell cycle control and genomic instability [62]. We also
observed elevated expression of TST involved in the detoxification
processes and GPX1P1 [long non-coding RNA (IncRNA)] involved
in oxidative stress response. The immune landscape of these
tumors showed increased infiltration of TEM CD4 cells (adaptive
immunity), monocytic lineage cells (phagocytosis and antigen
presentation) and NK cells (innate immunity), as well as CAFs.
This immune landscape, coupled with potential perturbations in
the allograft rejection pathway, suggests an active but potentially
incomplete immune response against the tumor, resulting in
minimal residual disease.

RCB-II tumors had lower neoantigen loads compared to pCR,
both in ER-negative and HER2+ patients. This reduced neoantigen
load might contribute to a weaker immune response. Gene expres-
sion analysis showed elevated levels of specific IncRNAs, includ-
ing FTH1P20 (associated with iron metabolism), RNF5P1 (poten-
tially affecting protein degradation) and RPLPOP9 (involved in
protein synthesis), along with ERVMER34-1, which can influence
gene expression and immune response in BC patients. Numerous
studies have underscored the key regulatory roles of IncRNAs
in tumors and the immune system. Notably, increased expres-
sion of the immune checkpoint protein IDO1 negatively regulates
the expression of CTLA-4, both known to modulate antitumor
immune responses [63]. The combined effect of these molecu-
lar alterations suggests potential tumor survival mechanisms,
including immune evasion and dysregulation of G1/S DNA dam-
age [64] contributing to moderate residual disease.

In RCB-III tumors, we observed the reduced prevalence of TP53
and MT-ND4 mutations, typically associated with genomic insta-
bility and aggressive tumor behavior [51], coupled with a higher
neoantigen load, suggesting an alternative mechanism (path-
ways) that drives tumor progression. Despite the higher neoanti-
gen loads, increased expression of HLA-E immune checkpoints
and T-cell exclusion in the tumor microenvironment hindered
effective anti-tumor immune responses. Additionally, the low-
expressed genes PON3, ENSG00000261116 (IncRNA) and RNF5P1
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B. RCB-I biomarkers and networks
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Figure 4. Multimodal network biomarkers explain drug-response classes. The multimodal networks detail the candidate biomarkers and their
interactions for each response class, (A) the pCR patients (B) the RCB-I patients (good response), (C) the RCB-II patients (moderate response) and (D)
the RCB-III resistance patients. Nodes in the network represent candidate biomarkers derived from clinical features, DNA mutations, gene expression,
enriched cell-types and pathways, each indicated in different colors in the figure legend. Negative edges are light green; positive edges are in light
magenta. Edge width reflects the strength of the interaction between features. Node size corresponds to the number of connections (degree), and the
font size of node labels scales with degree centrality, highlighting the most interconnected biomarkers.

are involved in detoxification, gene regulation and protein degra-
dation, respectively, represents an adaptive response to cellular
stress in these tumors. Clinical markers indicating lymph node
involvement suggest a more advanced disease state [9]. These
findings, along with potential perturbations in the neurotransmit-
ter release cycle pathway, collectively portray RCB-III tumors as
genetically unstable, yet effectively evading immune surveillance,
contributing to their significant treatment resistance. Overall,
further investigation of these interactive molecular networks,
comprising both positive and negative interactions offers a more
depth understudying of these potential candidate biomarkers
for distinguishing treatment-sensitive pCR and resistant RCB
tumors.

Discussion

The advent of multi-omics technologies has revolutionized
our understanding of cancer biology, offering unprecedented
insights into the complex molecular interactions that shape
tumor behavior and treatment response. In this study, we
presented MOMLIN (multi-modal and -omics ML integration),

a novel method to enhance cancer drug-response prediction
by integrating multi-omics data. MOMLIN specifically utilizes
class-specific feature learning and sparse correlation algorithms
to model multi-omics associations, enables the detection of
class-specific multimodal biomarkers from different omics
datasets. Applied to a BC multimodal dataset of 147 patients
(comprising RNA expression, DNA mutation, tumor microenviron-
ment, clinical features and pathway functional profiles), MOMLIN
was highly predictive of responses to anticancer therapies and
identified cohesive multi-modal and -omics network biomarkers
associated with responder (pCR) and various levels of RCB (RCB-I:
good response, RCB-1I: moderate response and RCB-III: resistance).

Using MOMLIN, we identified that pCR is determined by
an interactive set of multimodal network biomarkers driven
by distinct genetic alterations, such as HMCN1 and COLSAL,
particularly in ER-negative tumors [9, 65]. Gene expression
signatures, including FBXO2 and CSF3R were associated with the
immune cell infiltration (CD8+ T-cells), which has been previously
reported as a key determinant of response [57]. The association of
these biomarkers with antimicrobial peptide and FLT3 signaling
pathways suggests a robust immune response [61] as a critical
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driver of complete response. Additionally, C2CD4D-AS1, an
IncRNA was identified, and its exact role with these complex
molecular interactions in BC remains to be elucidated. Future
work could specifically search for these complex interactions
across different molecules to gain more clinically relevant
insights into pCR tumors.

RCB-I tumors, despite responding well to response, were asso-
ciated with a distinct multimodal molecular signature. These
tumors were enriched for mutations in the therapeutic target
MUC16 (CA125), known for its role in immune evasion [51], and
the tumor suppressor gene TP53, particularly in HER2+ cases [14].
Elevated expression of TST and GPX1P1 (IncRNA involved in oxida-
tive stress response) were associated with increased infiltration
of diverse immune cells, including Tem CD4+ cells, monocytes
and NK cells [10]. This active immune landscape and the intricate
interactions of these signature with the potential perturbations in
the allograft rejection pathway, suggests a robust yet potentially
incomplete anti-tumor immune response, contributing to the
minimal residual disease observed in this subtype.

RCB-II tumors showed lower neoantigen loads compared to
PCR, which could contribute to a weaker immune response,
particularly in ER-negative and HER2+ subtypes. Increased
expression of IncRNAs, such as FTH1P20, RNF5P1, RPLPOP9 and
ERVMER34-1, were associated with the immune checkpoint
protein IDO1, and negatively regulate the CTLA-4 protein expres-
sion, suggests immune evasion and alterations in tumor cell
metabolism and proliferation. These molecules altered intricate
interactions implicate dysregulation of G1/S DNA damage as a
possible mechanism for moderate treatment response [64].

RCB-III tumors, classified as resistant, were associated with a
distinct multimodal molecular landscape driven by reduced TP53
and MT-ND4 mutations [52], accompanied with higher neoanti-
gen loads compared to other response groups. This suggests an
alternative mechanism driving tumor progression and immune
evasion. Despite the high neoantigen load which could poten-
tially trigger immune response, these tumors exhibited immune
evasion through increased HLA-E immune checkpoints and T-cell
exclusion [40, 55]. Also, the downregulation of genes like PON3 and
the IncRNA ENSG00000261116, along with lymph node involve-
ment, pointed to advanced disease and cellular stress adaptation
[9]. The presence of these complex interactions, including poten-
tial perturbations in the neurotransmitter release cycle path-
way, could contribute to treatment resistance in RCB-III tumors.
Future studies targeting these immunosuppressive mechanisms
and exploring novel pathways could offer promising avenues to
overcome resistance in this aggressive subtype.

These findings above emphasize the potential of MOMLIN to
enable deeper understanding of complex biological mechanism
correspondence to each response class, ultimately paving the
way for personalized treatment strategies in cancer. MOMLIN
also demonstrated the best prediction performance for unseen
patients by utilizing these identified sets of network biomarkers.
By identifying response-associated biomarkers, researchers can
stratify patients based on their likelihood of achieving pCR or
experiencing RCB to anticancer treatments, facilitating more
informed treatment decisions and potentially improving patient
outcomes. Moreover, the identified biomarkers could serve
as valuable targets for the development of novel therapeutic
interventions and new biological hypothesis generation. However,
the clinical translation of multimodal biomarkers necessitates
addressing the potential economic burden associated with
multi-omics testing. Developing targeted biomarker panels and
prioritizing key hub molecules from the large-scale candidate

multimodal network biomarkers identified by MOMLIN could be
a viable strategy for reducing costs while maintaining predictive
accuracy. Furthermore, ongoing advancements in sequencing and
diagnostic technologies are expected to make multi-omics testing
more accessible and affordable over time.

In conclusion, our study demonstrates MOMLIN’s capacity
to uncover nuanced molecular signatures associated with dif-
ferent drug-response classes in BC. By integrating multi-modal
and -omics datasets, we have highlighted the complex interplay
between genetic alterations, gene expression, immune infiltration
and cellular pathways that contribute to treatment response and
resistance. Future research in this direction holds promise for
refining risk stratification, optimizing treatment selection and
ultimately improving patient outcomes.

Limitations

While MOMLIN demonstrates promising results as shown, a key
limitation lies in its reliance on correlation-based algorithms
for multi-omics data integration. These algorithms are great at
identifying associations, but they can fall short when it comes
to inferring causality between different omics layers. This is a
challenge faced by most current state-of-the-art methods [28, 30].
In the future iterations of MOMLIN, we aim to incorporate causal
inference methodologies alongside sparse correlation algorithms
to better understand the complex causal relationships within
multi-omics datasets.

Key Points

e We proposed MOMLIN, a novel framework designed
to integrate multimodal data and identify response-
associated network biomarkers, to understand biological
mechanisms and regulatory roles.

¢ MOMLIN employed an adaptive weighting for different
data modalities and employs innovative regularization
constraint to ensure robust feature selection to analyze
high-dimensional omics data.

e MOMLIN demonstrates significantly improved perfor-
mance compared to current state-of-the-art methods.

¢ MOMLIN identifies interpretable and phenotype-specific
components, providing insights into the molecular
mechanisms driving treatment response and resistance.
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Supplementary data is available at Briefings in Bioinformatics
online.
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