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Abstract: Drug resistance is a major challenge in cancer therapy, often driven by poorly charac-
terized molecular states. We developed MIRACS (Multiomic Integration for Resistance Associ-
ation via Correlation Strategy), an unsupervised multi-omics framework to identify resistance
programs across diverse cancer types and drug classes. Transcriptomic and proteomic profiles
from 370 cell lines (22 tumor types, DepMap) were decomposed into 30 latent factors using
Multi-Omics Factor Analysis (MOFA). Correlating these factors with drug response data from
the PRISM dataset revealed over 700 significant factor–mechanism of action (MoA) associations
across 10 cancer types.
Among these, a molecular program emerged as a cross-lineage resistance program linked to
five drug classes—including topoisomerase, Bcr-Abl kinase, Aurora kinase, DNA synthesis, and
HSP inhibitors—across eight cancer types. Functional analyses of gene and protein loadings
highlighted stress response and inflammatory pathways (p53, NF-κB, TNF-α, JAK–STAT) and
transcriptional regulators ATF6 and IRF1, consistent with a pre-existing stress-adapted state.
These results demonstrate that integratingmulti-omics with drug perturbation data can uncover
convergent, lineage-independent resistance programs, providing a systematic approach to iden-
tify targetable vulnerabilities across cancers.

1 Introduction
Drug resistance is a major obstacle in cancer therapy, often leading to treatment failure and
disease progression. Resistance arises from heterogeneous molecular states, many of which
remain poorly characterized (Vasan et al., 2019). Most studies focus on single tumor types
or individual drugs, but this narrow scope risks overlooking lineage-independent resistance
programs that converge across cancers. Previous studies suggested that resistant states can be
driven by common molecular mechanisms that transcend tumor lineage and therapeutic class
(Gu et al., 2025; Lei et al., 2023).

To investigate this, we developedMIRACS (Multiomic Integration for Resistance Association
via Correlation Strategy) a four-step computational strategy that integrates multi-omic profiles
with drug response data.
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2 Materials and Methods

2.1 Datasets
Datasets were obtained from DepMap (DepMap, Broad, 2024). Transcriptomic data consisted
of RNA-seq (log2(TPM+1)) for 19,138 genes in 1,673 cell lines, while proteomic data (Nusinow
et al., 2020) included mass spectrometry-based quantification of 12,196 genes in 375 cell lines.
After harmonization and duplicate filtering, 370 cell lines with both data types were retained.

Drug response data were obtained from PRISM Repurposing (19Q4), covering 1,502 com-
pounds across classified in 444 MoAs (Corsello et al., 2019). Replicates were filtered, and z-
score normalization was applied per drug.

2.2 MIRACS:Multiomic Integration for Resistance Association via Correlation
Strategy

The workflow consists of four phases and starts from four matrices: Ym, multi-omic data ma-
trices (each represented as a view); R, drug response matrix (AUC per cell line); a matrix of
cell line group annotations; and drug annotations (MoAs), grouping drugs by mechanism of
action.

First, different omics (Ym) are integrated across cell lines using Multi-Omics Factor Analysis
(MOFA). MOFA yields latent factors that capture axes of variability, providing sample-level
factors in a matrix Z for each group, and feature weights in matrices W (one per view) for each
omic layer. Second, Spearman correlations are computed between latent factors (Zg) and drug
responses (R), yielding a correlation matrix Cg. Third, an enrichment analysis based on drug
mechanisms of action (MoAs) evaluates whether a factor is consistently associated with drugs
sharing the sameMoA. This GSEA-like approach groups drugs byMoA and tests whether their
correlations with a given factor show a consistent pattern, enabling the detection of programs
shared across multiple drugs with the same MoA, even if not universal. The result is a matrix
of enrichment scores (E) and adjusted p-values (padj), from which significant MoA–factor as-
sociations can be selected. These associations can then be biologically interpreted by exploring
the weight matrices W to identify genes, proteins, or other features that contribute most to the
variability captured by each factor.

2.3 MOFA modeling
Multi-Omics Factor Analysis (MOFA) is a statistical framework designed for unsupervised
integration of heterogeneous omics datasets (Argelaguet et al., 2018). It decomposes high-
dimensional data into a reduced number of latent factors that capture major sources of vari-
ability across different molecular layers. Each factor reflects shared or view-specific patterns
of variability, while the weight matrices Wm indicate the contribution of individual features
(genes, proteins, etc.) to each factor.

We applied MOFA2 (mofapy2, Python implementation) to jointly model transcriptomic and
proteomic data. Samples were grouped by tumor lineage to minimize factors dominated by
inter-tissue differences. The model was trained with 30 latent factors.
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2.4 MoA enrichment analysis

To link latent factors with drug response, we applied an enrichment strategy inspired by Gene
Set Enrichment Analysis (GSEA) (Subramanian et al., 2005). Instead of genes, the ranked ele-
ments were drug–factor correlation scores, grouped by mechanism of action (MoA). This ap-
proach tests whether drugs in the same MoA show consistent correlations with a factor, iden-
tifying latent drivers of sensitivity or resistance..

Correlations between each factor (Zg) and drug response (AUC values) were computed per
tissue using Spearman correlation, generating correlation matrices Cg. These matrices were
analyzed with the decoupler package (v2.0.4), running 10,000 permutations to estimate nor-
malized enrichment scores (NES) and adjusted p-values. Positive enrichments (high factor
values associated with high AUC, i.e. resistance) and negative enrichments (high factor val-
ues with low AUC, i.e. sensitivity) were used to prioritize factor–MoA associations consistent
across tissues.

3 Results

MIRACS decomposed transcriptomic and proteomic profiles into 30 latent programs, explain-
ing 34% and 27% of their variability, respectively (Fig.1a). Spearman correlations between
these programs and drug responses showed amean absolute correlation of 0.2, with maximum
absolute correlations reaching up to 0.96 (Fig.1b).

Drug enrichment analysis identified over 700 significant associations between latent factors
and MoAs across 10 cancer types. Molecular programs related to resistance are those where
high factor values associate with high AUC (resistant cells), resulting in positive correlation
and positive enrichment. We prioritized latent factors consistently linked to resistance for the
same MoA across multiple tumor types (Fig.1c). These cross-lineage associations highlighted
recurrent resistance programs and motivated the selection of Factor 12 for detailed characteri-
zation.

Factor 12 was associated with resistance to multiple drug classes—including topoisomerase
inhibitors, Bcr-Abl kinase inhibitors, Aurora kinase inhibitors, DNA synthesis inhibitors, and
HSP inhibitors—across eight cancer types (Table1). Functional analyses of its transcriptomic
and proteomic loadings revealed enrichment for stress response and inflammatory pathways
(Ak and Levine, 2010). Gene-level enrichment highlighted p53 signaling, NF-κB, TNF-α, and
JAK–STAT pathways in the transcriptomic component.

Additionally, transcription factor activity inference indicated overactivation of ATF6 and
IRF1 across both omics layers (Fig.2 b), consistent with a pre-existing stress-adapted and in-
flammatory transcriptional program Stengel et al. (2020); Takaoka et al. (2008).

Among the MoAs asociated with factor 12 we can choose one, i.e. Aurore kinase inhibitors.
To evaluate which drug responses within this selectedMoA are influenced by factor 12, a forest
plots summarizing individual drug–factor correlations was generated (Fig. 2c). Most drugs
showed positive associations, although variability across tumor types was evident. Subse-
quently, Factor 12 values were visualized separately for each tissue, comparing sensitive and
resistant cells (binarized between the 33rd and 67th percentiles). Fig. 2d–h illustrates this for
the Aurora kinase inhibitor tozasertib, highlighting consistent tendency across multiple tumor
types.



328 Proceedings XoveTIC 2025

b

a)

b)

c)

Figure 1: MIRACS applied to DepMap data (Phases 1–3). a) Mean R2 by factor and view (RNA or protein)
across groups (tumor type). b) Distribution of Spearman correlation of factors and drugs by
group (tumor type). c) Number of positive enriched factors by MoA (highlighting those present
in ą 3 tissues).
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Table 1: Selected Factor 12–MoA associations.
MoA Number of tissues Tissues
Topoisomerase inhibitor 5 Breast, Esophagus/Stomach, Kidney, Skin, Uterus
Bcr-Abl kinase inhibitor 4 Intestine, Esophagus/Stomach, Kidney, Lung
Aurora kinase inhibitor 4 Intestine, Lung, Pancreas, Skin
DNA inhibitor 3 Intestine, Lung, Uterus
HSP inhibitor 3 Kidney, Pancreas, Skin

b)a) c)

d) e)

h)g)

f)

Figure 2: MIRACS applied to DepMap (Phase 4). Example analysis of factor 12. a) Functional analysis of
factor 12 loadings with PROGENy pathways. b) Functional analysis of factor 12 loadings with
CollecTRI transcription factors. c) Correlation of each Aurora kinase inhibitor drug with factor
12 in selected tissues. d–h) Comparison of factor 12 values for cell lines sensitive and resistant to
tozasertib in cell lines from tumours of the pancreas (d), kidney (e), intestine (f), skin (g), and
lung (h).
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4 Discussion
MIRACS enables unsupervised, interpretable identification of shared and tissue-specific resis-
tance programs across cancers. By capturing molecular variability independently from drug
response, it avoids biases from prior annotations while retaining biological interpretability.

Applied to DepMap, MIRACS uncovered convergent resistance programs, exemplified by
Factor 12. Unlike prior studies restricted to single tumor types (Linares-Blanco et al., 2025)
or relying on black-box models (Wu et al., 2025), this framework systematically detects cross-
tumor associations while remaining interpretable.

Limitations include reliance on cell lines, linear modeling assumptions, and dependence on
MoA annotations. Future work should validateMIRACS-derived factors in clinical cohorts and
expand integration to other omics layers such as mutations and methylation.

5 Conclusions
Our approach identified pre-existing molecular states potentially linked to drug resistance. In-
tegrating pan-cancer transcriptomic and proteomic data revealed potential resistance mecha-
nisms transcending tumor types or drug classes.
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