
Unsupervised Multiomics Integration Identifies
Prognostic Subtypes and Druggable Vulnerabilities
in Multiple Myeloma
Hamed Bashiri 

Komar University of Science and Technology, Kurdistan Regional Government
Siamak Salimy 

Hamadan University of Medical Sciences
Hassan Bashiri 

Hamedan University of Technology
Saeid Afshar 

Hamadan University of Medical Sciences

Article

Keywords: Multiple myeloma, deep learning, autoencoder, multiomics integration, prognostic modeling,
survival analysis

Posted Date: June 17th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-9713112/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

Page 1/21

https://doi.org/10.21203/rs.3.rs-9713112/v1
https://doi.org/10.21203/rs.3.rs-9713112/v1
https://doi.org/10.21203/rs.3.rs-9713112/v1
https://creativecommons.org/licenses/by/4.0/


Abstract
Multiple myeloma (MM) is a clinically and genomically heterogeneous plasma-cell malignancy in which
existing risk stratification systems fail to fully capture survival variability. In this study, we developed an
unsupervised deep learning–based multiomics integration framework to improve prognostic
stratification and identify biologically informed, potentially druggable vulnerabilities. The proposed
pipeline integrates transcriptomic, epigenomic, and clinical data via an autoencoder architecture for
nonlinear dimensionality reduction and Lasso‒Cox proportional hazards regression for feature
selection. We analyzed 559 MM patients from the GSE2658 dataset and validated the findings in an
independent cohort (GSE4581). Patients were stratified into prognostic subgroups via a hyperparameter-
optimized deep autoencoder and unsupervised k-means clustering, followed by differential expression
and pathway enrichment analyses. The model identified 30 survival-associated features that robustly
separated patients into high- and low-risk groups, with significant survival differences (p < 0.001).
Differential expression analysis revealed that 268 dysregulated genes were enriched in bone marrow
microenvironmental signaling, DNA damage response dysfunction, PI3K–Akt signaling, and metabolic
pathways. These findings demonstrate the utility of integrating deep learning with multiomics data to
uncover prognostic subtypes and key biological mechanisms in MM. The proposed framework provides
a scalable and biologically interpretable approach that may support improved risk stratification and the
identification of therapeutic targets in multiple myeloma.

Introduction
Multiple myeloma (MM) is a genetically and clinically diverse malignancy of plasma cells that accounts
for approximately 10% of all hematologic cancers. It is characterized by the clonal expansion of
malignant plasma cells in the bone marrow, leading to bone destruction, immunosuppression, and a
range of systemic complications, including anemia, hypercalcemia, and renal failure. 1,2 MM arises from
a complex interplay among genetic alterations, epigenetic regulation, and microenvironmental factors.

Landmark studies have defined molecular subtypes of MM based on recurrent chromosomal
translocations involving the immunoglobulin heavy-chain (IgH) locus, including t (11;14) (q13; q32), t
(4;14) (p16; q32), and t (14;16) (q32; q23), as well as hyperdiploidy characterized by the trisomy of odd-
numbered chromosomes. Each subtype is associated with distinct gene expression profiles and clinical
outcomes. For example, t(4;14) is linked with poor prognosis because of the overexpression of FGFR3
and MMSET, whereas t(11;14) is generally associated with favorable outcomes and the overexpression
of CCND1 3–5. More recently, LY6E has been proposed as a prognostic biomarker correlated with
aggressive disease and osteoclastogenesis, revealing immune-microenvironmental regulation in MM. 2.
Understanding the biological basis of this heterogeneity is essential for improving prognostic accuracy
and developing personalized therapies.

To fully exploit the molecular complexity of MM, computational biology provides a powerful framework
for integrating multiomics data and clinical variables. Machine learning and deep learning models have
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been successfully applied to patient stratification and outcome prediction across multiple cancer types,
including colon and breast cancer. 6–8. Furthermore, computational modeling of genomic signatures,
such as mutations, copy number variations, and chromosomal abnormalities, has shown promise for
predicting treatment response and mechanisms of resistance in relapsed or refractory MM patients. 9,10.
These in silico approaches enable the simulation of drug effects on patient-specific molecular networks,
paving the way toward individualized therapeutic strategies. 11.

Recent advances integrating bulk and single-cell transcriptomic data have identified prognostically
significant cellular subtypes and constructed predictive models that outperform traditional gene-level
approaches. 12. For example, pathway-based modeling techniques such as ssGSEA and GSVA have
enabled the development of robust prognostic tools that incorporate immune and signaling pathway
activity. 13. Adapting these approaches to MM could facilitate the construction of survival risk models
that better reflect the interplay among the genomic, transcriptomic, and epigenetic layers.

Despite therapeutic progress, including the use of proteasome inhibitors, immunomodulatory agents,
and monoclonal antibodies, MM remains incurable, mainly due to tumor heterogeneity, acquired drug
resistance, and relapse. 1.

Here, we present a dual-path computational pipeline that integrates mRNA, miRNA, and DNA methylation
data to identify survival risk subgroups and construct a robust predictive model. Our objective was to
identify prognostic subtypes and key biomarkers associated with disease progression and survival by
leveraging deep learning–based dimensionality reduction, Lasso-Cox survival modeling, and systems
biology-driven pathway interpretation. This integrative strategy aims to enhance the understanding of
MM molecular subtypes and guide personalized therapeutic decision-making.

Results
The dataset description is provided in Table 1.

Page 3/21



Table 1
An overview of the data used is presented here.

Subgroup Patients (n) Events (n) % Censored Median Survival (months)

MY 88 26 70.50% 38.3

CD1 25 11 56.00% 46.9

CD2 44 17 61.40% 33.7

HY 86 32 62.80% 39.7

LB 59 20 66.10% 44.8

MF 34 15 55.90% 38.3

MS 80 44 45.00% 29.9

PR 32 23 28.10% 17.8

Total 368 98 73.40% 39.5

Table 2
An overview of the clinical data is presented here.

Category Value

Total Number of Patients 368

Number of Events (Death/Event) 98 (26.6%)

Number of Censored 270 (73.4%)

Survival Time (months)

Minimum 0.1

Maximum 69.24

Median 39.5

Mean 41.1

Standard Deviation 17.6

Subgroups

Number of Subgroups 8

Subgroup Names MY, CD1, CD2, HY, LB, MF, MS, PR

Most Common Subgroup MY" (88 patients, 23.9%)."

Least Common Subgroup CD2" (44 patients, 12.0%).
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The dataset included 559 samples, as shown in Table 1, which displays the frequency with which the
final samples were selected for analysis.

2.1. Feature Transformation via a Deep Learning
Framework
A dataset comprising 559 multiple myeloma samples served as input for an autoencoder. The matrices
scaled to unit norms were combined sample wise to form a unified matrix. The encoder employed two
hidden layers with 5,000 and 1,000 nodes; the decoder mirrored this structure, with layers of 1,000 and
5,000 nodes. The model was built via Keras (https://github.com/fchollet/keras) in Python. The
autoencoder architecture is depicted in Fig. 3.

2.2. Survival-associated features and segmentation
The GSE2658 dataset was used to collect and preprocess 559 samples with RNA-Seq and clinical data.
An autoencoder reduces the number of features to 1000 in the bottleneck layer. These features were fed
into a univariate Lasso-Cox model, which identified 30 features linked to survival with significant log-rank
p values (< 0.05). These genes were clustered into two groups via k-means and optimized via the C-
index. Figure 4 shows Kaplan–Meier curves clearly separating the low- and high-risk groups.

2.3. DEG
After dimensionality reduction techniques and survival analysis were applied, distinct survival-
associated groups were identified. Specifically, samples were categorized into high- and low-risk groups,
regardless of subtype classification.

In this study, differential gene expression analysis was used to identify differences in gene expression
across these groups. The differentially expressed genes (DEGs) were identified via the EBayes method
implemented in the Limma package. 14,15. DEGs in each group with an adjusted p value < 0.05 were
subsequently identified based on high- and low-risk patient states. For genes represented by multiple
probes, the mean expression value was calculated. On the basis of the analysis, as specified in Fig. 5, the
genes are considered probe IDs. These elements are mocked and eventually reported as dysregulated
genes.

As presented in Supplementary Table S1, of the 54677 probes examined, 194 + 74 (downregulated and
upregulated) genes were identified as significantly differentially expressed on the basis of an adjusted p
value < 0.05. These genes are listed in Supplementary Table S2.

2.4. Enrichment analysis
Pathway enrichment analysis via Enrichr identified multiple biologically relevant signatures in the MM
cohort, shedding light on key aspects of MM pathogenesis and potential therapeutic vulnerabilities. The
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results of the gene enrichment analysis for the selected genes are presented in Fig. 6 and supplementary
E1.

The resulting pathway and drug signature enrichment profile revealed a compact and biologically
coherent landscape, which converges on four principal domains: (1) dependence on the bone marrow
niche, (2) genomic instability and replication stress driven by DNA repair defects, (3) activation of
oncogenic survival pathways alongside adaptation to oxidative stress, and (4) metabolic dependencies
and druggable vulnerabilities. Each domain is summarized below with direct literature support and
translational implications. Enrichment analyses revealed that prognostic risk in multiple myeloma
patients is driven by coordinated alterations across the bone marrow microenvironment, the DNA
damage response, oncogenic survival signaling, and cellular metabolism. High-risk disease is
characterized by disrupted microenvironmental interactions, defective homologous recombination repair
involving BRCA2–RAD51 and TP53 dysregulation, and compensatory activation of ATR-mediated stress
signaling. Concurrent enrichment of the PI3K–Akt and JAK–STAT pathways, together with signatures of
glutamine and lipid metabolism dependence, highlighted convergent survival and metabolic programs.
Drug signature analyses revealed that DNA damage response inhibition, glutaminase blockade, JAK–
STAT targeting, and fatty acid–binding protein inhibition are actionable vulnerabilities in high-risk
myeloma.

2.4.1. Bone marrow microenvironment and osteogenic
niches
The enrichment of osteocyte, osteoblast, and common lymphoid progenitor signatures underscores the
central role of the marrow microenvironment in MM biology. Malignant plasma cells engage osteoblastic
and osteoclastogenic programs and exploit marrow stromal signaling to promote survival, niche
retention, and bone destruction; osteocytes produce factors (e.g., RANKL and sclerostin) that further
skew bone remodeling and foster tumor expansion. 16,17. Such tumor–stroma reciprocity not only
underlies MM-associated osteolysis but also supports cytokine networks (IL-6, IGF-1) that sustain
malignant clones, highlighting the microenvironment as both a disease driver and a therapeutic target 16.

2.4.2. Genomic instability, replication stress, and defective
homologous-repair signaling
Pathway enrichment for TP53 regulation, impaired BRCA2–RAD51 interactions, ATR activation, and
alternative homology-directed repair (single-strand annealing) points to pervasive DNA damage
response (DDR) perturbation and replication stress in MM. Loss or dysfunction of p53 (del(17p) and/or
TP53 mutation) is a recurrent, high-risk lesion associated with clonal evolution and poor outcomes. 18,
19. Impaired BRCA2–RAD51 function and HRR defects increase reliance on compensatory DDR pathways
(e.g., ATR/CHK1) and error-prone repair, creating exploitable synthetic lethal interactions. Indeed,
preclinical data show that ATR inhibition preferentially kills MM cells with ongoing replication stress and
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potentiates alkylator activity, suggesting that DDR inhibitors are promising agents for treating
genomically unstable MM subsets. 20.

2.4.3. Oncogenic PI3K–Akt signaling and oxidative stress
adaptation
The enrichment of the PI3K–Akt signaling pathway corroborates its central role as a prosurvival axis in
MM. The pathway is activated both intrinsically and by marrow-derived cytokines (e.g., IL-6), driving
proliferation, anti-apoptosis, and drug resistance 21. PI3K pathway activation furthermore intersects with

mTOR and metabolic circuits, reinforcing anabolic/antiapoptotic programs 21. The concomitant
enrichment of LOXL4/oxidative stress and proteostasis-related processes is consistent with the high
proteotoxic and oxidative burdens (due to massive immunoglobulin production) of MM cells. MM cells
exhibit adaptive antioxidant and proteostasis responses that can be therapeutically targeted, and PI3K–
Akt pathway inhibition has shown preclinical efficacy, particularly in combination regimens. 21.

2.4.4. Metabolic dependencies and druggable
vulnerabilities (CB-839, JAK/STAT, FABP inhibitors)
Drug signature enrichment highlights several actionable metabolic and signaling dependencies:

Glutaminase inhibition (CB-839/telaglenastat): CB-839 signature enrichment reflects the reliance of
MM cells on glutamine metabolism. Preclinical work has shown that GLS inhibition depletes α-
ketoglutarate and reduces MM cell viability and that CB-839 potentiates the efficacy of proteasome
inhibition, HDAC inhibitors, and DDR-targeting agents in model systems 22,23.

JAK–STAT pathway (ruxolitinib down): The downregulated ruxolitinib signature is associated with
hyperactive JAK–STAT signaling in the cohort, which is consistent with cytokine-driven STAT
activation (IL-6/JAK axis) that supports MM survival and therapy resistance. Although single-agent
JAK inhibition has shown limited clinical benefit, integrating JAK blockade into multimodal regimens
remains rational 23.

Lipid metabolism/FABP inhibition (BMS309403 downregulation): Downregulation of the
BMS309403 signature and enrichment of FABP-related genes point to lipid-metabolic dependencies.
Recent functional studies have demonstrated that inhibition of fatty acid-binding proteins (e.g., with
BMS309403 or SBFI-26) disrupts MM cell proliferation, mitochondrial function, and MYC signaling in
vitro and in some in vivo models 24.

In conclusion, the Enrichr profile synthesizes four interlocking hallmarks of MM in this cohort—
microenvironmental dependence, genomic instability/replication stress, oncogenic survival signaling,
and metabolic/druggable dependencies—supporting a multiaxis therapeutic strategy in which metabolic
modulation, DDR inhibition, and PI3K/JAK pathway targeting are rationally combined with marrow-niche-
directed approaches.
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Discussion
Multiple myeloma (MM) is a hematologic malignancy driven by profound genetic and
microenvironmental heterogeneity. In the present study, we leveraged a deep learning-based
autoencoder combined with survival modeling to perform unsupervised stratification of MM patients via
large transcriptomic datasets. This novel computational approach enables clear demarcation of
prognostically distinct high-risk and low-risk clusters with significant survival differences, independent of
traditional staging systems such as the International Staging System (ISS) or cytogenetic risk groupings
—including those based on t(4;14), t(11;14), and hyperdiploidy. These findings align with the enhanced
performance of deep learning models over conventional methods in hematologic malignancies and solid
tumors, underscoring the value of advanced machine learning in robust patient stratification. 21,25,26.

The differential expression analysis between risk groups revealed that 268 genes were enriched in
hematopoietic dysfunction and oxygen transport pathways, which is consistent with MM-associated
anemia and bone marrow suppression. Enrichr-based pathway analysis highlighted the critical role of the
bone marrow microenvironment—including osteocytes, osteoblasts, and common lymphoid progenitors
—in MM pathogenesis. This finding aligns with an extensive body of evidence demonstrating that
malignant plasma cells rely on stromal and osteogenic interactions via IL-6, IGF-1, RANKL, and sclerostin
to drive proliferation, survival, and bone disease, supporting the therapeutic targeting of
microenvironmental axes (e.g., anti-RANKL or anti-sclerostin agents) in combination regimens. 27–29.

Concurrently, the enrichment of DNA damage response (DDR) pathways—specifically disrupted TP53
function, BRCA2–RAD51 interaction deficits, and ATR-mediated replication stress responses—reveals
pervasive genomic instability, a known hallmark of high-risk MM. TP53 deletion and mutation are among
the strongest adverse prognostic markers in MM, and their presence significantly drives clonal evolution,
chemoresistance, and early relapse 30,31. BRCA2–RAD51 dysfunction indicates homologous
recombination repair (HRR) deficiency, which can be exploited therapeutically via synthetic lethal
approaches such as the use of PARP or ATR inhibitors. Preclinical studies have shown promising
antimyeloma activity for these agents, especially in HRR-deficient and p53-impaired MM models. 32–34.

Moreover, our analysis highlighted the activation of oncogenic PI3K–Akt signaling and adaptive oxidative
stress pathways. PI3K–Akt activation, often driven by cytokine stimulation from the bone marrow
microenvironment, supports MM cell survival, growth, and resistance to apoptosis. Targeting this axis
with inhibitors such as perifosine has demonstrated preclinical efficacy in MM, and combination
strategies—particularly those incorporating proteasome inhibitors—show further promise. 21,25. The
concurrent enrichment of oxidative stress and proteostasis signatures underscores the cellular stress
associated with copious immunoglobulin production in plasma cells. Therapeutic strategies that
exacerbate proteotoxic stress (e.g., proteasome inhibitors) while inhibiting survival pathways may yield
synergistic cytotoxicity. 35,36.
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Drug signature enrichment revealed metabolic vulnerabilities, including glutaminolysis dependency (CB-
839/Telaglenastat), reliance on JAK–STAT signaling (ruxolitinib), and altered lipid metabolism via fatty
acid–binding proteins. Glutaminase inhibition has shown efficacy in multiple myeloma models by
disrupting mitochondrial function and sensitizing cells to proteasome and HDAC inhibitors. 23,37. While
clinical trials are ongoing, these findings support metabolic targeting as a viable therapeutic avenue.
FABP inhibition is emerging as a novel strategy, with preclinical data demonstrating disruptions in cell
proliferation, MYC signaling, and mitochondrial metabolism upon the targeting of FABP pathways in MM
38. These metabolic dependencies may complement DDR or signaling pathway targeting to overcome
adaptive resistance mechanisms.

From a clinical perspective, our integrative computational framework offers three substantial
contributions: first, it enables survival stratification that transcends traditional cytogenetic subtypes;
second, it unravels key mechanistic pathways—DDR deficiency, PI3K–Akt signaling, and metabolic
reprogramming—that drive poor outcomes; and third, it nominates druggable targets (glutaminase,
FABPs, ATR, and JAK–STAT) for biomarker-driven therapeutic interventions. This aligns with the
precision oncology goal of tailoring treatment strategies to dynamic molecular vulnerabilities rather than
static clinical features. 39.

However, several limitations must be considered. The reliance on retrospective bulk transcriptomic
datasets limits the resolution of clonal and microenvironmental heterogeneity; integrating single-cell
RNA sequencing would enhance the understanding of intratumoral diversity and its interactions with the
environment. 40. The black-box nature of autoencoders also complicates interpretability, necessitating
protein-level validation—e.g., via immunohistochemistry, phospho-protein assays, or functional DDR
assays—to confirm the biological relevance of computationally derived features. Future studies should
incorporate longitudinal sampling and integrate multiomics methods, including proteomics and
metabolomics, to capture disease dynamics and evolutionary trajectories. 41. Importantly, prospective
validation in clinical trials is essential to evaluate the predictive capacity and therapeutic utility of the
identified risk model.

In summary, our study demonstrates that deep learning-based, multiomics analysis can yield biologically
meaningful stratification of MM patients and uncover novel therapeutic vulnerabilities not captured by
conventional classification schemes. By aligning computational insights with mechanistic
understanding, this framework advances the pursuit of personalized therapy in MM, highlighting
actionable pathways for future clinical investigation.

Conclusion
In summary, we presented a novel, unsupervised deep learning framework that integrates multiomics
and clinical data to identify prognostic subtypes in multiple myeloma patients. Our results demonstrate
that deep learning–derived latent features capture critical biological heterogeneity linked to DNA
damage response impairment, metabolic adaptation, and immune microenvironmental variation.
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The resulting prognostic model robustly stratifies patient survival across independent cohorts, offering a
computationally efficient and biologically interpretable approach to MM risk assessment. Functional
analyses revealed the DDR and metabolic pathways as actionable targets, suggesting opportunities for
precision therapy.

Future studies integrating proteomic, metabolomic, and single-cell datasets will further enhance model
generalizability and translational utility. Ultimately, our findings establish a foundation for AI-driven,
biology-informed risk stratification that could guide personalized treatment and clinical trial design in
MM patients.

Materials and methods

4.1. Overall pipeline and dataset
This study employed two separate datasets. The Gene Expression Profiles of Multiple Myeloma dataset
(GSE2658) was used to identify survival-risk class labels (n = 559), and the second dataset, GSE4581,
served as a validation dataset to assess the deep learning model's predictive performance (n = 414). The
overall pipeline is illustrated in Fig. 1. Figure 2 presents the study workflow, where Fig. 2A outlines the
unsupervised approach for identifying survival-related subgroups, and Fig. 2B shows the downstream
pipeline for detecting survival-associated genes.

4.2. Deep Learning Framework for Feature Transformation
An autoencoder is an unsupervised, feed-forward neural network (see Fig. 3) that efficiently compresses
and encodes data and then reconstructs the original input from this encoded form, closely
approximating it. 42.

Given an input layer that receives data  of dimension , the autoencoder transforms
this input through a series of hidden layers to generate an output , where  closely resembles . It
is important to note that both.  and  share the same dimensionality. 43.

The rectified linear unit (ReLU) is used as the activation function for layer i:

1

where x and y are vectors of dimensions d and p, respectively, Wi denotes a weight matrix of dimensions
p, and bi signifies an intercept vector of dimensionality p.

For an autoencoder consisting of k layers, is then defined as follows:

x = (x1, … , xn) n

x′ x′ x

x x′

Y = fi (x) = Relu(Wix + bi)

x′

x′ = F1→ k (x) = f
∘

1 … f
∘

k−1fk (x)
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2

where  is the composing function of  with . The objective of
training an autoencoder is to determine the weight vectors Wi of each layer by minimizing the
reconstruction loss.

4.3. Features associated with survival and clustering
Dimensionality reduction of features was performed via a deep learning framework, followed by the
development of a Lasso-based proportional hazards (Lasso-PH) model for each transformed feature.
The features associated with survival were then employed to cluster the samples via the k-means
clustering algorithm. The optimal number of clusters was ascertained via the silhouette index, as
implemented in the R survcomp package for k-means.

4.4. Confirmation dataset
The GSE4581 dataset, employed as our validation cohort, was processed via the deep autoencoder with
identical parameters, followed by the application of the Cox proportional hazards model. The samples
were subsequently grouped via the same clustering methodology, marking the commencement of the
confirmation analysis.

4.5. Feature Engineering and Pathway Scoring
After clustering, we assessed pathway activity via gene set enrichment analysis (GSEA) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) gene sets with Enrichr. The resulting scores served as
input features for subsequent modeling and feature engineering.

4.6. Functional Annotation and Interpretation
We used Enrichr to annotate genes and noncoding RNAs related to model performance and to identify
enriched pathways. We verified gene relevance by reviewing the literature (2, 8) and by evaluating gene
expression in independent MM cohorts.
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Figure 1

Study pipeline. The overall pipeline, from the probe ID to the functional pathway, is depicted.
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Figure 2

The workflow overview. A. An unsupervised survival analysis pipeline was designed to identify
subgroups associated with survival outcomes. B. Pipeline used to identify significant genes from newly
clustered (high and low) samples.
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Figure 3

The autoencoder schema is used for dimension reduction.
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Figure 4

The Kaplan–Meier survival curve is shown, where the blue line represents the low-risk group and the red
line represents the high-risk group.
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Figure 5

Volcano plot of dysregulated genes in GSE2658. The green dots represent the probes that are significant
(p value < 0.05), with logFC < 1 and > -1.
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Figure 6

Enrichment analysis of the dysregulated genes. (A, B) GO and HuBMAP enrichment analysis of DEGs. (C,
D, E) Proteomic, Reactome, and WikiPathway results of the dysregulated genes.
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