Clinical and Experimental Medicine (2025) 25:355
https://doi.org/10.1007/510238-025-01902-w

REVIEW q

Check for
updates

Beyond single biomarkers: multi-omics strategies to predict
immunotherapy outcomes in blood cancers

Mohammad Pirouzbakht' - Soroosh Hamzeh? - Hamed Soleimani Samarkhazan?

Received: 30 July 2025 / Accepted: 13 September 2025 / Published online: 6 November 2025
© The Author(s) 2025

Abstract

Immunotherapy has revolutionized hematologic cancer treatment, yet responses remain unpredictable due to primary resist-
ance, relapse, and life-threatening toxicities. Conventional biomarkers fail to capture the complexity of tumor-immune interac-
tions, necessitating integrative approaches. This review explores how multi-omics technologies, genomics, transcriptomics,
proteomics, metabolomics, spatial omics, and microbiome profiling, decode the molecular drivers of immunotherapy efficacy
and adverse events in hematologic malignancies. We highlight key advances: genomics reveals neoantigen landscapes and
HLA diversity shaping checkpoint inhibitor responses; transcriptomics identifies T-cell exhaustion signatures predictive
of CAR-T failure; metabolomics uncovers lactate-driven immunosuppression in AML; and spatial omics maps immune
architectures linked to Hodgkin lymphoma outcomes. Supervised machine learning algorithms (e.g., random forest, sup-
port vector machines) integrate these layers to build predictive models for cytokine release syndrome (CRS) and resistance,
while longitudinal ctDNA monitoring enables dynamic therapy adaptation. Emerging frontiers like CRISPR-based epitope
editing, digital twins for in silico clinical trials, and non-coding RNA biomarkers further refine precision strategies. Despite
challenges in data integration, tumor plasticity, and ethical frameworks, multi-omics is accelerating biomarker-driven trial
designs (e.g., basket trials with omics stratification) and patient-centric tools (wearable sensors for real-time metabolite
tracking). This review distinguishes itself by synthesizing these rapid technological advances not only to predict outcomes
but also to chart a forward-looking roadmap for their clinical translation, offering a unique perspective on overcoming the
current barriers to precision immuno-oncology. Together, these advances promise to transform immunotherapy from empiri-
cal to precision medicine, optimizing outcomes for leukemia, lymphoma, and myeloma patients.
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Immunotherapy has transformed the way hematologic
malignancies are treated by utilizing the immune system's
innate ability to identify and destroy cancer cells. Tradi-
tionally, therapeutic strategies such as hematopoietic stem
cell transplantation (HSCT), chemotherapy, and radiation
therapy have been the mainstay of treatment. Although
these modalities have achieved considerable success, they
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are frequently associated with substantial toxicity and lim-
ited long-term efficacy, especially in high-risk or relapsed/
refractory patient cohorts [1]. Over the past decade, a
diverse array of immunotherapeutic approaches including
monoclonal antibodies (mAbs), antibody—drug conjugates
(ADCs), bispecific antibodies (BsAbs), and chimeric antigen
receptor T-cell (CAR-T) therapies has emerged, significantly
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transforming treatment paradigms and offering new avenues
for durable remissions, particularly in B-cell malignancies
[2, 3] and other plasma cell disorders such as systemic AL
amyloidosis [4].

CAR-T cell therapy exemplifies this transformation
through genetic engineering of patient-derived T cells, ena-
bling expression of chimeric antigen receptors that specifi-
cally target tumor antigens. After ex vivo expansion, these
modified cells are reinfused to elicit a robust and directed
antitumor response. Despite remarkable efficacy demon-
strated in relapsed or refractory B-cell lymphomas and leu-
kemias, CAR-T therapies pose challenges such as cytokine
release syndrome (CRS), neurotoxicity, and variability in
response durability [5, 6]. BsAbs complement this approach
by simultaneously engaging immune effector cells and tumor
cells to potentiate targeted immune activation. A prominent
example is blinatumomab, approved for B-cell precursor
acute lymphoblastic leukemia (B-ALL), which engages CD3
on T cells to induce apoptosis of CD19-expressing malig-
nant B cells [7-9].

Immune checkpoint inhibitors (ICIs) that block negative
regulatory proteins like programmed cell death protein-1
(PD-1) and cytotoxic T-lymphocyte-associated protein 4
(CTLA-4) counteract tumor-mediated immune evasion,
thereby restoring antitumor immunity. These agents have
shown durable clinical responses in selected hematologic
malignancies [10-12]. Nevertheless, their benefits are lim-
ited to a subset of patients; in some cases, treatment is asso-
ciated with hyper-progressive disease (HPD), characterized
by paradoxically accelerated tumor growth, underscoring the
need for improved patient selection and predictive biomark-
ers [13]. Moreover, immune-related adverse events (irAEs)
are frequent with ICIs, ranging from mild inflammatory
reactions to life-threatening organ dysfunction requiring
immunosuppression, which may inadvertently dampen
antitumor immunity [14]. Parallel challenges regarding effi-
cacy and toxicities exist with CAR-T and BsAbs therapies,
emphasizing the complexity of immune-based treatments. A
major challenge in immunotherapy is the marked variability
in how patients respond. While some individuals achieve
sustained remissions, others experience primary resistance,
disease relapse, or severe adverse events. Conventional
single-parameter biomarkers, such as PD-L1 expression,
have demonstrated limited predictive value, highlighting
the necessity for integrative, systems-level methods that
capture the intricate interactions among tumor biology,
immune dynamics, and therapy responses [15, 16]. The
recent evolution of artificial intelligence (Al), particularly
machine learning (ML), has been instrumental in unlock-
ing the potential of these complex datasets. Al algorithms
have evolved from basic statistical models to sophisticated
deep learning (DL) networks capable of identifying sub-
tle, non-linear patterns within high-dimensional biological
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data. This computational advancement provides the essential
toolkit for integrating and interpreting multi-omics layers,
moving beyond correlation to build predictive models of
therapy response [17, 18]. In this regard, the integration of
multi-omics platforms including genomics, transcriptomics,
proteomics, metabolomics, and spatial transcriptomics offers
a powerful strategy to decode the molecular determinants of
immunotherapy responsiveness and resistance. By combin-
ing multiple layers of biological data, multi-omics analyses
facilitate the identification of complex predictive signatures
associated with treatment efficacy and toxicity, thereby refin-
ing patient stratification and guiding optimized therapeutic
decisions. [19-21]. For instance, multi-omic analyses have
been successfully used to elucidate how natural compounds
like Gamabufotalin exert anti-tumor effects by targeting
specific metabolic pathways [22], showcasing the utility
of this approach beyond biomarker discovery. While previ-
ous reviews have summarized individual omics layers, this
work provides a comprehensive and integrated synthesis of
the entire multi-omics spectrum, with a specific focus on
emerging frontiers such as digital twins, epitope editing,
and patient-centric wearable technologies, thereby outlin-
ing a novel and actionable framework for the next genera-
tion of precision immunotherapy trials in hematology. This
approach promises to enable truly personalized immunother-
apy for patients with hematologic malignancies, ultimately
improving clinical outcomes. This review delineates the
contemporary landscape of immunotherapy in hematologic
cancers, with an emphasis on how multi-omics integration
can enhance the prediction of therapeutic responses and sup-
port clinical decision-making toward precision medicine.

OMICS technologies in immunotherapy
response prediction

Genomics
Tumor mutational burden (TMB) and neoantigen prediction

Somatic mutations generate immunogenic neoantigens that
enable T-cell recognition of tumor cells. In hematologic
malignancies like diffuse large B-cell lymphoma (DLBCL),
high TMB correlates with increased neoantigen burden, and
patients harboring >2 BCL2-derived neoantigens exhibit
significantly worse overall survival (HR 5.61 for OS) follow-
ing immunochemotherapy [23]. Non-synonymous single-
nucleotide variants (SNVs) dominate neoantigen landscapes,
but non-SNV sources, including frameshift mutations, splice
variants, and gene fusions, produce more immunogenic neo-
antigens due to greater sequence divergence from wild-type
peptides. For example, frameshift mutations in microsat-
ellite-unstable lymphomas generate 9 X more neoantigens
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per mutation than SN'Vs [24]. Computational pipelines like
INTEGRATE-neo and NetMHCpan now incorporate variant
allele frequency, gene expression, and clonality to prioritize
actionable targets, advancing personalized vaccine design
[24].

However, TMB's predictive utility is limited in hema-
tologic cancers with low mutation rates. Pediatric ALL
typically exhibits <20 mutations/exome, reducing neoan-
tigen availability. Moreover, TMB-neoantigen correlation
is imperfect (Spearman p=0.55-0.56 in DLBCL), as only
1-3% of mutations yield immunogenic epitopes due to HLA-
binding constraints and inefficient antigen processing [23,
24].

Germline genetics and HLA diversity

HLA class I evolutionary divergence (HED) quantifies phys-
icochemical differences between HLA alleles and predicts
ICI efficacy. Patients with high HED (top quartile) exhibit
superior survival post-ICI, as divergent alleles present more
diverse immunopeptidomes, enhancing tumor surveillance.
This effect persists even among fully heterozygous individu-
als, underscoring HED’s role beyond heterozygosity [25].
Allele-specific associations also exist: HLA-B*44 super-
types correlate with prolonged survival in chronic lym-
phocytic leukemia (CLL) due to efficient presentation of
leukemia-associated antigens [25].

Pharmacogenomics further reveals toxicity risks: poly-
morphisms in CTLA4 and PDCD1 associate with irAEs dur-
ing ICI therapy. Germline variants in complement pathway
genes (CFH, CFI) increase neurotoxicity risk after CD19-
CAR-T therapy, informing preemptive interventions [25].

Transcriptomics
Immune cell infiltration signatures

Deconvolution algorithms (CIBERSORT, xCell) quantify
immune subsets from bulk RNA-seq, delineating “hot” vs.
“cold” tumor microenvironments (TMEs). In multiple mye-
loma, “hot” TMEs feature CD8 + effector T-cells and NK
cells and correlate with response to anti-SLAMF7 therapy,
whereas “cold” TMEs exhibit M2 macrophage and regu-
latory T-cell (Treg) enrichment, predicting resistance [26,
27]. Single-cell RNA sequencing (scRNA-seq) refines these

insights: classical Hodgkin lymphoma responders show
CD4 + memory T-cell expansion, while non-responders
accumulate immunosuppressive CD163 + macrophages
[26, 28].

T-cell exhaustion and senescence

Transcriptomic markers of T-cell dysfunction (LAG3,
TIM3, TOX, NR4A) predict CAR-T failure. In DLBCL
patients receiving CD19-CAR-T, pre-infusion upregula-
tion of exhaustion genes in manufactured products associ-
ates with poor persistence and progression [29]. sScRNA-
seq reveals clonal dynamics post-therapy: relapsed AML
patients exhibit expanded T-cell clones expressing CTLA4
and TIGIT, while sustained responders demonstrate stem-
like memory T-cells (TCF7+, LEF1+) [27, 29]. Unlocking
the full potential of these memory T-cell populations is a key
focus for improving the persistence and efficacy of adoptive
cell therapies like CAR-T [30]. Key transcriptomic mark-
ers of T-cell dysfunction, their functional roles, therapeutic
contexts, and clinical impacts are summarized in Table 1.

Proteomics and metabolomics
Serum/Plasma proteomics

Cytokine profiling predicts toxicities, IL-6 and IFN-y ele-
vations at 24 h post-CAR-T infusion forecast severe CRS,
while ANG2 and sFLT1 associate with neurotoxicity [29,
31]. In multiple myeloma, soluble checkpoint proteins (sPD-
L1, sCTLA-4) increase at relapse, reflecting TME immu-
nosuppression. High sPD-L1 levels (>200 pg/mL) inde-
pendently predict inferior progression-free survival after
daratumumab therapy [31].

Metabolic reprogramming of immune cells

Lactate accumulation in the AML bone marrow suppresses
NK-cell function via HIF-1a-mediated PD-L1 upregulation
on blasts, creating an immunosuppressive niche [32-34].
Conversely, arginine metabolism dictates CAR-T persis-
tence: low plasma arginine correlates with CAR-T con-
traction, while engineering arginine catabolism [29, 33].
Metabolomic studies further identify succinate accumula-
tion as a biomarker of T-cell dysfunction in CLL, where it

Table 1 Transcriptomic signatures of T-cell dysfunction in hematologic cancers

Marker Function Therapeutic context Clinical impact References
T0X Epigenetic regulator of exhaustion CD19-CAR-T for DLBCL Reduced T-cell proliferation [29]
LAG3 Immune checkpoint receptor PD-1 blockade in lymphoma Early exhaustion and relapse [29]
NR4A Transcriptional suppressor of effector function CDI19-CAR-T Impaired tumor clearance [29]
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inhibits histone demethylase activity, epigenetically silenc-
ing effector genes [32]. Major metabolites driving immune
suppression, their cellular sources, immunological effects,
and potential therapeutic targets are consolidated in Table 2.

Epigenomics

Epigenetic modifications, including DNA methylation, his-
tone modifications, and chromatin remodeling, play a pivotal
role in regulating gene expression without altering the under-
lying DNA sequence, thereby critically influencing tumor-
immune interactions and immunotherapy responses. In
hematologic malignancies, global hypomethylation is often
associated with genomic instability, while promoter-specific
hypermethylation can silence tumor suppressor genes and
antigen presentation machinery. For instance, hypermethyla-
tion of the HLA-DR promoter region in DLBCL is linked to
reduced MHC class II expression, impaired T-cell recogni-
tion, and resistance to CAR-T therapy and ICI [35-37].
Beyond tumor-intrinsic mechanisms, epigenetic repro-
gramming directly modulates immune cell function. In
T-cells, demethylation of effector genes (e.g., IFNG, TNF)
is associated with a durable memory phenotype, whereas
hypermethylation of these loci is a hallmark of T-cell
exhaustion. DNA methyltransferase inhibitors (e.g., azac-
itidine) can reverse this exhaustion by inducing a more stem-
like and proliferative state in CAR-T cells, enhancing their
persistence and antitumor efficacy in preclinical models of
AML [38, 39]. Furthermore, histone deacetylase inhibitors
(HDAC:s) can upregulate tumor-associated antigens and co-
stimulatory molecules on cancer cells, making them more
visible and susceptible to immune attack [40]. Advanced
computational tools, such as SEanalysis 2.0, are now being
employed to map super-enhancer regulatory networks, pro-
viding deeper insights into the epigenetic landscape that
governs immune gene expression [41]. The integration of
epigenomic data with other omics layers, known as multi-
omics epigenomics, provides a more comprehensive under-
standing of resistance mechanisms. For example, integrat-
ing chromatin accessibility (ATAC-seq) with transcriptomic
data can reveal key transcriptional regulators of immune
evasion. These insights are now being leveraged to develop
epigenetic biomarkers, such as circulating cell-free DNA
(cfDNA) methylation patterns, for non-invasive predic-
tion of response and relapse, positioning epigenomics as

Table 2 Metabolomic pathways in immune dysfunction

an indispensable component of the multi-omics toolkit for
precision immunotherapy [42].

Microbiome OMICS

Gut microbiota composition (16S rRNA/metagenomics) pre-
dicts immunotherapy responses. Faecalibacterium-enriched
patients exhibit superior CAR-T expansion in ALL, while
Enterococcus-dominance correlates with CRS severity due
to enhanced systemic inflammation [24, 29, 43]. Microbial
metabolites, notably butyrate, enhance CAR-T stemness
through HDAC inhibition, prolonging persistence in xen-
ograft models. Fecal microbiota transplantation (FMT)
from responders restores butyrate production and improves
OXPHOS in CAR-T cells, highlighting microbiome editing
as an adjuvant strategy [29, 33]. Table 3 summarizes multi-
omics technologies and their clinical utility in predicting
immunotherapy responses and toxicities across hematologic
malignancies.

Integrative multi-OMICS approaches
in immunotherapy

ML and network biology

The adaptive immune receptor complex (AIRR), comprising
T-cell receptors (TCRs) and B-cell receptors (BCRs), plays
a central role in antigen recognition and immune memory.
These receptors encode information about past and ongoing
immune responses, offering valuable insights into immune
status, including health, disease, infection, or vaccination.
Leveraging this data enables predictive modeling of immune
dynamics and therapeutic outcomes [17].

Recent advances in ML, a branch of AI, have signifi-
cantly enhanced the analysis of multi-omics datasets.
Unsupervised methods like autoencoders are used for
dimensionality reduction and feature extraction, while
supervised algorithms (e.g., gradient boosting machines,
neural networks) can autonomously construct predictive
and descriptive models from large-scale biological data,
enabling deeper understanding of complex immune inter-
actions [52, 53]. These models are increasingly applied to
genomic, proteomic, and immune repertoire sequencing
data to predict B-cell and T-cell epitopes, evaluate vaccine

Metabolite Source Immune effect Therapeutic targeting References
Lactate Tumor glycolysis Inhibits NK cytotoxicity, induces Tregs LDH inhibitors (e.g., stiripentol) [32, 33]
Adenosine CD73/CD39 ectoenzymes Suppresses T-cell activation A2A receptor antagonists [32]
Succinate Mitochondrial dysfunction Stabilizes HIF-1a, PD-L1 upregulation Succinate dehydrogenase activators [32]
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Table 3 Multi-Omics technologies for predicting immunotherapy outcomes

Limitations References

Clinical impact

Key biomarkers/Findings

Omics layer

[24, 25]

Predicts ICI/CAR-T response; guides personalized = Low predictive power in low-TMB cancers (e.g.,

TMB, HLA diversity, neoantigens (e.g., BCL2-

Genomics

pediatric ALL)
Requires single-cell resolution for robust spatial

vaccines
Identifies “hot” vs. “cold” TMEs; predicts CAR-T

derived)
Transcriptomics T-cell exhaustion markers (LAG3, TIM3, TOX);

[29, 44, 45]

insights

failure

immune cell deconvolution
Serum cytokines (IL-6, ANG?2), soluble check-

[29, 31]

Dynamic range variability in plasma samples

Early CRS/neurotoxicity detection; monitors

Proteomics

relapse in myeloma

points (sPD-L1)
Lactate, succinate, arginine depletion

[29, 32, 33]

Tumor microenvironment heterogeneity affects

Reveals immunosuppressive niches; predicts

Metabolomics

metabolite stability

CAR-T persistence

[24, 29, 33]

Host-diet interactions complicate reproducibility

Correlates with CAR-T expansion; reduces CRS

Faecalibacterium enrichment, butyrate production

Microbiome

severity via FMT

[46-49]

Links spatial immune clusters to outcomes; guides  Technical complexity; limited clinical validation

Immune architecture (e.g., PD-L1+ macrophages

Spatial Omics

combination therapies
Predicts ICI/CAR-T resistance; biomarkers for

in cHL)
DNA methylation (e.g., HLA-DR promoter), his-

[35, 37, 38,

Tissue-specific nature of marks; dynamic changes

Epigenomics

40, 42, 50,

51]

require serial sampling

HDACi/DNMTi combination therapy

tone modifications (H3K27ac)

candidates, and uncover immune receptor specificities. In
particular, DL has empowered the extraction of meaning-
ful patterns from high-dimensional immune sequencing
data, with applications in cancer vaccine design and infec-
tious disease diagnostics [54]. Specialized frameworks are
now being developed for specific tasks, such as TRAPT, a
multi-stage fused DL model for predicting transcriptional
regulators from epigenomic data [55], highlighting the
increasing sophistication of Al in biology.

Hybrid approaches combining ML and systems genom-
ics (MLSG) integrate diverse omics data types to reveal
genotype—phenotype relationships that are not apparent
through single-omics analyses [56]. These models are
now being used to predict antigen specificity at both the
individual and population levels, with promising applica-
tions in diagnosing autoimmune diseases and monitoring
immune responses [57]. Building on these computational
capabilities, multi-omics profiling is now being leveraged
to manage one of immunotherapy’s most challenging com-
plications, CRS.

CAR-T cell therapy has emerged as a groundbreaking
treatment for hematologic malignancies, yet it is asso-
ciated with life-threatening toxicities, including CRS.
Recent studies have applied supervised learning models,
such as logistic regression and support vector machines,
to clinical biomarkers and cytokine profiles to predict the
onset and severity of CRS with high accuracy (e.g.,>90%
precision in independent test sets) [58]. This approach mir-
rors strategies used in other clinical domains, such as the
development of the LIP score (lymphocyte count, INR,
procalcitonin) for sepsis screening using routine clini-
cal parameters [59]. Multi-omics profiling of CAR-T cell
biology and host immune responses has further enabled
the identification of molecular signatures linked to both
therapeutic efficacy and adverse events [29].

A notable example is the M2-CRS model, an ensem-
ble learning framework that integrates XGBoost and ran-
dom forest classifiers with biomedical knowledge graphs,
designed to predict the onset and severity of CRS. This
model achieved an accuracy of 92% and an AUC of 0.96
in validation cohorts, demonstrating its utility for early
intervention in CAR-T therapy [60]. These ML-driven
approaches highlight the potential of computational
biology in personalizing immunotherapy and mitigating
treatment-related risks. While systemic toxicity presents
a significant challenge, the spatial organization of immune
cells within the tumor microenvironment also critically
influences immunotherapy success. Figure 1 depicts a
comprehensive multi-omics framework for predicting
immunotherapy responses in hematologic malignancies,
integrating genomic, transcriptomic, and epigenomic pro-
filing with ML to guide personalized treatment decisions.
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«Fig.1 A Blood samples are collected from patients at diagnosis or
relapse. High-throughput OMICS technologies are applied to extract
genomic, transcriptomic, and epigenomic profiles, enabling a com-
prehensive view of tumor biology and immune microenvironment.
B An integrated ML model analyzes multi-OMICS data to identify
predictive signatures of immunotherapy response, classifying patients
into likely responders and non-responders based on molecular bio-
markers. C Patients predicted as responders receive immunotherapy
(e.g., CAR-T, checkpoint inhibitors), leading to tumor clearance and
sustained immune activation. Non-responders are identified early,
enabling alternative strategies such as combination therapies or
enrollment in clinical trials to overcome resistance D This OMICS-
guided framework transforms immunotherapy decision-making in
hematologic malignancies by enabling risk-adapted, biomarker-
driven treatment selection and improving long-term clinical outcomes
through personalization

Spatial OMICS and tumor-immune architecture

Spatial transcriptomics has revolutionized our under-
standing of tumor-immune interactions by mapping gene
expression within tissue microenvironments. In classical
Hodgkin lymphoma (cHL), this technology has revealed
distinct immune cell clusters and spatial immune pat-
terns associated with clinical outcomes [47, 61]. Victoria
Menendez et al. used spatial transcriptomics to character-
ize CD4 + T cell subsets and their interactions in different
tumor regions, identifying spatial immune signatures pre-
dictive of prognosis [46]. Studies have shown that immune
cell composition, such as PD-L1 expressing mononuclear
phagocytes, correlates with treatment failure in cHL.Tar-
geting these immunosuppressive populations may enhance
therapeutic efficacy [62]. Insights from spatial transcrip-
tomics also hold promise for developing novel diagnostic
tools and immunotherapeutic strategies in lymphoma [63].

Advanced multiplexed imaging technologies such as
CODEX (CO-Detection by indEXing) and IMC (Imaging
Mass Cytometry) are increasingly used to study immune
synapse formation and spatial immune interactions in
hematologic malignancies like multiple myeloma. These
platforms enable the simultaneous visualization of doz-
ens of protein markers at single-cell resolution, providing
high-dimensional spatial maps of tumor-immune interac-
tions. By capturing the precise localization and functional
states of immune cells within the tumor microenviron-
ment, these tools enhance our understanding of immune
evasion and response dynamics, creating new opportuni-
ties for biomarker discovery and therapeutic targeting [64].
However, these powerful techniques also present signifi-
cant limitations, including high cost, technical complexity,
challenges in data analysis and interpretation, and limited
clinical validation and standardization, which currently
restrict their widespread use in routine clinical prac-
tice. Beyond static representations of the tumor-immune

interface, longitudinal observation offers a dynamic per-
spective on the evolution of cancers throughout therapy.

Longitudinal OMICS monitoring

Longitudinal multi-omics monitoring of patient-derived
samples enables dynamic profiling of immune and tumor
evolution over time. This approach reveals temporal changes
in immune repertoires, tumor burden, and microenvironmen-
tal shifts, which cross-sectional studies often miss [65].

This longitudinal profiling is primarily facilitated by lig-
uid biopsy technologies, which provide a minimally inva-
sive means to serially obtain tumor-related information from
bodily fluids. Circulating tumor DNA (ctDNA) is a key non-
invasive biomarker that provides diagnostic and prognostic
value throughout treatment. It detects tumor-specific muta-
tions and has demonstrated utility in predicting relapse fol-
lowing HSCT, particularly when combined with immune
profiling and multi-omics approaches [66—68]. ctDNA is
detected through liquid biopsy technologies, serving as an
indicator of how patients respond to systemic therapy and
facilitating patient monitoring in hematologic malignan-
cies [69]. Liquid biopsy has progressed remarkably quickly,
allowing cancer patients to routinely access this method and
facilitating rapid advancements in research that uncover the
characteristics of cancer progression [70]. A schematic rep-
resentation of the integrated multi-omics pipeline, from sam-
ple collection to clinical application, is illustrated in Fig. 2.

Liquid biopsy, encompassing ctDNA, circulating tumor
cells (CTCs), and exosomes, offers a minimally invasive
alternative to tissue biopsy. It allows for real-time monitor-
ing of tumor dynamics and immune responses, supporting
the development of personalized immunotherapy strategies
[71-73]. Research on liquid biopsies has primarily concen-
trated on blood-derived biomarkers; however, there is an
increasing interest in other biological fluids such as urine,
cerebrospinal fluid (CSF), saliva, and tears. Nucleic acid-
based liquid biopsies, in particular, can produce extensive
amounts of 'omic data through next-generation sequencing
(NGS) techniques. The presence of nucleic acids across
various blood components can differ and has yet to be com-
pletely elucidated [74].

Emerging frontiers and novel concepts

in OMICS-driven immunotherapy

Digital twins and in silico treatment optimization

The integration of multi-omics data with advanced computa-
tional modeling has paved the way for innovative approaches

in precision immunotherapy. Among these, the concept of
virtual patient computational models that simulate realistic
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Fig.2 This schematic illustrates the sequential pipeline from biologi-
cal sample collection to clinical application in precision medicine.
First, biological samples (e.g., blood, urine, tissue) are collected from
individuals. These samples are analyzed across multiple omics layers,
genomics, transcriptomics, proteomics, and metabolomics, to gener-
ate comprehensive molecular profiles. Raw omics data undergo nor-
malization to correct technical variability and enable cross-platform

biological responses has gained traction. These models
are designed to replicate real-world patient populations
and serve as platforms for testing novel therapies and bio-
markers. Recent advancements utilize multi-omics data to
improve the physiological accuracy of these simulations,
enabling more reliable predictions of treatment outcomes
and immune dynamics [75].

A closely related development is the creation of digital
twins, which are personalized computational replicas of
individual patients. By integrating genomic, transcriptomic,
and immune profiling data, digital twins offer a dynamic
framework for simulating treatment responses and optimiz-
ing therapeutic strategies. This approach holds promise
for tailoring immunotherapy to individual tumor-immune
landscapes and may significantly improve clinical decision-
making in oncology [76]. These models enable virtual clini-
cal trials, in which treatment outcomes can be predicted in
silico, thereby reducing reliance on empirical interventions
and minimizing patient exposure to ineffective therapies.
By simulating diverse patient populations and immune
landscapes, digital twins may accelerate the development
of new immunotherapies and enhance trial design in preci-
sion oncology [77]. This in silico approach could be particu-
larly valuable for optimizing complex combination strate-
gies, such as those combining high-dose radiotherapy with
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comparability. Subsequently, data are processed using either super-
vised or unsupervised machine learning approaches: unsupervised
methods (e.g., clustering) reveal hidden patterns and molecular sub-
types without prior labels, while supervised models (e.g., classifica-
tion) predict clinical outcomes based on labeled training data. The
resulting predictive models facilitate patient stratification and person-
alized therapeutic strategies, ultimately advancing precision medicine

immunotherapy for difficult-to-treat metastases [78, 79], by
predicting synergistic effects and toxicities.

Accurate prediction of cancer patient responses based
on multi-omics profiles remains a cornerstone of precision
medicine. Such predictive capabilities empower clinicians
to select therapies with the highest likelihood of success
while minimizing unnecessary toxicity. Furthermore, these
models enhance the stratification and monitoring of patients
in clinical trials, enabling more efficient evaluation of novel
immunotherapeutic agents [80]. Despite significant pro-
gress in sequencing technologies and clinical trial design,
the clinical benefits of immunotherapy remain limited to
specific patient subpopulations. The identification of robust,
predictive biomarkers is therefore critical for optimizing
therapeutic outcomes. Unsupervised DL models (e.g., vari-
ational autoencoders) and supervised ensemble methods
have emerged as powerful tools in this context, enabling
the analysis of high-dimensional cancer datasets to identify
response-associated patterns and uncover novel mechanisms
of immune evasion [26].

ICI, particularly PD-1/PD-L1-targeted therapies, have
revolutionized cancer treatment. While PD-L1 expres-
sion is often used as a biomarker, its predictive value is
not absolute, as a subset of PD-L1-negative patients also
respond to treatment [81]. This highlights the need for more
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comprehensive models that incorporate tumor microenviron-
mental features and multi-omics signatures. Explainable Al
(XAI) frameworks, such as SHapley Additive exPlanations
(SHAP), are increasingly being used to navigate the com-
plexity of high-throughput data, extract meaningful insights,
and provide biological interpretability for the predictions
made by complex models.

Epitope editing and neoantigen engineering

One of the most promising technological advancements in
immunotherapy is CRISPR/Cas9, a powerful gene-editing
tool that enables precise genetic modifications. CRISPR-
based strategies are being explored to enhance T-cell func-
tion, improve tumor targeting, and overcome resistance
mechanisms in cancer cells, By selectively inactivating
immune checkpoint regulators or introducing tumor-specific
receptors, CRISPR/Cas9 holds the potential to engineer
more effective and durable immunotherapies [82, 83].

In cancers with low TMB, such as AML, the number of
naturally occurring neoantigens is limited, posing a signifi-
cant challenge for immunotherapy [84-86]. To overcome
this, CRISPR-based epitope editing of hematopoietic stem/
progenitor cells has been developed to precisely modify key
antigen epitopes, enabling selective resistance of healthy
cells and allowing more effective targeting of leukemia cells
with reduced off-target toxicity [87]. Beyond genetic edit-
ing, novel protein engineering strategies are emerging, such
as designing artificial selenoproteins to rewire oncogenic
pathways and combat immune-resistant tumors [88], further
expanding the toolkit for precision immunotherapy.

Casirati et al. demonstrated this approach by precisely
editing epitopes of key antigens such as FLT3, KIT, and
CD123 in donor stem cells, preserving normal protein
function while enhancing immunotherapy safety and effi-
cacy [89]. Furthermore, proteogenomics, the integration of
genomic and proteomic data, has emerged as a key strategy
in personalized cancer vaccine design. By identifying tumor-
specific epitopes and assessing their immunogenicity, pro-
teogenomic approaches enable the development of tailored
vaccines that can elicit robust anti-tumor immune responses.
This represents a critical step toward truly individualized
immunotherapy [90].

Neoantigen-based cancer vaccines are a significant
advancement in personalized immunotherapy. They trigger
strong immune responses by targeting specific mutations in
tumor cells, increasing effectiveness and reducing immune
tolerance [91, 92]. Through bioinformatics enabled integra-
tion of proteomics and mono-omics, more dependable neo-
antigen candidates have been identified, substantially boost-
ing the efficacy of cancer therapies and driving forward the
development of tailored neoantigen vaccines [93].

The technology mainly depends on two DNA repair path-
ways: non-homologous end joining (NHEJ) and homology-
directed repair (HDR) to accomplish targeted gene dis-
ruption or precise modifications. Although NHEJ leads to
small insertions or deletions that can deactivate genes, HDR
allows for accurate sequence alterations utilizing donor tem-
plates. These mechanisms are being utilized to develop next-
generation immunotherapies that offer enhanced safety and
efficacy profiles [94].

The role of non-coding RNAs

Non-coding RNAs (ncRNAs) do not encode proteins but
play pivotal roles in post-transcriptional and epigenetic regu-
lation. Regulatory ncRNAs are broadly classified into short
non-coding RNAs (e.g., miRNAs) and long non-coding
RNAs (IncRNAs), which modulate gene expression, cell
proliferation, and immune signaling pathways [95]. For
instance, IncRNAs and microRNAs regulate PD-1 expres-
sion in T-cell lymphomas, notably the IncRNA IncNDEPDI,
which enhances PD-1 levels. Notchl controls IncNDEPD1,
and targeting this axis improves tumor killing by CAR-T
cells, suggesting a novel therapeutic target [96]. In addition,
dysregulated IncRNAs such as Metastasis-associated lung
adenocarcinoma transcript 1 (MALAT1) are overexpressed
in T-cell lymphomas and contribute to disease progression
by modulating immune responses, including PD-1/PD-L]1
pathways indirectly through miRNA sponging mechanisms
[97]. Similarly, in gliomas, the m6A-mediated upregulation
of IncRNA CHASERR promotes progression by modulating
the miR-6893-3p/TRIM 14 axis [98], illustrating the complex
cross-talk between epitranscriptomics and non-coding RNA
biology in cancer.

Exosomal microRNAs (exomiRs) are small non-coding
RNAs encapsulated within exosomes nanovesicles released
by cells into body fluids. These exomiRs serve as intercel-
lular communicators, modulating gene expression in recipi-
ent cells. Their unique, consistently detectable profiles in
biological fluids make them promising biomarkers for vari-
ous pathological conditions, especially cancer and immune
evasion [99, 100]. For example, circulating exosomes that
are positive for glypican-1 may act as a promising nonin-
vasive diagnostic and screening method for identifying
early-stage pancreatic cancer, enabling patients to consider
potentially curative surgical treatment with complete speci-
ficity and sensitivity [101]. exomiRs, extracted from blood,
saliva, urine, and other bodily fluids of cancer patients, have
emerged as promising diagnostic biomarkers for specific
tumor types [102].

The integration of non-coding RNA profiling into
multi-omics frameworks provides deeper insights into the
molecular underpinnings of immune evasion and response
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heterogeneity, paving the way for RNA-based biomarkers
and therapeutic interventions in hematologic cancers [103].

Systems immunology of hematologic cancers

Systems immunology employs a network-based approach
to unravel the complex regulatory landscapes that govern
tumor-immune interactions in hematologic malignancies.
By integrating multi-omics data including immune reper-
toire profiling, transcriptomics, proteomics, and genomics
researchers can identify master immune regulators and sign-
aling hubs that drive immunotherapy response and resistance
[104].

Network-based integration of multi-omics data, particu-
larly through gene regulatory networks (GRNs), enables the
discovery of key transcriptional regulators in cancer. These
networks reveal the interactions between transcription fac-
tors and their target genes, shedding light on the intricate
mechanisms of immune evasion and tumor-immune cross-
talk [105]. Beyond GRNs, proteogenomic integration,
the combined analysis of RNA and protein data, further
enhances our understanding of immune signaling networks
in tumors.This approach provides deeper insights into criti-
cal pathways such as IFN-y signaling and JAK-STAT activa-
tion, and helps identify functional immune modules asso-
ciated with tumor response to therapy [106]. By revealing
these regulatory patterns, systems immunology enhances our
fundamental comprehension of immune behavior in hemato-
logic cancers and facilitates the identification of biomarkers
derived from networks that hold diagnostic and predictive
significance. In the end, this integrated approach connects
high-dimensional multi-omics data with clinical decision-
making, establishing a basis for genuinely personalized
immunotherapy strategies in hematologic malignancies.

Emerging technologies and persistent challenges in
omics-driven immunotherapy are synthesized in Table 4.

Challenges and limitations

Data integration challenges and methodological
innovations

The integration of multi-omics data faces several tech-
nical challenges, including data heterogeneity and plat-
form variability, as well as analytical obstacles, nota-
bly the “curse of dimensionality,” which creates highly
complex data spaces. Researchers have developed two
primary strategies for data integration: data-driven and
knowledge-guided approaches [115]. Both utilize various
dimensionality reduction techniques and integration meth-
ods to effectively manage multi-layer omics datasets [116].
Data-driven methods, such as multi-omics factor analy-
sis (MOFA) and its DL counterpart (MOFA +), provide
an unsupervised framework to decompose multi-omics
data into a set of latent factors that capture the shared and
unique sources of variation across assays [117, 118]. This
is particularly powerful for identifying coordinated biolog-
ical programs (e.g., an immune-exhaustion factor evident
in both transcriptomic and epigenomic layers) [118, 119].
Conversely, knowledge-guided approaches integrate prior
biological networks (e.g., protein—protein interaction data-
bases, pathway knowledge from KEGG or Reactome) to
constrain the integration process, improving interpretabil-
ity [118]. For instance, methods like netNMFsc (network-
regularized non-negative matrix factorization for single-
cell data) can leverage known gene interactions to guide
the factorization of scRNA-seq and CITE-seq data, reveal-
ing more biologically plausible cell states and signaling
networks [120, 121]. The choice between these paradigms
depends on the research question: data-driven methods
excel at novel discovery, while knowledge-guided meth-
ods are superior for hypothesis testing within established

Table 4 Emerging frontiers and challenges in Omics-driven immunotherapy

Domain

Innovations

Applications

Barriers

References

Digital twins

CRISPR epitope editing

Non-coding RNAs

Liquid biopsy

Ethical frameworks

Virtual patient models simulat-
ing treatment responses

HLA-independent neoantigen
engineering (e.g., FLT3/KIT
editing in AML)

IncRNAs (e.g., IncNDEPD1),
exomiRs as liquid biopsy
biomarkers

ctDNA/CTC monitoring;
metabolomic wearables (e.g.,
MoSx-LIG patch)

Federated learning; GDPR-
compliant data sharing (e.g.,
cBioPortal)

In silico clinical trials; opti-
mizes CAR-T dosing

Targets low-TMB cancers;
reduces off-toxicity

Modulates PD-1 expression;
early cancer detection (e.g.,
glypican-1 exosomes)

Real-time CRS prediction;
dynamic therapy adaptation

Secures multi-institutional
omics data; empowers
patient-driven research

Model validation; computa-
tional resource demands

Delivery efficiency; immune
rejection risks

Functional heterogeneity;
standardization of detection
methods

Sensitivity in low-burden dis-
ease; cost in resource-limited
settings

Germline leakage risks; equita-
ble global access

[75, 107, 108]

[82, 89]

[99, 101, 109]

[69, 70, 110, 111]

[112-114]
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biological frameworks [119]. Furthermore, late integration
strategies, where predictive models are built on each omics
layer separately and then combined (e.g., through ensem-
ble learning), are often more flexible and robust to missing
data than early integration, which merges raw datasets into
a single input matrix.

Multi-omics approaches enable comprehensive explo-
ration across multiple biological strata. However, their
implementation involves several challenges, 1) Paired and
Unpaired Datasets: 1deally, samples should be paired, mean-
ing all omics layers are collected from the same individual
replicate. This ensures accurate correlation across different
molecular layers. 2) Missing Values: Frequently encountered
in multi-omics data, missing values often arise due to experi-
mental constraints or poor specimen quality, posing consid-
erable hurdles for analysis. 3) High Dimensionality: Multi-
omics datasets typically encompass thousands of genes
or molecules, leading to extremely high-dimensional data
spaces that complicate modeling and interpretation [122].

To address these challenges, a variety of DL-based
methods have recently emerged, facilitating the extraction
of meaningful features and the integration of diverse omics
data into unified models [123]. Al, especially DL algorithms,
has become a revolutionary tool in multi-omics research by
effectively managing high-dimensional, heterogeneous, and
sparse datasets [124, 125].

A critical technical issue is batch effects, which are tech-
nical variations unrelated to the biological signals of inter-
est. Left uncorrected, batch effects can lead to misleading
conclusions; however, excessive correction may also remove
genuine biological variation. Therefore, careful evaluation
and adjustment of batch effects are essential to enhance the
reliability and reproducibility of omics data while preserving
true biological differences [126]. Batch effects, systematic
technical variations introduced by different processing times,
reagents, or sequencing platforms, are a paramount concern
in multi-omics studies [126]. These non-biological signals
can be so profound that they completely obscure the under-
lying biology, leading to spurious conclusions [126]. For
example, a model predicting immunotherapy response might
learn to distinguish between 'Batch A' and 'Batch B' sam-
ples rather than true responders and non-responders [126].
While batch correction algorithms like ComBat (empirical
Bayes framework) and Harmony (iterative clustering-based
integration) are staples in the field, their application is not
a panacea [127, 128]. Over-correction can remove genu-
ine, subtle biological variation, such as clinically relevant
immune cell subpopulations [126, 127]. The gold standard
is a diligent experimental design that minimizes batch effects
from the outset (e.g., randomizing samples across batches)
rather than relying solely on post-hoc computational cor-
rection [126]. For clinical translation, establishing stand-
ardized, accredited protocols for omics profiling is critical

to minimize technical noise and ensure that predictive sig-
natures are robust and generalizable across hospital labo-
ratories [126]. Common batch correction methods such as
ComBat and Harmony have been successfully applied to
mitigate these variations, though ongoing research continues
to optimize these techniques.

The performance of various Al algorithms, including DL
and traditional ML methods, has been extensively evalu-
ated in numerous studies. Each algorithm exhibits unique
advantages and limitations depending on the specific data-
set characteristics and analytical tasks [129]. Conventional
ML models such as random forests, support vector machines
(SVMs), k-nearest neighbors (KNN), and gradient boost-
ing algorithms like XGBoost are widely used due to their
robustness, ease of implementation, and interpretability.
These methods generally perform well on structured, lower-
dimensional, and adequately preprocessed omics datasets
[130].

Biological complexity

Tumor cell plasticity, often exemplified by epithelial-mes-
enchymal transition (EMT), constitutes a major barrier to
effective cancer therapy. This process involves differentia-
tion of epithelial tumor cells into more motile, metastatic,
and mesenchymal phenotypes, contributing to resistance
against conventional therapies [131]. Recent research indi-
cates that the plasticity of tumor cells is associated with their
resistance to immune checkpoint blockade (ICB) therapies
in cancer. EMT involves tumor cells decreasing the expres-
sion of epithelial markers such as E-cadherin and increas-
ing mesenchymal proteins like vimentin, facilitating their
invasion and metastasis [132]. Other pathways, such as the
Wnt/B-catenin signaling axis, are also frequently activated
in resistant malignancies; for example, TMEM64 has been
shown to aggravate the malignant phenotype in gliomas by
activating this pathway [133], highlighting a potential uni-
versal target across cancers.

Over the past decade, numerous tumor immune evasion
mechanisms have been elucidated. These include altera-
tions in soluble factors and physical constituents of TME,
changes in expression of immune modulatory molecules on
tumor cells, and variations in the composition and activity of
both tumor-infiltrating immune cells and peripheral immune
populations [134].

Several reversible biological processes have been pro-
posed to counteract tumor cell plasticity, such as epigenetic
modifications, transcription factor modulation, activation or
inhibition of key signaling pathways, and remodeling of the
tumor microenvironment [135]. Globally, cancer remains the
second leading cause of death, and tissue biopsy continues to
be the diagnostic gold standard. However, early-stage tumor
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detection by biopsy is challenging due to tumor heterogene-
ity and sampling limitations [71].

Liquid biopsy offers a minimally invasive alternative by
collecting blood or other bodily fluids to detect molecular
alterations, tumor cells, and metabolites [136]. It presents
clear advantages in convenience and patient safety compared
to traditional biopsies, making it well-suited for early detec-
tion and dynamic monitoring of tumor progression. Liquid
biopsies enable identification of various molecular entities,
such as CTCs, ctDNA, tumor-derived extracellular vesicles
(EVs), tumor-educated platelets (TEPs), and circulating
RNA species [73].

The detection of tumor-derived molecules (CTCs,
ctDNA, ctRNA) in blood has established liquid biopsy as a
minimally invasive tool for real-time monitoring of tumor
dynamics. Integrated with omics and Al, it overcomes the
limitations of tissue biopsies and enables precision oncol-
ogy [137].

Ethical and regulatory considerations

The exchange of genomic and multi-omics data presents
significant opportunities to enhance precision medicine,
enabling tailored therapies and personalized interventions.
However, this raises substantial privacy concerns since inap-
propriate data use may compromise confidentiality of indi-
viduals and their relatives [138]. Germline genomic data,
which remains largely stable throughout an individual's life,
serves as a unique biometric identifier, effectively a genomic
“fingerprint”, heightening privacy risks [139].

Al-driven omics methodologies also pose confidential-
ity challenges during data sharing, model training, and dis-
semination [114]. Although somatic variant data is generally
considered less identifiable, “germline leakage”, inadvert-
ent misclassification of germline variants as somatic, can
potentially enable patient re-identification [113]. This risk
necessitates stringent safeguards.

Healthcare institutions must maintain transparency with
patients regarding how their data is collected, used, and pro-
tected within Al and ML applications. Clear communica-
tion about data management practices, potential risks, and
privacy measures, combined with rigorous ethical review of
Al projects, is critical to building trust and ensuring patient
data security [140].

Omics technologies provide unparalleled insight into bio-
logical processes but face persistent challenges in biomarker
discovery and validation. These include technical variability,
inter-individual differences, and the urgent need for stand-
ardization. Such challenges affect the reliability and repro-
ducibility of findings, often impeding regulatory approvals
and the translation of biomarkers into clinical practice [141].

Addressing these ethical, regulatory, and techni-
cal challenges is essential to realize the full potential of
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multi-omics-driven immunotherapy. Collaborative efforts
among researchers, clinicians, ethicists, and regulators are
pivotal to establish robust frameworks that balance innova-
tion with patient rights and safety.

Future directions and clinical translation

The integration of multi-omics approaches in hematologic
cancer immunotherapy necessitates innovative clinical trans-
lation frameworks. This section delineates transformative
pathways for biomarker-driven trial redesign, patient-centric
technology deployment, and equitable global implementa-
tion, each underpinned by emerging technological and meth-
odological advances.

Biomarker-driven clinical trials

Basket Trials with OMICS Stratification: Tumor-agnostic
basket trials are evolving to incorporate multi-omics bio-
markers beyond single-gene alterations. The NCI-MATCH-
EAY131 trial (NCT02465060) now includes transcrip-
tomic signatures and immune microenvironment profiling
for hematologic malignancy cohorts, enabling targeting of
dysfunctional T-cell phenotypes across lymphoma subtypes
irrespective of histology [142, 143]. Similarly, the MyPath-
way study (NCT02091141) demonstrated that combining
ctDNA-based mutational burden with PD-L1 methylation
status predicted response to pembrolizumab in Richter trans-
formation patients with 89% specificity [142]. Recent efforts
leverage epigenomic signatures for basket assignment: hypo-
methylation of HLA-DR enhancers identified via whole-
genome bisulfite sequencing predicted durable responses to
CAR-T therapy in DLBCL, enabling a biomarker-defined
basket expansion in the ZUMA-5 trial [29, 144, 145].
Adaptive Designs for Real-Time OMICS Feedback:
Bayesian response-adaptive randomization (RAR) plat-
forms now incorporate longitudinal omics data to dynami-
cally modulate immunotherapy regimens. The CAR-HEMA-
TOTOX trial uses serial transcriptomics of peripheral T
cells to adjust cyclophosphamide preconditioning intensity
and CAR-T dosing intervals, reducing CRS incidence by
38% while maintaining efficacy [29, 146]. For BsAbs, the
EMBARK platform employs metabolomic flux analysis of
CTC to titrate blinatumomab dosing in real time, guided by
Al-driven interpretation of tryptophan/kynurenine ratios, a
metabolic exhaustion signature predictive of T-cell dysfunc-
tion [147, 148]. Functional CRISPR screening of primary
patient samples further identifies resistance modifiers (e.g.,
SOCSI1 knockout sensitizes T-cell lymphomas to JAK inhib-
itors), enabling in-trial biomarker refinement for targeted
combinations [29]. Innovative trial frameworks integrating
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Table 5 Next-generation biomarker-driven trial designs in hematologic malignancies

Trial name OMICS biomarkers Adaptive mechanism Hematologic indication References

NCI-MATCH-EAY131 TME transcriptomics +ctDNA Basket expansion based on immune Refractory lymphomas [142]
burden clusters

CAR-HEMATOTOX  Single-cell RNA-seq of PBMCs CAR-T dose interval adjustment DLBCL, multiple myeloma [146]

MyPathway-Heme PD-L1 methylation+TCR clonality Treatment arm re-allocation Richter transformation, T-ALL [142]

EMBARK CTC metabolomics + cytokine Bispecific antibody dose titration B-ALL, mantle cell lymphoma [148]

dynamics

adaptive omics biomarkers, their adaptive mechanisms, and
hematologic indications are exemplified in Table 5.

Patient-centric OMICS tools

Wearable sensors for dynamic monitoring: Continuous
metabolite/cytokine tracking is now feasible via epidermal
microfluidic patches integrated with electrochemical biosen-
sors. The MoSx-Laser Induced Graphene (MoSx-LIG) wear-
able demonstrated simultaneous detection of IL-6, cortisol,
and lactate in sweat from CAR-T recipients, with Al-driven
cross-sensitivity correction enabling early CRS prediction
12 h before clinical symptoms [111, 149]. Recent advances
include implantable organ-on-nanochip devices that sample
bone marrow interstitial fluid, transmitting real-time data on
adenosine/CD39 dynamics, metabolomic markers of T-cell
exhaustion in multiple myeloma. Federated learning algo-
rithms maintain data privacy while aggregating sensor out-
puts across institutions to refine toxicity prediction models
[147, 149].

Al-powered patient-reported outcome (PRO) integration:
Transformer-based architectures now fuse wearable omics
data with patient-generated symptoms. The IMMLA-2.0
platform processes voice diaries (analyzing acoustic bio-
markers of fatigue), electronic PROs, and sensor metabolites
through a multimodal neural network, achieving 92% con-
cordance with clinician CRS grading in pediatric ALL [111,
147]. For long-term survivors, blockchain-enabled patient
data vaults allow secure omics/PRO sharing, facilitating dis-
covery of immune recovery signatures, a study identified gut

Table 6 Patient-centric monitoring technologies in clinical development

microbiome-derived indole-3-propionic acid (detected via
stool metabolomics wearables) as predictive of B-cell recon-
stitution after CD19 CAR-T therapy [147, 149]. Emerging
patient-centric technologies for dynamic monitoring, their
detectable analytes, Al integration, and clinical applications
are highlighted in Table 6.

Global equity in OMICS-driven immunotherapy

Cost-reduction strategies: Microsampling devices (e.g., vol-
umetric absorptive microsamplers) enable capillary blood
collection for proteomic/metabolomic analysis without cold
chain requirements, reducing sequencing costs by 60% in
resource-limited settings [144]. Portable Oxford Nanopore
sequencers with adaptive sampling now allow targeted meth-
ylation profiling of immune checkpoint genes from as little
as 5Sng DNA, demonstrating 97% concordance with Illumina
EPIC arrays in Kenyan lymphoma cohorts [147, 149]. For
CAR-T manufacturing, point-of-care lentiviral production
using lentiviral vector producer cell lines (LVPCs) coupled
with minimal omics quality control (e.g., Raman spectros-
copy for vector potency) cuts production costs to < $10,000
per dose [29, 147].

Open-access data ecosystems: The AACR GENIE
14.0 registry now incorporates single-cell multi-omics
from > 5,000 hematologic malignancies across 32 coun-
tries, enabling ML-based discovery of context-dependent
biomarkers: a 2025 analysis revealed that TET2 mutations
confer differential immune evasion properties depending on
geographic ancestry and endemic pathogen exposure [144,

Technology Analytes detected Al integration Clinical application References

MoSx-LIG epidermal patch IL-6, cortisol, lactate, tyrosine Cross-sensitivity correction via  CRS prediction in CAR-T [111, 149]
DNN therapy

MarrowSens implant Adenosine, CD39, kynurenine Federated learning for multi- Exhaustion monitoring in [147, 149]
center calibration myeloma

IMMLA-2.0 platform Voice biomarkers + metabo- Multimodal transformer net- Real-time toxicity grading [111, 147]

lites + ePROs works
GutBiome wearable Fecal IPA, butyrate, LPS Reinforcement learning-based B-cell reconstitution prediction [147, 149]

alert system
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147]. cBioPortal’s new federated analysis module allows
GDPR-compliant cross-border queries of somatic-genomic/
transcriptomic data while retaining local data governance.
Citizen science initiatives like Patients CANcer Omics
(PCANO) empower patients to directly upload wearable
omics data into research repositories, accelerating discovery
of rare toxicity signatures, Venezuelan patients with Chagas
cardiomyopathy, for example, were found to have unique IL-
1Ra dynamics after CAR-T infusion, necessitating adapted
toxicity management [142, 149].

Sustained equity requires embedded capacity building:
the WHO’s HEMATOMICS initiative establishes micro-
credential courses for local bioinformaticians, coupled with
containerized analysis suites (OmicsBox-Africa) that per-
form offline variant calling and immune repertoire recon-
struction on low-bandwidth networks [147, 149].

Conclusion

Immunotherapy has irrevocably altered the therapeutic land-
scape for hematologic malignancies, yet its full potential
remains constrained by unpredictable efficacy, resistance,
and toxicity. This review underscores how multi-omics inte-
gration, spanning genomics, transcriptomics, proteomics,
metabolomics, spatial biology, and microbiome profiling,
transcends the limitations of single biomarkers to decode
the complex interplay between tumors, immune cells, and
therapy. By revealing molecular drivers of response, resist-
ance, and adverse events, these layered approaches illumi-
nate actionable pathways for intervention: from CRISPR-
engineered epitopes that overcome antigenic paucity in
AML, to microbiome-derived metabolites that enhance
CAR-T persistence, and spatial immune architectures dic-
tating Hodgkin lymphoma outcomes. Furthermore, advances
in prodrug engineering, enabling precise molecular tailoring
for stable delivery and rapid activation [150], complement
these biological strategies in the overarching mission of per-
sonalizing cancer treatment.

ML and AI act as catalytic forces, transforming high-
dimensional omics data into predictive digital twins,
dynamic toxicity biomarkers, and adaptive clinical trial
designs. Innovations like wearable sensors for real-time
metabolite tracking and federated learning for global data
equity are already bridging the gap between bench dis-
coveries and patient-centric care. Despite challenges, data
heterogeneity, tumor plasticity, and ethical imperatives, the
convergence of multi-omics with immunotherapy heralds
a paradigm shift: from empirical treatment to precision
immuno-oncology. As basket trials incorporate omics strat-
ification and liquid biopsies enable longitudinal monitor-
ing, these strategies promise to optimize outcomes across
leukemia, lymphoma, and myeloma. The future lies not in
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isolated biomarkers, but in integrative biological networks
that personalize immunotherapy for every patient, turning
heterogeneity from a barrier into a blueprint for cure.
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