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ABSTRACT
Immune checkpoint inhibitors have become integral to the management of non–small cell lung cancer (NSCLC), yet both pri-
mary and acquired resistance remain frequent and are only partially captured by routine biomarkers such as programmed 
death-ligand 1 (PD-L1) immunohistochemistry and tumor mutational burden (TMB). Resistance is increasingly viewed as a 
multiaxis functional phenotype shaped by antigenicity and neoantigen quality, antigen processing and presentation compe-
tence, interferon signaling and adaptive resistance programs, tumor–immune spatial organization, suppressive myeloid/stromal 
ecosystems, and metabolic constraints that limit effector function. Multiomics profiling provides a practical route to translate 
genomic event anchors into reproducible, mechanistically interpretable biomarker outputs by assembling coherent evidence 
chains across genomics, transcriptomics, epigenomics, proteomics, and metabolomics, complemented by spatial assays, digital 
pathology, and imaging-derived surrogates.

1 | Introduction

1.1 | Clinical Expansion of Immune Checkpoint 
Blockade and Persistent Heterogeneity

Immune checkpoint blockade has expanded across non–small 
cell lung cancer (NSCLC) stages and lines of therapy, whereas 
substantial heterogeneity in clinical benefit has persisted [1, 2]. 
Durable responses have been achieved in a subset of patients, 
whereas primary resistance and early progression remain fre-
quent [3,  4]. Acquired resistance has also been observed after 
initial benefit, highlighting dynamic tumor–immune coevolu-
tion under therapeutic pressure.

The dominant biomarkers in current practice—programmed 
death-ligand 1 (PD-L1) immunohistochemistry and tumor 

mutational burden (TMB)—have supported decision-making 
in specific contexts but have demonstrated variable perfor-
mance across cohorts, regimens, and assay platforms [5–7]. 
PD-L1 expression is inducible and spatially heterogeneous, 
with measurement influenced by sampling site, timing, in-
tratumoral variability, and antibody clone [8]. TMB is assay 
dependent and is affected by panel size, coverage, sequencing 
depth, artifact filtering, germline subtraction, and calibration 
strategy [9]. Importantly, neither marker captures several de-
terminants that have repeatedly been implicated in NSCLC 
immunotherapy response, including the integrity of antigen 
processing and presentation, competence of interferon signal-
ing, spatial accessibility of tumor nests, the organization of 
suppressive myeloid/stromal ecosystems, and metabolic con-
straints within the tumor microenvironment [10]. The recur-
ring discordance between PD-L1/TMB and clinical outcomes 
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has reinforced the view that resistance is not governed by a 
single molecular dimension. A shift toward mechanistically 
anchored functional phenotypes has therefore been encour-
aged. Multiomics profiling is well suited to this objective, not 
because additional layers automatically confer robustness, but 
because coherence across layers can be used to distinguish 
stable biology from cohort-specific correlation and technical 
artifacts [11, 12]. In this framework, genetic variation serves 
as an event anchor for mechanistic hypotheses, whereas tran-
scriptomic, epigenomic, proteomic, and metabolomic layers 
jointly characterize immune programs, regulatory plasticity, 
execution-level states (including antigen presentation and 
signaling), and microenvironmental constraints that impair 
effector function [13,  14]. Spatial and imaging modalities—
such as single-cell and spatial transcriptomics, multiplex 
immunohistochemistry, digital pathology (pathomics), and 
radiomics—complement these data by resolving tissue archi-
tecture and lesion-level heterogeneity [15]. Genotype-defined 
clinical subgroups add further complexity. Driver alterations 
(e.g., EGFR activating mutations, ALK fusions, ROS1 fusions, 
MET exon 14 skipping, and RET fusions) and common onco-
genic contexts (e.g., KRAS mutations) have been associated 
with distinct immune ecosystems in retrospective analyses 
and clinical practice [16–19]. Coalterations involving STK11, 
KEAP1, TP53, PTEN, and others have been linked to differ-
ences in inflammatory signaling and checkpoint response 
[20–23]. However, deterministic stratification by genotype 
alone has been undermined by within-context heterogeneity, 
lesion-level diversity, and therapy-induced evolution. A more 

transportable approach is therefore to use genomic context as 
a prior, whereby functional immune states are measured and 
validated with multiomics evidence.

Figure 1 summarizes the proposed multiaxis resistance frame-
work and the multiomics evidence chain from genetic variants 
to deployable biomarker outputs, together with an accountable 
AI integration strategy.

2 | Immunotherapy Resistance as a Multiaxis 
Functional Phenotype

For biomarker development, resistance is more informative 
when framed as a set of measurable biological axes rather than 
reduced to a binary outcome, because nonresponse in NSCLC 
commonly arises from multiple, co-occurring defects [24].

Antigenicity is one major axis of resistance. Although neoan-
tigen burden shapes immune recognizability, TMB alone does 
not adequately capture antigen quality or effective presenta-
tion and is therefore an incomplete surrogate [25]. Effective 
antigenic exposure depends on whether neoantigens are clonal 
versus subclonal, whether mutant peptides are efficiently pro-
cessed and presented, and how consistently they are shared 
across lesions [26]. Consequently, tumors with high TMB dom-
inated by subclonal mutations may display fewer actionable 
clonal neoantigens than lower TMB tumors with early trun-
cal events, and incorporating calibrated mutational-process 
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FIGURE 1   |   From variant to biomarker in NSCLC immunotherapy resistance: Multiomics evidence chains and accountable AI integration.
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features (e.g., smoking- or APOBEC-associated patterns and 
DNA repair deficiency signals) can provide a more faithful 
representation of the antigenic landscape than a single scalar 
metric [27–29]. Antigen processing and presentation compe-
tence determines immune visibility. Integrity of MHC Class I 
pathway components, including HLA Class I expression and 
assembly machinery, β2-microglobulin, antigen processing 
transporters, and peptide loading complexes, is required for 
CD8 T-cell recognition [30–33]. Genetic disruption, allele-level 
alterations, or regulatory silencing of presentation compo-
nents can decouple mutation-derived antigenicity from im-
mune visibility and may explain nonresponse in antigen-rich 
tumors [34]. Interferon signaling competence shapes response 
by supporting immune activation and antigen presentation, 
yet it can also trigger adaptive resistance programs, includ-
ing PD-L1 upregulation and additional negative regulatory 
circuits [35]. Resistance may reflect either loss of interferon 
responsiveness or persistence of adaptive inhibitory programs 
that suppress effector function within an inflamed tumor. 
Consequently, discriminating between “inflamed and respon-
sive” and “inflamed but adaptively resistant” is essential and 
cannot be inferred from PD-L1 expression alone.

Tumor–immune spatial architecture critically shapes immune 
access. The mere presence of effector cells does not ensure 
their proximity to malignant nests; instead, immune cells may 
be sequestered in the peritumoral stroma while tumor nests 
remain inaccessible, consistent with “immune exclusion” 
[36,  37]. Stromal organization, dense extracellular matrix, 
fibroblast-driven programs, and TGF-β–associated signaling 
can establish physical and signaling barriers that prevent im-
mune cells from accessing tumor nests, explaining why bulk 
assays may indicate inflammation despite persistent resis-
tance [38]. Suppressive myeloid and stromal ecosystems can 
render effector T cells functionally ineffective despite their 
presence within tumors. Myeloid populations and stromal 
programs mediate suppression through cytokine and chemok-
ine signaling, expression of inhibitory checkpoint ligands, se-
questration of tumor antigens, and metabolic competition that 
constrains effector cell function [39]. These ecosystems can 
dominate resistance phenotypes and contribute to infiltrated 
yet ineffective immune microenvironments. Cytotoxic activity 
and proliferative capacity can be compromised by metabolic 
constraints such as hypoxia, lactate-associated acidification, 
amino acid depletion, and lipid remodeling, while suppressive 
differentiation is concurrently favored [40]. In particular, lac-
tate accumulation and extracellular acidification may impair 
T-cell effector function and cytokine production, lipid meta-
bolic rewiring may support tumor adaptation while promoting 
dysfunctional or suppressive immune states, and tryptophan 
catabolism through the kynurenine pathway may further 
limit effective antitumor immunity by reinforcing immuno-
regulatory programs [41–43].

When represented in combination, these axes enable the deriva-
tion of functional phenotypes that more directly approximate re-
sistance mechanisms than any single biomarker. The objective 
of multiomics biomarker development is therefore to construct 
compact, coherent measurement sets that jointly capture these 
axes and support transportable performance under external 
validation.

3 | Multiomics Evidence Chains From Genetic 
Variation to Biomarker Outputs

Multiomics biomarker development is most effective when 
each layer is assigned a specific role within an evidence chain. 
Genomics provides the input for mechanistic priors by iden-
tifying recurrent alterations linked to antigenicity, immune 
escape, and signaling competence. Transcriptomic and epig-
enomic data then indicate whether these priors are expressed 
as immune-state programs or regulatory plasticity. Proteomic 
readouts test whether these programs are executed at the level of 
antigen presentation and signaling activity. Metabolomic read-
outs further determine whether the tumor microenvironment 
imposes constraints such as hypoxia, acidification, nutrient 
depletion, or lipid remodeling that suppress effective antitumor 
immunity. The resulting output is a cross-layer, mechanistically 
interpretable biomarker framework that identifies the dom-
inant resistance axis rather than relying on a single surrogate 
marker. This framework is particularly relevant in NSCLC 
immunotherapy because PD-L1 and TMB may be insufficient 
when resistance is driven by processes they do not capture, 
such as impaired antigen presentation, limited immune access 
to tumor nests, dominant myeloid or stromal suppression, or 
microenvironmental metabolic restriction [44–46]. At the ge-
nomic level, recurrent and measurable genetic events provide 
an interpretable basis for formulating mechanistic hypotheses 
related to antigenicity, immune escape, and signaling compe-
tence. TMB provides only a coarse approximation of antigenicity 
and requires explicit calibration, as absolute values and decision 
thresholds vary with assay design and bioinformatic pipelines. 
Mutational signatures—such as smoking-related patterns or 
APOBEC activity—may add mechanistic context by informing 
how the neoantigen repertoire was generated; however, these 
features should be incorporated only when they are reproducible 
across analytical workflows and show incremental benefit in in-
dependent external cohorts [47]. Importantly, antigenicity alone 
is insufficient. Inferences drawn from mutation-based proxies 
are most convincing when complemented by “immune compe-
tence” checks—specifically, evidence that antigen processing 
and presentation, as well as interferon responsiveness, remain 
intact—ideally corroborated by downstream expression or pro-
tein-level readouts [48]. Genotype-defined contexts (e.g., EGFR/
ALK, KRAS and common coalterations such as STK11, KEAP1, 
and TP53) are therefore best treated as priors that guide which 
resistance axes should be interrogated, rather than determinis-
tic classifiers of immunotherapy benefit. Genomic interpreta-
tion is further complicated by clonality and spatial heterogeneity 
[49]. When feasible, multiregion sampling or longitudinal profil-
ing may strengthen inference; when such data are unavailable, 
clonality-aware summaries and cautious interpretation are war-
ranted to avoid overextrapolation from a single biopsy [50].

Transcriptomics then provides a direct readout of im-
mune-state programs but must be interpreted with attention 
to cellular composition in bulk assays. Compact, interpretable 
modules—capturing interferon signaling, cytotoxic effector 
activity, antigen presentation expression, stromal/TGF-β–
linked exclusion, myeloid-associated suppression, and tu-
mor-intrinsic stress or metabolic programs—tend to be more 
transportable than long gene lists, particularly when purity 
adjustment and conservative use of deconvolution are applied 
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[51, 52]. Single-cell and spatial transcriptomics are especially 
valuable during development to assign signatures to their cel-
lular sources and to distill them into minimal marker sets that 
can be deployed in bulk or targeted assays, whereas spatial 
methods can directly validate exclusion and niche organization 
[53]. Epigenomic profiling can further clarify resistance states 
that arise without obvious new coding alterations by capturing 
regulatory competence and plasticity. DNA methylation and 
chromatin accessibility can indicate whether antigen presen-
tation and interferon programs are epigenetically constrained 
or poised for activation, and these signals are most persuasive 
when they align with transcriptomic programs and, where 
feasible, proteomic confirmation [54,  55]. Proteomics and 
digital pathology provide execution-level validation—beyond 
PD-L1 alone—through assessment of presentation compo-
nents, interferon pathway effectors, and inhibitory or suppres-
sive signaling, and they offer a practical path to standardized 
panels [56,  57]. Metabolomics adds functional evidence for 
microenvironmental constraints such as lactate-associated 
acidification, tryptophan–kynurenine pathway activity, hy-
poxia-linked rewiring, and lipid remodeling, although careful 
preanalytical control is required given sensitivity to sampling 
and systemic confounders [58–61]. Imaging-derived radiomics 
can contribute complementary, noninvasive context on lesion 
heterogeneity and hypoxia/necrosis–related patterns, but it is 
best viewed as supportive rather than a substitute for molecu-
lar profiling [62]. Ultimately, the objective is not to maximize 
dimensionality, but to derive a parsimonious, interpretable 
evidence set that remains reliable under realistic patterns of 
missing data. In practice, such sets integrate calibrated anti-
genicity and mutational-process features, core checks of im-
mune competence (including antigen processing/presentation 
and interferon responsiveness), compact state modules that 
distinguish immune activation from exclusion or suppression, 
and a limited number of execution- or constraint-level con-
firmations. Within this framework, biomarker readouts are 
most defensible when reported as structured resistance phe-
notypes rather than as single-scalar expectations based solely 
on PD-L1 or TMB.

4 | Applying Multiomics to Recurrent NSCLC 
Immunotherapy Patterns

To make multiomics biomarkers more useful in practice, re-
curring NSCLC immunotherapy scenarios can be expressed as 
simple operational templates. The central idea is that a genomic 
finding should be treated as a starting clue rather than a final ver-
dict: A resistance interpretation should be assigned only when 
downstream evidence supports the implied mechanism, includ-
ing immune activation state, antigen processing and presenta-
tion competence, spatial access of effector cells to tumor nests, 
suppressive myeloid or stromal programs, and microenviron-
mental metabolic constraints. Different genomic backgrounds 
may preferentially align with different dominant resistance axes, 
although these relationships should be interpreted as probabilis-
tic rather than deterministic. In practice, EGFR-mutant or ALK-
rearranged tumors may more often correspond to immune-cold 
or immune-excluded states, whereas KRAS-mutant tumors 
with STK11 and/or KEAP1 coalterations may more often show 
suppression- or metabolic-constraint–dominant phenotypes 

[63–65]. By contrast, TP53-related inflammatory features ap-
pear to be context dependent and may coexist with substantial 
heterogeneity in clinical benefit, particularly across different 
comutation backgrounds [66]. This genotype-informed but ax-
is-based interpretation may improve clinical usability by helping 
prioritize which downstream measurements are most informa-
tive in a given patient. In EGFR-mutant or ALK-rearranged dis-
ease, lower average benefit from checkpoint blockade has been 
observed clinically, but the underlying reasons are not uniform 
[67]. A practical workflow begins with genomic context and 
calibrated antigenicity proxies and then asks what the immune 
state actually looks like. In some tumors, low activation signals 
together with sparse effector-cell infiltration on pathology sup-
port an immune-cold explanation [68]. In others, immune ac-
tivation may be detectable, yet immune cells remain spatially 
separated from tumor nests and stromal/exclusion signals are 
prominent, consistent with an inflamed-but-excluded pattern. 
Because different axes can dominate within the same driver-de-
fined context, the biomarker output should reflect the dominant 
mechanism rather than applying a single rule to all cases.

In KRAS-mutant NSCLC with STK11 and/or KEAP1 coalter-
ations, suppression and constraint have frequently appeared 
prominent in retrospective analyses, yet genotype alone is in-
sufficient for a reliable interpretation [69]. A more transportable 
conclusion requires convergence across layers: attenuation of 
activation programs with enrichment of myeloid-suppression 
modules, supportive spatial or pathology features consistent 
with exclusion or myeloid dominance, and evidence of meta-
bolic constraints derived from metabolomics or robust proxy 
modules. When these signals align, resistance is more plausibly 
driven by a suppressive, metabolically restrictive microenviron-
ment than by a simple lack of checkpoint target expression [70].

In TP53 coaltered contexts, inflammatory or interferon-related 
signaling may be increased in some cohorts, but response re-
mains variable. Practical discrimination can be improved by 
separating an inflamed and accessible state from an inflamed 
but adaptively resistant state. The latter is supported when high 
interferon activity coexists with high inhibitory programs and 
execution-level evidence of suppression on proteomics or pathol-
ogy, even in the presence of high PD-L1. In contrast, preserved 
presentation competence and close spatial proximity of effector 
cells to tumor nests support an inflamed-accessible state with a 
higher plausibility of benefit [71, 72].

High TMB with nonresponse illustrates why antigenicity alone 
is insufficient and why competence and spatial access must be 
interrogated. In this setting, nonresponse is often more consis-
tent with impaired antigen processing/presentation (through 
genetic disruption or expression-level silencing of key com-
ponents), interferon signaling dysfunction, or exclusion- or 
suppression-dominant architecture than with an absence of 
mutations. Accordingly, the most useful output is not that a 
TMB-high tumor “should” respond, but a structured statement 
of which step in the recognition-to-killing chain appears to be 
limiting [73, 74].

For acquired resistance, single time-point profiling can be mis-
leading because the dominant mechanism may have emerged 
under treatment pressure. Acquired resistance is a dynamic 
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process shaped by tumor–immune coevolution and may not be 
fully captured by baseline tissue alone. Accordingly, dynamic 
multiomics monitoring may add value beyond baseline pre-
diction. Longitudinal strategies, including liquid biopsy and 
imaging follow-up, may help track the trajectory of resistance 
evolution and identify emerging escape mechanisms [75]. A 
practical approach is to track changes along a few axes, such as 
declining presentation competence, newly attenuated interferon 
responsiveness, strengthening exclusion programs, expansion of 
suppressive myeloid states, or increasing metabolic constraints. 
Full multiomics reprofiling is rarely necessary; a focused lon-
gitudinal panel aimed at the leading hypothesized axis is often 
more feasible and can preserve interpretability while aligning 
with clinical reality [76, 77].

5 | AI-Based Model Construction for Multiomics 
Integration in NSCLC Immunotherapy

AI-based multiomics integration should be formulated as a 
model-building problem rather than a purely predictive exer-
cise. The objective is to construct models that learn reproducible 
biological states from heterogeneous modalities, remain reliable 
when data are incomplete, and can be translated into compact, 
auditable outputs suitable for deployment. Accordingly, model 
construction can be organized around three design targets: 
learning stable representations across modalities, handling 
missing modalities with uncertainty-aware inference, and dis-
tilling complex models into minimal evidence sets that preserve 
performance and interpretability [78].

Model development should begin with explicit attention to mo-
dality heterogeneity. Genomics, transcriptomics, epigenomics, 
proteomics, pathology, and metabolomics differ in scale, noise 
characteristics, batch structure, and sampling bias; accordingly, 
naive feature concatenation should be avoided, as it can amplify 
modality dominance and promote spurious shortcut learning 
driven by technical artifacts [79]. A more robust strategy is to 
learn modality-specific embeddings using appropriate encod-
ers and then perform alignment or fusion at a representation 
level. Fusion can be implemented through late-fusion ensem-
bles, gated or attention-based fusion, or hierarchical architec-
tures that separate tumor-intrinsic signals from immune-state 
programs [80]. Importantly, the learned representations should 
be constrained to remain interpretable by anchoring them to 
biologically meaningful immune-state axes relevant to NSCLC 
immunotherapy and by mapping latent dimensions back to 
measurable modules or feature groups, rather than leaving them 
as opaque latent factors. Under current technological condi-
tions, interpretability in multimodal fusion remains incomplete, 
but it is no longer methodologically absent. Relatively mature 
post hoc tools, including SHAP for complex models, are now 
available, and concept-level and counterfactual analyses may 
further help assess whether model behavior is biologically and 
clinically plausible [81, 82]. However, these approaches should 
be regarded as supportive rather than definitive, since attention 
weights alone do not guarantee faithful explanation, and expla-
nation stability may degrade under perturbation. Accordingly, 
“accountable AI” should be understood less as full transparency 
than as the capacity to generate auditable, robust, and clinically 
interpretable evidence trails for model outputs.

Because complete multiomics profiles are uncommon in re-
al-world NSCLC cohorts, missing-modality handling should be 
built into both training and evaluation. Missingness is often sys-
tematic—driven by tissue availability, specimen adequacy, cost, 
and clinical urgency—so models trained only on complete cases 
typically overestimate performance and fail under deployment 
[83]. During model construction, missingness-aware training 
can be implemented by modality dropout, mixture-of-experts 
architectures, or conditional fusion schemes that accept vari-
able modality sets [84]. Outputs should include calibrated un-
certainty estimates, so that low-confidence predictions can be 
flagged for additional testing or conservative interpretation. 
Imputation may be used for supportive analyses, but it should 
not be treated as a substitute for uncertainty-aware inference, 
and it should not hide the fact that key evidence is absent. A 
practical deployment strategy is graceful degradation: When 
only core modalities are available, the model outputs a baseline 
evidence set; when confirmatory modalities are available and 
concordant, confidence is increased and resistance phenotypes 
can be refined [85].

Model construction should also anticipate that translation rarely 
involves deploying a large multimodal network as is. Instead, 
complex models should be used to identify stable signal carri-
ers and then distilled into compact, auditable measurement sets. 
Feature attribution, constrained modeling, and stability selec-
tion can be used to prioritize features that persist under platform 
shift and batch perturbation. Distillation can yield minimal ev-
idence sets that combine calibrated antigenicity and mutation-
al-process features, competence checks, a limited number of 
activation/exclusion/suppression modules, and a few execution/
constraint confirmations. Such outputs reduce operational bur-
den, improve reproducibility, and facilitate external replication, 
while preserving the mechanistic interpretability expected of 
biomarker studies [86–88].

Evaluation should follow a stress-testing paradigm aligned with 
deployment. In addition to reporting discrimination metrics, 
validation should explicitly test cross-platform transfer, center 
shift, variation in tumor purity and cellular composition, and re-
alistic missing-modality patterns. Calibration performance and 
failure analysis should be reported, and operating boundaries 
should be stated clearly to indicate when the model is expected 
to be reliable and when uncertainty should dominate. Under 
this model-building perspective, AI becomes a practical tool for 
constructing transportable, interpretable multiomics biomark-
ers for NSCLC immunotherapy resistance, rather than a means 
of maximizing performance in a single cohort [89].

In NSCLC immunotherapy, such panels may combine genomic 
context and PD-L1/TMB–related information with targeted 
readouts of unresolved resistance axes, including antigen pre-
sentation, interferon competence, spatial exclusion, or meta-
bolic suppression. However, practical implementation remains 
constrained by several persistent challenges, including limited 
tissue availability, assay heterogeneity, batch effects, cost, turn-
around time, incomplete or systematically missing modalities, 
and the risk of overfitting in high-dimensional settings with rel-
atively modest sample sizes [90–92]. These issues argue against 
direct transfer of discovery-scale workflows into routine care. A 
more feasible path is stepwise translation from broad discovery 
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profiling to compact deployable panels, supported by modali-
ty-aware normalization and harmonization, missingness-aware 
model architectures, biologically constrained feature selection, 
cross-platform and cross-center stress-testing, and prospective 
validation using lower burden assays compatible with routine 
pathology and molecular workflows.

6 | Conclusions

Immunotherapy resistance in NSCLC is best represented as a mul-
tiaxis functional phenotype shaped by genetic variation, immune 
competence, adaptive resistance programs, spatial architecture, 
suppressive ecosystems, and metabolic constraints. Multiomics 
profiling enables genetic events to be interpreted as mechanistic 
hypotheses and translated into transportable biomarkers through 
coherent evidence chains spanning genomics, transcriptomics, 
epigenomics, proteomics, and metabolomics, complemented by 
spatial assays, digital pathology, and imaging-derived surrogates.

AI can strengthen this process when it supports stable state 
representation, uncertainty-aware inference under incomplete 
data, and disciplined compression into minimal evidence sets 
that remain auditable, standardizable, and independently veri-
fiable [93].

Across development stages, coherence across layers, inter-
pretability, and external transportability remain the criteria 
most directly linked to reproducible performance and credi-
ble mechanistic inference. Future progress is likely to depend 
less on increasing feature dimensionality and more on rigor in 
calibration, stress-tested validation, longitudinal modeling of 
resistance trajectories, and construction of parsimonious mea-
surement panels aligned with clinical workflows.

Author Contributions

Yiqing Jiang conceived the topic and framework of the review, coordi-
nated the writing process, critically revised the manuscript for import-
ant intellectual content, and served as the corresponding author. Na 
Wang and Qin Zeng conducted the literature search and screening, and 
drafted sections of the manuscript. Jun Liu and Xiaoqin Liu contributed 
to evidence synthesis, table/figure preparation, and refinement of key 
arguments. Guili Cao provided expert input, contributed to the inter-
pretation of the literature, and critically revised the manuscript.

Funding

No funding was received for this manuscript.

Disclosure

All authors approved the final version of the manuscript and agreed to 
be accountable for all aspects of the work.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

Data sharing is not applicable to this article as no datasets were gener-
ated or analyzed during the current study.

References

1. G. Mountzios, J. Remon, L. E. L. Hendriks, et al., “Immune-
Checkpoint Inhibition for Resectable Non-Small-Cell Lung Cancer - 
Opportunities and Challenges,” Nature Reviews Clinical Oncology 20, 
no. 10 (2023): 664–677, https://doi.org/10.1038/s41571-023-00794-7.

2. L. B. Tang, Y. L. Peng, J. Chen, et al., “Rechallenge With Immune-
Checkpoint Inhibitors in Patients With Advanced-Stage Lung Cancer,” 
Nature Reviews Clinical Oncology 22, no. 8 (2025): 546–565, https://doi.
org/10.1038/s41571-025-01029-7.

3. G. Gomatou, A. Charpidou, P. Li, N. Syrigos, and I. Gkiozos, 
“Mechanisms of Primary Resistance to Immune Checkpoint Inhibitors 
in NSCLC,” Clinical and Translational Oncology 27, no. 4 (2025): 1426–
1437, https://doi.org/10.1007/s12094-024-03731-x.

4. X. Zhao, B. Liu, W. N. William, et al., “Interferon Epsilon Loss Is 
Elusive 9p21 Link to Immune-Cold Tumors, Resistant to Immune 
Checkpoint Therapy, and Endogenous CXCL9/10 Induction,” Journal of 
Thoracic Oncology 20, no. 9 (2025): 1177–1236, https://doi.org/10.1016/j.
jtho.2024.12.020.

5. L. Yang, Y. T. He, S. Dong, et al., “Single-cell Transcriptome 
Analysis Revealed a Suppressive Tumor Immune Microenvironment 
in EGFR Mutant Lung Adenocarcinoma,” Journal for ImmunoTherapy 
of Cancer 10, no. 2 (2022): e003534, https://doi.org/10.1136/
jitc-2021-003534.

6. T. Ma, J. Jiao, R. Huo, et al., “PD-L1 Expression, Tumor Mutational 
Burden, and Immune Cell Infiltration in Non-Small Cell Lung 
Cancer Patients With Epithelial Growth Factor Receptor Mutations,” 
Frontiers in Oncology 12, no. 12 (2022): 922899, https://doi.org/10.3389/
fonc.2022.922899.

7. Y. Zhang, R. Cheng, T. Ding, and J. Wu, “Discrepancies in PD-L1 
Expression, Lymphocyte Infiltration, and Tumor Mutational Burden 
in Non-Small Cell Lung Cancer and Matched Brain Metastases,” 
Translational Lung Cancer Research 13, no. 12 (2024): 3590–3602, 
https://doi.org/10.21037/tlcr-24-735.

8. J. H. Cha, L. C. Chan, C. W. Li, J. L. Hsu, and M. C. Hung, 
“Mechanisms Controlling PD-L1 Expression in Cancer,” Molecular Cell 
76, no. 3 (2019): 359–370, https://doi.org/10.1016/j.molcel.2019.09.030.

9. A. T. Lenis, V. Ravichandran, S. Brown, et al., “Microsatellite 
Instability, Tumor Mutational Burden, and Response to Immune 
Checkpoint Blockade in Patients With Prostate Cancer,” Clinical Cancer 
Research 30, no. 17 (2024): 3894–3903, https://doi.org/10.1158/1078-
0432.CCR-23-3403.

10. J. D. Silk, R. J. M. Abbott, K. J. Adams, et al., “Engineering Cancer 
Antigen-Specific T Cells to Overcome the Immunosuppressive Effects 
of TGF-β,” Journal of Immunology 208, no. 1 (2022): 169–180, https://
doi.org/10.4049/jimmunol.2001357.

11. X. He, X. Liu, F. Zuo, H. Shi, and J. Jing, “Artificial Intelligence-
Based Multi-Omics Analysis Fuels Cancer Precision Medicine,” 
Seminars in Cancer Biology 88 (2023): 187–200, https://doi.org/10.1016/j.
semcancer.2022.12.009.

12. L. Li, M. Sun, J. Wang, and S. Wan, “Multi-Omics Based Artificial 
Intelligence for Cancer Research,” Advances in Cancer Research 163 
(2024): 303–356, https://doi.org/10.1016/bs.acr.2024.06.005.

13. S. Mocellin, S. Tropea, C. Benna, and C. R. Rossi, “Circadian 
Pathway Genetic Variation and Cancer Risk: Evidence From Genome-
Wide Association Studies,” BMC Medicine 16, no. 1 (2018): 20, https://
doi.org/10.1186/s12916-018-1010-1.

14. M. Karimian, “A Common Genetic Variation in Paraoxonase 1 and 
Risk of Breast Cancer: A Literature Review, Meta-Analysis, and In Silico 
Analysis,” Nucleosides, Nucleotides, & Nucleic Acids 42, no. 1 (2023): 1–
16, https://doi.org/10.1080/15257770.2022.2107216.

15. M. M. Chen, Q. Gao, H. Ning, et al., “Integrated Single-Cell and 
Spatial Transcriptomics Uncover Distinct Cellular Subtypes Involved 

https://doi.org/10.1038/s41571-023-00794-7
https://doi.org/10.1038/s41571-025-01029-7
https://doi.org/10.1038/s41571-025-01029-7
https://doi.org/10.1007/s12094-024-03731-x
https://doi.org/10.1016/j.jtho.2024.12.020
https://doi.org/10.1016/j.jtho.2024.12.020
https://doi.org/10.1136/jitc-2021-003534
https://doi.org/10.1136/jitc-2021-003534
https://doi.org/10.3389/fonc.2022.922899
https://doi.org/10.3389/fonc.2022.922899
https://doi.org/10.21037/tlcr-24-735
https://doi.org/10.1016/j.molcel.2019.09.030
https://doi.org/10.1158/1078-0432.CCR-23-3403
https://doi.org/10.1158/1078-0432.CCR-23-3403
https://doi.org/10.4049/jimmunol.2001357
https://doi.org/10.4049/jimmunol.2001357
https://doi.org/10.1016/j.semcancer.2022.12.009
https://doi.org/10.1016/j.semcancer.2022.12.009
https://doi.org/10.1016/bs.acr.2024.06.005
https://doi.org/10.1186/s12916-018-1010-1
https://doi.org/10.1186/s12916-018-1010-1
https://doi.org/10.1080/15257770.2022.2107216


7 of 9

in Neural Invasion in Pancreatic Cancer,” Cancer Cell 43, no. 9 (2025): 
1656–1676.e10, https://doi.org/10.1016/j.ccell.2025.06.020.

16. A. J. Cooper, L. V. Sequist, and J. J. Lin, “Third-Generation EGFR 
And ALK Inhibitors: Mechanisms Of Resistance And Management,” 
Nature Reviews Clinical Oncology 19, no. 8 (2022): 499–514, https://doi.
org/10.1038/s41571-022-00639-9.

17. X. Du, Y. Shao, H. F. Qin, Y. H. Tai, and H. J. Gao, “ALK-Rearrangement 
in Non-Small-Cell Lung Cancer (NSCLC),” Thoracic Cancer 9, no. 4 
(2018): 423–430, https://doi.org/10.1111/1759-7714.12613.

18. Z. Q. Yu, M. Wang, W. Zhou, et al., “ROS1-Positive Non-Small 
Cell Lung Cancer (NSCLC): Biology, Diagnostics, Therapeutics And 
Resistance,” Journal of Drug Targeting 30, no. 8 (2022): 845–857, https://
doi.org/10.1080/1061186X.2022.2085730.

19. C. Zhou, B. Solomon, H. H. Loong, et al., “First-Line Selpercatinib 
or Chemotherapy and Pembrolizumab inRETFusion–Positive NSCLC,” 
New England Journal of Medicine 389, no. 20 (2023): 1839–1850, https://
doi.org/10.1056/NEJMoa2309457.

20. B. Ricciuti, and M. C. Garassino, “Precision Immunotherapy for 
STK11/KEAP1-Mutant NSCLC,” Journal of Thoracic Oncology 19, no. 6 
(2024): 877–882, https://doi.org/10.1016/j.jtho.2024.03.002.

21. J. A. Hellyer, S. K. Padda, M. Diehn, and H. A. Wakelee, “Clinical 
Implications of KEAP1-NFE2L2 Mutations in NSCLC,” Journal of 
Thoracic Oncology 16, no. 3 (2021): 395–403, https://doi.org/10.1016/j.
jtho.2020.11.015.

22. S. S. Zhang, M. Nagasaka, V. W. Zhu, and S. I. Ou, “Going Beneath 
the Tip of the Iceberg. Identifying and Understanding EML4-ALK 
Variants and TP53 Mutations to Optimize Treatment of ALK Fusion 
Positive (ALK+) NSCLC,” Lung Cancer 158 (2021): 126–136, https://doi.
org/10.1016/j.lungcan.2021.06.012.

23. F. Exposito, M. Redrado, M. Houry, et al., “PTEN Loss Confers 
Resistance to Anti-PD-1 Therapy in Non-Small Cell Lung Cancer by 
Increasing Tumor Infiltration of Regulatory T Cells,” Cancer Research 
83, no. 15 (2023): 2513–2526, https://doi.org/10.1158/0008-5472.
CAN-22-3023.

24. D. R. Wang, X. L. Wu, and Y. L. Sun, “Therapeutic Targets and 
Biomarkers of Tumor Immunotherapy: Response Versus Non-
Response,” Signal Transduction and Targeted Therapy 7, no. 1 (2022): 
331, https://doi.org/10.1038/s41392-022-01136-2.

25. J. Wang, Q. Chen, Q. Shan, T. Liang, P. Forde, and L. Zheng, “Clinical 
Development of Immuno-Oncology Therapeutics,” Cancer Letters 617, 
no. 617 (2025): 217616, https://doi.org/10.1016/j.canlet.2025.217616.

26. A. Zhang, H. D. Stacey, C. E. Mullarkey, and M. S. Miller, “Original 
Antigenic Sin: How First Exposure Shapes Lifelong Anti-Influenza 
Virus Immune Responses,” Journal of Immunology 202, no. 2 (2019): 
335–340, https://doi.org/10.4049/jimmunol.1801149.

27. S. Henderson, A. Chakravarthy, X. Su, C. Boshoff, and T. R. 
Fenton, “APOBEC-Mediated Cytosine Deamination Links PIK3CA 
Helical Domain Mutations to Human Papillomavirus-Driven Tumor 
Development,” Cell Reports 7, no. 6 (2014): 1833–1841, https://doi.
org/10.1016/j.celrep.2014.05.012.

28. R. Fan, L. Xu, B. Cui, et al., “Genomic Characterization Revealed 
PM2.5-Associated Mutational Signatures in Lung Cancer Including 
Activation of APOBEC3B,” Environmental Science & Technology 57, no. 
17 (2023): 6854–6864, https://doi.org/10.1021/acs.est.2c08092.

29. T. Hamada, T. Ugai, C. Gurjao, et al., “Smoking Habit and Long-
Term Colorectal Cancer Incidence by Exome-Wide Mutational and 
Neoantigen Loads: Evidence Based on the Prospective Cohort Incident-
Tumour Biobank Method,” BMJ Oncology 4, no. 1 (2025): e000787, 
https://doi.org/10.1136/bmjonc-2025-000787.

30. L. Klein, and E. Petrozziello, “Antigen Presentation for Central 
Tolerance Induction,” Nature Reviews Immunology 25, no. 1 (2025): 
57–72, https://doi.org/10.1038/s41577-024-01076-8.

31. B. W. Mac Nabb, S. Tumuluru, X. Chen, et al., “Dendritic Cells 
Can Prime Anti-Tumor CD8+ T Cell Responses Through Major 
Histocompatibility Complex Cross-Dressing,” Immunity 55, no. 6 
(2022): 982–997.e8, https://doi.org/10.1016/j.immuni.2022.04.016.

32. R. F. Iyer, M. C. Verweij, S. S. Nair, et al., “CD8+ T Cell Targeting 
of Tumor Antigens Presented by HLA-E,” Science Adventure 10, no. 19 
(2024): eadm7515, https://doi.org/10.1126/sciadv.adm7515.

33. N. L. de Vries, J. van de Haar, V. Veninga, et al., “γδ T Cells Are 
Effectors of Immunotherapy in Cancers With HLA Class I Defects,” 
Nature 613, no. 7945 (2023): 743–750, https://doi.org/10.1038/
s41586-022-05593-1.

34. F. Long, W. Zhong, F. Zhao, et al., “DAB2+ Macrophages Support 
FAP+ Fibroblasts in Shaping Tumor Barrier and Inducing Poor Clinical 
Outcomes in Liver Cancer,” Theranostics 14, no. 12 (2024): 4822–4843, 
https://doi.org/10.7150/thno.99046.

35. A. Garcia-Diaz, D. S. Shin, B. H. Moreno, et al., “Interferon Receptor 
Signaling Pathways Regulating PD-L1 and PD-L2 Expression,” 
Cell Reports 19, no. 6 (2017): 1189–1201, https://doi.org/10.1016/j.
celrep.2017.04.031.

36. T. F. Gajewski, H. Schreiber, and Y. X. Fu, “Innate and Adaptive 
Immune Cells in the Tumor Microenvironment,” Nature Immunology 
14, no. 10 (2013): 1014–1022, https://doi.org/10.1038/ni.2703.

37. L. Arpinati, and R. Scherz-Shouval, “From Gatekeepers to Providers: 
Regulation of Immune Functions by Cancer-Associated Fibroblasts,” 
Trends Cancer 9, no. 5 (2023): 421–443, https://doi.org/10.1016/j.
trecan.2023.01.007.

38. J. Massagué, and D. Sheppard, “TGF-β Signaling in Health and 
Disease,” Cell 186, no. 19 (2023): 4007–4037, https://doi.org/10.1016/j.
cell.2023.07.036.

39. L. Zhang, Z. Li, K. M. Skrzypczynska, et al., “Single-Cell Analyses 
Inform Mechanisms of Myeloid-Targeted Therapies in Colon 
Cancer,” Cell 181, no. 2 (2020): 442–459.e29, https://doi.org/10.1016/j.
cell.2020.03.048.

40. R. J. Kishton, M. Sukumar, and N. P. Restifo, “Metabolic Regulation 
of T Cell Longevity and Function in Tumor Immunotherapy,” 
Cell Metabolism 26, no. 1 (2017): 94–109, https://doi.org/10.1016/j.
cmet.2017.06.016.

41. K. Fischer, P. Hoffmann, S. Voelkl, et al., “Inhibitory Effect of Tumor 
Cell-Derived Lactic Acid on Human T Cells,” Blood 109, no. 9 (2007): 
3812–3819, https://doi.org/10.1182/blood-2006-07-035972.

42. G. Pascual, and S. A. Benitah, “Lipids in the Tumor 
Microenvironment: Immune Modulation and Metastasis,” Frontiers 
in Oncology 14, no. 14 (2024): 1435480, https://doi.org/10.3389/
fonc.2024.1435480.

43. C. Basson, J. C. Serem, Y. N. Hlophe, and P. Bipath, “The Tryptophan-
Kynurenine Pathway in Immunomodulation and Cancer Metastasis,” 
Cancer Medicine 12, no. 18 (2023): 18691–18701, https://doi.org/10.1002/
cam4.6484.

44. L. Fagerberg, B. M. Hallström, P. Oksvold, et al., “Analysis of the 
Human Tissue-Specific Expression by Genome-Wide Integration 
of Transcriptomics and Antibody-Based Proteomics,” Molecular & 
Cellular Proteomics 13, no. 2 (2014): 397–406, https://doi.org/10.1074/
mcp.M113.035600.

45. T. B. Rojahn, V. Vorstandlechner, T. Krausgruber, et al., “Single-Cell 
Transcriptomics Combined With Interstitial Fluid Proteomics Defines 
Cell Type-Specific Immune Regulation in Atopic Dermatitis,” Journal 
of Allergy and Clinical Immunology 146, no. 5 (2020): 1056–1069, https://
doi.org/10.1016/j.jaci.2020.03.041.

46. S. Jhunjhunwala, C. Hammer, and L. Delamarre, “Antigen 
Presentation in Cancer: Insights Into Tumour Immunogenicity and 
Immune Evasion,” Nature Reviews Cancer 21, no. 5 (2021): 298–312, 
https://doi.org/10.1038/s41568-021-00339-z.

https://doi.org/10.1016/j.ccell.2025.06.020
https://doi.org/10.1038/s41571-022-00639-9
https://doi.org/10.1038/s41571-022-00639-9
https://doi.org/10.1111/1759-7714.12613
https://doi.org/10.1080/1061186X.2022.2085730
https://doi.org/10.1080/1061186X.2022.2085730
https://doi.org/10.1056/NEJMoa2309457
https://doi.org/10.1056/NEJMoa2309457
https://doi.org/10.1016/j.jtho.2024.03.002
https://doi.org/10.1016/j.jtho.2020.11.015
https://doi.org/10.1016/j.jtho.2020.11.015
https://doi.org/10.1016/j.lungcan.2021.06.012
https://doi.org/10.1016/j.lungcan.2021.06.012
https://doi.org/10.1158/0008-5472.CAN-22-3023
https://doi.org/10.1158/0008-5472.CAN-22-3023
https://doi.org/10.1038/s41392-022-01136-2
https://doi.org/10.1016/j.canlet.2025.217616
https://doi.org/10.4049/jimmunol.1801149
https://doi.org/10.1016/j.celrep.2014.05.012
https://doi.org/10.1016/j.celrep.2014.05.012
https://doi.org/10.1021/acs.est.2c08092
https://doi.org/10.1136/bmjonc-2025-000787
https://doi.org/10.1038/s41577-024-01076-8
https://doi.org/10.1016/j.immuni.2022.04.016
https://doi.org/10.1126/sciadv.adm7515
https://doi.org/10.1038/s41586-022-05593-1
https://doi.org/10.1038/s41586-022-05593-1
https://doi.org/10.7150/thno.99046
https://doi.org/10.1016/j.celrep.2017.04.031
https://doi.org/10.1016/j.celrep.2017.04.031
https://doi.org/10.1038/ni.2703
https://doi.org/10.1016/j.trecan.2023.01.007
https://doi.org/10.1016/j.trecan.2023.01.007
https://doi.org/10.1016/j.cell.2023.07.036
https://doi.org/10.1016/j.cell.2023.07.036
https://doi.org/10.1016/j.cell.2020.03.048
https://doi.org/10.1016/j.cell.2020.03.048
https://doi.org/10.1016/j.cmet.2017.06.016
https://doi.org/10.1016/j.cmet.2017.06.016
https://doi.org/10.1182/blood-2006-07-035972
https://doi.org/10.3389/fonc.2024.1435480
https://doi.org/10.3389/fonc.2024.1435480
https://doi.org/10.1002/cam4.6484
https://doi.org/10.1002/cam4.6484
https://doi.org/10.1074/mcp.M113.035600
https://doi.org/10.1074/mcp.M113.035600
https://doi.org/10.1016/j.jaci.2020.03.041
https://doi.org/10.1016/j.jaci.2020.03.041
https://doi.org/10.1038/s41568-021-00339-z


8 of 9 Human Mutation, 2026

47. Y. Li, C. Song, H. Wang, et al., “Novel Prognostic Biomarkers in Small 
Cell Lung Cancer Reveal Mutational Signatures, Genomic Mutations, 
and Immune Implications,” Scientific Reports 15, no. 1 (2025): 15592, 
https://doi.org/10.1038/s41598-025-00222-z.

48. G. T. Gibney, L. M. Weiner, and M. B. Atkins, “Predictive 
Biomarkers for Checkpoint Inhibitor-Based Immunotherapy,” 
Lancet Oncology 17, no. 12 (2016): e542–e551, https://doi.org/10.1016/
S1470-2045(16)30406-5.

49. I. Noorani, M. Haughey, J. Luebeck, et al., “Extrachromosomal 
DNA-Driven Oncogene Spatial Heterogeneity and Evolution in 
Glioblastoma,” Cancer Discovery 15, no. 10 (2025): 2078–2095, https://
doi.org/10.1158/2159-8290.CD-24-1555.

50. C. G. Lucas, N. N. Al-Adli, J. S. Young, et al., “Longitudinal 
Multimodal Profiling of IDH-Wildtype Glioblastoma Reveals the 
Molecular Evolution and Cellular Phenotypes Underlying Prognostically 
Different Treatment Responses,” Neuro-oncology 27, no. 1 (2025): 89–
105, https://doi.org/10.1093/neuonc/noae214.

51. T. E. Miller, C. A. El Farran, C. P. Couturier, et al., “Programs, 
Origins and Immunomodulatory Functions of Myeloid Cells in Glioma,” 
Nature 640, no. 8060 (2025): 1072–1082, https://doi.org/10.1038/
s41586-025-08633-8.

52. H. Jeong, J. Koh, S. Kim, et al., “Cell-Intrinsic PD-L1 Signaling 
Drives Immunosuppression by Myeloid-Derived Suppressor Cells 
Through IL-6/Jak/Stat 3 in PD-L1-High Lung Cancer,” Journal for 
ImmunoTherapy of Cancer 13, no. 3 (2025): e010612, https://doi.
org/10.1136/jitc-2024-010612.

53. Z. Liu, Z. Yang, J. Wu, et al., “A Single-Cell Atlas Reveals Immune 
Heterogeneity in Anti-PD-1-Treated Non-Small Cell Lung Cancer,” 
Cell 188, no. 11 (2025): 3081–3096.e19, https://doi.org/10.1016/j.
cell.2025.03.018.

54. J. Duan, B. Zhong, Z. Fan, et al., “DNA Methylation in Pulmonary 
Fibrosis and Lung Cancer,” Expert Review of Respiratory Medicine 16, 
no. 5 (2022): 519–528, https://doi.org/10.1080/17476348.2022.2085091
.

55. F. J. de Miguel, C. Gentile, W. W. Feng, et al., “Mammalian SWI/SNF 
Chromatin Remodeling Complexes Promote Tyrosine Kinase Inhibitor 
Resistance in EGFR-Mutant Lung Cancer,” Cancer Cell 41, no. 8 (2023): 
1516–1534.e9, https://doi.org/10.1016/j.ccell.2023.07.005.

56. G. Yi, H. Luo, Y. Zheng, W. Liu, D. Wang, and Y. Zhang, “Exosomal 
Proteomics: Unveiling Novel Insights Into Lung Cancer,” Aging 
and Disease 16, no. 2 (2024): 876–900, https://doi.org/10.14336/
AD.2024.0409.

57. J. Saller, and T. A. Boyle, “Molecular Pathology of Lung Cancer,” 
Cold Spring Harbor Perspectives In Medicine 12, no. 3 (2022): a037812, 
https://doi.org/10.1101/cshperspect.a037812.

58. L. Chen, L. Huang, Y. Gu, W. Cang, P. Sun, and Y. Xiang, 
“Lactate-Lactylation Hands Between Metabolic Reprogramming and 
Immunosuppression,” International Journal of Molecular Sciences 23, 
no. 19 (2022): 11943, https://doi.org/10.3390/ijms231911943.

59. Z. Chen, Y. H. Ding, L. Shao, X. M. Ji, X. Qian, and A. Q. 
Zhang, “Qingfei Mixture Mitigates Immunosuppression of Tumor 
Microenvironment in Non-Small Cell Lung Cancer by Blocking stat1/
Ido1-mediated Tryptophan-Kynurenine Pathway,” Heliyon 10, no. 11 
(2024): e32260, https://doi.org/10.1016/j.heliyon.2024.e32260.

60. A. Ullah, S. Shehzadi, N. Ullah, T. Nawaz, H. Iqbal, and T. Aziz, 
“Hypoxia A Typical Target in Human Lung Cancer Therapy,” Current 
Protein & Peptide Science 25, no. 5 (2024): 376–385, https://doi.org/10.21
74/0113892037252820231114045234.

61. U. Sen, C. Coleman, N. Gandhi, et al., “SCD1 Inhibition Blocks the 
AKT-NRF2-SLC7A11 Pathway to Induce Lipid Metabolism Remodeling 
and Ferroptosis Priming in Lung Adenocarcinoma,” Cancer Research 
85, no. 13 (2025): 2485–2503, https://doi.org/10.1158/0008-5472.
CAN-24-2745.

62. M. Chen, S. J. Copley, P. Viola, H. Lu, and E. O. Aboagye, “Radiomics 
and Artificial Intelligence for Precision Medicine in Lung Cancer 
Treatment,” Seminars in Cancer Biology 93 (2023): 97–113, https://doi.
org/10.1016/j.semcancer.2023.05.004.

63. K. Arai, Y. Nishito, H. Mizuno, et al., “EML4-ALK Rearrangement 
Creates a Distinctive Myeloid Cell-Dominant Immunosuppressive 
Microenvironment in Lung Cancer,” Cancer Immunology Research 
13, no. 9 (2025): 1435–1452, https://doi.org/10.1158/2326-6066.
CIR-24-0532.

64. F. Skoulidis, H. A. Araujo, M. T. Do, et al., “CTLA4 Blockade 
Abrogates KEAP1/STK11-Related Resistance to PD-(L)1 Inhibitors,” 
Nature 635, no. 8038 (2024): 462–471, https://doi.org/10.1038/
s41586-024-07943-7.

65. H. J. West, M. McCleland, F. Cappuzzo, et al., “Clinical Efficacy 
of Atezolizumab Plus Bevacizumab and Chemotherapy in KRAS-
Mutated Non-Small Cell Lung Cancer With STK11, KEAP1, or TP53 
Comutations: Subgroup Results From the Phase III IMpower150 
Trial,” Journal of Immunotherapy 10, no. 2 (2022): e003027, https://doi.
org/10.1136/jitc-2021-003027.

66. A. R. Naqash, C. S. Floudas, E. Aber, et al., “Influence of TP53 
Comutation on the Tumor Immune Microenvironment and Clinical 
Outcomes With Immune Checkpoint Inhibitors in STK11-Mutant Non-
Small-Cell Lung Cancer,” JCO Precision Oncology 8 (2024): e2300371, 
https://doi.org/10.1200/PO.23.00371.

67. D. Rangachari, N. Yamaguchi, P. A. Vander Laan, et al., “Brain 
Metastases in Patients With EGFR-Mutated or ALK-Rearranged Non-
Small-Cell Lung Cancers,” Lung Cancer 88, no. 1 (2015): 108–111, 
https://doi.org/10.1016/j.lungcan.2015.01.020.

68. G. R. Khosravi, S. Mostafavi, S. Bastan, N. Ebrahimi, R. S. Gharibvand, 
and N. Eskandari, “Immunologic Tumor Microenvironment Modulators 
for Turning Cold Tumors Hot,” Cancer Communications 44, no. 5 
(2024): 521–553, https://doi.org/10.1002/cac2.12539.

69. A. Galan-Cobo, N. I. Vokes, Y. Qian, et al., “KEAP1 and STK11/
LKB1 Alterations Enhance Vulnerability to ATR Inhibition in KRAS 
Mutant Non-Small Cell Lung Cancer,” Cancer Cell 43, no. 8 (2025): 
1530–1548.e9, https://doi.org/10.1016/j.ccell.2025.06.011.

70. Y. Yan, D. Sun, J. Hu, et al., “Multi-Omic Profiling Highlights Factors 
Associated With Resistance to Immuno-Chemotherapy in Non-Small-
Cell Lung Cancer,” Nature Genetics 57, no. 1 (2025): 126–139, https://doi.
org/10.1038/s41588-024-01998-y.

71. J. Moes-Sosnowska, A. Szpechcinski, and J. Chorostowska-
Wynimko, “Clinical Significance of TP53 Alterations in Advanced 
NSCLC Patients Treated With EGFR, ALK and ROS1 Tyrosine Kinase 
Inhibitors: An Update,” Tumor Biology 46, no. s1 (2024): S309–S325, 
https://doi.org/10.3233/TUB-230034.

72. M. Benguigui, T. J. Cooper, P. Kalkar, et al., “Interferon-Stimulated 
Neutrophils as a Predictor of Immunotherapy Response,” Cancer Cell 42, 
no. 2 (2024): 253–265.e12, https://doi.org/10.1016/j.ccell.2023.12.005.

73. F. Newell, I. Pires da Silva, P. A. Johansson, et al., “Multiomic 
Profiling Of Checkpoint Inhibitor-Treated Melanoma: Identifying 
Predictors Of Response And Resistance, And Markers Of Biological 
Discordance,” Cancer Cell 40, no. 1 (2022): 88–102.e7, https://doi.
org/10.1016/j.ccell.2021.11.012.

74. T. Liu, L. Wu, J. Liu, et al., “Comprehensive Characterization of 
MUC16 Mutations in Lung Adenocarcinoma for Immunotherapies 
and Prognosis: An Observational Study,” Medicine 102, no. 44 (2023): 
e35481, https://doi.org/10.1097/MD.0000000000035481.

75. X. Zhang, K. Xiao, Y. Wen, et al., “Multi-Omics With Dynamic 
Network Biomarker Algorithm Prefigures Organ-Specific Metastasis of 
Lung Adenocarcinoma,” Nature Communications 15, no. 1 (2024): 9855, 
https://doi.org/10.1038/s41467-024-53849-3.

76. C. B. Meador, and A. N. Hata, “Acquired Resistance to Targeted 
Therapies in NSCLC: Updates and Evolving Insights,” Pharmacology 

https://doi.org/10.1038/s41598-025-00222-z
https://doi.org/10.1016/S1470-2045(16)30406-5
https://doi.org/10.1016/S1470-2045(16)30406-5
https://doi.org/10.1158/2159-8290.CD-24-1555
https://doi.org/10.1158/2159-8290.CD-24-1555
https://doi.org/10.1093/neuonc/noae214
https://doi.org/10.1038/s41586-025-08633-8
https://doi.org/10.1038/s41586-025-08633-8
https://doi.org/10.1136/jitc-2024-010612
https://doi.org/10.1136/jitc-2024-010612
https://doi.org/10.1016/j.cell.2025.03.018
https://doi.org/10.1016/j.cell.2025.03.018
https://doi.org/10.1080/17476348.2022.2085091
https://doi.org/10.1016/j.ccell.2023.07.005
https://doi.org/10.14336/AD.2024.0409
https://doi.org/10.14336/AD.2024.0409
https://doi.org/10.1101/cshperspect.a037812
https://doi.org/10.3390/ijms231911943
https://doi.org/10.1016/j.heliyon.2024.e32260
https://doi.org/10.2174/0113892037252820231114045234
https://doi.org/10.2174/0113892037252820231114045234
https://doi.org/10.1158/0008-5472.CAN-24-2745
https://doi.org/10.1158/0008-5472.CAN-24-2745
https://doi.org/10.1016/j.semcancer.2023.05.004
https://doi.org/10.1016/j.semcancer.2023.05.004
https://doi.org/10.1158/2326-6066.CIR-24-0532
https://doi.org/10.1158/2326-6066.CIR-24-0532
https://doi.org/10.1038/s41586-024-07943-7
https://doi.org/10.1038/s41586-024-07943-7
https://doi.org/10.1136/jitc-2021-003027
https://doi.org/10.1136/jitc-2021-003027
https://doi.org/10.1200/PO.23.00371
https://doi.org/10.1016/j.lungcan.2015.01.020
https://doi.org/10.1002/cac2.12539
https://doi.org/10.1016/j.ccell.2025.06.011
https://doi.org/10.1038/s41588-024-01998-y
https://doi.org/10.1038/s41588-024-01998-y
https://doi.org/10.3233/TUB-230034
https://doi.org/10.1016/j.ccell.2023.12.005
https://doi.org/10.1016/j.ccell.2021.11.012
https://doi.org/10.1016/j.ccell.2021.11.012
https://doi.org/10.1097/MD.0000000000035481
https://doi.org/10.1038/s41467-024-53849-3


9 of 9

& Therapeutics 210 (2020): 107522, https://doi.org/10.1016/j.
pharmthera.2020.107522.

77. T. Lei, T. Xu, N. Zhang, et al., “Anlotinib Combined With Osimertinib 
Reverses Acquired Osimertinib Resistance in NSCLC by Targeting the 
c-MET/MYC/AXL Axis,” Pharmacological Research 188 (2023): 106668, 
https://doi.org/10.1016/j.phrs.2023.106668.

78. A. Prelaj, V. Miskovic, M. Zanitti, et al., “Artificial Intelligence For 
Predictive Biomarker Discovery In Immuno-Oncology: A Systematic 
Review,” Annals of Oncology 35, no. 1 (2024): 29–65, https://doi.
org/10.1016/j.annonc.2023.10.125.

79. C. Wang, J. Li, J. Chen, et al., “Multi-Omics Analyses Reveal 
Biological and Clinical Insights in Recurrent Stage I Non-Small Cell 
Lung Cancer,” Nature Communications 16, no. 1 (2025): 1477, https://
doi.org/10.1038/s41467-024-55068-2.

80. C. Y. Kesiku, and B. Garcia-Zapirain, “AI-Enhanced Lung Cancer 
Prediction: A Hybrid Model's Precision Triumph,” IEEE Journal of 
Biomedical and Health Informatics 29, no. 9 (2025): 6287–6300, https://
doi.org/10.1109/JBHI.2024.3447583.

81. K. Su, X. Liu, Y. C. Zeng, et al., “Machine Learning Radiomics for 
Predicting Response to MR-Guided Radiotherapy in Unresectable 
Hepatocellular Carcinoma: A Multicenter Cohort Study,” Journal 
of Hepatocellular Carcinoma 12, no. 12 (2025): 933–947, https://doi.
org/10.2147/JHC.S521378.

82. J. Chen, S. Chen, H. Li, et al., “Interpretable LASSO-Cox Model: 
Hsp90α/Albumin Ratio Predicts Hepatocellular Carcinoma Prognosis,” 
Translational Research 14, no. 12 (2025): 8462–8474, https://doi.
org/10.21037/tcr-2025-1391.

83. X. Song, A. Xiong, F. Wu, et al., “Spatial Multi-Omics Revealed the 
Impact of Tumor Ecosystem Heterogeneity on Immunotherapy Efficacy 
in Patients With Advanced Non-Small Cell Lung Cancer Treated With 
Bispecific Antibody,” Journal for ImmunoTherapy of Cancer 11, no. 2 
(2023): e006234, https://doi.org/10.1136/jitc-2022-006234.

84. Z. R. McCaw, H. Aschard, and H. Julienne, “Fitting Gaussian 
Mixture Models on Incomplete Data,” BMC Bioinformatics 23, no. 1 
(2022): 208, https://doi.org/10.1186/s12859-022-04740-9.

85. B. Jiang, Y. Wu, X. Chen, C. Jian, and W. Wang, “Artificial Intelligence 
and Multi-Omics Convergence in Breast Cancer: Revolutionizing 
Diagnosis, Prognostication, and Precision Oncology,” Critical Reviews 
in Oncology/Hematology 220 (2026): 105160, https://doi.org/10.1016/j.
critrevonc.2026.105160.

86. M. Katsuki, T. Shimazu, S. Kikui, et al., “Developing an Artificial 
Intelligence-Based Headache Diagnostic Model and Its Utility for 
Non-Specialists' Diagnostic Accuracy,” Cephalalgia 43, no. 5 (2023): 
3331024231156925, https://doi.org/10.1177/03331024231156925.

87. B. Allen, M. Lane, E. A. Steeves, and H. Raynor, “Using Explainable 
Artificial Intelligence to Discover Interactions in an Ecological Model 
for Obesity,” International Journal of Environmental Research and Public 
Health 19, no. 15 (2022): 9447, https://doi.org/10.3390/ijerph19159447.

88. T. Bani-Hani, M. Wedyan, R. Al-Fodeh, R. Shuqeir, S. Al Jundi, 
and N. Tewari, “Artificial Intelligence Model for Application in Dental 
Traumatology,” European Archives of Paediatric Dentistry 26, no. 6 
(2025): 1117–1124, https://doi.org/10.1007/s40368-025-01063-0.

89. C. Wu, M. Hwang, T. H. Huang, et al., “Application of Artificial 
Intelligence Ensemble Learning Model in Early Prediction of Atrial 
Fibrillation,” BMC Bioinformatics 22 (2021): Suppl 593, https://doi.
org/10.1186/s12859-021-04000-2.

90. K. Su, X. R. Hou, Q. Z. Zhong, et al., “Survival Benefit of Adjuvant 
Radiation Therapy Following Asparaginase-Based Chemotherapy in 
Patients With Chemoresponsive Advanced-Stage Extranodal NK/T 
Cell Lymphoma: A Multicenter Study Using the China Lymphoma 
Collaborative Group Database,” International Journal of Radiation 
Oncology - Biology - Physics 124, no. 2 (2026): 428–440, https://doi.
org/10.1016/j.ijrobp.2025.09.017.

91. H. Li, K. Su, L. Guo, et al., “PD-1 Inhibitors Combined 
With Antiangiogenic Therapy With or Without Transarterial 
Chemoembolization in the Treatment of Hepatocellular Carcinoma: A 
Propensity Matching Analysis,” Journal of Hepatocellular Carcinoma 10 
(2023): 1257–1266, https://doi.org/10.2147/JHC.S415843.

92. L. Zhang, H. Zhang, Q. Xie, et al., “A Bibliometric Study of Global 
Trends in Diabetes and Gut Flora Research From 2011 to 2021,” 
Frontiers in Endocrinology 13 (2022): 990133, https://doi.org/10.3389/
fendo.2022.990133.

93. W. Quanyang, H. Yao, W. Sicong, et al., “Artificial Intelligence 
in Lung Cancer Screening: Detection, Classification, Prediction, 
and Prognosis,” Cancer Medicine 13, no. 7 (2024): e7140, https://doi.
org/10.1002/cam4.7140.

https://doi.org/10.1016/j.pharmthera.2020.107522
https://doi.org/10.1016/j.pharmthera.2020.107522
https://doi.org/10.1016/j.phrs.2023.106668
https://doi.org/10.1016/j.annonc.2023.10.125
https://doi.org/10.1016/j.annonc.2023.10.125
https://doi.org/10.1038/s41467-024-55068-2
https://doi.org/10.1038/s41467-024-55068-2
https://doi.org/10.1109/JBHI.2024.3447583
https://doi.org/10.1109/JBHI.2024.3447583
https://doi.org/10.2147/JHC.S521378
https://doi.org/10.2147/JHC.S521378
https://doi.org/10.21037/tcr-2025-1391
https://doi.org/10.21037/tcr-2025-1391
https://doi.org/10.1136/jitc-2022-006234
https://doi.org/10.1186/s12859-022-04740-9
https://doi.org/10.1016/j.critrevonc.2026.105160
https://doi.org/10.1016/j.critrevonc.2026.105160
https://doi.org/10.1177/03331024231156925
https://doi.org/10.3390/ijerph19159447
https://doi.org/10.1007/s40368-025-01063-0
https://doi.org/10.1186/s12859-021-04000-2
https://doi.org/10.1186/s12859-021-04000-2
https://doi.org/10.1016/j.ijrobp.2025.09.017
https://doi.org/10.1016/j.ijrobp.2025.09.017
https://doi.org/10.2147/JHC.S415843
https://doi.org/10.3389/fendo.2022.990133
https://doi.org/10.3389/fendo.2022.990133
https://doi.org/10.1002/cam4.7140
https://doi.org/10.1002/cam4.7140

	From Variant to Biomarker in NSCLC Immunotherapy Resistance: Multiomics Evidence Chains and Accountable AI Integration
	1 | Introduction
	1.1 | Clinical Expansion of Immune Checkpoint Blockade and Persistent Heterogeneity

	2 | Immunotherapy Resistance as a Multiaxis Functional Phenotype
	3 | Multiomics Evidence Chains From Genetic Variation to Biomarker Outputs
	4 | Applying Multiomics to Recurrent NSCLC Immunotherapy Patterns
	5 | AI-Based Model Construction for Multiomics Integration in NSCLC Immunotherapy
	6 | Conclusions
	Author Contributions
	Funding
	Disclosure
	Conflicts of Interest
	Data Availability Statement




