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Immunotherapy has seen success in treating patients with cancer, but variable
responses underscore the need for effective patient stratification and therapy
planning. Computational tools integrating multi-omics, imaging and machine
learning have advanced, yet reliable personalized predictions remain chal-
lenging. This review analyzes the field through four converging paradigms:
classical machine learning, deep learning, graph and network modeling, and
mechanistic systems biology. We examine the evolution from correlational
features to representation learning, relational inference, and causal simulation
of tumor-immune dynamics, highlighting the shift towards multi-modal fusion
and interpretable, clinically deployable models. By providing an integrated
review of these computational tools, we hope to bring the community closer
to achieving precision immuno-oncology for personalized cancer treatments.

The clinical imperative for predictive biomarkers
Cancer immunotherapy, particularly immune checkpoint inhibitors
(ICI), has fundamentally changed the landscape of oncology, offering
the prospect of durable, long-term remission for patients with advanced
malignancies'. Therapies targeting the programmed cell death protein 1
(PD-1)/programmed death-ligand 1 (PD-L1) and cytotoxic T-lymphocyte
antigen-4 (CTLA-4) have demonstrated unprecedented success in var-
ious cancers, including melanoma*, non-small-cell lung cancer
(NSCLC)* and renal cell carcinoma’. However, the transformative
potential of these agents is tempered by the profound heterogeneity in
patient response”. Even within responsive cancer types, a substantial
proportion of patients fail to derive clinical benefit, while others may
experience severe, and occasionally life-threatening, immune-related
adverse events (irAE)’. This variability not only exposes non-responding
patients to toxicity and substantial financial cost but also underscores
an urgent, unmet need for robust predictive biomarkers®.

The development of such biomarkers is a vital clinical imperative
for advancing precision immuno-oncology. An ideal biomarker would
accurately stratify patients before treatment, identifying likely

responders, candidates for combination strategies, and those better
served by alternatives. Achieving these goals often requires compu-
tational models that integrate tumor-, host-, and treatment-level fac-
tors to help translate biomarker signals into actionable decisions, but
the core bottleneck remains in capturing the complex interactions
among cancer, immune system and existing therapy, an inherently
high-dimensional task well suited to computational tools.

An overview of biological and data-related bottlenecks
Developing reliable predictive models is obstructed by biological
complexity and data limitations, which help explain why early bio-
markers often proved insufficient (Table 1) and why more sophisti-
cated computational approaches may be necessary.

The primary biological bottleneck is the dynamic and hetero-
geneous nature of the tumor microenvironment (TME). Intratumor
heterogeneity (ITH) creates spatial and genetic diversity, so a single
biopsy may not represent the full tumor and can confound spot
sampling-based prediction’. In addition, the TME is dynamic; a base-
line biopsy may miss the subsequent tumor-immune trajectory'’. Host-
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Table 1| Typical performance of predictive models across modalities

Modality/Approach Performance (AUC) Cancer Types Notes

Tumor mutation burden/ 0.58-0.87 Melanoma, non-small cell lung cancer Performance is inconsistent and context dependent'”.

neoantigen load

Transcriptomic signatures 0.70-0.80 Melanoma, urothelial cancer, non-small cell Generalizability can be poor across different cancers'.

(e.g., TIDE) lung cancer, clear cell renal cell carcinoma

Radiomics (CT/MRI) 0.76-0.90 Multiple cancer types Performance varies in different cohorts and can be high
in specific cohorts'™'%2,

Digital pathology (WSI) 0.65-0.88 Pan-cancer Can predict molecular features (tumor mutation burden,
microsatellite instability) from H&E slides'®*"®,

Microbiome signatures 0.62-0.75 Melanoma, renal cell carcinoma Highly experimental and prone to poor generalization
due to geographic and dietary factors'®®'¢®,

Multi-modal fusion >0.80 Pan-cancer Often shows superior performance but requires complex

data integration and large datasets'®"®°.

level factors beyond the tumor, such as host germline genetics and gut
microbiome™"?, further modulate immune readiness. Lastly, certain
cancers, such as pancreatic and microsatellite-stable colorectal cancer,
remain ‘cold’ and resistant to ICls, posing a formidable biological
barrier that predictive models must account for>*,

From a computational perspective, progress in correctly pre-
dicting immunotherapy response is hindered by several practical
obstacles. Multi-omics cohorts remain scarce and often small, espe-
cially for rarer cancer types or novel therapies, thereby increasing the
risk of model overfitting. Batch effects and domain shift, in which
models trained on data from one institution or sequencing platform,
often prevent the generalization of the prediction to new data due to
subtle technical variations in data generation and processing. Finally,
the field has lacked comprehensive benchmarking datasets and
reporting guidelines, despite ongoing efforts™ ", making it difficult to
perform fair, head-to-head comparisons of different predictive models
and hindering reproducible research.

A paradigm-based approach to computational modeling and
multimodal data integration

Most predictive studies in immuno-oncology remain siloed by data
type/drivers: genomics for mutations, transcriptomics for gene sig-
natures, and imaging for radiomic features, so that each data type
captures only part of this multi-modal system. Because these drivers
are interconnected, single-modality models often miss key
dependencies.

Multi-modal integration can improve robustness by learning
complementary signals across data types, including genomics, tran-
scriptomics, microbiome profiles, and medical imaging (computed
tomography (CT), magnetic resonance imaging (MRI), and positron
emission tomography (PET))'®"?. Common strategies for multi-modal
integration include early fusion (which concatenates feature vectors
from each modality and trains a standard classifier, such as XGBoost*
or an MLP*), late fusion (which combines outputs from modality-
specific models via averaging, voting, or a meta-learner), and joint
representation learning (which uses deep architectures, such as auto-
encoders, variational autoencoders (VAE)* and graph-based models
etc., to embed modalities into a shared low-dimensional space that
supports prediction and generalization) (Fig. 1A). The pre-trained
representation is then coupled to a classifier and optimized on labeled
cohorts to predict immunotherapy response classes by minimizing a
classification loss (Fig. 1B).

To provide a clear framework, we structure this review into
four computational paradigms: Classical machine learning for
interpretable models built from structured, feature-engineered
data; Deep learning for representation learning from high-
dimensional or unstructured data such as images and sequen-
ces; Graph and network modeling for capturing relational

structure and interactions across scales; and mechanistic and
systems biology models for simulating biological processes to
generate causal insight and test hypotheses in silico.

The genomic and immunological foundation

Before delving into the computational paradigms, it is essential to
understand the biomarkers and features that serve as the inputs for
predictive models. These features are derived from three major layers
of evidence: tumor genomics and antigen presentation (Fig. 2A),
tumor immune microenvironment (Fig. 2B), and microbiome (Fig. 2C).
For each layer, we map common feature types to the underlying data
modalities and representative computational tools used to generate
clinically relevant variables, as detailed in the figure legend. Their
accurate quantification relies on computational methods that trans-
form raw sequencing data into biologically meaningful variables
(Fig. 3) (Table 2), as explained further below.

Quantifying genomic features: from TMB to mutational
signatures

Tumor mutational burden (TMB), defined as the total number of
somatic nonsynonymous mutations per megabase of the genome?, is
one of the earliest and most widely adopted biomarkers for ICI
response®. The biological rationale is that more mutations increase
the likelihood of generating novel protein fragments as neoantigens
that can be recognized by the immune system as foreign®*, The
computational pipeline to estimate TMB (Table 2) from whole-exome
sequencing (WES) data involves read alignment, somatic variant call-
ing using tools like Mutect2”, Strelka2*’, or GATK™ to distinguish true
mutations from sequencing artifacts, filtering of known germline var-
iants present in population databases, and counting mutations nor-
malized by the coding region size. Recognizing the logistical and
financial barriers of WES in routine clinical practice (e.g., higher costs,
longer turnaround times, greater computational demands, and
increased complexity in data interpretation), targeted gene panel-
based approaches, such as FoundationOne and MSK-Impact* have
been adopted clinically. However, extrapolating panel-derived TMB to
an exome-wide estimate requires scaling and calibration and intro-
duces harmonization challenges across panels.

Despite its utility, TMB is a crude, single-dimensional metric®***
because it does not account for the quality, clonality, or HLA pre-
sentation potential of the resulting neoantigens®, leading to incon-
sistent performance across cancer types and limited value in some
prospective trials*. To add mechanistic resolution, mutational sig-
nature analysis deconvolves the mutation spectrum of the tumor into
underlying processes, such as exposure to ultraviolet light or tobacco
smoke, or defects in DNA repair pathways®. These signatures (Sup-
plementary Data 1) provide more informative predictors of immune
visibility than mutation counts alone®”,
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Fig. 1| Multimodal integration for immunotherapy response prediction via
pre-training and supervised fine-tuning. A Pre-training: Patient data from mul-
tiple modalities (genomics, transcriptomics, tumor microenvironment, host or
microbiome features and imaging) are encoded to produce modality-specific
representations that are aligned into a shared latent embedding. In parallel, the
same inputs are used to construct a patient knowledge graph, which is learned by a
graph neural network (GNN) encoder-decoder through graph reconstruction. Joint
training of the modality encoders-decoders and the graph module by methods

such as MLP, Transformer and VAE then yields an integrated representation that
captures both within-modality signals and cross-patient relationships. B Supervised
fine-tuning: The pre-trained representation model is combined with a classifier and
optimized on labeled cohorts to predict immunotherapy response classes (for
example, good, intermediate, and poor response) by minimizing a classification
loss. Abbreviations were summarized in Supplementary Data 5. Created in BioR-
ender. Liu, J. (2026) https://BioRender.com/xtyadck.

Identifying tumor-specific targets: neoantigen prediction and
immunogenicity scoring

Neoantigens are key targets of anti-tumor T cells, making neoantigen
identification central to computational immuno-oncology®. The
standard computational pipeline for neoantigen prediction begins
with somatic mutation and generates candidate mutant peptides,
typically 8-11 amino acids for MHC class I (Figs. 3 and 4A). In parallel,
the germline HLA genotype of the patient is determined from
sequencing data using tools like integer linear programming-based
OptiType*® or Bayesian-based HLA-VBSeq*(Fig. 3, Supplementary
Data 2). Then, candidate neoantigens are filtered by predicted antigen

processing, including proteasomal cleavage and TAP transport*’, and
prioritized by the binding affinity between peptide and HLA (Fig. 4A).
For HLA genotyping from whole-genome sequencing (WGS), WES, and
RNA-seq data, two main approaches are used: alignment-based and de
novo assembly (Supplementary Data 2). Benchmarking studies have
shown that alignment-based HLA typing methods like OptiType and
arcasHLA® perform comparably well, whereas HLA-VBseq shows
reduced accuracy, which may be attributable to the inherent advan-
tages of integer linear programming-based optimization (used in
OptiType) over Bayesian inference methods (used in HLA-VBSeq)
(Fig. 3). Despite its high accuracy for MHC class I genotyping, OptiType
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Fig. 2 | Biomarker feature extraction across tumor genomics, the tumor
microenvironment, and the microbiome for immunotherapy response mod-
eling. A Tumor-intrinsic and antigen presentation features. Common model inputs
are derived from whole-genome, whole-exome, targeted or single-cell DNA, bulk
RNA, and TCR/BCR sequencing. Representative analyses include somatic mutation
calling, intratumor heterogeneity and clonal reconstruction, neoantigen predic-
tion, HLA genotyping, and immune repertoire diversity. Example tools shown
include Mutect2, Strelka2, and GATK for variant calling; PyClone and MyClone for
clonal structure; NetMHCpan, MHCflurry, and NetMHCII for peptide-HLA predic-
tion; Polysolver, OptiType, and arcasHLA for HLA inference; and MiXCR, TRUST4,
and VDJtools for repertoire reconstruction and analysis. These features support
downstream applications including immunotherapy response prediction, targeted
therapy context, and neoantigen vaccine design. B Tumor microenvironment
profiling from transcriptomics and spatial data. Bulk transcriptomes enable

immune deconvolution to estimate cell-type fractions, for example, with CIBER-
SORTx, MusSiC, Scaden, BayesPrism, TIMER, scPER, and EPIC'*’, supporting retro-
spective analysis of large cohorts. Single-cell transcriptomes enable cell-state and
interaction analyses using workflows such as Seurat, Scanpy, and CellChat. Spatial
transcriptomics, particularly spot-based platforms, benefits from deconvolution
methods such as cell2location, SpatiaDWLS, and RCTD to infer cell-type compo-
sition per location and reveal spatial immune architecture relevant to ICI response.
C Microbiome-derived features and host-microbe associations. Microbiota can be
profiled using 16S rRNA sequencing, metagenomics, and metatranscriptomics, and
linked to tissue context using bulk, single-cell, or spatial transcriptomes. Repre-
sentative pipelines include microbial identification, composition and diversity
profiling, functional annotation, and microbe-host interaction or network analyses.
Tool lists shown are representative. Abbreviations are provided in Supplementary
Data 5. Created in BioRender. Li, B. (2026) https://BioRender.com/rzel3bo.

and similar tools underperform in MHC class Il genotyping compared
to traditional methods such as PCR-based sequence-specific oligonu-
cleotide (SSO), sequence-specific primer (SSP), and Sanger sequen-
cing. Assembly-based approaches, such as HLAMiner, can better
capture novel or rare alleles and structural variants but require higher
sequencing depth and are computationally intensive. Additionally, the
above-mentioned HLA genotyping tools exhibit higher accuracy in
European samples than African samples*, likely due to the bias of
existing testing/validation datasets, thereby underscoring the need for

further refinement to
populations®.

This neoantigen prediction task has been revolutionized by
deep learning, which enables the modeling of nonlinear rela-
tionships between peptide sequence, HLA binding groove struc-
ture, and antigen processing pathways. Tools such as
NetMHCpan-4.1*, MHCflurry 2.0", NetMHCIlIpan-4.0** and
MARIA*® employ modern machine-learning models, such as fully
connected neural networks, convolutional neural networks, and

improve performance across diverse
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Fig. 3 | Representative computational tools and algorithmic steps for proces-
sing multi-omics data to predict immunotherapy response. This figure sum-
marizes commonly used workflows across genomics, transcriptomics, and
microbiome modalities, organized from preprocessing to feature extraction and
finally response prediction using classical machine learning models. For (A)
genomics (WGS, WES, scDNA-seq), preprocessing includes quality control with
FastQC>*° and somatic variant calling using Bayesian or probabilistic frameworks
such as MuTect2, SomaticSniper’”, GATK, Strelka2, and heuristic filtering with
VarScan2’®2, Downstream genomic features include tumor heterogeneity and copy-
number inference using Battenberg, PyClone, Monovar, CaSpER, inferCNV,
HATCHet**, CaSpER, FastClone, and SciClone; HLA genotyping using HLA-VBSeq,
OptiType, Polysolver’™, and arcasHLA; and neoantigen-related prediction modules
including NetChop, NetCTL, NetMHCpan, NetMHClIpan, DeepHLApan,
TEPITOPEpan®”, ProPRED?*°, MHCflurry, MARIA, NeonMHC2%”, TIminer**,
pTuneos®”, and integrated pipelines such as NeoFuse, and nextNeoPi*". For (B)
transcriptomics, alignment-based processing uses STAR??, HISAT2%", Cell
Ranger?*, and TopHat?", with quantification by HTSeq”¢, featureCounts?”, and
RSEM*®, while alignment-free quantification uses Kallisto??, Salmon®*°, and
Sailfish*”., Feature extraction includes scRNA-seq analysis using Seurat** and
Scanpy??; spatial methods including SpatialDE***, SPARK**, BayesSpace®,
STAGATE?”, cell2location, RCTD, SpatialDWLS?**, and CytoSPACE*?’; immune cell

proportion deconvolution using CIBERSORTx, MuSiC, EPIC, TIMER!?”’, Scaden®*,
BayesPrism*", and scPER; and immune repertoire analysis including statistical
modeling with VDJtools and Igor, network-based analysis with ImmunoMap*?, and
sequence assembly and annotation with MiXCR and TRUST4. For (C) microbiome
data, representative tools include taxonomic identification and profiling using
mothur®, QIIME?**, DADA2%, Kraken2**°, MetaPhlAn2**, MetaVelvet>*,
decontam*’, and SAHMI**°; microbiome signature modeling using Coxnet**,
DeepMicrobes?*, and interaction or source tracking using CCLasso,
SourceTracker**, and MDINE; cross-modal and network learning using MiMeNet
and GACNNMDA; and structure prediction using G25***. Across modalities,
response prediction is typically performed with linear regression, random forests,
support vector regression, and LASSO regression. PairHMM Pair hidden Markov
model, ANN artificial neural network, RNN recurrent neural network, ML machine
learning, GPR Gaussian process regression, GLMs generalized linear models, MCMC
Markov chain Monte Carlo, GAAE graph attention autoencoder, DWLS dampened
weighted least squares, NMF non-negative matrix factorization, SVR support vector
regression, LSR least squares regression, DNN deep neural network, LSTM long
short-term memory, AE autoencoder. Abbreviations were summarized in Supple-
mentary Data 5. Detailed explanations of the algorithms were summarized in
Supplementary Data 6.

transformer-based encoders (see Fig. 1), to learn complex
sequence-binding relationships between peptides and HLA
molecules (Supplementary Data 3). These prediction tools incor-
porate complementary modeling strategies to improve peptide-
HLA binding and presentation prediction; they also help yield
superior accuracy on benchmark datasets such as Immune Epi-
tope Database*’, PRIDE®, and SysteMHC®, particularly for

underrepresented HLA alleles. Despite substantial progress, per-
formance across neoantigen prediction models remains context-
dependent. Differences in training data curation, peptide length
handling, and allele imbalance complicate direct comparison
between models and often limit their generalizability across
cohorts. Importantly, many benchmarking studies evaluate
models using datasets that partially overlap with their original
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repertoire.

High intratumoral TCR diversity is a strong positive prognostic

marker for ICI response across multiple cancers.

MiXCR®, TRUST4%, VDJtools'*

Bulk RNA-seq,

Measures the breadth and focus of the adaptive immune
response; high diversity reflects a robust response.

TCR/BCR repertoire

diversity

scTCR/BCR-seq

training data, a practice that can inflate reported performance
and obscure true out-of-sample accuracy”’. Moreover, despite
some existing efforts have begun to incorporate TCR recognition
using clustering and machine-learning approaches (e.g., GLIPH*?,
pMTnet*) and other deep learning frameworks(e.g., NetTCR** and
DeepTCR*), most models focus on binding affinity rather than
true immunogenicity, neglecting TCR recognition and peptide
competition within the antigen-processing pathway. Together,
these limitations highlight two key drawbacks: context-
dependent performance and the predominant focus on peptide-
MHC binding rather than true immunogenicity.

In parallel, recent methods are expanding the neoantigen search
space to include peptides derived from alternative splicing
(NeoSplice®®, SNAF”), transposable elements (TEProf2*), and struc-
tural variants (NeoSV*), though these specialized pipelines face addi-
tional challenges in data scarcity and model interpretability. LENS is
also used for the identification of non-synonymous mutations, inser-
tions, deletions, and gene fusions®®. Overall, while deep learning has
substantially improved peptide-MHC binding prediction, systematic
and transparent validation across biological contexts remains a critical
next step for clinical translation.

Characterizing tumor evolution: intratumor heterogeneity and
clonal reconstruction

Intratumor heterogeneity is a major driver of therapeutic resistance
and immune evasion, as genetically distinct subclones allow the tumor
to adapt under selective pressure®. Computational methods infer
subclonal architecture from bulk sequencing data. While Bayesian
clustering tools like Battenberg® SciClone®’, PyClone®, and
FastClone® offer deep probabilistic inference of clonal structure, their
requirement for substantial computing time and high-performance
hardware has led to the development of faster alternatives like
MyClone®, which uses a variational expectation-maximization algo-
rithm, trading some model complexity for significant gains in speed
suitable for large-scale clinical cohorts. These tools analyze the variant
allele frequencies (VAF) of somatic mutations in conjunction with local
copy number information to group mutations into clusters that likely
co-occur in the same cancer cell populations. Each cluster is assigned a
cellular prevalence, representing the fraction of cancer cells harboring
that set of mutations. Benchmark studies®”*® suggest that clonality
reconstructing pipelines combining Mutect2, FACETS, and PyClone
achieve optimal accuracy, though scalability issues persist for larger
datasets®’ 7’

Tumor clonal reconstruction analysis allows for distinction
between clonal and subclonal neoantigens”, with T cell responses
targeting clonal neoantigens often associated with durable benefit
from ICBs’>7*. However, bulk sequencing struggles to detect rare
tumor subclones, which may harbor resistance mutations. Single-cell
DNA and RNA sequencing (scDNA-seq, scRNA-seq) improves resolu-
tion, with tools like Monovar” and LiRA’® (for somatic SNV detection)
and InferCNV”” (for CNV estimation) helping bypass sequencing errors
and amplification biases. Meanwhile, SCcaller”® employs a likelihood
ratio test to differentiate true nsSNVs from artifacts, aiding dis-
crimination based on aging and smoking status. Strategies for identi-
fying CNV in single cells include Alleloscope’ for allele-specific CNVs
in scDNA-seq, while InferCNV’” and CONICS®® use scRNA-seq data to
estimate copy number states, offering insights into ITH across cancer
types. These technologies allow for the direct measurement of genetic
variation at the cellular level, enabling high-resolution reconstruction
of clonal phylogenies. However, specialized computational tools are
required to handle the technical noise inherent in single-cell data. For
instance, methods like InferCNV and Numbat® infer copy number
variation from scRNA-seq and spatial transcriptomics data, respec-
tively. Additionally, integrative methods like B-SCITE®*> and SCARLET®*
integrate bulk and single-cell data to reconstruct clonal lineages and
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A. Neoantigen prediction pipeline
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Fig. 4 | The computational workflow for neoantigen prediction and immu-
notherapy response evaluation. A Neoantigen prediction pipeline. Tumor sam-
ples obtained via fine-needle aspiration or core-needle biopsy are subjected to NGS,
including WES and RNA-seq. Somatic mutations are identified and integrated with
HLA typing to predict candidate neoantigens. B Prediction of ICIs treatment
response using mathematical models. Additional genomic features, such as CIN
and MSI, are computed to characterize tumor genomic context. Parallel immune

Time

profiling, including TCR repertoire analysis, provides information on clonal
expansion and immune dynamics. These multi-dimensional features are then
incorporated into predictive mathematical models to estimate ICI response prob-
ability. Ultimately, this integrated framework supports individualized immu-
notherapy stratification and longitudinal treatment monitoring. Created in
BioRender. Li, B. (2026) https://BioRender.com/qx6ihx2.
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tumor evolution. Together, these methods advance our understanding
of ITH, offering opportunities to improve cancer diagnostics and
treatment strategies.

Modeling the immune repertoire: TCR and BCR diversity and
clonality

The diversity and composition of the T cell receptor (TCR) and B cell
receptor (BCR) repertoires provide a direct readout of the adaptive
anti-tumor immunity®**®. Broad diversity reflects the capacity to
recognize many different antigens, while clonal expansion indicates
antigen-driven responses. High-throughput sequencing of the hyper-
variable CDR3 regions of TCR and BCR genes enables quantitative
profiling, and computational tools support TCR/BCR sequence
recovery, clustering and annotation from bulk RNA-seq, scTCR-seq,
and scBCR-seq data®®*%,

Computational tools such as MiXCR and TRUST4 can reconstruct
TCR and BCR sequences from bulk RNA-seq data, enabling retrospective
analysis of large clinical cohorts’. Single-cell TCR and BCR sequencing
links each T or B cell receptor to cell state and supports metrics such as
diversity, clonality and V(D)) gene usage. Additionally, methods such as
Elastic net models with Monte Carlo cross-validation have been devel-
oped to integrate TCR-modeled entropy into biomarker development,
improving the discrimination of responders in cancer immunotherapy
datasets®. More recently, predicTCR™ introduced the first machine
learning classifier for tumor-reactive TCRs, enabling the identification of
reactive TCR clonotypes in TILs across cancer types. As single-cell
technologies continue to advance, the methods and tools discussed are
expected to evolve for deeper analyses.

These biomarkers define the input feature space for immu-
notherapy response modeling. We next organize computational
approaches into four paradigms with distinct workflows and strengths
(Fig. 5), beginning with classical machine learning.

Paradigm I: classical machine learning for pattern
discovery

Classical machine learning (ML) was among the first widely used
computational approaches in immuno-oncology. Models such as
logistic regression, support vector machines, and tree-based ensem-
bles identify statistical patterns in structured, feature-engineered
data’®. They are commonly used for biomarker discovery, patient
stratification, and interpretable clinical scores, though their perfor-
mance is often constrained by the feature quality and cohort-specific
biases (Table 3).

Supervised learning for response classification and survival
prediction

Supervised ML is most often used to classify responders versus non-
responders and to model endpoints such as overall survival (OS) or
progression-free survival (PFS)*. These models are trained on labeled
datasets where patient outcomes are known, using a matrix of input
features derived from genomic, transcriptomic, or clinical data.
Logistic regression and Cox models remain popular for their simplicity
and interpretability’*. The coefficients assigned to each feature pro-
vide a clear indication of its contribution to the prediction, making
these models ideal for developing transparent clinical scores.

For high-dimensional data such as transcriptomes or micro-
biome profiles, ensemble methods including random forests (RF)
and gradient boosting methods like XGBoost and LightGBM can
capture non-linear interactions and handle many features’. These
methods operate by constructing a multitude of decision trees
during training and combining their outputs, which makes them
more robust for noisy or missing data and often leads to superior
predictive performance. Reported applications include OS pre-
diction in metastatic renal cell carcinoma patients using an

ensemble machine-learning model, achieving an AUC around
0.78-0.80%¢, and XGBoost-based prediction with 97% accuracy®.
Feature selection using univariate filters, or embedded methods
such as LASSO%®° and Elastic Net regression, is critical to limit
overfitting. Numerous predictive gene signatures, such as
macrophage-related or IncRNA-based panels, have been devel-
oped using LASSO models, often reporting high AUCs in their
discovery cohorts'*°1°%,

Unsupervised ML for identifying latent immunophenotypes

In contrast to supervised ML, unsupervised methods are used for
exploratory analysis when outcome labels are unavailable or when the
goal is to discover novel, underlying structures in the data. Inimmuno-
oncology, the primary application of unsupervised ML is for patient
stratification by identifying latent immunophenotypes®. Clustering
approaches, such as k-means, hierarchical clustering, and non-
negative matrix factorization (NMF), are applied to high-dimensional
omics data to group patients or samples with similar molecular pro-
files. One example is consensus clustering of bulk RNA-seq data to
identify pan-cancer immune subtypes'®*'**, which has consistently
revealed the existence of ‘hot’ (immune-inflamed) tumors as char-
acterized by high T-cell infiltration and interferon signaling and typi-
cally responsive to ICIs. By contrast, ‘cold’ (immune-excluded) tumors
lack immune infiltration and are generally resistant. These unsu-
pervised classifications provide a fundamental framework for under-
standing the immune context of a tumor and also strong
predictive value.

Deconvolution of bulk and spatial omics data

Deconvolution estimates cell-type proportions from bulk omics data,
enabling inference of the immune context from widely available bulk
RNA-seq data (Table 4). Reference-based deconvolution methods
leverage a signature matrix, typically derived from a curated scRNA-
seq dataset, which defines the characteristic gene expression profiles
of each cell type. Approach like CIBERSORTX'® applies v-support
vector regression (v-SVR) to estimate the cell fractions in bulk samples,
while MuSiC' uses weighted non-negative least squares to improve
robustness when using references from multiple subjects. Recently,
scPER further improved the robustness to batch effects in reference
panels by employing adversarial autoencoders'”’. These tools have
been instrumental in retrospectively analyzing large cohorts like The
Cancer Genome Atlas (TCGA), linking the inferred abundance of
cytotoxic T cells or immunosuppressive myeloid cells to clinical
outcomes'1%,

This reference-based deconvolution strategy extends to the
deconvolution of spots in spatial transcriptomics, particularly for spot-
based platforms where each capture location aggregates multiple
cells. While newer spatial technologies can approach single-cell reso-
lution, deconvolution remains valuable when measurements are mixed
or sparsely sampled. Approaches like RCTD" and SPOTIlight™ use
regression and NMF-based approaches, respectively, to estimate the
cell-type composition within each spatial spot using a single-cell
reference, producing high-resolution maps that can reveal spatial
patterns such as immune exclusion at the tumor boundary for pre-
dicting ICI response™*™,

Classical ML performance is often unstable when features are
sensitive to technical variations, making models vulnerable to the
domain shift described above. A model trained on data from one
clinical center or sequencing platform may perform poorly on data
from another, not because the underlying biology is different, but
because the input features themselves have shifted. Accordingly,
classical ML models require careful preprocessing and harmonization,
and should be evaluated with rigorous external validation to assess
real-world robustness.
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Paradigm I: Classical ML on
engineered features

Inputs

Multi-omics + clinical data
after preprocessing

Key representation

Feature matrix of engineered
biomarkers

Model/inference

» Supervised classification/survival
models

* Unsupervised clustering for
immunophenotypes

* Regression-based deconvolution
for bulk and spatial data

Needs harmonization and external validation
due to cohort and platform sensitivity

Paradigm lll: Graph and network
models for relational structure

Inputs

Molecular interaction networks, spatial
cell graphs, host-microbe networks

Nodes as entities and edges as
interactions
h 4

Model/inference

* Network propagation to find
perturbed subnetworks

* Graph neural networks to learn
neighborhood-aware features

* Graph link prediction to infer
associations or interactions

Strength: captures context and interactions
missing from independent-feature models

ML-based prediction models of microbiome data

Microbiome features can also be critical biomarkers for ICI efficacy or
toxicity. Increasing reports support within-cohort discrimination, but
variable cross-cohort generalization remains. Multi-study and leave-
one-study-out (LOSO) validations consistently show that the micro-
biome features are robust yet cohort-dependent: a large meta-analysis
integrating 147 metagenomes confirmed microbiome-ICB links but

Paradigm IlI: Deep learning on high-
dimensional raw inputs

Inputs

Images, sequences, single-cell
and spatial omics, multimodal data

Key representation

Learned embeddings from raw data

Model/inference

* CNNs for pathology and radiology.

» Sequence models for receptor
and epitope prediction

» Generative models for denoising
and augmentation

Key challenges: data scale, interpretability,
reproducibility across cohorts

Paradigm IV: Mechanistic and systems
models for causal simulation

Inputs

Biological priors plus patient- or
cohort-derived parameters

A\ ,
Key representation

Explicit process model of tumor-
immune dynamics
h 4

* Antigen presentation cascades

+ Clonal evolution under immune
selection

* TME dynamics via ABM or PDE
frameworks

Strength: captures context and interactions
missing from independent-feature models

found limited reproducibility of signatures across cohorts when
models were transferred, reiterating domain shift as the principal
failure mode rather than pure overfitting within a study'. For adverse
events, ML pipelines pairing microbiome features with clinical data
have identified microbial and metabolite markers for irAE risk strati-
fication, again with study- and cancer-type dependence that necessi-
tate external validation as a reporting prerequisite™.
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Fig. 5 | High-level workflows of four computational paradigms for predicting
immunotherapy response. (Paradigm I) Classical machine learning operates on
engineered biomarker features derived from multi-omics and clinical data to per-
form supervised response or survival prediction, unsupervised discovery of latent
immunophenotypes, and regression-based deconvolution of bulk and spatial
measurements. Its utility depends on preprocessing, harmonization, and rigorous
external validation to mitigate cohort and platform sensitivity. (Paradigm II) Deep
learning learns representations directly from high-dimensional or unstructured
inputs, including pathology and radiology images, biological sequences, and single-
cell or spatial omics, enabling multimodal integration. Typical applications include
image-based prediction, receptor-epitope modeling, and generative modeling for
denoising or data augmentation, with key challenges in interpretability and cross-

cohort reproducibility. (Paradigm IlI) Graph and network modeling represents
biological systems as nodes and edges to capture interactions across genes, cells,
and microbes. Network propagation and graph neural networks support pathway-
level inference, spatial neighborhood analysis, and relational biomarker discovery
by leveraging molecular interaction networks, spatial graphs, and host-microbe
networks. (Paradigm IV) Mechanistic and systems biology models use knowledge-
driven simulations to model tumor-immune dynamics, including antigen proces-
sing and presentation, clonal evolution under immune pressure, and tumor
microenvironment dynamics using agent-based or equation-based frameworks.
These models provide causal insight and enable counterfactual testing of inter-
ventions to inform therapy design.

Table 3 | Comparison of machine learning and deep learning paradigms

Attribute

Classical machine learning (e.g., XGBoost, RF)

Deep learning (e.g., CNN, Transformer)

Feature engineering
feature tables.

Manual; requires domain expertise to create structured

Automatic; learns hierarchical features directly from raw data.

Data requirement
thousands of samples).

Effective on small to medium-sized datasets (hundreds to

Requires large, labeled datasets (thousands to millions of samples)
to perform well.

Performance on unstruc-
tured data

Poor; not designed for raw images, sequences, or text.

State-of-the-art performance on unstructured data like images
(CNNs) and sequences (Transformers).

Interpretability
cients in logistic regression).

Generally high (e.g., feature importance in RF, coeffi-

Generally low (“black box”); requires specialized methods (e.g.,
SHAP, saliency maps) for explanation.

Computational cost

Low to moderate; can often be trained on a standard CPU.

High; typically requires specialized hardware like GPUs or TPUs for
training.

Key application in IO
tures; cell type deconvolution.

Building predictive scores from clinical/genomic fea-

Pathology/radiology image analysis; neoantigen prediction; TCR-
epitope binding modeling.

Table 4 | Leading computational tools for spatial and single-cell analysis

Tool name Primary task Computational approach

Key feature/advantage

Cell2location  Spatial deconvolution Bayesian regression (variational

Probabilistic framework that models cell-type proportions and states, improving

inference) accuracy for heterogeneous cell states'.
RCTD Spatial deconvolution Robust regression Assigns cell type proportions to spatial spots while down-weighting outliers,
making it robust to noisy data"™.

SpaGCN Spatial domain Graph convolutional net- Integrates gene expression and spatial location to identify spatially coherent tis-
identification work (GCN) sue domains without requiring single-cell reference data'®.

CellChat Cell-cell interaction Mass action-based modeling Infers and visualizes intercellular communication networks from scRNA-seq data
mapping by considering ligand-receptor interactions and signaling pathways'®.

NicheNet Cell-cell interaction Network propagation & ML Predicts ligand-receptor pairs driving gene expression changes in receiver cells
mapping by integrating expression data with prior knowledge networks'®’.

Tangram Spatial mapping/ Optimization-based alignment Aligns scRNA-seq data onto spatial transcriptomics data by optimizing the map-
integration ping of cells to spatial locations to match gene expression profiles'®®.

CellLENS Integrated subtype Hybrid CNN and GNN Fuses microscopy images, spatial location, and molecular data to identify func-

discovery

tionally distinct cell subtypes based on their neighborhood context'®.

At the systems level, microbial co-occurrence networks reveal
ecological relationships within microbial communities. Tools such as
SparCC"* and CCLasso'™ infer microbial correlations while correcting
for compositional bias, thereby identifying taxa that co-vary across
environmental or disease conditions (Supplementary Data 4). SparCC
approximates correlations among latent absolute abundances via log-
ratios to recover sparse co-occurrence graphs with typical edge-
recovery AUROC ~ 0.70-0.85 in simulations; meanwhile CCLasso0 esti-
mates a sparse precision matrix on CLR-transformed data to target
conditional dependencies with higher precision, which often has
AUROC -~ 0.75-0.90"°. Dynamic extensions such as MDINE" incorpo-
rate temporal information from longitudinal datasets, capturing how
microbial associations evolve with tumor progression or treatment
exposure. Complementing these correlation networks, genome-scale
metabolic reconstructions, exemplified by AGORA™ and AGORA2",
enable mechanistic modeling of host-microbiome metabolic flux.
These frameworks simulate the exchange of metabolites and energy
between human and microbial pathways, revealing how microbial

metabolites modulate host immunity, inflammation and tumor
metabolism.

Paradigm II: deep learning for representation
learning from high-dimensional data

Deep learning (DL) shifts prediction from hand-crafted features to
learned representations. Unlike classical ML, deep neural networks
learn directly from high-dimensional or unstructured input such as
pathology images, DNA or protein sequences, and spatial omics'?°'?
(Table 3), enabling improved performance and multimodal integration
in immune-oncology.

Convolutional neural networks (CNN) in pathological and radi-
ological imaging

CNNs are widely used for image analysis because they learn relevant
visual patterns directly from pixels'. In digital pathology, CNNs
applied to gigapixel whole-slide images (WSI) of H&E-stained tumor
sections can predict molecular and immune features from tissue
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Fig. 6 | Workflow for microbiome identification from NGS data and repre-
sentative computational methods. Microbiome samples are profiled by NGS and
may generate multiple data modalities, including 16S rRNA gene (or 16S RNA/DNA)
sequencing, shotgun metagenome sequencing, bulk RNA-seq, and single-cell RNA-
seq (left). The core identification and downstream analysis can be summarized into
four steps (center): (Step 1) read-level QC to remove duplicated reads, ambiguous
base calls, and low-quality reads, yielding high-confidence reads; (Step 2) alignment
and host filtering performed according to data type, typically including host gen-
ome removal followed by alignment to microbiome reference genomes, and
clustering reads into operational taxonomic units (OTUs) or equivalent operational
units; (Step 3) taxonomic/functional annotation by mapping OTUs to known

microbiota, followed by quantification of microbial abundance and diversity; and
(Step 4) downstream analyses such as differential analysis, survival/prognostic
modeling, drug-response association, and interaction/network inference (bottom).
Representative statistical and machine-learning models frequently used across
these steps are summarized on the right panel, including zero-inflated and prob-
abilistic dimension-reduction models such as probabilistic PCA, manifold learning
such as UMAP, unsupervised clustering, phylogeny- and abundance-aware
machine-learning modeling, multi-label classification, deep-learning approaches, as
well as classical regression and classification and correlation-based analyses.
Abbreviations are listed in Supplementary Data 5. Created in BioRender. Li, B.
(2026) https://BioRender.com/rzel3bo.

morphology, including driver mutations, microsatellite instability, PD-
L1 expression, and TMB with remarkable accuracy, using only the
standard H&E slide as input'>?, For example, TiDo'” predicted TP53
mutation-linked phenotypes in prostate cancer by learning subtle
histological patterns in the tumor and surrounding stroma, supporting
low-cost molecular inference from routine slides.

In radiology, CNNs can learn quantitative imaging signatures from
CT, MRI, and PET scans that reflect tumor shape, texture, and intensity,
and have been used to predict immune infiltration, TME phenotypes
and ICl response, particularly when combined with clinical or genomic
data®"°, A key challenge with image-based DL is interpretability:
accurate predictions may not be easily explained or may rely on
spurious cues. Saliency maps such as Grad-CAM highlight image
regions most influential for a prediction, supporting clinical
review%2,

Sequence-based models for TCR and BCR binding specificity

Deep learning is increasingly used to predict which T cell or B cell
receptors recognize specific epitopes by learning patterns directly
from amino acid sequences™"*, Early frameworks such as pMTnet®,

combining Long Short-Term Memory (LSTM) for pMHC sequence
encoding, autoencoders for TCR features, and a deep neural network
(DNN) fusion layer, enables integrated binding prediction across
antigen and receptor modalities. Similarly, ImRex'* used attention, a
neural network mechanism, to model TCR-peptide binding, capturing
sequence complementarity.

More recent models focus on generalization to unseen epitopes
and limited-data settings. DeepTCR*> adopts a CNN backbone with
optional supervised or VAE layers, capturing motifs across CDR3a/[3
and V(D)) gene usage while supporting repertoire-level classification
tasks. PanPep™® applies meta-learning coupled with a neural Turing
machine (NTM), allowing rapid adaptation to novel peptide-TCR pairs
with limited data. TEIM-Res" introduces a CNN-based interaction
extractor that outputs both binding probabilities and residue-level
affinity maps, improving interpretability by identifying contact resi-
dues contributing to epitope recognition. Pep2TCR™® integrates
transfer learning and ensemble modeling, fine-tuned for CD4" T cell
contexts, thereby addressing MHC-II-restricted epitopes that are often
underrepresented in training data. EpicPred™ extends this paradigm
through a bidirectional encoder representation from transformers
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(BERT)-based encoder integrated with an open-set recognition and
attention-driven multiple-instance learning (MIL) module, enabling
joint modeling of binding specificity and T cell phenotype and brid-
ging sequence-level and functional prediction. By contrast, TCR-
VALID" utilizes a VAE to embed TCRs into a latent feature space that
preserves biophysical constraints, facilitating unsupervised repre-
sentation learning and clustering of receptor repertoires. Finally,
TPepRet**" employs a hybrid BiGRU-RetNet framework, combining
bidirectional recurrence with self-attention variants to learn con-
textual representations from amino acid composition, outputting
continuous binding probabilities.

Despite accuracy gains, challenges remain: limited paired TCR-
epitope data, incomplete structural context, and variable reproduci-
bility across cohorts. Integrating structural priors, larger-scale pre-
training, and uncertainty estimates may improve robustness and
interpretability.

Generative models for modeling heterogeneity and

denoising data

Generative models are a class of unsupervised DL models that learn the
data distribution, enabling low-dimensional latent representations,
denoising and synthetic data generation.

VAEs are widely used for this purpose’. In immuno-oncology,
VAEs capture structure in high-dimensional omics data, such as gene
expression or mutation frequencies, supporting trajectory analysis in
scRNA-seq data (e.g., scVI'*?) or tumor subclones. VAEs also denoise
scRNA-seq data to improve the downstream accuracy, and can embed
multi-modal patient data like genomics, transcriptomics, and clinical
ones into a shared latent space for patient stratification or outcome
prediction.

Another generative methods, generative adversarial networks
(GAN), consist of two competing neural networks, a generator and a
discriminator, which are trained together. GANs have been used to
augment small cohorts and improve response prediction'**,

Deep learning approaches for microbiome-based prediction

Microbiome modeling is shifting from single-taxon associations to
higher-order community structure and host-microbe relationships'*
(Fig. 6), including host or pathogen metabolites as soluble mediators.

For the microbiome-metabolites interaction network, cross-
modal mappers like MiMeNet use multi-task neural regression to
learn nonlinear mappings from microbial compositions to metabolite
levels, yielding microbe-metabolite embeddings and cohort-level
predictions'*®. By providing surrogate biochemical readouts when
metabolomics is missing and attributing metabolite variance to spe-
cific features, MiMeNet supplies mechanism-linked representations
that can be integrated into downstream clinical predictors (e.g., ICB
response or irAE risk) and be subjected to standard validation
workflows'*°, As a representative example, MiMeNet moves beyond
lists of taxonomic groups (taxa) toward ‘quantified networks” and ‘flux-
level hypotheses’, enabling interpretable modules that can be plugged
into downstream predictors of ICB response or irAE risk and calibrated
for clinical decision support'’.

In the context of cancer immunology, deep neural networks,
convolutional architectures, and autoencoders can automatically learn
latent microbial features that encapsulate higher-order co-occurrence
structures and complex host-microbe relationships. Frameworks such
as DeepGeni'*®, an interpretable autoencoder trained on multi-cohort
datasets, have demonstrated improved ICI response prediction with
approximately 10-15% higher AUROC relative to regularized logistic
regression, while maintaining biological interpretability of latent
nodes"®. Similar results have been observed with DeepMicro™’, which
compresses sparse, compositional abundance matrices into low-
dimensional embeddings that generalize better across studies.
These model architectures (including feed-forward DNNs, cross-

attention-based models, and autoencoders) are most effective when
combined with stringent overfitting control, dropout, early stopping,
and leave-one-cohort-out validation, ensuring that latent features
represent genuine biological signals rather than dataset-specific noise.
A natural next step is to encode these microbiome-metabolite-host
systems as heterogeneous graphs (e.g., microbes-metabolites-host
features as nodes, with edges derived from co-occurrence, biochem-
ical associations, or learned cross-modal links) and learn representa-
tions using graph neural networks or graph autoencoders. Such graph-
structured learning can unify network topology with predictive
embeddings, enabling more transferable predictors and more loca-
lized, subnetwork-level mechanistic hypotheses for ICB response.

Paradigm III: graph and network models for rela-
tional insights

Graph and network models represent biological systems as interacting
networks rather than independent features. By modeling entities such
as genes, cells, or microbes as nodes and their relationships as edges,
these methods capture context and influence in complex biological
ecosystems'™, supporting a more systems-level understanding of
immunotherapy response.

Leveraging molecular interaction networks for pathway-level
inference

A common application uses curated molecular interaction networks,
such as protein-protein interaction (PPI) and gene regulatory networks
to interpret genomic signals at the pathway level.

Methods based on ‘network propagation’ or ‘heat diffusion’, such
as HotNet2"' and NetBio™ overlay gene-level data, such as mutations
or differential expression, onto a network and apply propagation or
diffusion to identify perturbed subnetworks. This approach can
uncover pathway modules and functionally important hub genes even
when individual genes are not strongly altered by standard per-
gene tests.

Graph neural networks for spatial and single-cell ecosystems
Graph Neural Networks (GNN) extend deep learning to graph-
structured data by iteratively aggregating feature information from
neighboring nodes, enabling context-aware features.

In spatial transcriptomics data, the tumor microenvironment can
be modeled as a spatial graph, with cells or spots as nodes and edges
connecting neighbors. GNNs can then detect cellular neighborhoods
and spatial patterns linked to immunotherapy response. For example,
SpaGCN™ uses graph convolution to identify spatially coherent tissue
domains, while DSTG"* incorporates a GNN to model cell-cell inter-
actions and resolve the spatial organization of immune cell subtypes
with high resolution. CellLENS™ uses a hybrid CNN-GNN architecture
to integrate microscopy images, spatial coordinates, and molecular
data to identify functionally distinct cell subtypes based on local
environment and neighborhood composition; CellLENS also differ-
entiates T cells actively engaged at the tumor boundary versus those
that are not, representing a crucial shift in analysis from cellular
composition to cellular architecture.

Modeling the host-microbiome interaction network

Moving beyond correlation and constraint-based reconstructions,
recent graph-based deep learning models learn microbiome
structure directly from graphs and multi-modal relations. At the
genome-reconstruction level, GraphMB"”° uses graph neural net-
works on contig assembly graphs to improve long-read metage-
nomic binning, increasing the number of high-quality
metagenome-assembled genomes versus non-graph baselines by
leveraging connectivity and coverage as inductive bias, thereby
delivering cleaner nodes for downstream ecological networks
(Fig. 6, Step 4). This assembly-graph binning setting is distinct
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from association-based graph learning models (i.e., models that
construct heterogeneous knowledge graphs or multi-view rela-
tion graphs over microbes, diseases, drugs, metabolites, and
hosts) to support phenotype discovery and intervention design.
For phenotype discovery across entities, heterogeneous GNNs
(i.e., graphs with multiple node and edge types) such as
GCATCMDA and related variants encode microbe-disease knowl-
edge graphs and perform link prediction with GCN and GAT lay-
ers, typically reporting AUC gains over matrix-factorization and
heuristic baselines, often >0.85 when rich priors are available'.
Extending to therapy design, GCNATMDA and GPUDMDA/
GACNNMDA integrate microbe-drug-disease tripartite informa-
tion and ‘positive-unlabeled learning’ or attention mechanisms to
prioritize novel microbe-drug interactions, improving early
retrieval (top-k) and overall discrimination in cross-validation on
public datasets"*'*°, Generative models like MADGAN'®° impose
adversarial constraints on multi-view similarity graphs to enhance
the separability of candidate microbe-disease edges, further
boosting link prediction when labeled associations are sparse.
Bridging composition to mechanism, MMvec'® learns a neural
log-bilinear mapping from microbes to metabolites, producing
low-rank microbe-metabolite embeddings that transfer across
studies better than raw co-occurrence and should be treated as
mechanism-bridging priors rather than stand-alone predictors.
Finally, emerging multi-modal GNN frameworks fuse composi-
tion, function, metabolites and host-immune features into a sin-
gle heterogeneous graph with pathway and interaction priors,
yielding more stable and transportable patient-level representa-
tions than single-view models and enabling clearer mechanistic
read-outs via attention, particularly when evaluated with carefully
designed negative sampling (i.e., constructing putative negatives
in a way that avoids treating all unlabeled edges as true negatives
and reduces closed-world evaluation artifacts), external valida-
tion, and leave-site-out testing to mitigate closed-world effects
and domain shift'*>'%,

Paradigm IV: mechanistic and systems biology
models for causal simulation

Mechanistic and systems biology models complement data-driven ML
by simulating tumor-immune processes using established biological
principles, enabling in silico hypothesis testing and counterfactual
perturbations, and linking predictions to explicit processes. Although
purely data-driven predictive models, particularly high-capacity
approaches with limited interpretability, may achieve higher pre-
dictive accuracy on some datasets, mechanistic frameworks provide
causal insight and can delineate mechanistic drivers of response or
resistance to inform rational design of novel therapies.

Simulating the antigen processing and presentation pathway
Mechanistic models of antigen presentation simulate steps from
mutated protein to peptide-MHC complex, providing a more biologi-
cally faithful estimate of immunogenicity than binding affinity alone.
Early integrated tools like NetCTL'** combined predictions for three
key steps: proteasomal cleavage of the source protein using models
like NetChop*’, transport of the resulting peptides into the endo-
plasmic reticulum by the TAP transporter, and subsequent binding to
MHC class I molecules. Each step was modeled independently, and the
scores were combined to produce a final prediction of antigen pre-
sentation. More recent systems-level predictors include LENS®°, which
computes a clonal fitness score integrating peptide-MHC binding with
sequence similarity to known pathogenic epitopes, based on bias of T
cell repertoire toward pathogen-derived recognition. By incorporating
this prior biological knowledge, LENS®® was able to distinguish
responders from non-responders in melanoma and NSCLC more
effectively than TMB or simple neoantigen counts alone.

Modeling tumor-immune co-evolution and immunoediting
pressure

Immune escape is a major cause of immunotherapy failure, driven by
the selection and expansion of tumor subclones that evade immune
control. Mechanistic models simulate these evolutionary dynamics by
treating tumors as evolving clonal populations under immune pres-
sure. For example, the population bottleneck model of fitness simu-
lates the population dynamics of tumor clones, allowing the
estimation of the likelihood that a resistant clone will emerge and
escape immune control. Network-based models like the Network-
based Immune Escape Index (NETIE)' quantify the potential for
immune escape by analyzing the structure of the neoantigen-HLA-TCR
interaction network. NEO2IS/NEO2ITHS™* applies deep attention-
based networks (deepHLApan'®) to jointly model peptide features
and tumor clonality, boosting ICB response prediction.

These simulation-based approaches move beyond static, corre-
lational biomarkers to provide a dynamic and causal framework for
understanding how immune pressure sculpts the tumor’s genomic
landscape, leading to acquired resistance. For example, NEOPS inte-
grates HLA loss of heterozygosity (LOH) via DASH with peptide pre-
sentation predictions from XGBoost'”. In addition, NEOPS is not
merely an explanatory exercise by identifying the likely mechanisms of
escape, such as loss of HLA expression and downregulation of a spe-
cific neoantigen. The above models can generate actionable hypoth-
eses for combination therapies designed to counteract or preempt
resistance.

Agent-based and equation-based models of the tumor
microenvironment

Mechanistic models also capture spatial and temporal TME dynamics
as in silico laboratories. Agent-Based Models (ABMs) are a bottom-up
approach where individual cells, such as cancer cells, T cells, and
macrophages, are simulated as autonomous agents. Each agent is
endowed with a set of rules governing its behavior, such as prolifera-
tion, migration, cytokine secretion, and cell-cell killing'*®, When thou-
sands of these agents interact within a simulated 2D or 3D space,
complex, emergent phenomena can be observed, such as the forma-
tion of immunosuppressive niches or the failure of T cells to penetrate
a dense stromal barrier.

In contrast, partial differential equation (PDE) models are a top-
down approach that uses systems of equations to describe how the
densities of different cell populations and the concentrations of
molecules, such as chemokines and cytokines, change over space and
time'®. While they do not track individual cells, PDEs are computa-
tionally efficient and can effectively capture macro-level dynamics,
such as the wave of T cell infiltration into a tumor following ICI
administration or the spatial gradients of oxygen and nutrients that
influence tumor growth. By varying the parameters in these ABM or
PDE models, researchers can simulate different therapeutic interven-
tions, such as increasing T cell killing efficacy and blocking an immu-
nosuppressive cytokine, and predict their impact on tumor control,
guiding the rational design of combination therapies.

Toward digital twins for immunotherapy

Digital twins are patient-specific virtual models that integrate long-
itudinal, multi-scale data and are updated as new measurements
become available”°. An immunotherapy digital twin would integrate
the genomics, proteomics, imaging, spatial omics, microbiome data,
and clinical history of the patient into a hybrid model that links data-
driven prediction with mechanistic simulations'. In principle, clin-
icians could run simulations on the patient’s digital twin to compare
therapies, optimize dosing and schedules and anticipate resistance or
toxicity, updating recommendations as the patient evolves. While the
full realization of comprehensive digital twins remains a grand chal-
lenge, current advances in multimodal integration and mechanistic
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BOX 1

Deep learning: models that learn predictive patterns directly from
raw data.

CNN: model for images that learns visual patterns from pixels.

Transformer/attention: model that learns relationships among
sequence elements.

Embedding: a compact numeric representation of an input for
prediction.

BOX 2

From algorithm to clinic: validation, translation, and ethical
imperatives

Despite the rapid pace of algorithmic innovation, the real-world
clinical adoption of computational models for immunotherapy pre-
diction remains limited. The journey from a high-performing model in a
research paper to a trusted tool in the clinic is fraught with challenges
that extend beyond predictive accuracy. Bridging this algorithm-to-
action gap requires a rigorous commitment to robust validation,
transparent interpretation, and the thoughtful navigation of complex
ethical and societal issues.

Key considerations include:

1. Model validation and generalizability

The vast majority of predictive models in immuno-oncology are
developed and validated on retrospective, often publicly available
datasets (e.g., TCGA) or single-institution cohorts. While this is a
necessary first step, models trained in this manner are highly suscep-
tible to several biases that limit their real-world utility. Overfitting is a
constant risk, where a model learns the specific noise and idiosyn-
crasies of a small training set rather than a true, generalizable biolo-
gical signal. Even more pernicious is domain shift, where a model that
performs well on data from one hospital or sequencing platform fails
when applied to data from another due to subtle but systematic dif-
ferences in patient populations, clinical practices, or data processing
pipelines.

To build trust and ensure that a model is robust, a stringent hier-
archy of validation strategies must be employed, including internal
validation, external validation, prospective validation and subgroup
analysis. Cross-validation within the training dataset is the minimum
standard, but it is insufficient on its own. The model must be tested on
at least one, and preferably several, completely independent datasets
from different institutions or clinical trials. This is the most critical test
of generalizability. The gold standard is to evaluate the performance of
the model in a prospective clinical trial, where its predictions are used
to guide patient care or are evaluated in real time. Few models have
reached this stage. Performance should also be explicitly evaluated
across different cancer types, ancestries, and other relevant clinical
subgroups to ensure the model is equitable and to define its specific
context of use.

2. Implementation challenges and failure cases

Even well-validated models face significant barriers to clinical
deployment. Technical hurdles include the lack of user-friendly,
regulatory-approved software and the difficulty of integrating pre-
dictive tools into existing hospital workflows and Electronic Health

modeling are assembling the required building blocks and point
toward simulation-guided, personalized cancer care.

Applications of large language and

foundation models

A new class of Transformer-based models, including Large Language
Models (LLM) and Foundation Models, is emerging. Unlike the task-

VAE: model that compresses data and can denoise it.

GAN: model that generates realistic synthetic data.

Saliency map: heatmap showing which input regions most influ-
enced a prediction.

Record (EHR) systems. Biologically, the inherent dynamism of the
immune response and the challenge of tumor heterogeneity mean that
a prediction based on a single, pre-treatment biopsy may be an
oversimplification.

3. Regulatory and legal landscape

As algorithmic tools become more sophisticated, they are attract-
ing greater scrutiny from regulatory bodies like the U.S. Food and Drug
Administration (FDA) and the European Medicines Agency (EMA). For a
model to be used in clinical decision-making, especially as a compa-
nion diagnostic to determine eligibility for a specific therapy, it must
demonstrate both analytical validity and clinical validity. Proving clin-
ical validity typically requires evidence from well-designed clinical
trials. The regulatory pathway for these software as medical device
(SaMD) products is still evolving, creating uncertainty for developers
and clinicians.

4. Ethics and algorithmic equity

Ethical considerations are not an afterthought but a central com-
ponent of responsible model development and deployment. A primary
concern is algorithmic bias and fairness. Most large genomic and
clinical datasets are overwhelmingly derived from patients of Eur-
opean ancestry. Models trained on this biased data may perform sig-
nificantly worse for patients from underrepresented racial and ethnic
groups, thereby perpetuating and even exacerbating existing health
disparities. Auditing model performance across diverse demographic
groups is an ethical imperative.

Together, these considerations outline the practical and ethical
requirements for translating immunotherapy prediction models into
clinically trusted tools.

The black box nature of many complex DL models raises issues of
interpretability and accountability. For a clinician to trust and act upon
a recommendation from a model, they must have some understanding
of why the model made its prediction. Deploying opague algorithms in
high-stakes clinical decisions without clear, human-understandable
explanations is medically and ethically problematic. The goal should
be to create human-Al collaboration frameworks that augment, rather
than replace, clinical judgment. Finally, the use of vast amounts of
sensitive patient data, particularly for the construction of digital twins,
raises profound privacy and data security concerns that must be
addressed through robust technical safeguards and transparent gov-
ernance policies.

specific DL models above, which is typically trained on a single mod-
ality and task with supervised labels, foundation models are first pre-
trained at scale using self-supervised objectives to learn general-
purpose representations, then adapted to downstream tasks. LLMs are
pre-trained primarily on language, and in immune oncology they are
applied either directly to clinical text or to biological data encoded as
token sequences.
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LLMs can extract structured variables, such as cancer staging and
biomarker status, from unstructured clinical notes and pathology
reports, and multi-modal foundation models can fuse pathology ima-
ges (H&E slides) with their corresponding text. Models like MUSK'?,
which were pre-trained on pathology images and text, have demon-
strated strong performance in predicting outcomes like melanoma
relapse and immunotherapy response. Frameworks such as
HONeYBEE'” are being developed to generate unified embeddings
from clinical notes, pathology slides, radiology scans, and molecular
profiles.

Protein language models are also being applied to biological
sequences. For TCR-epitope binding, LANTERN"* reported that LLM-
based models achieved a mean ROC-AUC of 0.8165, compared with
0.5846 for other end-to-end deep learning models, while STAG-LLM™
achieved a median ROC-AUC of 0.815 for TCR-pHLA binding and
outperformed several existing baselines. LLMs are also being explored
to summarize and assess the immunogenicity of candidate
neoantigens.

Despite this promise, limitations remain, including training data
bias, incomplete clinical reliability, and the need for rigorous bench-
marking; some foundation models do not outperform simpler base-
lines on specific tasks (Box 1).

Integrate computational tools into clinical
frameworks

Several real-world platforms have begun to translate multi-modal
integration into clinical research to guide trial stratification and
treatment planning. Conceptually, these examples primarily align
with Paradigm I and Paradigm Il above. Tempus has developed
multimodal immuno-oncology assays, including the Immune
Profile Score (IPS), a DNA- and RNA-based algorithmic test that
stratifies outcomes in patients treated with ICIs, and digital
pathology algorithms such as p-MSI to support biomarker
assessment*"” (Paradigm I-1I). SCORPIO Trial Platform'® uses
routine blood tests and clinical variables to predict immu-
notherapy outcomes, enabling risk stratification and earlier
identification of patients at risk of poor benefit or early pro-
gression (Paradigm I). Together, these examples underscore how
integrating complementary clinical, molecular, and tissue-derived
signals can improve patient stratification and prognostication for
immunotherapy, ultimately contributing to more effective and
tailored clinical decision-making (Box 2).

Conclusions and future directions
Predicting immunotherapy response remains an open, high-impact
problem because it requires models that are accurate, generalizable,
and clinically actionable. The next phase of the field should prioritize
prospective validation in diverse populations, with clear definitions of
endpoints, treatment context, and data standards. Community
benchmarking resources, transparent reporting, and rigorous external
validation will be essential to distinguish true signal from cohort-
specific artifacts and to enable fair comparisons across methods.

Methodologically, progress will likely come from hybrid approa-
ches that combine multimodal foundation models with mechanistic
constraints. Key needs include robust multimodal fusion across
incomplete data, uncertainty quantification to communicate con-
fidence at the patient level, and interpretability tools that support
clinical review rather than post hoc explanations. Equally important is
moving beyond prediction toward decision support, including causal
inference for treatment selection, counterfactual reasoning for com-
bination strategies, and adaptive modeling that updates with
longitudinal data.

Finally, translation will depend on practical deployment: repro-
ducible pipelines, privacy-preserving learning across institutions,
model monitoring for drift, and alignment with regulatory and ethical

requirements. If these technical and clinical gaps are addressed,
computational modeling can evolve from retrospective association to
prospective, simulation-guided personalization of immunotherapy.
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