
Imaging-Centered Artificial Intelligence for
Precision Cancer Immunotherapy: Multimodal
Biomarkers, Treatment-Effect Estimation, and
Clinical Translation
Shengyang Zhong 

Shaanxi Normal University https://orcid.org/0009-0000-0902-8139
Siyuan Li 

University of Georgia
Wanrong Yang 

University of Liverpool
Zheng Zheng 

The First Hospital of Hebei Medical University
Zhengliang Liu 

University of Georgia
Jin Xie 

University of Georgia
Jin Li 

Shaanxi Normal University
Bin Yi 

University of Georgia
Lin Zhao 

New Jersey Institute of Technology
Xiang Li 

Massachusetts General Hospital and Harvard Medical School
Wei Liu 

Mayo Clinic
Lian Zhang 

The First Hospital of Hebei Medical University
Tianming Liu 

University of Georgia
Ning Qiang 

https://doi.org/10.21203/rs.3.rs-10468208/v1
https://doi.org/10.21203/rs.3.rs-10468208/v1
https://orcid.org/0009-0000-0902-8139


Shaanxi Normal University

Systematic Review

Keywords: artificial intelligence, medical imaging, cancer immunotherapy, radiomics, multimodal
biomarkers, radiotherapy

Posted Date: July 27th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10468208/v1

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

Additional Declarations: The authors declare no competing interests.

https://doi.org/10.21203/rs.3.rs-10468208/v1
https://creativecommons.org/licenses/by/4.0/


Imaging-Centered Artificial Intelligence for Precision

Cancer Immunotherapy: Multimodal Biomarkers,

Treatment-Effect Estimation, and Clinical Translation

Shengyang Zhonga,1, Siyuan Lib,1, Wanrong Yangd, Zheng Zhenge,
Zhengliang Liub, Jin Xiec, Jin Lia, Bin Yif, Lin Zhaog, Xiang “Shaun” Lih,

Wei Liui, Lian Zhange, Tianming Liub, Ning Qianga,∗

aCollege of Physics and Information Technology, Shaanxi Normal University, 620 West

Chang’an Avenue, Xi’an, 710119, Shaanxi, China
bSchool of Computing, University of Georgia, 415 Boyd Research and Education

Center, Athens, 30602-7404, GA, USA
cDepartment of Chemistry, Franklin College of Arts and Sciences, University of

Georgia, 312 East Campus Road, Suite 1299B, Athens, 30602, GA, USA
dSchool of Computer Science and Informatics, University of Liverpool, Foundation

Building 765 Brownlow Hill, Liverpool, L69 7ZX, UK
eThe First Hospital of Hebei Medical University, No. 89 Donggang Road, Yuhua

District, Shijiazhuang, 050031, Hebei, China
fDepartment of Pharmaceutical and Biomedical Sciences, College of Pharmacy,

University of Georgia, 250 West Green Street, Athens, 30602, GA, USA
gDepartment of Biomedical Engineering, New Jersey Institute of Technology, University

Heights, Newark, 07102, NJ, USA
hCenter for Advanced Medical Computing and Analysis, Mass General Research Institute,

Department of Radiology, Massachusetts General Hospital and Harvard Medical

School, 399 Revolution Drive, 11th Floor, Somerville, 02145, MA, USA
iMedical Physics, Department of Radiation Oncology, Mayo Clinic Comprehensive

Cancer Center, Mayo Clinic, 5777 E. Mayo Blvd., Phoenix, 85054, AZ, USA

Abstract

Immune checkpoint inhibitors (ICIs) can produce durable tumor control, yet
many patients experience primary or acquired resistance, mixed lesion-level
responses, or immune-related adverse events. Tissue and blood biomark-
ers provide biologically informative but spatially incomplete views of a
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heterogeneous and time-varying tumor–host system. Radiologic imaging
complements these assays by repeatedly measuring whole-body tumor
burden, organ-specific disease patterns, lesion-level heterogeneity, and
treatment-related change. This critical narrative review evaluates imaging-
centered artificial intelligence (AI) for precision cancer immunotherapy,
including baseline and serial CT, MRI, and PET; radiomics and learned
image representations; lesion-level and whole-body heterogeneity; toxicity
assessment; and integration with pathology, genomics, circulating tumor
DNA, laboratory measurements, and electronic health records. Representa-
tive cohorts range from early radiogenomic studies of approximately 100–200
patients to externally validated and longitudinal models involving hundreds
or thousands of patients. Rather than treating all reported performance esti-
mates as equally actionable, we appraise the clinical question, cohort design,
endpoint, validation strategy, calibration, and intended clinical action. Cur-
rent evidence supports noninvasive immune phenotyping, risk stratification,
longitudinal monitoring, and multimodal biomarker integration. However,
most models predict outcomes among patients already receiving ICIs and
therefore remain prognostic under treatment rather than predictive of
differential treatment benefit. Radiotherapy (RT) combined with ICI serves
as a focused imaging use case because lesion identity, dose distribution,
fractionation, sequence, and thoracic and normal-tissue exposure must be
linked to defined actions. Existing patient-level AI studies estimate efficacy
or toxicity after treatment selection; none has prospectively shown that
an AI-selected RT strategy improves patient outcomes. Translation will
require patient-level leakage control, calibration, geographic and temporal
validation, robustness to missing modalities, and prospective evaluation of
prespecified model-guided decisions.

Keywords: artificial intelligence, medical imaging, cancer immunotherapy,
radiomics, multimodal biomarkers, radiotherapy
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1. Introduction

1.1. Clinical need for more complete immunotherapy biomarkers

Immune checkpoint inhibitors (ICIs) targeting PD-1, PD-L1, and CTLA-
4 have produced durable responses in non-small-cell lung cancer (NSCLC),
melanoma, renal-cell carcinoma, and mismatch-repair-deficient malignan-
cies. [1,2] In NSCLC, randomized trials established ICI alone or combined
with chemotherapy in biomarker-defined and broader populations. [3,4] Nev-
ertheless, many patients experience primary resistance, acquired resistance,
mixed response across lesions, or immune-related adverse events. The central
clinical problem has shifted from whether checkpoint blockade can work to
determining which patient, disease state, and treatment context are most
likely to produce durable benefit. Answering that question requires more
than identifying patients with a good prognosis. It requires estimating how
outcome would differ under a clinically relevant alternative—a distinction
between prognostic and predictive information that we adopt as a principal
axis of appraisal throughout this review (Sections 2 and 4). These biomark-
ers, their individual limitations, and the ways in which those limitations
are complementary rather than additive are examined in Section 3. The
relevant point here is structural: no currently deployed assay observes the
whole of a disease that is spatially heterogeneous and temporally unstable,
and the assays that are most biologically specific are the least repeatable.

PD-L1 expression, tumor mutational burden (TMB), microsatellite
instability-high/mismatch repair-deficient (MSI-H/dMMR) status, tumor-
infiltrating lymphocytes (TILs), immune gene-expression profiles, and
circulating tumor DNA (ctDNA) each characterize a component of the
tumor–immune interaction. [5,6,7] Their limitations are complementary.
Tissue assays provide biological specificity but sample a limited region;
blood biomarkers are repeatable but depend on shedding, timing, and
host factors; conventional imaging samples whole-body disease burden
but does not directly measure immune cells or molecular programs. This
complementarity motivates imaging-centered multimodal AI.

1.2. Why imaging should be central

CT, MRI, and PET are already embedded in staging, response assessment,
treatment planning, and surveillance. Their distinguishing value lies in the
combination of in vivo acquisition, repeated assessment during routine care,
and separate characterization of visible lesions. A biopsy resolves biology at
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one site and one time point; ctDNA is repeatable and systemic but spatially
unresolved. Imaging therefore provides a complementary view of between-
lesion heterogeneity over time and can additionally represent total burden,
lesion shape, necrosis, texture, metabolic activity, body composition, and
organ distribution.

AI can transform imaging from a predominantly anatomical assessment
into a quantitative phenotype. Handcrafted radiomics summarizes inten-
sity, shape, and texture, whereas deep learning derives image representations
directly. Imaging can also serve as the spatial and longitudinal backbone
for integrating pathology, genomics, ctDNA, laboratory tests, and electronic
health record (EHR) data. The purpose is not unrestricted data fusion; it
is estimation of a patient state that supports a defined action, such as treat-
ment selection, response confirmation, local therapy for oligoprogression, or
intensified toxicity monitoring.

1.3. Scope and objectives

This review focuses on imaging-centered AI for precision cancer im-
munotherapy. Although reviews of radiomics in immunotherapy are
numerous, this review is organized differently in three respects. First,
evidence is organized around the clinical decision a model would inform
rather than around modality or architecture. Second, we apply an explicit
appraisal scheme that separates evidence maturity from the estimand a
model actually targets and use it consistently to interpret the primary
studies summarized here. Third, we use RT+ICI as a focused case study
because it is the setting in which imaging, lesion identity, dose, sequence,
and organ toxicity must all be linked to a defined action, and in which the
gap between reported performance and demonstrated utility is especially
visible.

We examine baseline radiomics, lesion-level heterogeneity, serial imaging,
toxicity, and multimodal integration, emphasizing dataset composition, can-
cer type, sample size, model contribution, reported performance, validation
design, and clinical limitations. Digital pathology, omics, ctDNA, and EHR
data are discussed as complementary modalities rather than independent
review domains. Radiotherapy (RT) combined with ICI is retained as a fo-
cused use case because it requires imaging to connect lesion phenotype, dose
distribution, sequence, response, and toxicity. The review does not treat
model-guided immunoradiotherapy as an established standard. Section 2
states the appraisal scheme and its limitations. Section 3 establishes which
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Figure 1: Mapping of imaging modalities to decision-relevant information and potential
therapeutic or monitoring applications in precision cancer immunotherapy. Arrows indi-
cate the progression from imaging acquisition to clinical use.

immune and host mechanisms are, and are not, plausibly observable in an
image. Section 4 evaluates the primary imaging and multimodal evidence
against the scheme. Section 5 applies it to RT+ICI. Sections 6 and 7 set out
translational requirements and prioritized study designs.
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Figure 2: Imaging-centered framework for multimodal decision support in cancer im-
munotherapy. Imaging provides longitudinal, whole-body observations, while complemen-
tary data refine patient representation and model estimation. Clinical use requires cali-
brated predictions linked to prespecified actions.

2. Review Strategy and Evidence Appraisal

Targeted searches of PubMed, Web of Science, Google Scholar, Clinical-
Trials.gov, and relevant journal websites were conducted without a lower
publication-date restriction; publications and trial records available through
June 30, 2026 were considered. Search terms combined ICI with radiomics,
CT, MRI, PET, digital pathology, multimodal AI, ctDNA, EHR, toxicity, re-
sponse monitoring, RT, chemoradiotherapy, and immunoradiotherapy. Ref-
erence lists of pivotal clinical, mechanistic, and computational studies were
also screened. Recent imaging-AI and clinical studies were prioritized, while
earlier landmark studies were retained when necessary to establish the bio-
logical, methodological, and therapeutic context.

Eligibility was determined by relevance to the clinical and translational
questions addressed in this review. Human imaging-AI studies were retained
as primary evidence when they specified the target population, cancer type,
treatment context, imaging or multimodal inputs, clinical endpoint, evaluable
cohort, and validation design. RT–ICI clinical studies were retained when
they informed efficacy, toxicity, dose or fractionation, treatment sequence,
target selection, treatment volume, or exposure of immune-related normal
tissues. Mechanistic studies and methodological, reporting, or regulatory
documents were included when required to interpret the clinical evidence and
its translational limitations. Duplicate reports were consolidated unless they
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contributed distinct follow-up, endpoints, or analyses. Non-oncologic reports,
studies without substantive relevance to ICI, RT, or imaging-centered AI, and
reports lacking sufficient methodological or outcome information for critical
appraisal were not retained as primary evidence. Reviews were used primarily
for contextual interpretation and citation chaining.

The final synthesis cited 74 unique sources. For transparent accounting,
each source was assigned to one primary category, although some informed
more than one section:

(i) clinical and biological foundations of ICI and biomarkers (n = 17);
(ii) imaging-centered AI, response assessment, and multimodal evidence

(n = 23);
(iii) RT–ICI mechanisms, clinical evidence, and direct AI studies (n = 23);
(iv) methodological, reporting, and regulatory frameworks (n = 11).

Among eligible sources, representative studies were selected to illustrate
distinct combinations of population, imaging modality, endpoint, compara-
tor, validation strategy, and intended clinical use, rather than because they
reported the highest performance. Geographic, temporal, multicenter, and
trial-linked evaluations were weighted more strongly than random internal
splits. Because populations, endpoints, and validation schemes differ, perfor-
mance estimates are presented descriptively and are not pooled.

Evidence was appraised along two independent axes rather than a single
ladder. The first axis is maturity : (L2a) retrospective association in develop-
ment or internally split data; (L2b) robust internal evaluation with patient-
level partitioning, leakage control, and internal resampling or leave-one-site-
out evaluation; (L3) independent external validity in a geographically, tempo-
rally, or platform-distinct cohort not used in development; (L4) prospective
evaluation of a locked model against a prespecified action, whether in silent or
assisted mode; and (L5) demonstrated clinical utility, in which model-guided
care improves a patient-relevant outcome relative to the actual multidisci-
plinary comparator. These stages map onto the translational sequence in
Section 6. The second axis is the estimand. A model may be prognostic un-

der treatment, estimating outcome among patients who receive ICI, or it may
target a treatment effect, estimating how outcome would differ under a clini-
cally relevant alternative. Models developed only in ICI-treated cohorts were
classified as prognostic-under-treatment irrespective of their maturity, unless
a relevant control treatment and a design capable of estimating treatment-
effect heterogeneity were present (Section 4). The two axes are independent:
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Table 1: Evidence-maturity levels used to appraise imaging AI for immunotherapy.

Maturity level Minimum supporting design Interpretation

L2a:

Retrospective

association

Development or internal split

in a defined patient population,

time point, and outcome

Demonstrates association and

discrimination within the

sampled setting.

L2b: Robust

internal

evaluation

Patient-level partitioning with

leakage control and internal

resampling or

leave-one-site-out evaluation

Tests internal robustness; it

does not establish

transportability to an

untouched population.

L3: Independent

external validity

Locked model evaluated in

geographically, temporally, or

platform-distinct data not used

in development

Tests transportability;

calibration and subgroup

performance remain necessary.

L4: Prospective

prespecified

action

Locked model evaluated

prospectively with a

prespecified output, threshold,

action, and override pathway

Establishes feasibility and

actionability in the intended

workflow, with or without

influencing care.

L5:

Demonstrated

clinical utility

Prospective comparison of

model-guided care with the

actual multidisciplinary

workflow

Establishes patient-relevant

benefit, harm, or resource

consequences.

Interpretive note: Biological plausibility is assessed alongside this maturity axis as a precondition for mechanistic

interpretation, not as an evidence level. The estimand—prognosis under treatment or differential treatment effect—is

assessed independently.

an externally validated, well-calibrated L3 model may still be uninformative
for treatment selection, and this combination describes most of the evidence
reviewed here. Biological plausibility is assessed separately, as a precondi-
tion rather than a level. It constrains interpretation, whether a signal can
correspond to a stated mechanism, but it neither substitutes for empirical
evidence nor is required for it, and it is therefore reported alongside, not
within, the maturity axis.
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Figure 3: Complementary observation of the cancer–immunity cycle. Imaging supplies
whole-body and longitudinal context; pathology resolves local spatial architecture; molec-
ular and clinical data characterize antigenicity, immune programs, host state, and toxicity.

3. Clinical and Biological Context for Imaging AI

3.1. A spatial and temporal cancer–immunity system

The cancer–immunity cycle spans antigen release, presentation, T-cell
priming, trafficking, infiltration, recognition, and killing, [8,9] and resistance
can interrupt it at any step—through low antigenicity, defective presenta-
tion, impaired interferon signaling, T-cell exclusion, suppressive myeloid or
regulatory populations, hypoxia, stromal barriers, exhaustion, [10,11] or, under
treatment pressure, loss of JAK signaling or beta-2-microglobulin. [12] The
question relevant to this review is narrower: which of these steps leaves a sig-
nature that an image can plausibly detect, and at what spatial and temporal
resolution.

These mechanisms are distributed across lesions and organs and can
change during treatment; responses may therefore diverge within the same
patient. Pathology describes local cellular and spatial organization. Genomic
and transcriptomic assays characterize sampled molecular programs. Blood
reflects systemic host state and molecular burden. Imaging repeatedly sam-
ples visible disease throughout the body. No modality observes the entire
system, and apparent discordance can be informative rather than erroneous.

3.2. Established and emerging biomarkers

PD-L1 is widely used in clinical practice, but its interpretation varies by
assay, scoring system, threshold, tissue site, and sampling time. TMB approx-
imates neoantigen opportunity but does not measure antigen presentation
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or immune infiltration. [13,14] MSI-H/dMMR is more biologically specific and
supports tissue-agnostic treatment, although response is not universal. [2,15]

TILs and T-cell-inflamed gene-expression profiles characterize immune en-
gagement but remain biopsy- and platform-dependent. [16,6] Early changes in
ctDNA can provide a longitudinal molecular response signal, but interpre-
tation depends on tumor shedding, disease site, assay characteristics, and
sampling time. [7,17]

Imaging should therefore be viewed as complementary to, rather than a
replacement for, PD-L1, MSI-H/dMMR, and other molecular biomarkers. Its
value depends on whether it adds reproducible, well-calibrated, and clinically
actionable information beyond established biomarkers and routine clinical
variables.
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Table 2: Established biomarkers and the complementary contribution of imaging.

Measure Principal

information

Main limitation Imaging contribution

PD-L1 IHC Local

checkpoint-ligand

expression;

established companion

or complementary use

in several cancers

Assay, threshold,

site, temporal, and

intratumoral

variability

Quantifies whole-body

burden and inter-lesion

phenotype; cannot replace

validated PD-L1 testing.

TMB Somatic mutation

burden and potential

neoantigen

opportunity

Platform and

threshold

variation; does not

measure

presentation or

immune

engagement

May identify phenotypes

associated with burden,

necrosis, and

heterogeneity for

multimodal models.

MSI-H/dMMR Defective mismatch

repair with strong

tissue-agnostic clinical

evidence

Low prevalence in

many cancers;

response is not

universal

Adds burden, site, and

longitudinal response

information after

molecular eligibility is

established.

TILs and immune

gene expression

Local immune

infiltration and

inflammatory

programs

Requires tissue;

spatial and

platform

dependence

Samples multiple lesions

and can guide where tissue

characterization may be

most informative.

ctDNA Repeatable molecular

burden and clonal

dynamics

Variable shedding,

assay sensitivity,

and sampling

schedule

Localizes lesion behavior

and helps distinguish

global molecular change

from mixed anatomical

response.

Routine clinical

and laboratory

data

Host state,

comorbidity,

inflammation, organ

function, and

treatment exposure

Missingness,

documentation

variation, and

limited spatial

specificity

Provides anatomical and

temporal context for

response and

organ-specific toxicity.

CT, MRI, and PET Whole-body disease

distribution,

morphology, function,

and change over time

Acquisition,

reconstruction,

segmentation, and

response-criterion

variability

Serves as the spatial

backbone for multimodal

prediction and

longitudinal decision

support.

Abbreviations: ctDNA, circulating tumor DNA; dMMR, deficient mismatch repair; IHC, immunohistochemistry;

MSI-H, microsatellite instability-high; PD-L1, programmed death-ligand 1; TILs, tumor-infiltrating lymphocytes;

TMB, tumor mutational burden.
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4. Imaging-Centered AI for Cancer Immunotherapy

4.1. Dataset and endpoint design

A defensible imaging dataset begins with the decision that the model is
intended to support. Each study should specify the target population, index
treatment, time zero, input window, prediction horizon, unit of prediction,
and estimand before model development. A baseline model used before ICI
initiation, a landmark model used at the first restaging examination, and a
lesion-level model used to identify a resistant site answer different questions
even when they use images from the same patient.

Imaging AI studies also target different constructs: a biological pheno-
type such as CD8-related expression; objective response or durable clinical
benefit; progression-free or overall survival; lesion-level response; early treat-
ment change; or toxicity. These targets are not interchangeable. A response
classifier requires a reproducible assessment window and rules for death or
treatment discontinuation before imaging; a survival model must address cen-
soring and competing events; and a toxicity model must define organ, grade,
and prediction horizon. Treatment-effect prediction additionally requires a
clinically relevant alternative treatment and cannot be inferred from an ICI-
treated cohort alone.

The effective sample size is constrained primarily by the number of inde-
pendent patients and outcome events, not the raw number of lesions, slices, or
image patches. Acquisition protocol, reconstruction, contrast timing, segmen-
tation, cancer site, treatment line, and assessment schedule can create tech-
nical shortcuts unless they are represented and evaluated explicitly. Reports
should provide patient and event counts, confidence intervals, and, where
relevant, site- or time-separated evaluation. The operational requirements
for patient-level partitioning and leakage control are specified in Section 6.

4.2. Cohort provenance, curation, and applicability

Dataset quality begins with an explicit intended-use population. A
cohort defined only as “patients who received immunotherapy” may combine
different cancers, stages, treatment lines, ICI agents, chemotherapy combi-
nations, previous local therapy, and imaging schedules. These factors alter
baseline risk and the interpretation of response. Eligibility criteria should
therefore specify the index regimen, permitted combinations, treatment
line, measurable-disease requirements, baseline and follow-up windows, and
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whether patients with brain-only, bone-only, or otherwise non-measurable
disease are represented.

The cohort assembly diagram is part of the scientific result. Investigators
should report the number of potentially eligible patients, availability and tim-
ing of baseline and follow-up imaging, image-quality exclusions, segmentation
failures, missing biomarker data, early deaths, treatment changes, and out-
come events. Requiring a complete protocol-timed scan pair can condition
the cohort on remaining alive, sufficiently well, and under observation until
follow-up. Similarly, a model trained only on patients with contrast-enhanced
CT and complete sequencing may exclude patients with renal impairment,
rapidly progressive disease, transfer of care, or limited tissue. Comparisons
between included and excluded patients are therefore needed to define the
population to which performance estimates apply.

Data granularity must match the analysis. One patient can contribute
multiple examinations, lesions, image series, segmentations, and patches;
these observations enrich representation but do not create independent pa-
tients. Development reports should provide both patient counts and lower-
level counts, describe clustering, and use patient-level resampling. In multi-
center studies, the distribution of patients and events across institutions is
more informative than the number of image files or nominal sites, because
one institution may dominate model fitting and another may contribute too
few events for a stable site-specific estimate.

Time zero must be aligned across images, biomarkers, treatments, and
outcomes. A pretreatment model should not include laboratory results ob-
tained after ICI initiation or contours selected with knowledge of subsequent
response. Longitudinal models require an explicit landmark at which pa-
tients are alive, observed, and eligible for the modeled decision; predictions
should use only information available by that landmark. Censoring, subse-
quent treatment, loss to follow-up, and the handling of scans obtained outside
the prespecified window should be reported.

Applicability should be examined across the dimensions that can change
the clinical meaning of a score: patient population, cancer type, regimen,
treatment line, institution, scanner and protocol, anatomical site, and follow-
up practice. An ICI-treated cohort generally supports prediction conditional
on receiving ICI. A claim of treatment-selection value requires a relevant
comparator and a design that estimates treatment-effect heterogeneity. Ran-
domized data provide the clearest basis; observational comparisons require
explicit confounding assumptions and sensitivity analyses. Without such con-
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trols, a highly accurate model may primarily identify general disease burden,
inflammation, or host reserve rather than ICI-specific sensitivity.

4.3. Acquisition, segmentation, and image representation

CT datasets used in immunotherapy research commonly mix routine stag-
ing studies acquired with different tube current, reconstruction kernel, field
of view, slice thickness, and intravenous contrast phase. These differences af-
fect both handcrafted radiomics and learned features. Restricting the cohort
to one protocol improves internal consistency but narrows generalizability;
accepting routine variation improves realism but increases technical variance.
A defensible analysis should state this trade-off, preserve the native test dis-
tribution, and avoid using test outcomes to decide which protocols to exclude.

Preprocessing should be reported as a reproducible sequence. Relevant
operations include series selection, orientation, voxel resampling, intensity
handling, denoising, registration, segmentation, cropping, and normalization.
Radiomic feature definitions should follow standardized conventions such as
the Image Biomarker Standardisation Initiative. [18] Feature-stability filter-
ing can be based on repeat scans, reconstruction experiments, or contour
perturbations, but it must occur entirely within development data. Post hoc
removal of unstable features after reviewing external performance compro-
mises the independence of the test.

Segmentation determines what the model can observe. A primary-tumor
contour excludes metastatic and host information; a target-lesion approach
inherits the selection rules of conventional response assessment; and whole-
body tumor segmentation offers more complete burden but introduces de-
tection errors and greater annotation cost. The segmentation source should
be described as manual, semiautomatic, or automated, together with reader
expertise, quality control, and the handling of missed or non-measurable dis-
ease. When an automated contour is corrected clinically, the frequency and
magnitude of correction are relevant workflow outcomes.

Model input design also encodes assumptions. Two-dimensional slices
are computationally efficient but may miss craniocaudal extent and encour-
age slice-level leakage. Three-dimensional crops preserve volumetric context
but increase memory requirements and can include variable surrounding
anatomy. Multi-instance approaches can represent several lesions without
forcing a fixed count, whereas whole-volume models may learn organ, body-
composition, and scanner context. Comparisons should be performed at the
patient level and under realistic variation in lesion count, size, and site.

16



Self-supervised or transfer learning can reduce dependence on outcome
labels, but pretraining provenance matters. Pretraining on large clinical
archives may improve feature stability while importing site, population, and
disease biases. Reports should identify the pretraining source, overlap checks,
frozen or fine-tuned components, computational requirements, and perfor-
mance relative to simpler radiomic and clinical baselines. Dataset scale alone
does not establish transferability.

4.4. Baseline CT radiomics and radiogenomic phenotyping

Baseline CT currently provides the most mature evidence base for
imaging-centered AI in cancer immunotherapy. Sun et al. developed a
CT radiomic signature linked to RNA-sequencing estimates of CD8-related
immune infiltration in 135 patients and evaluated it in an independent ICI
cohort of 137 patients across cancers. [19] The reported AUC was 0.74 in
training and 0.67 in validation for the CD8 phenotype; a higher score was
associated with ICI response and overall survival. The innovation was to
anchor a noninvasive imaging phenotype to molecular immune information.
The modest validation discrimination and heterogeneous cancer types
caution against interpreting the signature as a universal measure of CD8
infiltration.

Trebeschi et al. analyzed 203 patients, including 123 with NSCLC and
80 with melanoma, and 1,055 lesions. [20] Lesion-level AUC reached 0.83 in
NSCLC, whereas performance in melanoma lymph-node lesions was approxi-
mately 0.64; patient-level performance reached approximately 0.76. The prin-
cipal contribution was demonstration that image phenotype and predictabil-
ity vary by lesion and anatomical site. This result supports organ-aware
modeling and explicit aggregation rather than assigning one undifferentiated
score to a heterogeneous patient.

Deep-CT extended routine CT assessment to 976 patients with metastatic
EGFR/ALK-wild-type NSCLC, including external testing at Stanford. [21]

Combining imaging and clinical variables increased the overall-survival C-
index from 0.70 to 0.75. The cohort scale, external evaluation, and use of
routine imaging improve relevance. Overall survival, however, reflects disease
burden, host fitness, subsequent therapy, and treatment response; perfor-
mance in an ICI-treated cohort should therefore be interpreted as prognostic
under treatment unless differential benefit against a comparator is demon-
strated.
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These studies do not constitute a common benchmark: they use different
biological targets, cancers, input regions, endpoints, and validation designs.
Radiomics remains attractive because it can be derived retrospectively from
routine images, but feature values can change with reconstruction kernel, slice
thickness, contrast phase, motion, voxel resampling, discretization, and con-
tour definition. Robust development should prespecify acquisition windows,
lock preprocessing, quantify feature stability, and evaluate performance be-
fore and after any harmonization. Harmonization fitted with outcome or
test-cohort information creates leakage.

Deep-learning representations reduce dependence on predefined features
but do not remove technical shift. Networks can learn scanner, annotation,
institutional, or background-anatomy signatures. External testing should
preserve native acquisition and report performance by site, scanner, protocol,
cancer type, anatomical site, lesion size, and relevant demographic subgroups
when sample size permits. Comparison with tumor diameter, total burden,
stage, performance status, and PD-L1 is necessary to establish incremental
value.

4.5. Lesion-level, organ-specific, and whole-body heterogeneity

Mixed or dissociated response denotes simultaneous regression or stabil-
ity of some lesions and growth or emergence of others. [22] Oligoprogression
is a narrower clinical state in which a limited number or distribution of sites
progresses while most disease remains controlled during active systemic ther-
apy. [23] Terminology and thresholds vary across studies, and the patterns
can overlap, but they are not synonyms: mixed response can be widespread
and unsuitable for local treatment, whereas an oligoprogression label implies
a prespecified limit on progressing disease and a clinically meaningful back-
ground of control. Studies should define lesion count, organ distribution,
timing, prior disease state, and whether local treatability is part of the oper-
ational definition rather than importing an unstated threshold.

This distinction changes both annotation and modeling. A lesion-level
model should retain lesion identity, anatomical site, target or non-target
status, prior local treatment, and serial state. A patient-level model must
then specify how lesion information is aggregated. The maximum-risk lesion,
burden-weighted mean, organ-specific score, fraction of progressing burden,
and learned multi-instance model answer different questions. Aggregation
rules should be prespecified or validated against lesion-level and patient-level
outcomes, rather than selected solely for the best patient-level AUC.
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Incomplete lesion representation is itself a source of bias. Manual or auto-
mated pipelines may preferentially omit small, infiltrative, poorly contrasted,
confluent, or non-measurable lesions. Whole-body studies should report the
number, size, site, and reason for exclusion of lesions and should quantify
unmatched disease at follow-up. Evaluation should distinguish lesion detec-
tion, segmentation, lesion-level state estimation, patient-level response clas-
sification, and the downstream decision; high segmentation overlap does not
establish correct response interpretation.

Anatomical site is not merely a nuisance covariate. Bone lesions may be
non-measurable by RECIST and treatment-related sclerosis can complicate
change assessment; nodal enlargement can reflect tumor or inflammation;
liver metastases can carry distinct prognostic and immune context; and pleu-
ral or meningeal disease may be poorly represented by a target-lesion sum. A
whole-body system should permit site-specific uncertainty or abstention and
should report site-stratified discrimination and calibration, especially when
a score may be used to select a lesion for biopsy or local therapy.

Intracranial disease requires a trajectory separate from extracranial dis-
ease because contrast-enhanced MRI findings, neurological status, corticos-
teroid exposure, surgery, and local radiotherapy can change the interpretation
of response. A systemic CT response should not silently overwrite a discor-
dant CNS trajectory; the relevant organ-specific criteria and adjudication
fields are detailed in the response-labeling subsection below.

Whole-body imaging also captures host phenotype. Skeletal muscle, adi-
pose distribution, emphysema, interstitial lung abnormality, vascular calci-
fication, and organ reserve may improve prediction of survival or toxicity
while reducing treatment specificity because they are relevant across thera-
pies. Studies should separate tumor phenotype, host phenotype, and general
disease burden where possible and test whether each component adds infor-
mation beyond routine clinical variables or interacts with treatment.

4.6. MRI, PET, and quantitative functional imaging

MRI and PET should be positioned by clinical question rather than
grouped as uniformly superior alternatives to CT. MRI is the standard
anatomical modality for intracranial response assessment and has impor-
tant organ-specific roles; it can also characterize diffusion, perfusion, per-
meability, edema, hemorrhage, and treatment-related change. PET provides
whole-body metabolic or target-specific measurements. Their additional bi-
ological sensitivity is useful only when acquisition, interpretation, and the
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downstream action are defined.
Recent MRI studies illustrate both promise and limits. Lin et al. used in-

tratumoral and peritumoral pretreatment MRI radiomics in 172 patients with
head-and-neck squamous-cell carcinoma who received neoadjuvant chemoim-
munotherapy followed by surgery; the combined model achieved an AUC
of 0.849 in an external cohort for pathological complete response. [24] The
pathological endpoint and external cohort strengthen the study, but the
model predicts response to a combined regimen and does not isolate an ICI-
specific treatment effect. In a retrospective lesion-level analysis, Sanvito et al.
analyzed 125 brain metastases in 93 patients and found diffusion–contrast-
enhancement phenotypes associated with ICI exposure and, in a 23-lesion
histology subset, with CD45-positive immune-cell density; corticosteroid ex-
posure modified these associations. [25] This supports biological plausibility
for MRI phenotyping but is not yet evidence for a locked response-prediction
tool or a treatment-changing threshold.

For FDG PET, inflammatory immune-cell recruitment, infection, granu-
lomatous reactions, and immune-related adverse events can increase uptake,
while necrosis and small-lesion partial-volume effects can reduce it. Joint
practice guidance therefore emphasizes standardized acquisition and immune-
treatment context rather than interpreting uptake as viable tumor in isola-
tion. [26] In a prospective study of 109 patients with NSCLC, Masse et al.
obtained FDG PET/CT at baseline, approximately 7 weeks, and 3 months
and evaluated pseudoprogression and dissociated response under a proto-
col that allowed planned reassessment after early metabolic progression. [27]

The study supports serial, protocolized adjudication of atypical PET pat-
terns; it does not make a single early PET category a definitive biological
label. Conventional PET Response Criteria in Solid Tumors (PERCIST) and
immune-adapted proposals should therefore be recorded as explicit metabolic
assessment rules, not silently merged with anatomical RECIST categories or
treated as universal biological truth.

Target-specific immunoPET is moving from feasibility toward early clini-
cal validation but remains investigational. In the prospective phase II iCorre-
late study, 49 patients contributed 70 matched CD8 PET–biopsy pairs; tracer
uptake showed a modest correlation with CD8 immunohistochemistry overall
and a stronger correlation in the renal-cell carcinoma subgroup. [28] The result
illustrates the appeal of whole-body immune-cell mapping and the difficulty
of validating a spatially distributed signal against core biopsies; the cohort
size, sampling mismatch, tracer logistics, and absence of a validated decision
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rule preclude autonomous treatment selection.
MRI and PET also introduce modality-specific technical variation. MRI

values depend on vendor, field strength, coil, sequence parameters, b-values,
contrast timing, distortion correction, and motion; PET depends on injected
activity, uptake time, blood glucose, reconstruction, attenuation correction,
calibration, and lesion size. Retrospective complete-case analyses may select
patients with unusually complete sequences or protocol-conforming scans.
Studies should report sequence or tracer availability, acquisition quality, har-
monization, minimum evaluable lesion size, missing-modality handling, and
performance before and after technical adjustment.

The near-term role of AI in these modalities is most defensible for repro-
ducible quantification, lesion matching, whole-body burden, serial change,
uncertainty estimation, and integration with routine anatomical imaging.
Specialized acquisitions should demonstrate incremental value over CT, stan-
dard MRI interpretation, laboratory data, and simpler quantitative measures.
If the additional sequence or tracer does not improve a prespecified decision,
greater biological sophistication alone does not justify broad deployment.

4.7. Serial imaging and dynamic response monitoring

Baseline prediction cannot represent treatment-induced change. Serial
imaging can quantify trajectories of volume, density, texture, metabolism,
organ distribution, and host phenotype. Sako et al. developed a fully au-
tomated serial CT response score from pretreatment and approximately 12-
week scans in 1,830 patients with advanced NSCLC, using routine-practice
development and multicenter test cohorts plus an independent clinical-trial
cohort. [29] The score improved overall-survival stratification relative to RE-
CIST and tumor-volume change. This is strong external prognostic evidence,
but the analysis is conditional on availability of an early follow-up scan and
does not show that changing treatment at a score threshold improves out-
come.

Longitudinal tasks should be separated. Early risk updating, confirma-
tion of an equivocal first progression, recognition of a mixed pattern, identifi-
cation of acquired resistance or oligoprogression, and toxicity detection have
different labels and actions. Each task requires an explicit landmark and pre-
diction horizon. Patients who progress, die, discontinue treatment, or leave
the health system before the landmark cannot simply be omitted without
changing the target population; they should be represented in cohort flow
and handled according to the prespecified estimand.
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Longitudinal representation can use explicit difference images, trajecto-
ries of engineered features, recurrent or attention-based sequence models,
or survival models with time-varying covariates. Explicit change scores are
transparent but sensitive to registration and measurement noise. Learned
sequence models can represent nonlinear evolution but require adequate pa-
tient numbers, actual calendar time, and careful masking. Scans obtained at
6 and 16 weeks should not be treated as equally spaced adjacent observations
unless that assumption is explicitly modeled and tested.

Registration and lesion matching deserve separate reporting. Rigid regis-
tration may be adequate for compact anatomy but is unreliable for deforming
lung, bowel, postoperative cavities, and changing effusions. Deformable reg-
istration can improve local alignment while creating non-biological intensity
or shape changes. Lesions can merge, split, disappear, recur, or arise de novo;
treated lesions may no longer follow the natural systemic trajectory. Studies
should specify matching rules, retain new and unmatched lesions, quantify
matching uncertainty, and avoid analyzing only lesions that are easy to fol-
low.

Prediction updates must be evaluated dynamically. A model that pro-
duces baseline and 12-week risks should show the incremental calibration
and discrimination of the update, lead time before conventional progression,
and whether a prespecified action would change. Net reclassification alone is
insufficient when reclassified patients would receive the same care. External
evaluation should reproduce the intended scan windows and decision point
rather than retrospectively choose the most informative examination.

A major longitudinal failure mode is informative observation. Imaging
frequency increases when symptoms emerge or response is uncertain and de-
creases when patients deteriorate, transfer care, or enter hospice. Treating
missing visits as random can encode the care process rather than disease
biology. Models should describe scheduled and unscheduled examinations,
consider observation patterns explicitly, compare protocol and real-world
follow-up, and test performance in patients with irregular imaging.

Representative studies spanning baseline CT, organ-specific MRI, PET,
and serial CT are summarized in Table 3.
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Table 3: Representative imaging-centered studies for model development and

longitudinal response assessment during immune-checkpoint inhibitor therapy.

Study; modality and

setting

Dataset and analytic target Principal result Interpretation for this review

Sun et al. [19]; CT,

pan-cancer

RNA-anchored CD8 radiomics;

n = 135 development and

n = 137 ICI validation

CD8-phenotype AUC

0.74 and 0.67; score

associated with response

and OS

Innovative molecular

anchoring, but modest external

discrimination and

heterogeneous cancers limit use

as a universal immune measure.

Trebeschi et al. [20];

CT, NSCLC and

melanoma

203 patients and 1,055 lesions;

lesion- and site-aware response

modeling

Lesion AUC up to 0.83

in NSCLC; patient AUC

about 0.76

Establishes inter-lesion and

organ-specific heterogeneity;

small site subsets yield

unstable estimates.

Deep-CT [21]; CT,

metastatic NSCLC

Routine CT plus clinical deep

learning; n = 976 with external

testing

OS C-index increased

from 0.70 to 0.75

Larger external evidence, but

OS remains a prognostic

endpoint and treatment

specificity was not established.

Lin et al. [24]; MRI,

HNSCC

Pretreatment intratumoral and

peritumoral radiomics; n = 172

receiving neoadjuvant

chemoimmunotherapy and surgery

External AUC 0.849 for

pathological complete

response

Pathology-anchored

multicenter evidence for a

combined regimen; it does not

isolate the ICI contribution.

Sanvito et al. [25]; MRI,

brain metastases

125 lesions in 93 patients;

diffusion–enhancement

phenotypes with histology in 23

lesions

Phenotypes associated

with ICI exposure and

CD45-positive-cell

density

Supports biological plausibility;

steroids and prior local therapy

complicate interpretation, and

no locked clinical prediction

rule was tested.

Masse et al. [27]; FDG

PET/CT, NSCLC

Prospective n = 109 with

baseline, approximately 7-week,

and 3-month imaging

Characterized

pseudoprogression and

dissociated metabolic

response under planned

reassessment

Supports protocolized serial

PET adjudication rather than a

definitive single-scan label.

Sako et al. [29]; serial

CT, advanced NSCLC

Pretreatment and approximately

12-week CT; n = 1,830 across

routine-practice and trial cohorts

OS C-index 0.73 in

routine-practice testing

and 0.71 in trial

validation

Strong longitudinal prognostic

validation; conditional on

reaching follow-up, with no

trial of score-guided treatment

change.

Abbreviations: AUC, area under the receiver operating characteristic curve; CT, computed tomography; FDG,

fluorodeoxyglucose; HNSCC, head-and-neck squamous-cell carcinoma; ICI, immune-checkpoint inhibitor; MRI,

magnetic resonance imaging; NSCLC, non-small-cell lung cancer; OS, overall survival; PET, positron-emission

tomography.

4.8. Response criteria and label uncertainty

RECIST 1.1 standardized anatomical response assessment and remains an
essential comparator for imaging AI. [30] It is not a biological ground truth.
Diameter-based categories compress continuous and lesion-specific change,
exclude some bone, pleural, meningeal, and small lesions from target mea-
surement, and depend on target selection and reader measurement. A model
trained against a RECIST category may therefore reproduce the criterion’s
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measurement behavior rather than identify an independent immune pheno-
type.

iRECIST introduced standardized trial handling of unconfirmed and
confirmed progression during immunotherapy. [31] For dataset construction,
its main contribution is temporal discipline: the first apparent progression,
new lesions, clinical stability, confirmatory assessment, and subsequent
state should be stored explicitly. Continued treatment after unconfirmed
progression is considered only in trials that permit it and for clinically stable
patients; iRECIST itself is a trial data standard, not evidence that treatment
beyond progression benefits a particular patient. An AI model should not
convert an iRECIST state directly into a treatment recommendation.

Pseudoprogression is clinically important but context-dependent and
should not be treated as the default explanation for early enlargement. At
the first enlarging examination, pseudoprogression is not an observable
ground truth. The contemporaneous label should remain unconfirmed
or indeterminate progression, with a separate flag for suspected immune-
related change. A retrospective pseudoprogression label requires prespecified
subsequent imaging and clinical evidence, supplemented by pathology
when available, that is sufficient to distinguish it from true progression
or another cause. Cases without adequate verification should retain their
criterion state and verification status rather than be forced into a binary
pseudoprogression-versus-progression label.

Response annotation should separate four layers that are often collapsed:
raw lesion measurements and lesion identities; the criterion-based patient
state, such as RECIST or iRECIST; the cross-lesion pattern, such as concor-
dant response, mixed or dissociated response, oligoprogression candidate, or
CNS–systemic discordance; and the certainty of the interpretation. Mixed
response and oligoprogression should be encoded as patterns, not as inter-
changeable alternatives to RECIST categories. An oligoprogression candi-
date additionally requires a prespecified definition of limited progression dur-
ing otherwise controlled disease and should not imply that local therapy is
beneficial unless that action has been separately evaluated.

Organ-specific assessment standards should be retained rather than
collapsed into one label. Intracranial disease may require RANO-BM
assessment on MRI, with iRANO confirmation principles when applicable,
whereas extracranial disease is assessed with RECIST-based criteria. [32,33]

Brain lesions exposed to surgery, stereotactic radiation, corticosteroids,
or anti-angiogenic therapy need treatment-context fields; bone-only or
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otherwise non-measurable disease requires an explicit non-target framework;
and inflammatory nodal or pulmonary changes may require alternative
diagnoses. If organ-specific and systemic states disagree, the aggregation
rule should be prespecified and the discordance retained.

Label uncertainty has at least three sources: measurement and reader
variability; biological ambiguity among viable tumor, inflammation, edema,
necrosis, infection, and treatment effect; and incomplete verification caused
by missing, delayed, or informative follow-up. Independent review and adju-
dication can reduce but not eliminate these sources. Datasets should report
reader disagreement, adjudication rules, and the proportion of indeterminate
or technically non-evaluable examinations. Probabilistic, ordinal, interval-
censored, or multistate labels and sensitivity analyses across defensible def-
initions are preferable to silent exclusion or majority-vote dichotomization
when the underlying state is not identifiable.

Outcome choice ultimately determines what the model learns. Objective
response emphasizes shrinkage; durable clinical benefit adds a time thresh-
old; progression-free survival incorporates new lesions and clinical decisions;
and overall survival is influenced by subsequent therapy and host reserve.
A rigorous study should prespecify one primary target and use alternative
endpoints as sensitivity analyses. Concordance across endpoints strengthens
interpretation, whereas discordance can reveal whether the model primar-
ily captures tumor shrinkage, general prognosis, the observation process, or
clinician behavior. Figure 4 translates these principles into a longitudinal
annotation and adjudication workflow.

1. Cohort and

time anchor

Intended decision

Index regimen

and time zero

Baseline and

follow-up windows

Early death and

missing scans

2. Longitudinal

lesion map

Stable lesion identifiers

Organ and target status

Prior local treatment

New, split, merged,

or unmatched lesions

3. Criteria and pattern

Lesion-level change

RECIST, iRECIST,

or PERCIST state

CNS-specific criteria

Concordant, dissociated, or

oligoprogression-candidate

pattern

4. Adjudication

and output

Clinical stability

and confirmation

RT, steroids,

infection, and toxicity

Independent review

Confirmed, suspected,

indeterminate, or

non-evaluable

Store raw measurements, criterion state, cross-lesion pattern, and certainty as

separate fields. This is a dataset-annotation framework, not a treatment algorithm.

Figure 4: Longitudinal annotation and adjudication framework for ICI imaging datasets.
It preserves lesion identity, organ-specific criteria, cross-lesion patterns, and verification
uncertainty rather than collapsing these into one binary label. [30,31,26,32,33,22,23]
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4.9. Multimodal integration beyond imaging

Imaging provides spatial and longitudinal characterization of disease but
has limited biological specificity. Digital pathology characterizes local tissue
architecture and immune context; genomic and transcriptomic assays cap-
ture molecular programs; ctDNA can reflect molecular burden and evolving
resistance; and laboratory and EHR data represent systemic inflammation,
comorbidity, medication exposure, and toxicity history. Multimodal integra-
tion should be justified by demonstrable incremental value, biological plausi-
bility, and robustness when one or more inputs are unavailable.

Johannet et al. combined pretreatment H&E slides and clinical variables
in metastatic melanoma. [34] The development cohort included 121 patients at
New York University and the external Vanderbilt cohort 32 patients; AUCs
were 0.803 and 0.793. The external validation was important, although the
external sample was small. Deep-IO later extended histology-based ICI mod-
eling to multicenter NSCLC cohorts. [35]

Vanguri et al. integrated CT, PD-L1 pathology, genomics, and clinical
data from 247 patients with advanced NSCLC. [36] The multimodal model
achieved an AUC of 0.80, compared with 0.73 for PD-L1 and 0.61 for TMB.
In a preprint, Yeghaian et al. combined pre- and on-treatment blood measure-
ments, medications, and CT-derived organ volumes in 694 immunotherapy-
treated patients across cancers. [37] Their temporal multimodal model re-
ported AUCs of 0.84, 0.83, 0.82, and 0.81 for mortality at 3, 6, 9, and 12
months, respectively. These results show complementary longitudinal signal
but remain prognostic and require peer-reviewed external validation.

LORIS used six routinely available clinical and genomic features in 2,881
patients treated with ICIs and 841 patients not treated with ICIs, spanning
18 solid tumor types. [38] Inclusion of the non-ICI cohorts enabled a partial as-
sessment of treatment specificity. SCORPIO studied 9,745 patients across 21
cancers, with model development in 1,628 patients and validation in external
real-world cohorts and 10 phase III trials. [39] Time-dependent survival AUCs
ranged from 0.725 to 0.763, and clinical-benefit AUCs ranged from 0.641 to
0.714. Performance in non-ICI arms indicated that a substantial component
of the model signal was prognostic rather than treatment-specific.

Fusion strategy affects robustness. Early fusion concatenates all features
but can be unstable when modalities differ in scale, quality, and missing-
ness. Late fusion combines modality-specific predictions and permits inde-
pendent quality control and fallback pathways. Joint representation learning
can model cross-modal interactions but requires larger cohorts and careful
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regularization. Attention coefficients should not be treated as explanations
without stability analysis and orthogonal biological support.

Complete-case analysis can select an atypically well-characterized popula-
tion. Patients without evaluable tissue, broad sequencing, or protocol-timed
imaging may differ systematically from those with complete data, so devel-
opment reports should describe why each modality is missing and compare
included with excluded patients. Section 6 addresses the technical evaluation
of modality dropout and prespecified fallback models.

Incremental value should be tested sequentially: routine clinical baseline,
imaging alone, each additional modality, a parsimonious combination, and
the full model. Improvements in AUC should be accompanied by calibration,
reclassification where appropriate, decision-curve analysis, and workflow cost.
A complex model is justified only if the additional information changes a safe
and beneficial decision.

Digital pathology has a special role because it provides cellular and spa-
tial resolution that conventional radiology cannot. Whole-slide models can
quantify tumor architecture, lymphocyte-rich regions, necrosis, stroma, and
spatial neighborhoods, while radiology describes the distribution of all visible
lesions. Their combination is conceptually attractive: the slide supplies lo-
cal biological specificity and the scan supplies whole-body context. However,
the modalities are rarely sampled from identical tissue at identical times. A
resection specimen, small biopsy, and metastatic CT lesion may represent
different disease states.

Spatial mismatch should therefore be modeled rather than ignored. When
the biopsied lesion is known, lesion-level image features can be linked directly
to the sampled site and distinguished from patient-level burden. When the
site is unknown, pathology should be treated as a patient-level partial obser-
vation. Attention-based fusion does not solve this identification problem; a
high attention weight can reflect predictive convenience rather than correct
biological correspondence.

Genomic and transcriptomic variables introduce additional dimensional-
ity. TMB, specific pathways, copy-number changes, expression signatures,
and HLA-related features can be biologically informative, but feature selec-
tion in small cohorts is unstable. Restricting molecular inputs to prespecified,
reproducible variables may outperform an unconstrained omics pipeline in ex-
ternal data. If dimensionality reduction is learned, it must be fitted inside
each development resample and locked before validation.

Routine clinical data should remain a strong comparator. Stage, treat-
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ment line, performance status, burden, laboratory inflammation, corticos-
teroid exposure, antibiotics, and comorbidity can explain substantial out-
come variation. An imaging model that is not compared with these inputs
may appear more useful than it is. Conversely, a modest improvement over
a strong clinical baseline can still matter when imaging is already acquired
and the model is automated, calibrated, and inexpensive to run.

Multimodal systems need a quality-control layer as well as a prediction
layer. The system should verify image series, segmentation, pathology tis-
sue adequacy, assay completeness, units, temporal alignment, and out-of-
distribution inputs. It should then provide the prediction, uncertainty, con-
tributing modalities, and any fallback used. Silent substitution of a missing
or corrupted modality can create confident but uninterpretable outputs.
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Table 4: Representative multimodal AI studies and the information added beyond imaging alone.

Study; population Modalities and

innovation

Reported

performance

Principal limitation

Vanguri et al. [36];

247 NSCLC

CT radiomics combined

with PD-L1 and TMB

Response AUC

0.80

Retrospective treated

cohort; no direct estimate

of differential ICI benefit.

Yeghaian et al. [37];

694 pan-cancer

patients (preprint)

Pre- and on-treatment

blood, medications, and

CT-derived organ

volumes

Mortality AUC

0.84 at 3 months;

0.81 at 12 months

Prognostic preprint;

external transportability

and missing-modality

behavior require testing.

LORIS [38]; 2,881

ICI and 841 non-ICI

patients, 18 cancers

Six routinely available

clinical and genomic

variables; non-ICI

controls examined

treatment specificity

Performance

varied by cohort

and cancer

Pan-cancer averages may

obscure disease-specific

calibration; residual

prognostic signal

remains.

SCORPIO [39];

9,745 patients, 21

cancers

Routine blood and

clinical variables;

external real-world and

10 phase III trial

validations

Survival AUC

0.725–0.763;

benefit AUC

0.641–0.714

Performance in non-ICI

arms showed that

substantial signal was

prognostic.

Johannet et al. [34];

melanoma

Histology

representations

combined with clinical

variables

External AUC

0.793

Tissue availability and

small external sample

limit generalization.

Lippenszky et

al. [40]; more than

2,200 ICI-treated

recipients

Longitudinal routine

EHR data for

organ-specific adverse

events

AUC 0.729–0.755

for selected

toxicities

Requires explicit time

horizons, calibration,

diagnostic adjudication,

and an intervention

pathway.

Abbreviations: AUC, area under the receiver operating characteristic curve; CT, computed tomography; EHR,

electronic health record; ICI, immune-checkpoint inhibitor; NSCLC, non-small-cell lung cancer; PD-L1, programmed

death-ligand 1; TMB, tumor mutational burden.
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4.10. Cancer-specific evidence and pan-cancer generalization

NSCLC has dominated imaging-based AI studies of ICI response because
CT is routinely acquired, pulmonary lesions are frequently measurable, and
relatively large biomarker-defined cohorts are available across multiple treat-
ment lines. Although this concentration has facilitated the development of
larger datasets, it may also create a misleading impression that imaging AI for
ICI has reached pan-cancer maturity. Melanoma, urothelial carcinoma, renal-
cell carcinoma, head-and-neck cancer, and gastrointestinal tumors differ sub-
stantially in imaging modality, metastatic distribution, response assessment
criteria, treatment regimens, and the prevalence and clinical relevance of
molecular biomarkers. Therefore, a model developed using thoracic CT in
NSCLC should not be transferred to another malignancy solely because both
patient populations receive PD-1/PD-L1 blockade.

Pan-cancer modeling can increase sample size and identify shared pat-
terns, but cancer type may dominate the prediction. Hierarchical approaches
can share representations while allowing cancer-, organ-, or regimen-specific
intercepts and effects, provided that the hierarchy is prespecified and ad-
equately supported by outcome events. Stratified calibration is necessary,
and very small groups should trigger wider uncertainty or abstention rather
than unstable disease-specific claims. External validation should test both
new institutions within the same cancer and genuinely new cancers because
performance averaged across diseases can conceal failure in smaller groups.

Organ site also requires explicit treatment. Liver, lung, bone, brain,
lymph-node, and soft-tissue metastases differ in image appearance, measure-
ment reliability, immune microenvironment, and clinical risk. Lesion-level
models should report site-specific results and should avoid comparing AUCs
from very small organ subsets as if they were stable estimates.

For melanoma, external lesions and nodal or visceral metastases produce
a broader range of imaging appearances than a thoracic-only NSCLC cohort,
and brain involvement is clinically important. In renal-cell carcinoma, en-
hancement, necrosis, vascularity, and heterogeneous response may require
multiphase CT or MRI. Urothelial and head-and-neck cancers present dis-
tinct primary-site anatomy, treatment combinations, and inflammatory con-
founders. Gastrointestinal cancers include molecularly defined subgroups
for which MSI-H/dMMR testing remains central. These differences sup-
port disease-specific model components rather than one undifferentiated pan-
cancer score.
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Treatment regimen is equally important. ICI monotherapy, dual-
checkpoint blockade, chemoimmunotherapy, antiangiogenic combinations,
and consolidation after chemoradiotherapy have different response rates,
toxicity patterns, and assessment schedules. A model trained in one
regimen may remain prognostic in another while becoming poorly calibrated.
External validation should report regimen-specific calibration and should
not pool therapies solely to increase sample size.

Prevalence shift changes predictive values even if ranking is stable. A
response model developed in a selected clinical-trial cohort may overestimate
benefit in a later-line real-world population. Recalibration can correct an in-
tercept or slope when relationships are otherwise transportable, but it cannot
repair missing predictors or reversed associations. Studies should distinguish
recalibration from redevelopment and should evaluate whether the original
threshold retains net benefit.

4.11. Performance metrics and clinical interpretation

Binary response AUC is common but incomplete. It measures ranking
and is unaffected by systematic over- or underestimation of risk. Calibration-
in-the-large, calibration slope, and plots across clinically relevant ranges are
required when a probability will guide care. Sensitivity, specificity, positive
predictive value, and negative predictive value depend on threshold and out-
come prevalence and should be reported for a defined use.

Survival models require concordance or time-dependent AUC together
with calibration at prespecified horizons. Censoring, subsequent therapy,
and competing events should be handled transparently. For toxicity, cumu-
lative incidence may be more appropriate than a binary label when death
or treatment discontinuation prevents observation. Confidence intervals are
essential; small apparent differences between models may not be statistically
or clinically meaningful.

Decision-curve analysis estimates net benefit across thresholds under ex-
plicit assumptions, but it does not prove that an intervention is safe or ef-
fective. A threshold should correspond to a feasible action and should be
selected without using the final test cohort. The decisive outcome remains
whether model-assisted care improves patient benefit, reduces harm, or uses
resources more effectively than standard multidisciplinary interpretation.

Uncertainty should be separated into statistical uncertainty in perfor-
mance and uncertainty for an individual prediction. Confidence intervals
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around AUC or C-index describe sampling variability; they do not tell a clin-
ician whether one patient’s image is out of distribution or poorly segmented.
Individual uncertainty can reflect ensemble variation, conformal prediction,
input quality, or distance from development data, but each method requires
calibration and a defined response. An uncertain output should lead to re-
view, additional testing, or abstention rather than an unqualified recommen-
dation.

Threshold selection should be based on the relative consequences of false-
positive and false-negative actions. A low threshold may be appropriate
for inexpensive confirmatory imaging, whereas treatment withholding or RT
intensification requires stronger evidence and a higher burden of proof. Re-
porting the maximum AUC without the intended threshold leaves the clinical
problem unspecified. Studies should provide confusion matrices and predic-
tive values at prespecified thresholds in each external cohort.

Model comparison should use identical patients, outcomes, prediction
times, and validation sets. Comparing a new network with a published AUC
from another cohort is not evidence of superiority. Within-cohort compar-
isons should include a simple clinical model, conventional radiologic assess-
ment, tumor burden or diameter, and, where available, validated biomarkers.
The incremental model should be assessed for calibration and decision value,
not only for a statistically significant difference in AUC.

Subgroup analysis should be hypothesis-driven and accompanied by un-
certainty. Performance by sex, age, ancestry or race and ethnicity, cancer
type, organ site, scanner, institution, and treatment regimen can reveal fail-
ure, but small subgroups produce unstable estimates. Apparent parity in
AUC can coexist with calibration error if event prevalence differs. Fairness
assessment should therefore examine access to required inputs, missingness,
error distribution, calibration, and downstream action.

4.12. Imaging and EHR data for toxicity

Immune-related adverse events can limit treatment benefit, mimic pro-
gression, and prompt treatment interruption or hospitalization; they also
differ in onset, organ distribution, diagnostic certainty, and management.
Imaging is central to pneumonitis assessment but must be interpreted along-
side symptoms, laboratory results, medication exposure, infection testing,
radiation dose, and disease progression. In more than 2,200 ICI-treated pa-
tients, EHR-derived models reported AUCs of 0.739 for pneumonitis, 0.729
for hepatitis, 0.755 for colitis, and 0.752 for 1-year survival. [40]
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For clinical use, toxicity prediction must specify organ, grade, time hori-
zon, calibration, and intervention. A high-risk output might trigger earlier
imaging, laboratory monitoring, pulmonary review, or a treatment-planning
change. A model that produces a risk label without a feasible pathway re-
mains descriptive.

Toxicity labels are often less reliable than survival outcomes. Pneumonitis
can overlap with infection, tumor progression, edema, aspiration, pre-existing
interstitial disease, and radiation injury; hepatitis and colitis may be identi-
fied through combinations of laboratory, imaging, pathology, medication, and
narrative documentation. Administrative codes alone can miss events or en-
code rule-out diagnoses. Adjudication should specify causality, grade, onset,
competing diagnoses, and treatment, ideally with blinded multidisciplinary
review.

Prediction time also changes the use case. A pretreatment model can sup-
port baseline counseling and monitoring intensity; an on-treatment model
can incorporate symptoms and early imaging but may be too late to pre-
vent the event; and a diagnostic model distinguishes toxicity from competing
conditions after abnormalities appear. Mixing these tasks can produce an
apparently strong model with no clear action. Reporting should identify
what information is available at the exact prediction time and how much
actionable lead time remains.

For thoracic treatment, radiation dose maps, baseline lung appearance,
ICI exposure, infection risk, and symptoms should be integrated without
assuming that all inflammatory imaging is immune-mediated. A calibrated
model might identify patients for pulmonary consultation, closer oxygen mon-
itoring, or a more conservative dose plan, but these actions require evaluation
against their costs and the risk of undertreating cancer.

4.13. What current performance establishes

Current imaging AI methods can support noninvasive phenotyping, risk
stratification, lesion-level assessment, and longitudinal monitoring. However,
they do not, by themselves, establish autonomous treatment selection. The
AUC measures discrimination and ranking performance, but does not capture
individual-level calibration, clinical utility, or net benefit. Similarly, external
validation varies widely, ranging from evaluation in a related institutional
cohort to geographic, temporal, platform-level, and clinical-trial validation;
these forms of validation should not be treated as equivalent. Saliency maps
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and feature-importance scores may aid interpretation, but they should not
be conflated with biological mechanisms.

4.14. From prognosis to treatment-effect estimation

Distinguishing prognosis from treatment effect is central to precision im-
munotherapy. A prognostic model estimates outcomes under the treatment
patterns represented in the training data. Such a model may accurately iden-
tify patients with low tumor burden, favorable performance status, or indo-
lent disease, but it does not establish whether ICI is preferable to chemother-
apy, targeted therapy, supportive care, or combination regimens. Treatment-
effect prediction, in contrast, asks how outcomes for a clinically comparable
patient would differ under alternative therapeutic strategies. This counter-
factual contrast cannot be inferred from a single treatment arm alone.

Randomized trials provide the strongest basis for estimating heteroge-
neous treatment effects because treatment assignment is independent of mea-
sured and unmeasured baseline prognosis within the trial. Imaging biomark-
ers can be evaluated through prespecified treatment-by-biomarker interac-
tions, multivariable models with appropriate shrinkage, and estimates of ab-
solute benefit across baseline risk. Subgroup response rates alone are insuf-
ficient: a marker can be associated with good outcome in both arms and
still lack predictive value. Conversely, a modest interaction can be clinically
meaningful when baseline risk and treatment toxicity differ substantially.

The effective sample size for treatment-effect modeling is constrained by
the smaller treatment group and by the number of outcome events, not by
the total number of image patches or lesions. Flexible deep models can overfit
interactions even when conventional prognostic performance appears stable.
Dimensionality reduction, prespecified imaging representations, penalization,
and independent trial validation are therefore especially important. Explo-
ration and confirmation should be separated; a treatment interaction discov-
ered and tested in the same small cohort is hypothesis-generating.

Observational data can extend trial evidence but require an explicit causal
target. Eligibility, treatment strategies, time zero, follow-up, outcome, and
estimand should be defined as if emulating a target trial. Confounding by
indication is substantial because therapy choice reflects PD-L1, molecular al-
terations, symptoms, comorbidity, access, clinician preference, and calendar
time. Propensity methods or outcome regression cannot recover treatment
effects when important determinants are absent or measured after treatment
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initiation. Sensitivity analyses should examine residual confounding and pos-
itivity violations.

Absolute effects are more useful than a binary “benefit” label. A model
might estimate the 12-month risk under ICI and under an alternative, their
absolute difference, and uncertainty. The same relative effect can imply very
different value in patients with different baseline risks. Decisions also require
competing outcomes, including severe immune toxicity, early progression,
quality of life, and treatment burden. A clinically credible system should
present the expected benefit–harm profile rather than a single response prob-
ability.

Lesion-level treatment introduces an additional causal layer. Selecting a
resistant lesion for biopsy or local RT may change local control without chang-
ing the systemic effect of ICI. Training on lesions that were actually irradiated
creates selection bias because treatment was influenced by symptoms, size,
accessibility, and clinician judgment. Future studies should record the deci-
sion process for every candidate lesion and compare explicit local-treatment
strategies. Patient-level outcomes must account for the fact that untreated
lesions and systemic therapy continue to determine prognosis.

Validation of a treatment-effect model should assess calibration of abso-
lute outcomes within each treatment, calibration of predicted benefit, con-
sistency across clinically important risk groups, and decision value under
prespecified treatment thresholds. A model can rank relative benefit while
systematically exaggerating its magnitude. Ultimately, a prospective study
must test a locked rule in which model output changes a defined decision. Un-
til such evidence exists, the appropriate terminology is exploratory treatment-
effect modeling rather than model-guided treatment selection.

5. Radiotherapy plus ICI as a Focused Imaging Use Case

Radiotherapy (RT) plus immune checkpoint inhibition (ICI) serves here
as a focused imaging use case rather than a second, independent theme of
the review. The setting is particularly informative for imaging-centered AI
because treatment is defined spatially and temporally: the relevant ques-
tions include which lesion to irradiate, what volume and dose distribution to
use, how to fractionate treatment, and when to deliver RT relative to ICI.
Imaging can represent whole-body disease and lesion heterogeneity, while RT
planning data provide three-dimensional exposure maps for tumors, normal

35



organs, marrow, lymphoid structures, and surrogate compartments for circu-
lating blood. Clinical evidence is nevertheless substantially more mature for
predefined RT+ICI regimens than for model-guided selection among those
regimens.

5.1. Context-dependent biological effects

RT can increase tumor-antigen availability, alter the peptide repertoire
and major histocompatibility complex class I expression, and activate in-
nate immune signaling that supports dendritic-cell priming and T-cell re-
sponses. [41,42,43] These mechanisms provide a biological rationale for combin-
ing RT with ICI, but they do not imply that every radiation exposure is im-
munologically favorable. The observed effect depends on how tumor killing,
inflammatory signaling, immune-cell preservation, stromal remodeling, and
normal-tissue injury interact in a particular patient.

Dose and fractionation are therefore mechanistic variables rather than
interchangeable descriptions of local treatment. In preclinical models, frac-
tionated RT combined with checkpoint blockade produced systemic antitu-
mor effects that were not reproduced by the tested single-dose regimen. [44]

Conversely, sufficiently high doses per fraction can induce the DNA exonu-
clease TREX1, reduce cytosolic DNA accumulation, and attenuate cGAS–
STING-dependent type-I interferon signaling. [45] These findings do not de-
fine a universally optimal “immunogenic dose.” They instead show that local
cytotoxicity and immune stimulation need not increase in parallel and that
the preferred regimen may vary with tumor type, lesion size, immune context,
and therapeutic objective. [46]

Treatment sequence adds another layer of dependence. Radiation-induced
antigen presentation and inflammatory signaling evolve over time, while adap-
tive inhibitory pathways can also be induced. In murine models, concurrent
PD-L1 blockade overcame adaptive resistance to fractionated RT, supporting
the importance of temporal coordination. [47] However, a preclinical schedul-
ing interaction cannot determine the best clinical sequence. In practice, RT
before ICI, concurrent RT+ICI, and consolidation ICI after chemoradiother-
apy expose different patient populations and normal tissues, and they should
be treated as distinct strategies rather than pooled under a single combina-
tion label.

Target selection and exposure of immune compartments may be as impor-
tant as prescription dose. Irradiating a tumor can release antigen, whereas
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elective irradiation of tumor-draining lymph nodes may impair antigen pre-
sentation and T-cell priming; in preclinical work, elective nodal irradiation
attenuated the efficacy of stereotactic RT combined with immunotherapy. [48]

Larger fields can also expose marrow and circulating lymphocytes. In pa-
tients receiving PD-1 inhibitors, prior or concurrent RT-related lymphocyte
depletion has been associated with poorer outcomes, and retrospective anal-
yses in stage III non-small-cell lung cancer (NSCLC) have linked higher esti-
mated dose to the host immune system with inferior tumor control and sur-
vival. [49,50] These associations are clinically important but not causal proof
that an immune-sparing plan will improve the benefit of ICI.

The net RT–ICI interaction is consequently lesion-, site-, dose-,
fractionation-, sequence-, and host-dependent. A useful imaging repre-
sentation should extend beyond the gross tumor volume and nominal
prescription: it should preserve lesion identity, spatial dose, temporal
sequence, normal-organ exposure, relevant lymphoid or marrow structures,
and baseline pulmonary and immune reserve. Figure 5 summarizes this
balance and its connection to individualized decision support.
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Treatment and host determinants of the RT–ICI interaction

Dose and

fractionation

Total dose, dose
per fraction,
and number
of fractions

Timing and

sequence

RT–ICI order
and interval

Target and

volume

Treated lesion,
field size, and
spatial dose
distribution

Immune

context

Draining nodes
and marrow;

circulating blood
and host reserve

Potentially supportive effects

• Antigen and danger-signal release
• MHC-I expression and cross-
presentation
• cGAS–STING and type-I interferon
signaling
• Vascular and chemokine remodeling

Potentially limiting effects

• TREX1 induction at some high
doses
• Lymphocyte loss from marrow,
blood, or draining-node exposure
• Stromal and myeloid suppression
• Overlapping normal-tissue toxicity

Individualized RT–ICI therapeutic balance

Imaging-centered support should integrate lesion phenotype, 3D dose, and timing
with immune exposure and host reserve.

Figure 5: Context-dependent determinants of the interaction between RT and ICI. Dose
and fractionation, treatment timing, target selection and volume, and exposure of lym-
phoid, marrow, and circulating immune compartments can shift radiotherapy toward
immune-supportive or immune-limiting effects. Their patient-specific balance motivates
imaging-centered tools for individualized treatment design.
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5.2. Clinical evidence and the resulting opportunity for AI

The strongest clinical foundation is the PACIFIC paradigm in un-
resectable stage III NSCLC. Among patients without progression af-
ter concurrent chemoradiotherapy, consolidation durvalumab improved
progression-free and overall survival relative to placebo. [51,52] At five years,
overall survival was 42.9% versus 33.4%, and progression-free survival was
33.1% versus 19.0%. [53] This is practice-changing evidence for a defined
sequential strategy. It does not establish that RT should be added to ICI
in metastatic disease, that concurrent ICI is superior, or that one radiation
dose, field, or fractionation is optimal for immune synergy.

In metastatic NSCLC, a pooled analysis of the randomized PEMBRO-
RT and MD Anderson phase I/II trials included 148 patients and reported
higher out-of-field response and longer survival with pembrolizumab plus RT
than with pembrolizumab alone. [54] The result supports further study but
does not resolve which lesion should be treated or which dose and schedule
should be used. KEYNOTE-799 subsequently demonstrated the feasibility
of pembrolizumab with concurrent chemoradiotherapy in unresectable stage
III NSCLC, with objective response rates of approximately 70% and grade 3
or higher pneumonitis in 8.0% and 6.9% of its two nonrandomized cohorts. [55]

More recent phase III evidence is cautionary: PACIFIC-2 and CheckMate
73L did not establish superiority of concurrent intensification over the con-
solidation durvalumab paradigm. [56,57]

These studies define clinically relevant settings and endpoints, but they
are not evidence of model-guided treatment. Trial-level averages do not iden-
tify which patient should receive additional RT, which lesion should be se-
lected, or whether an alternative plan or sequence would improve that pa-
tient’s outcome. They nevertheless reveal where decision-support research
could be useful. Baseline and serial imaging can quantify total burden, organ-
specific disease, mixed response, and pulmonary reserve; RT data can provide
lesion-resolved dose and immune-compartment exposure; and longitudinal
clinical data can align these features with treatment timing and toxicity. To
support a treatment choice rather than prognosis alone, an AI study must
include clinically relevant alternatives and estimate how outcomes differ be-
tween them.
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Table 5: Selected clinical evidence for radiotherapy combined or sequenced with ICI.

Study; setting Design and regimen Key result Interpretation for

decision support

PACIFIC

Antonia et al. [51,52];

Spigel et al. [53]

Unresectable stage III

NSCLC

Randomized

durvalumab versus

placebo after concurrent

chemoradiotherapy

Five-year OS

42.9% versus

33.4%; PFS 33.1%

versus 19.0%

Establishes

consolidation

durvalumab after

chemoradiotherapy, not

AI-guided selection or

metastatic RT addition.

Pooled phase II

NSCLC

Theelen et al. [54]

Metastatic disease

Randomized

pembrolizumab with or

without RT; pooled

n = 148

Higher out-of-field

response and

longer survival

reported with RT

Hypothesis-

generating; small

cohort and unresolved

lesion, dose, and

schedule selection.

KEYNOTE-799

Jabbour et al. [55]

Stage III NSCLC

Nonrandomized

concurrent

pembrolizumab plus

chemoradiotherapy

Objective response

about 70%; grade

≥ 3 pneumonitis

8.0% and 6.9%

Demonstrated

feasibility but lacked a

randomized

comparator for

concurrent

intensification.

PACIFIC-2

Bradley et al. [56]

Stage III NSCLC

Concurrent durvalumab

with chemoradiotherapy

versus placebo during

chemoradiotherapy

Concurrent

strategy did not

establish

superiority over

the consolidation

paradigm

Underscores that

sequence cannot be

inferred from

biological rationale

alone.

CheckMate 73L

Peters et al. [57]

Stage III NSCLC

Nivolumab-based

concurrent and

consolidation strategies

versus durvalumab

consolidation

Intensification did

not improve the

primary outcome

Supports

decision-specific

randomized testing

before adopting more

complex schedules.

Abbreviations: AI, artificial intelligence; ICI, immune-checkpoint inhibitor; NSCLC, non-small-cell lung cancer; OS,

overall survival; PFS, progression-free survival; RT, radiotherapy.
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5.3. AI for efficacy and response prediction

Direct patient-level evidence for AI-based efficacy prediction in combined
RT+ICI remains sparse. Li et al. studied 88 patients with unresectable stage
III NSCLC treated with concurrent chemoradiotherapy followed by PD-1 in-
hibition. [58] Their pretreatment CT-radiomics model reported an AUC of
0.85 in an independent retrospective test subset of 33 patients and 0.90 in a
prospectively accrued validation subset of 17 patients. The study provides
a relevant example of imaging-based response stratification, but the small
validation partitions yield imprecise performance estimates. More impor-
tantly, all patients received a predefined combined-modality strategy; the
model therefore predicts response conditional on that strategy and does not
estimate whether an alternative RT or ICI approach would be preferable.

Mechanistic AI offers a complementary but earlier line of work. Peng
et al. developed an AI-based mathematical framework to model interac-
tions between pulsed adaptive RT and immunotherapy. [59] Such models can
formalize hypotheses about dose and timing and may help prioritize exper-
imental schedules. They are not substitutes for patient-level imaging vali-
dation, because simulated synergy does not demonstrate transportable pre-
diction or clinical utility. The distinction between mechanistic simulation,
post-treatment outcome prediction, and treatment-effect estimation should
remain explicit.

Future efficacy studies should prespecify both the endpoint and the deci-
sion. Local control of an irradiated lesion, response of nonirradiated lesions,
progression-free survival, and overall survival represent different biological
and clinical targets. A model intended to decide whether to add RT requires
an ICI-alone comparator; a sequencing model requires alternative timing
strategies; and a lesion-selection model requires outcomes for all candidate
lesions, including those not selected for treatment. Without these contrasts,
even strong discrimination may reflect baseline prognosis rather than differ-
ential benefit from RT.

5.4. AI for toxicity and safety prediction

Building on the general ICI-toxicity considerations in Section 4.12, this
subsection focuses on the additional planning and diagnostic complexity in-
troduced by thoracic RT+ICI. Here, an adverse-event risk estimate is use-
ful only if it is linked to a diagnostic, surveillance, planning, or mitigation
pathway, because radiation pneumonitis, immune-mediated pneumonitis, in-
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fection, tumor progression, and mixed etiologies can overlap radiologically
and clinically.

Yang et al. developed a multimodal deep-learning model in 261 patients
with lung cancer treated with RT and immunotherapy, integrating pretreat-
ment CT radiomics, deep image features, and clinical variables; the reported
five-fold cross-validated AUC for symptomatic pneumonitis was 0.922. [60]

Kraus et al. combined radiomics, dosiomics, dose–volume histograms, and
clinical variables in 100 patients receiving thoracic RT, 39 of whom received
ICI, and reported a best combined-model AUC of 0.77. [61] Wang et al. stud-
ied 102 patients with NSCLC treated with ICI and RT and reported AUCs
of 0.918 in training and 0.833 in an internal validation cohort for radiation
esophagitis. [62] Masuda et al. evaluated grade 2 or higher pneumonitis af-
ter chemoradiotherapy and durvalumab in 123 patients from 10 institutions,
reporting an AUC of 0.88 under five-fold cross-validation. [63]

These studies show that imaging, dosimetry, and clinical data can be
combined to estimate toxicity risk, but their evidence remains predominantly
retrospective and internally evaluated. Cross-validation within a multicen-
ter cohort is not equivalent to a locked external test across new institutions,
scanners, planning practices, and calendar time. Moreover, a risk score be-
comes decision support only when it is connected prospectively to a defined
action, such as plan modification, immune-compartment sparing, intensified
surveillance, diagnostic work-up, or treatment interruption, and when the
consequences of that action are evaluated.

The evidence gap is summarized in Figure 6. Current models estimate
efficacy or toxicity after treatment selection. None has prospectively shown
that an AI-selected choice of whether, where, when, or how to deliver RT
during ICI improves a patient-relevant outcome or safety endpoint.

42



Table 6: Selected imaging-centered AI studies in patients treated with RT and ICI, separated by

efficacy and toxicity endpoints.

Study; treated

population

Endpoint and model

inputs

Reported

performance

Clinical-decision

interpretation

Li et al. [58]; stage III

NSCLC, n = 88

Efficacy: response

after

chemoradiotherapy

followed by PD-1

inhibition; pretreatment

CT radiomics

AUC 0.90 in a

prospectively

accrued

validation subset

(n = 17); 0.85 in

an independent

retrospective test

subset (n = 33)

Predicts response after a

fixed regimen in small

validation partitions; no

AI-directed RT or ICI

choice was evaluated.

Yang et al. [60]; lung

cancer, n = 261

Toxicity: symptomatic

pneumonitis;

multimodal deep

network using CT

radiomics, deep

imaging features, and

clinical factors

Five-fold

cross-validated

AUC 0.922

Strong cross-validated

discrimination, but no

locked independent test or

prospective model-guided

mitigation pathway.

Kraus et al. [61];

thoracic RT, n = 100,

including 39 ICI

recipients

Toxicity: pneumonitis;

radiomics, dosiomics,

dose–volume

histograms, and clinical

factors

Best

combined-model

AUC 0.77

Small heterogeneous

cohort with limited ICI

representation; RT+ICI

inference and clinical

actionability remain

exploratory.

Wang et al. [62];

NSCLC, n = 102

Toxicity: radiation

esophagitis; CT

radiomics plus clinical

and dosimetric factors

AUC 0.918 in

training and

0.833 in internal

validation

Single-center internal

validation; predicts

toxicity rather than

whether or how RT

should be delivered

during ICI.

Masuda et al. [63];

stage III NSCLC,

n = 123 from 10

institutions

Toxicity: grade ≥ 2

pneumonitis after

chemoradiotherapy and

durvalumab;

pretreatment CT

radiomics and clinical

variables

AUC 0.88 under

five-fold

cross-validation

Multicenter sampling, but

no locked external test or

comparison of alternative

RT or toxicity-mitigation

strategies.

Interpretive note: Within this selected evidence set, AI estimates efficacy or toxicity after treatment selection;

prospective utility for choosing whether, where, when, or how to deliver RT during ICI remains unestablished.

Abbreviations: AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; CT, computed

tomography; ICI, immune-checkpoint inhibitor; NSCLC, non-small-cell lung cancer; PD-1, programmed cell death

protein 1; RT, radiotherapy.
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Retrospective association — available

Response or toxicity modeling in pa-
tients already treated with RT+ICI

Independent external validity — limited

Locked testing across centers, scanners, protocols, and time

Prespecified actionability — not established

A rule for whether, where, when, or how to irradiate

Prospective clinical utility — absent

Evidence that model-guided care improves outcome or safety

Figure 6: Evidence maturity for AI in immunoradiotherapy. Existing studies estimate
efficacy or toxicity after treatment selection, but the prospective clinical utility of AI-
selected RT remains unproven. [58,60,61,62,63]

5.5. Decision-specific research targets

Future models should be organized around one prespecified clinical deci-
sion at a time. A model addressing whether to add RT must compare an
RT-containing strategy with a clinically relevant non-RT alternative and es-
timate treatment-effect heterogeneity. A model addressing which lesion to
irradiate requires organ-aware, lesion-level imaging linked to an explicit ob-
jective, such as durable local control, symptom prevention, or management of
oligoprogression. A model addressing dose, fractionation, or sequence must
encode three-dimensional dose distributions and treatment timing together
with exposure of lung, marrow, lymphoid structures, and circulating blood.
A toxicity model must report calibrated absolute risk and specify the action
triggered at a clinically justified threshold.

Among plausible near-term targets, lesion selection for oligoprogression
and mitigation of thoracic toxicity may be particularly testable because each
can be linked to a discrete imaging-based action and a patient-relevant end-
point. Even in these settings, retrospective association should be treated
as hypothesis generation. Translation requires a locked model, an explicit
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override pathway, external validation, and prospective comparison of model-
guided care with the existing clinical workflow.

6. Methodological and Translational Requirements

6.1. Standardization and leakage control

Imaging varies by scanner, protocol, contrast, reconstruction, slice thick-
ness, motion, and segmentation. Pathology, molecular assays, laboratory
values, and RT plans introduce additional technical variation. A model can
learn these signatures more easily than stable tumor biology. The Image
Biomarker Standardisation Initiative provides standardized radiomic defini-
tions [18]; CLAIM and joint ESTRO/AAPM guidance support transparent
imaging and radiation-oncology AI reporting. [64,65]

All lesions, slides, patches, and time points from one patient must re-
main in one partition. Preprocessing, harmonization, imputation, feature
selection, and hyperparameter tuning must be learned within training data.
An untouched test set should be evaluated only after the pipeline is locked.
Cross-validation quantifies internal uncertainty but does not create external
evidence.

6.2. Validation, calibration, and missing modalities

Random internal splits test interpolation within one data-generating pro-
cess. Temporal validation tests changes in practice; geographic validation
tests institutional and population shift; platform validation tests scanners
and assays; trial validation tests a protocol-selected population. Performance
should include discrimination, calibration intercept and slope, clinically rele-
vant operating points, subgroup error, and failure or abstention rates.

Multimodal models must specify which inputs are mandatory and how
predictions change when a biopsy, sequencing assay, or scheduled scan is un-
available. Complete-case analysis can select an atypically well-characterized
population. Modality dropout, late fusion, and prespecified fallback models
may better reflect routine care.

TRIPOD+AI and PROBAST+AI support reporting and risk-of-bias as-
sessment for clinical prediction models. [66,67] These frameworks should influ-
ence protocol design rather than be applied only after analysis.

45



6.3. Reproducibility, multicenter collaboration, and data governance

Reproducibility has at least three levels. Computational reproducibility
asks whether the same code and data produce the same result. Analyti-
cal reproducibility asks whether plausible changes in acquisition, preprocess-
ing, contouring, and feature extraction preserve the estimate. Clinical repro-
ducibility asks whether the locked system performs in a new population and
workflow. Reporting only the final model coefficients or network architecture
addresses none of these levels adequately.

Radiomics quality frameworks emphasize protocol description, feature ro-
bustness, validation, biological or clinical association, comparison with ac-
cepted standards, and open science. [68] For contemporary deep learning, an
equivalent record should include series-selection rules, preprocessing versions,
segmentation provenance, pretrained weights, augmentation, optimization,
stopping criteria, model selection, and random seeds. The purpose is not
procedural detail for its own sake; it is to identify which parts of the pipeline
are fixed and which may vary across sites.

Data and code sharing can accelerate verification, but unrestricted release
is not always feasible for clinical images. Imaging contains facial, anatom-
ical, temporal, and institutional information that may remain identifiable
after removal of conventional metadata. RT plans, genomic profiles, rare
diagnoses, and longitudinal dates increase re-identification risk. Governance
should therefore specify consent or waiver, de-identification, date handling,
access control, permitted use, retention, audit, and procedures for withdrawal
or correction.

When raw data cannot be shared, reproducibility can be improved
through locked containers, executable preprocessing specifications, synthetic
test cases, feature dictionaries, model cards, and controlled evaluation
servers. A model can be submitted to an external data custodian and evalu-
ated without transferring patient data to the developer. This arrangement
preserves a stronger separation between development and testing than a
nominal external cohort that is repeatedly queried during model refinement.

Federated learning is attractive for rare cancers and multimodal
immunotherapy cohorts because parameters rather than raw data are
exchanged. It does not automatically solve privacy, heterogeneity, or bias.
Site-specific label definitions, scanner protocols, missing modalities, and
outcome prevalence remain, and parameter updates can leak information
under some threat models. Federated studies should define the participating-
site distribution, aggregation strategy, privacy safeguards, communication
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failures, site-level performance, and behavior when a small or atypical center
joins or leaves.

Multicenter evaluation should preserve heterogeneity rather than harmo-
nize every site into the development distribution. Site-wise results reveal
whether apparent generalization depends on one dominant center. Leave-
one-site-out evaluation can be informative during development, but the final
external site must remain untouched. If recalibration is permitted, its sample
size, variables, and timing should be prespecified, and performance should
be reported both before and after recalibration.

Dataset stewardship continues after publication. Corrections to imag-
ing, outcomes, and biomarker values should be versioned; duplicate patients
across public and institutional sources should be detected; and train–test
overlap should be reassessed when foundation models or external pretrained
weights are introduced. Provenance should link every prediction to the model
version, input series, preprocessing version, and timestamp. Without this
traceability, later error analysis and clinical accountability are compromised.

6.4. Interpretability, fairness, and clinical workflow

Clinicians need the intended population, prediction time, input availabil-
ity, reference standard, calibrated risk, uncertainty, and known failure con-
ditions. Feature importance and saliency can support review but do not
prove causality. Population representation matters because access to imag-
ing, molecular testing, trials, and toxicity assessment differs across groups
and institutions.

The FUTURE-AI framework emphasizes fairness, universality, traceabil-
ity, usability, robustness, and explainability. [69] WHO guidance emphasizes
autonomy, safety, transparency, responsibility, inclusion, and sustainabil-
ity. [70] High-risk decision support additionally requires version control, drift
detection, recalibration, incident review, and human override.
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Table 7: Minimum safeguards for translating imaging and multimodal AI into immunotherapy

care.

Domain Required practice Failure detected Evidence to report

Population and

time point

Define eligibility,

treatment line,

prediction time, and

available inputs

Target-population drift

and use of future

information

Cohort flow, exclusions,

event count, and

prediction timeline.

Patient-level

separation

Keep all lesions, images,

slides, and time points

from one patient

together

Patch-, lesion-, or

visit-level leakage

Split unit, site

allocation, and code or

audit of identifiers.

Locked

preprocessing

Fit harmonization,

imputation, feature

selection, and thresholds

within training data

Information transfer

from validation or test

data

Versioned pipeline and

untouched-test

evaluation.

External validity Test geographic,

temporal, platform, and

clinically relevant

subgroup shift

Institution-, scanner-,

assay-, or

prevalence-specific

shortcuts

Discrimination,

calibration, operating

points, uncertainty, and

failure rate.

Missing

modalities

Define mandatory inputs,

dropout training, and

fallback models

Complete-case

selection and silent

failure in routine care

Missingness reasons,

comparison of included

and excluded cases, and

dropout performance.

Action and

oversight

Prespecify threshold,

recommendation,

override, monitoring,

and drift response

Non-actionable scores,

automation bias, and

unsafe deployment

Decision-curve

analysis, silent

deployment, override

reasons, and

prospective utility.
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6.5. Prospective clinical utility

A defensible development sequence is retrospective feasibility, locked ex-
ternal validation, prospective silent evaluation, model-assisted feasibility, and
comparative testing of model-guided care. SPIRIT-AI and CONSORT-AI
guide protocols and reports when AI is part of the intervention. [71,72] The
comparator should be the actual multidisciplinary workflow rather than an
artificially weak baseline.

Clinical utility depends on the action. A response model may trigger
confirmatory imaging or biopsy; a toxicity model may trigger monitoring
or pulmonary review; a treatment-effect model may alter therapy. Each
action has costs and harms. Survival, severe toxicity, quality of life, time on
ineffective treatment, resource use, and patient burden are more meaningful
than AUC alone.

Prospective silent evaluation is an important intermediate stage. A locked
model can run without influencing care while investigators measure data avail-
ability, processing time, calibration, subgroup failures, out-of-distribution
cases, and disagreement with multidisciplinary assessment. This stage often
exposes workflow problems that cannot be identified retrospectively. Only
after the output, threshold, and override process are stable should the model
influence care.

6.6. Human–AI team evaluation and early clinical studies

The unit of clinical evaluation is the human–AI team, not the algorithm in
isolation. An imaging model may improve average reader accuracy yet worsen
decisions when its confidence is poorly communicated or when users anchor
on an incorrect output. Conversely, a moderately discriminative model may
be useful if it reliably identifies cases requiring second review. Evaluation
should therefore measure unaided clinicians, AI alone, and clinicians assisted
by AI on the same representative cases, while controlling for reading order
and learning effects. Human-factor outcomes should include alert burden,
processing delay, recommendation viewing and adherence, reasons for over-
ride, additional testing, and changes in clinician time or resource use.

The interface should show the intended output, prediction time, thresh-
old, uncertainty, input quality, and relevant comparison without implying
mechanistic certainty. Lesion overlays can support verification, but saliency
maps should not substitute for evidence. For whole-body models, the clini-
cian should be able to identify which examinations and lesions were included,
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which were excluded, and whether the system used a fallback because pathol-
ogy, sequencing, or follow-up imaging was missing.

Early live evaluation should examine feasibility and human factors before
efficacy claims. DECIDE-AI provides stage-specific reporting guidance for
early clinical evaluation of AI decision-support systems. [73] Relevant mea-
sures include recruitment, data availability, technical failures, processing
time, user training, adherence, overrides, workflow change, and unintended
consequences. A technically successful prediction delivered after the tumor
board or after treatment initiation has no practical utility.

Comparative clinical trials should randomize at the patient, clinician,
tumor-board, or site level according to the risk of contamination. Cluster
designs may be necessary when clinicians cannot reasonably alternate be-
tween assisted and unassisted workflows. Endpoints should match the deci-
sion: time to confirmed response, severe toxicity, time to systemic-therapy
change, quality of life, or survival may be appropriate, whereas reader agree-
ment alone is not sufficient. Protocols should specify downtime procedures
and the authority of human override.

6.7. Lifecycle monitoring, model updating, and regulatory evidence

Deployment changes the data-generating process. Scanner replacements,
reconstruction updates, new ICI combinations, changing PD-L1 testing, re-
vised response criteria, and altered referral patterns can shift inputs and
outcomes. Monitoring should distinguish input drift, prevalence shift, cali-
bration drift, and changes in clinical action. Drift alerts require prespecified
thresholds and ownership; otherwise, dashboards accumulate signals without
a safe response.

Performance monitoring requires outcomes that become available at dif-
ferent times. Image quality and missing inputs can be assessed immediately,
response after weeks or months, and survival much later. A practical surveil-
lance plan should combine leading indicators with delayed clinical endpoints.
It should also stratify by cancer, site, regimen, scanner, and relevant patient
groups so that acceptable overall performance does not conceal a localized
failure.

Updating is a regulated intervention, not routine software maintenance.
The International Medical Device Regulators Forum’s Good Machine
Learning Practice principles emphasize representative data, independent
testing, human–AI performance, clear user information, monitoring, and
control across the total product life cycle. [74] Each update should state

50



what changed, why it changed, which data were used, whether the decision
threshold changed, and what evidence supports continued safety and
effectiveness.

Locked periodic updates are easier to audit than continuous adaptation.
A candidate update can be developed on new data, evaluated in a segre-
gated test set, compared with the deployed version, and released only after
approval. Continuous learning may be appropriate in limited settings but
requires stronger controls against feedback loops. If clinicians preferentially
act on high-risk predictions, subsequent outcomes are partly caused by the
model, and naive retraining can learn from its own interventions.

Rollback, incident response, and communication should be designed be-
fore deployment. The institution needs a mechanism to suspend the model,
identify affected predictions, notify users, preserve logs, and revert to a vali-
dated version. Material changes in calibration or workflow may require reval-
idation even when the underlying network is unchanged. Local responsibility
should be explicit among the clinical service, imaging department, informa-
tion technology team, developer, and governance body.

6.8. Implementation and health-economic value

Implementation value depends on more than model accuracy. Direct costs
include software, computing, storage, integration, quality control, cyberse-
curity, maintenance, and staff training. Indirect costs include additional
imaging, biopsies, consultations, false alarms, and time spent resolving failed
segmentations. These costs should be compared with potential reductions
in ineffective treatment, severe toxicity, delayed progression recognition, and
manual measurement workload.

Equity is also an implementation outcome. A model that requires special-
ized PET, broad sequencing, or research-quality follow-up may perform well
while widening access disparities. Reporting should identify the proportion
of eligible patients who can supply the required inputs and should evaluate a
lower-cost fallback pathway. The strongest deployment candidate may be a
parsimonious imaging-and-clinical model with slightly lower discrimination
but broader availability, faster turnaround, and more stable calibration.

Adoption should proceed only when the system adds value to the real
comparator. If an experienced multidisciplinary team already reaches the
same decisions, automation may still reduce time or variability, but that
benefit must be measured. If the model changes care, the resulting benefits
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and harms must be evaluated prospectively. This requirement keeps imple-
mentation focused on patient and service outcomes rather than on technical
novelty.

7. Research Priorities

The highest-priority studies should use imaging as a longitudinal spatial
backbone and add other modalities only when they improve a defined deci-
sion. Multicenter cohorts should preserve raw images, lesion identity, con-
tours, dose maps, pathology, molecular assays, ctDNA, medications, labora-
tory trajectories, outcomes, and reasons for missingness. Shared definitions
are more important than unrestricted feature count.

Treatment-specific prediction requires relevant controls. Where random-
ized trial data exist, models should estimate absolute and relative treatment
effects with calibration across baseline risk. Longitudinal models should
identify prespecified decision times and account for informative observation.
Prospective silent deployment should precede any model-triggered change in
therapy.

For RT+ICI, a realistic trial could evaluate local RT for oligoprogression
during otherwise effective ICI. A locked model would combine lesion-level se-
rial imaging, organ site, previous response, ctDNA trajectory, RT feasibility,
and pulmonary or marrow risk. The intervention would be a prespecified
recommendation, not an unstructured score. Endpoints could include time
to systemic-therapy change, local and nonirradiated control, severe toxicity,
quality of life, and survival.
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Table 8: Decision-focused research priorities for imaging AI in cancer immunotherapy.

Clinical question Minimum data

structure

Appropriate

evaluation

Patient-relevant

endpoint

Who benefits from

ICI?

Imaging and routine

biomarkers in ICI and

relevant non-ICI groups

Treatment-effect

modeling with

cancer-specific

calibration

Absolute benefit,

severe toxicity,

quality of life, and

survival.

Is early change

reliable?

Prespecified serial

imaging and molecular

time points with

reasons for missing

scans

Landmark analysis,

checks for

informative

observation, and

external temporal

validation

Time to effective

treatment change and

avoidance of

premature

discontinuation.

Which lesion should

be treated locally?

Whole-body lesion

identity, organ site,

serial response,

symptoms, and RT

feasibility

Lesion- and

patient-level

evaluation with

prespecified

aggregation

Local control, time to

systemic-therapy

change, symptoms,

and toxicity.

How should RT and

ICI be sequenced?

Three-dimensional

dose, fractionation,

timing, immune

exposure, and a valid

comparator

Randomized or target

trial-compatible

treatment-effect

analysis

Survival,

non-irradiated

control, immune

toxicity, and

normal-tissue injury.

Can AI improve

workflow?

Locked software,

real-time data

availability, uncertainty,

and override logging

Prospective silent

deployment followed

by comparative

model-guided

evaluation

Safety, calibration,

clinician adherence,

resource use, and net

patient benefit.

Abbreviations: AI, artificial intelligence; ICI, immune-checkpoint inhibitor; RT, radiotherapy.
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8. Conclusion

Imaging-centered AI provides whole-body, longitudinal information that
cannot be obtained from a single biopsy or blood draw and is already em-
bedded in oncology care. Current studies provide evidence for radiogenomic
phenotyping, lesion-level analysis, risk stratification, serial response assess-
ment, toxicity modeling, and multimodal biomarker integration. Pathology,
omics, ctDNA, laboratory measurements, and EHR data add complementary
specificity, but increasingly complex fusion should be justified by incremental
calibration, robustness, and decision utility.

The principal conceptual boundary is between outcome prediction and
treatment-effect prediction. Most current models stratify prognosis among
ICI-treated patients. Few include relevant non-ICI controls, and none has
established broad clinical utility through a model-guided treatment trial.
RT+ICI illustrates this gap: direct AI studies predict response, pneumonitis,
or esophagitis, but no prospective evidence shows that an AI-selected RT
strategy improves outcome.

Progress should be judged by data provenance, patient-level leakage con-
trol, calibration, external validity, missing-modality robustness, treatment
specificity, and improvement in a patient-relevant decision. Under these con-
ditions, imaging AI may help move cancer immunotherapy from isolated
static biomarkers toward multimodal, longitudinal, and individualized de-
cision support. Its clinical value will ultimately depend not on a higher
reported AUC but on whether it improves a defined decision for a defined
patient at a defined time.
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