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A B S T R A C T

This narrative review synthesizes how artificial intelligence (AI) is reshaping neuro-oncology imaging through 
automated detection, segmentation, grading, and longitudinal monitoring of brain tumors using multiparametric 
magnetic resonance imaging (MRI) and hybrid positron emission tomography (PET) combined with MRI. 
Conventional interpretation remains constrained by interobserver variability, subjective estimation of tumor 
burden, and persistent difficulty in separating treatment-related changes, particularly pseudoprogression and 
radiation effects, from true recurrence, creating uncertainty in clinical decision-making. Deep learning seg
mentation pipelines now support fast, reproducible delineation of enhancing tumors, non-enhancing tumors, 
edema, and postoperative cavities, generating quantitative two-dimensional and three-dimensional metrics that 
better reflect complex, infiltrative diseases than manual measurements. Radiomics and multimodal machine 
learning models leveraging diffusion, perfusion, spectroscopy, and amino-acid PET features provide biologically 
informed characterization, support radiogenomic associations aligned with the 2021 World Health Organization 
Classification of Central Nervous System Tumors, fifth edition molecular taxonomy, and improve post-therapy 
response evaluation when morphology alone is equivocal. However, real-world translation remains limited by 
domain shifts across scanners and protocols, missing or inconsistent sequences, label noise, and uncertain 
ground truth in the post-treatment setting. Clinical adoption further depends on standards-based interoper
ability, human-in-the-loop quality assurance, usability and workflow fit, rigorous external validation including 
prospective and multi-reader studies, and clear lifecycle governance. Regulatory readiness requires alignment 
with United States Food and Drug Administration Software as a Medical Device guidance and the evolving 
European Union Medical Device Regulation and AI Act landscape, alongside transparent reporting and risk-of- 
bias appraisal using emerging guidelines that target prediction models incorporating AI. This review synthesizes 
end-to-end evidence and practical pathways for the safe and scalable deployment of AI in brain tumor neuroi
maging, with an emphasis on segmentation-driven quantification, distinguishing pseudoprogression from true 
progression, probability calibration, and decision-curve evaluation of clinical utility.
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1. Introduction

Brain tumors represent a major clinical and public health challenge, 
with high morbidity and mortality driven by diagnostic complexity, 
heterogeneous biological behavior, and variability in treatment re
sponse.1,2 Neuroimaging, anchored by magnetic resonance imaging 
(MRI), remains central to the diagnosis and management of brain tu
mors, guiding initial detection, surgical planning, radiotherapy tar
geting, and monitoring after treatment.3–5 However, conventional 
neuroimaging interpretation is limited by interobserver variability, 
subjective assessment of disease burden, and difficulties in distin
guishing post-treatment effects, such as pseudoprogression, from true 
tumor recurrence. These challenges create uncertainty in clinical deci
sion-making and delay optimal care delivery. Recent advances in arti
ficial intelligence (AI), especially machine learning (ML) and deep 
learning (DL), offer substantive opportunities to enhance neuroimaging 
by enabling automated tumor segmentation, objective volumetric 
quantification, predictive grading, and improved post-therapy evalua
tion.6,7

In recent years, AI model development has produced numerous re
search articles and proof-of-concept systems demonstrating improved 
accuracy for tumor detection and classification.7–9 Despite this pro
gress, the translation of these findings into real-world clinical practice 
remains limited. Most studies have focused on model accuracy without 
addressing key questions such as the harmonization of input imaging 
protocols, robustness across institutions, integration into radiology 
workflows, and compliance with regulatory frameworks such as the 
U.S. Food and Drug Administration (FDA) or the European Union 
Medical Device Regulation (EU MDR).10,11 As a result, clinicians, 
radiologists, and researchers increasingly need a consolidated, clini
cally oriented synthesis that connects algorithm development to op
erational deployment.12

This review responds to this need by providing an end-to-end eva
luation of the field, covering technical methods, the supporting evi
dence base, post-treatment disease assessment, and practical pathways 
for safe, reliable, and scalable adoption. Compared with existing AI in 
neuro-oncology reviews, which typically concentrate on segmentation 
benchmarks or model accuracy in isolation, the present synthesis is 
distinguished by (i) coupling technical performance to interoperability, 
lifecycle governance, and AI-specific reporting standards, (ii) providing 
an evidence-graded comparison of MRI radiomics, perfusion MRI, 
amino-acid positron emission tomography (PET), and longitudinal AI 
models for the pseudoprogression versus true-progression problem, and 
(iii) embedding probability calibration, decision curve analysis, and 
clinical-readiness tiers into the assessment of clinical utility. Particular 
attention is given to AI use after therapy, where detecting subtle 
treatment-related effects is among the most clinically consequential 
challenges. Accordingly, we examined AI approaches in brain tumor 
neuroimaging, with an emphasis on tumor segmentation, three-di
mensional volumetric assessment, and differentiation between pseu
doprogression and true tumor recurrence, alongside the requirements 
for embedding AI in practice, including interoperability, governance, 
validation, and regulatory compliance.

2. Literature search and selection

This narrative review was conducted to examine the integration of 
AI in neuroimaging for brain tumor detection, grading, volumetric as
sessment, and post-treatment response evaluation, with particular at
tention to its clinical applicability, workflow integration, and reg
ulatory readiness. Searches were conducted in PubMed, Scopus, Web of 
Science, and Google Scholar for articles published in English. Recent 
articles were prioritized, but the search applied no lower date limit; it 
was last updated in May 2026, with the earliest and most recent in
cluded sources published in 2006 and April 2026, respectively. Beyond 
recency, sources were prioritized according to peer-reviewed status, 

methodological rigor and validation strategy (for example, external or 
multi-institutional validation), dataset size and quality, and direct re
levance to the clinical translation of AI in brain-tumor neuroimaging; 
foundational works were retained where needed to provide conceptual 
context. The search strategy incorporated both MeSH (Medical Subject 
Headings) and free-text keywords, which were adapted to each data
base’s indexing system using the Boolean operators AND and OR. Core 
search terms included “artificial intelligence,” “machine learning,” 
“deep learning,” “MRI,” “neuroimaging,” “brain tumor segmentation,” 
“tumor grading,” “pseudoprogression,” “treatment response evalua
tion,” “clinical integration,” and “medical device regulation.” The 
screening was done by two independent reviewers (O. J. O. and U. O. 
A.) to assess relevance. Any disagreements were resolved by consensus 
with a third reviewer (M.M.A). The inclusion criteria comprised pri
mary research articles on AI applications in brain tumor neuroimaging; 
narrative and systematic reviews and meta-analyses on these topics; 
and regulatory or professional guidelines and reporting standards re
levant to the clinical deployment of imaging AI (for example, those 
addressing the FDA and EU MDR pathways). Studies were excluded if 
they focused solely on non-AI imaging approaches, applied AI only to 
non-tumor neurological conditions, were unrelated to clinical decision- 
making in brain tumor care, or were not accessible in English. Eligible 
publications were read and summarized, with attention to AI model 
type, imaging modality, dataset source and size, reported performance 
metrics, validation approach, clinical or post-treatment context, work
flow considerations, regulatory aspects, and known methodological 
limitations. Findings were synthesized narratively across the sections of 
this review. In total, 125 sources (primary research studies, reviews and 
meta-analyses, and regulatory or professional guidelines and standards) 
met these criteria and were synthesized in this review.

3. Clinical and imaging context

To frame the baseline workflow and its key interpretive bottlenecks, 
we summarize the conventional neuroimaging pathway in Figure 1.

3.1. Molecular classification and imaging implications

The 2021 World Health Organization Classification of Central 
Nervous System Tumors, fifth edition (WHO CNS5) represents a para
digm shift from a primarily histology-driven system to one in which 
molecular alterations define tumor type. Core diagnostic biomarkers, 
including isocitrate dehydrogenase (IDH) mutations, 1p/19q codele
tion, telomerase reverse transcriptase promoter mutations, α-tha
lassemia/mental retardation X-linked loss, and CDKN2A/CDKN2B 
homozygous deletion, now define tumor type and grade, while O⁶- 
methylguanine-DNA methyltransferase (MGMT) promoter methylation 
functions as a complementary predictive biomarker for alkylating- 
chemotherapy response; copy number variations and epigenetic sig
natures are increasingly used to resolve ambiguous cases.2 Methylation 
profiling is increasingly used as an effective ancillary method for pre
cise classification, whereas molecular integration has reshaped imaging 
priorities. For instance, IDH-mutant diffuse gliomas often exhibit ex
tensive non-enhancing regions, necessitating imaging strategies that are 
aligned with their biology.13

Radiogenomic studies have revealed that multiparametric MRI, in
cluding anatomical, diffusion, perfusion, and susceptibility sequences, 
captures subtle correlates of tumor genetics. Quantitative features such 
as normalized relative cerebral blood volume (rCBV) and relative cer
ebral blood flow (rCBF) have been associated with epidermal growth 
factor receptor (EGFR) amplification, CDKN2A loss, and receptor tyr
osine kinase subgroup status, although ML models currently achieve 
only moderate predictive accuracy.14 Emerging MRI techniques, in
cluding magnetic resonance (MR) fingerprinting, diffusion kurtosis 
imaging, neurite orientation dispersion and density imaging, chemical 
exchange saturation transfer, and arterial spin labeling, alongside 
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hybrid PET-MRI with novel tracers, for example, O-(2-[18 F]fluor
oethyl)-L-tyrosine and 3,4-dihydroxy−6-[18 F]fluoro-L-phenylalanine 
PET, have enhanced the mapping of molecular, metabolic, and micro
structural tumor features.15–17

Tumor heterogeneity, both spatial and temporal, necessitates bio
logically informed segmentation and longitudinal imaging to capture 
clonal evolution, treatment-induced molecular shifts, and intratumoral 
gradients, which are critical for therapy planning and trial stratification 
purposes. AI models should increasingly adopt molecularly defined la
bels rather than histology alone, integrating multimodal data (imaging, 
genomics, pathology, and clinical) through approaches such as vision 
transformers, weakly supervised learning, and federated networks to 
accommodate data limitations while preserving privacy.18,19 Clinically, 
molecularly informed imaging supports non-invasive tumor character
ization, aids in predicting treatment response, including radiotherapy, 
targeted therapies, and immunotherapy, and helps distinguish true 
progression from pseudoprogression or treatment-related changes in 
the tumor. Standardization initiatives, such as the Quantitative Imaging 
Biomarkers Alliance guidelines, ensure the reproducibility of quanti
tative imaging biomarkers across scanners and centers, facilitating re
liable radiogenomic correlations for precision neuro-oncology.20

3.2. Response assessment frameworks

The updated Response Assessment in Neuro-Oncology (RANO) 2.0 
criteria refine long-standing response assessment practices by unifying 
the guidelines for both high- and low-grade gliomas. The framework 
preserves the strengths of earlier versions by emphasizing reproducible 
measures of enhancing versus non-enhancing disease, clear definitions 
of measurable lesions, standardized MRI protocols, and consideration of 
steroid dosing and clinical status, which influence radiologic inter
pretation.21 Two-dimensional (2D) measurements remain the primary 
metric, supplemented by standardized baseline imaging and careful 
confirmation of early post-radiotherapy changes to account for pseu
doprogression.

Despite its widespread use, RANO 2.0 is constrained by labor-intensive, 
shape-dependent 2D metrics that are sensitive to head positioning, inter- 
reader variability, and scanner differences, often underestimating 

infiltrative or non-enhancing tumor components.22 Manual lesion 
counting and differentiation between measurable and non-measurable 
diseases remain inconsistent, particularly near resection cavities. Emerging 
automated segmentation and volumetry tools provide rapid and re
producible quantification, supporting 3D volumetric growth rates, func
tional tumor volume assessments, and longitudinal time-series analyses 
that more accurately reflect the true tumor burden.

The integration of multiparametric MRI (diffusion, perfusion, and 
spectroscopy), advanced PET tracers (e.g., fluoroethyltyrosine [FET]- 
PET and fluorodopa [FDOPA]-PET), and radiomic features (texture, 
heterogeneity, and shape complexity) allows for a biologically in
formed, molecularly correlated response assessment. These approaches 
are increasingly aligned with the WHO CNS5 molecular categories, 
facilitating noninvasive predictions of IDH, EGFR, MGMT, and other 
alterations, and enabling treatment-stratified endpoints. AI-driven 
multiparametric radiomics and multimodal fusion models enhance re
producibility and predictive power, reducing subjectivity for molecular- 
genotype prediction and for distinguishing tumor progression from 
treatment-related changes.23,24 Standardization initiatives, such as a 
consensus brain-tumor imaging protocol, ensure the harmonization of 
image acquisition across scanners and institutions.20 Collectively, au
tomated, volumetric, and biologically informed tools represent the next 
evolution of RANO-style frameworks, providing objective, re
producible, and clinically actionable metrics for precision neuro-on
cology.22

3.3. Modalities and sequences

Advanced neuroimaging modalities provide physiological and me
tabolic contexts that complement conventional MRI for glioma char
acterization. Diffusion-weighted imaging and apparent diffusion coef
ficient (ADC) maps remain core markers of cellularity, with restricted 
diffusion indicating dense tumor tissue.25 Emerging diffusion techni
ques, including Diffusion Kurtosis Imaging, Neurite Orientation Dis
persion and Density Imaging, free-water imaging, and Restriction 
Spectrum Imaging, offer improved microstructural specificity for in
filtrative tumor margins and correlate with molecular features such as 
IDH and MGMT status.26 Perfusion MRI using dynamic susceptibility 

Figure 1. Traditional neuroimaging workflow for brain tumors and key bottlenecks, from image acquisition and manual interpretation to fragmented reporting. 
Abbreviations: 1. PACS: picture archiving and communication system 2. RIS: radiology information system 3. EHR: electronic health record. This Figure was created 
in BioRender. https://BioRender.com/a0xpcni.
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contrast and dynamic contrast-enhanced imaging quantifies rCBV, 
rCBF, and vascular permeability and reliably identifies angiogenesis 
and high-grade transformation.27,28 Arterial spin labeling is a non- 
contrast alternative with predictive value for glioma grading and IDH 
mutation.29,30

MR spectroscopy extends the physiological assessment by detecting 
metabolic signatures, such as elevated choline and lactate and reduced N- 
acetylaspartate levels.31 Advanced spectroscopy targeting 2-hydro
xyglutarate enables the noninvasive identification of IDH-mutant gliomas, 
an essential WHO CNS5 biomarker.32,33 Additional metabolites, including 
glutamate/glutamine and lipids, further differentiate viable tumors from 
treatment-related changes.31 Complementary physiologic MRI techniques, 
such as susceptibility-weighted imaging, quantitative susceptibility map
ping, chemical exchange saturation transfer, and MR fingerprinting, pro
vide insights into vascular microarchitecture, iron load, tissue pH, and 
quantitative T1/T2 mapping.15,16,34,35 PET using amino-acid tracers (FET, 
FDOPA, methionine) refines the detection of recurrence versus pseudo
progression and adds metabolic specificity beyond MRI.36 Emerging hy
brid PET/MR workflows are also exploring additional molecular targets 
beyond amino-acid uptake, including translocator protein for neuroin
flammation and prostate-specific membrane antigen for neovascularity, 
although clinical evidence in neuro-oncology remains preliminary.37,38

DL–based segmentation frameworks increasingly rely on multi
modal MRI inputs (T1, T2, fluid-attenuated inversion recovery [FLAIR], 
and contrast-enhanced T1-weighted [T1CE]), which improve tumor 
compartment delineation; however, their performance deteriorates 
when sequences are missing or inconsistently acquired, and models 
remain vulnerable to scanner variability and domain shift.39 Standar
dizing heterogeneous datasets remains a major challenge, and transla
tion from benchmark datasets to routine clinical imaging is limited. 
Recent developments, including sequence synthesis models, domain 
adaptation, harmonization techniques, and self-supervised learning, 
aim to improve robustness across clinical environments, while ongoing 
studies are expanding segmentation beyond gliomas to other in
tracranial tumor types. Collectively, these structural, physiological, 
metabolic, and AI-enhanced imaging modalities provide a multimodal 
foundation for radiogenomic profiling, treatment response assessment, 
and WHO CNS5-aligned precision neuro-oncology. Ultimately, the 
evolving molecular taxonomy, response frameworks, and advanced 
imaging modalities define a complex clinical landscape in which 

accurate and reproducible quantification of tumor burden is increas
ingly essential. Key clinical frameworks and imaging inputs that shape 
AI-enabled neuro-oncology are summarized in Table 1.

4. AI for tumor segmentation, 3D volumetry, and biomarker 
characterization

The end-to-end AI-enabled neuroimaging pipeline across segmen
tation, quantification, and monitoring is outlined in Figure 2.

4.1. Benchmarks and datasets

Recent Brain Tumor Segmentation Challenge (BraTS) editions have 
evolved from a single pre-treatment glioma benchmark into a cluster of 
clinically realistic tasks. The 2024 BraTS cluster now includes post- 
treatment adult glioma segmentation (BraTS−2024 post-treatment), 
pre- and post-treatment brain metastases (BraTS-METS, originally 
launched in 2023 and extended in 2024), meningioma radiotherapy 
planning, pediatric brain tumors, and the Sub-Saharan Africa glioma 
cohort, alongside generalizability, augmentation, MRI synthesis, and 
MRI inpainting subtasks. Across these tasks, BraTS 2024 comprises 
adult post-treatment glioma (≈2,200 cases), pediatric tumors (≈ 2,490 
train+validation), pre- and post-treatment brain metastases (≈460 
cases), meningioma radiotherapy planning (≈650 train+validation), 
BraTS-Africa (≈750 cases), and ≈ 280,000 histology samples in the 
pathology track, substantially expanding demographic, scanner, and 
disease diversity compared with earlier editions.41

Quantitatively, post-treatment glioma segmentation pipelines built 
around the BraTS 2024 task reported whole-lesion Dice in the high 0.8 s 
(≈0.87–0.92) and tumor-core Dice across a wider range (≈0.61–0.91), 
depending on the subregion and the presence of resection cavities and 
treatment-related inflammatory or radiation effects.42,43 The brain- 
metastases track reported systematically lower lesion-wise performance 
(driven by small, miliary lesions where false positives and false nega
tives are heavily penalized), while the Sub-Saharan Africa and pediatric 
tracks expose persistent domain-shift challenges with lower out-of- 
distribution performance than adult Western cohorts.44,45 These de
velopments provide richer training distributions, support research on 
longitudinal segmentation and treatment monitoring, and help address 
long-standing generalizability gaps in the deployment of clinical AI.

Table 1 
Clinical framework and imaging inputs relevant to AI neuro-oncology. 

Clinical framework 
element

What it changes clinically Imaging inputs most relevant to AI Reference(s)

WHO CNS5 molecular 
taxonomy

Tumor entities increasingly defined by molecular 
alterations, pushing imaging toward biology-aligned 
characterization and endpoints

Multisequence MRI patterns linked to molecular 
subtype (enhancing vs. non-enhancing burden; 
microstructural/vascular signatures)

2,14

Radiogenomics in gliomas Enables non-invasive prediction of select molecular traits 
(often moderate accuracy), supporting stratification and 
hypothesis generation

Multiparametric MRI radiomics (anatomic + 
diffusion + perfusion + susceptibility) and 
multiregional feature extraction

14

RANO 2.0 Standardizes response interpretation but remains limited by 
2D, labor-intensive, reader-variable measurements

Baseline + follow-up MRI with consistent 
acquisition; measurable enhancing vs. non- 
enhancing components

21

Need for automated 
longitudinal quantification

Creates clinical demand to move beyond 2D measurements 
toward reproducible volumetric and longitudinal tracking, 
especially for complex/non-spherical disease and post- 
operative cavities

Serial post-treatment MRI capturing non-spherical 
residual disease and cavity geometry suitable for 
volumetric assessment

22

Core physiologic/metabolic 
imaging inputs

Adds cellularity, perfusion/vascularity, and metabolic 
specificity when morphology is equivocal

DWI/ADC; perfusion; MRS (incl. 2-HG for IDH); 
amino-acid PET (e.g., FET) and PET/MRI 
combinations

24,25,29,32,33

Standardized trial-style 
imaging protocols

Reduces variability across scanners/sites and supports more 
reliable longitudinal comparison

Protocol-driven MRI acquisition schedules and 
sequence selection for multicenter consistency

21,40

Abbreviations: 1. 2D: two-dimensional 2. ADC: apparent diffusion coefficient 3. FET: fluoroethyltyrosine 4. IDH: isocitrate dehydrogenase 5. MRI: magnetic re
sonance imaging 6. MRS: magnetic resonance spectroscopy 7. PET: positron emission tomography 8. RANO: Response Assessment in Neuro-Oncology 9. WHO CNS5: 
World Health Organization Classification of Central Nervous System Tumors, fifth edition 10. DWI: diffusion-weighted imaging 11. 2-HG: 2-hydroxyglutarate 12. AI: 
artificial intelligence.
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4.2. Model families and performance

Convolutional neural network (CNN)-based architectures, particularly 
nnU-Net, remain foundational, demonstrating that systematic auto-con
figuration of preprocessing, network design, and post-processing can 
outperform manually engineered pipelines across biomedical domains. On 
BraTS 2020, the BraTS-specific nnU-Net ensemble reported Dice scores of 
approximately 0.89 for whole tumor, 0.85 for tumor core, and 0.82 for 
enhancing tumor,46 with subsequent transformer-enhanced and hybrid 
variants on BraTS 2021 approaching or modestly exceeding these base
lines (whole-tumor Dice approximately 0.92–0.93 in winning entries).47

The dominance of nnU-Net established a performance baseline that cata
lyzed the rise of transformer-enhanced and hybrid architectures (e.g., 
Swin-UNETR, SegResNet, MedNeXt) leveraging long-range spatial de
pendencies and multi-sequence integration to push enhancing-tumor Dice 
modestly higher (approximately 0.86–0.89 on BraTS 2021) at the cost of 
substantially greater compute.48

However, even high-capacity DL models exhibit sharp performance 
drops under domain shift, with Dice degradations of approxi
mately 0.04–0.17 reported between in-domain and external test sets, 
driven by variations in scanner vendors, pulse sequences, reconstruction 
parameters, and patient populations.49 Missing sequences, inconsistent 
acquisitions, and imbalanced data distributions further degrade robust
ness. This underscores the need for harmonization strategies, physics- 
based augmentation, domain adaptation, self-supervised pretraining, and 
federated learning to reduce cross-site variability and improve out-of-dis
tribution performance. From a clinical-readiness perspective, nnU-Net- 
based models with rigorous local acceptance testing are closest to de
ployable status for pre-treatment glioma volumetry, whereas transformer 
and foundation model variants remain at the late-stage validation tier 
pending prospective, multi-reader evidence.

4.3. Clinical validation and impact

Fully automated DL pipelines now provide end-to-end assessments 
of enhancing tumors, non-enhancing tumors, edema, and postoperative 
cavities on both pre- and post-treatment MRI, generating volumetric 

and bidimensional RANO-aligned metrics directly from segmentation 
outputs.50 Built on large expert-annotated multicenter datasets, these 
systems produce results up to 20× faster than manual contouring, with 
intraclass correlation coefficients of approximately 0.96, matching ex
perienced radiologists for key subregions. They also improve reprodu
cibility, reduce inter-reader variability, and provide structured quanti
tative endpoints that are suitable for clinical trials. Emerging evidence 
suggests that combining radiomics, deep features, and temporal volu
metry may further improve monitoring after radiotherapy and im
munotherapy, although differentiating pseudoprogression, radiation 
necrosis, and immune-related responses remains a major challenge.24,51

4.4. Standardization and interoperability

The clinical deployment of segmentation-derived biomarkers re
quires standardized, interoperable output formats. The Digital Imaging 
and Communications in Medicine (DICOM) Template Identifier−1500 
structured reporting template provides a machine-readable standard for 
encoding volumetric measurements, contours, and quantitative maps 
into picture archiving and communication system (PACS) and radiology 
workstations.52 In parallel, the Brain Imaging Data Structure (BIDS) 
organizes heterogeneous MRI and derivative segmentation outputs in a 
reproducible, metadata-rich format to support research scalability.53

Integrating the Healthcare Enterprise (IHE) AI Results (AIR) profile 
further specifies how AI-generated contours, probability maps, and 
measurements should be packaged and transmitted within clinical 
systems, enabling plug-and-play interoperability and reducing vendor- 
specific fragmentation.52 These standards are essential for embedding 
AI-driven volumetry into routine workflows, thereby enabling quality 
assurance, audit trails, and large-scale quantitative imaging. Despite 
these advances, distinguishing true progression from treatment-related 
changes remains a critical unresolved bottleneck that requires tighter 
integration of longitudinal AI models, multimodal imaging, and mole
cularly informed biomarkers.

Recent advances are reshaping each layer of the segmentation-to- 
decision pipeline. In medical image delineation, foundation models 
such as the Segment Anything Model (SAM) and its medical adaptations 

Figure 2. AI-enabled neuroimaging pipeline for brain tumors. Abbreviations: 1. MRI, magnetic resonance imaging 2. CT: computed tomography 3. PET: positron 
emission tomography 4. 3D: three-dimensional 5. PsP: pseudoprogression 6. TP: true progression 7. AI: artificial intelligence. This Figure was created in BioRender. 
https://BioRender.com/2z1c486.
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(MedSAM, SAM-Med3D) now provide promptable, weakly supervised 
baselines that approach task-specific performance with a fraction of the 
labeled data,54–56 while diffusion-based and self-supervised pretraining 
improve robustness when annotations are scarce. Radiomic pipelines 
have matured beyond hand-crafted feature extraction toward stability- 
aware feature selection, harmonization (ComBat, modality-adaptive 
schemes), and reproducibility audits compatible with the Image Bio
marker Standardization Initiative; explainable, calibrated radiomics 
pipelines for postoperative glioblastoma surveillance and MGMT me
thylation prediction illustrate this shift toward clinically interpretable 
outputs.57,58

Patient-profiling models increasingly fuse imaging with molecular, 
clinical, and emerging hematologic biomarkers to enable individualized 
risk stratification and treatment monitoring rather than population- 
level classification.59 In parallel, explainability methods have moved 
from generic post-hoc saliency toward neuroimaging-specific tools, in
cluding counterfactual visualizations and emerging concept-based ex
planations, with growing attention to faithfulness, stability, and clin
ician usability.60 Together, these advances define a research agenda in 
which delineation, radiomic feature engineering, patient profiling, and 
explainability are co-designed and evaluated against prospective, cali
bration-aware clinical endpoints rather than retrospective accuracy 
alone.

4.5. Molecular and radiogenomic characterization

Beyond delineating tumor boundaries, AI is increasingly applied to 
infer the molecular alterations that now define brain tumor diagnosis 
under the WHO CNS5, an approach termed radiogenomics. ML applied 
to preoperative MRI could classify glioblastoma molecular character
istics directly from imaging phenotypes.14 Radiomic and DL models 
have since been developed to predict key drivers non-invasively, in
cluding IDH mutation, 1p/19q codeletion, and tumor grade, frequently 
within automated pipelines that couple segmentation with downstream 
classification.23,61 Conventional sequences also carry molecular signal; 
for example, the T2–FLAIR mismatch sign is a specific imaging bio
marker of IDH-mutant, 1p/19q–non-codeleted astrocytoma.13 Ad
vanced acquisitions, including dynamic contrast-enhanced and arterial 
spin labeling perfusion, further support IDH and grade estimation.30

More recent research emphasizes MGMT promoter methylation pre
diction and explainable, modality-adaptive models that improve 
transparency and clinical trust.58 Although reported accuracies are 
encouraging, external validation across scanners, institutions, and 
molecular assays remains limited, and radiogenomic predictions are 
presently best positioned as complements to, rather than replacements 
for, tissue-based molecular testing.

5. AI for treatment-response assessment and pseudoprogression

5.1. Clinical problem and criteria

Differentiating pseudoprogression from true tumor progression re
mains one of the most persistent and clinically consequential challenges 
in post-treatment neuro-oncologic imaging. Immune-related therapies, 
including checkpoint inhibitors and vaccine-based regimens, can in
duce transient inflammatory enlargement and new enhancement that 
radiographically mimic worsening disease, particularly within the first 
3–6 months following standard chemoradiation, and within the first 6 
months of immunotherapy.62

Even outside immunotherapy, therapy-induced injury, such as ra
diation necrosis, blood–brain barrier disruption, and delayed treatment 
response, can coexist with viable tumors, generating highly hetero
geneous imaging patterns whose temporal evolution may extend for 
months. Conventional MRI offers limited discriminatory value in this 
context; enhancement, mass effect, and FLAIR changes cannot reliably 
distinguish biologically active tumors from inflammation or necrosis, 

and inter-reader variability remains high. As a result, diagnostic un
certainty is frequent, motivating the use of standardized criteria such as 
RANO and immunotherapy RANO, which emphasize delayed con
firmation of progression, integration of clinical stability, and temporal 
constraints around early post-treatment intervals.21,63

5.2. MRI radiomics and DL

Radiomics applied to standard post-chemoradiation MRI provides a 
fine-grained quantitative characterization of lesion heterogeneity that 
surpasses visual assessment. Features derived from T1CE, T2, and ADC 
quantify intensity distributions, higher-order texture, shape, and mi
crostructural disruption, capturing subtle differences in cellularity, 
necrosis, and edema that help separate pseudoprogression from true 
progression.51

ADC-based texture metrics, such as kurtosis, contrast, and correla
tion, have been shown to reflect the underlying tumor cellular density 
versus treatment injury.

Multiparametric radiomic models that integrate clinical factors 
(MGMT methylation, treatment timelines), molecular biomarkers, and 
imaging features can outperform imaging-only baselines for early 
treatment-response prediction, an interval where conventional visual 
assessment is often unreliable. However, performance variability across 
folds underscores persistent challenges, including small sample sizes, 
heterogeneous acquisition protocols, and limited availability of histo
logically confirmed ground truth, which complicate model general
izability. These limitations affirm the need for large multi-institutional 
cohorts, harmonization pipelines, and rigorous external validation.51

5.3. PET-augmented approaches

PET using radiolabelled amino acids has become an important ad
junct for disentangling treatment-related changes from active glioma. 
Tracers such as FET and FDOPA exploit increased amino acid transport 
in tumor cells and typically show higher tumor-to-background ratios 
(TBRs) in true progression than in pseudoprogression.64 Static metrics 
such as TBR_mean and TBR_max provide robust quantitative readouts; 
threshold values of approximately 1.9–2.3 for TBR_max have been as
sociated with high sensitivity and specificity for detecting progression, 
including within the early post-chemoradiation interval defined by re
sponse criteria.

Dynamic protocols further analyze time–activity curves, where 
earlier time-to-peak uptake and characteristic curve shapes strengthen 
the discrimination between recurrent tumors and transient therapy ef
fects. Emerging ML models that integrate static and dynamic PET 
parameters can refine this separation when conventional PET inter
pretation is equivocal, offering a pathway to a more standardized and 
reproducible PET-augmented assessment of suspected progression in 
glioblastoma.64 These well-established PET metrics provide structured 
quantitative inputs that can be readily integrated into multimodal AI 
classifiers, complementing MRI radiomics when conventional mor
phologic assessment is equivocal.

5.4. Frontier methods

State-of-the-art multimodal DL architectures increasingly in
corporate not only multi-sequence MRI but also radiotherapy dose 
maps, spatial context, and pre-treatment biology to predict recurrence 
patterns with greater fidelity. Transformer-based models, capable of 
capturing long-range spatial dependencies and integrating hetero
geneous inputs, achieve robust cross-validated performance and main
tain predictive independence from demographic and clinical con
founders. These approaches address a key limitation of conventional 
models by leveraging spatiotemporal information on where recurrence 
is biologically and dosimetrically likely to emerge. However, significant 
barriers persist, including limited histopathological confirmation, 
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variability in follow-up intervals, and the inherently uncertain ground 
truth for labeling pseudoprogression, which continue to constrain re
liability. Emerging research directions consist of the integration of 
longitudinal imaging trajectories, uncertainty quantification, model 
calibration, and self-supervised or weakly supervised learning to reduce 
dependence on scarce labels. Federated learning and harmonization 
frameworks are also gaining traction for mitigating institutional 
variability and expanding access to diverse training data.19 Major AI 
use cases for segmentation/volumetry and post-treatment evaluation 
are summarized in Table 2.

Taken together, the four discriminative modalities differ in clinical 
utility and limitations and should be viewed as complementary rather 
than competing. Standard-of-care MRI radiomics is the most widely 
accessible approach, requires no additional acquisition cost, and 
achieves reported areas under the receiver operating characteristic 
curve (AUC) of approximately 0.75–0.90 for separating pseudopro
gression from true progression in single- and multi-institutional co
horts,72 but its performance is highly sensitive to scanner and protocol 
variation, segmentation choices, and the small, single-center cohorts 
that dominate the literature. Dynamic susceptibility contrast and dy
namic contrast-enhanced perfusion MRI add hemodynamic information 
(rCBV, Kᵗʳᵃⁿˢ) and improve discrimination when standard sequences are 
equivocal, but they depend on standardized acquisition and post-pro
cessing and remain under-harmonized across centers. Amino-acid PET 
(FET, FDOPA) provides metabolic specificity and well-validated cut-offs 
(TBR_max approximately 1.9–2.3) for progression, with multicenter 
evidence supporting reproducibility, yet limited tracer availability and 
access to PET/MRI restrict deployment.

Longitudinal multimodal AI models that ingest serial MRI, dose 
maps, and clinical variables offer the most biologically informed pre
dictions and the strongest spatiotemporal performance, but they are 
still largely experimental, depend on uncertain ground truth, and have 
not yet undergone prospective multi-reader validation. A practical 
synthesis is therefore to treat advanced MRI plus amino-acid PET as the 
current clinically deployable tier and to position longitudinal AI as a 
late-stage validation tier whose introduction should be accompanied by 
probability calibration, decision curve evaluation of clinical net benefit, 
and prospective endpoints. Recent calibrated radiomics pipelines for 

postoperative glioblastoma surveillance illustrate this trajectory, re
porting an AUC of approximately 0.80 with stability-aware feature se
lection and explainability outputs designed to support clinical decision 
support.57 These applications are also summarized in Table 2.

6. Clinical deployment: validation, workflow, interoperability, 
and human oversight

Realizing the clinical value of the segmentation, characterization, 
and response-assessment methods reviewed above depends on reliable 
validation, workflow integration, interoperability, and human over
sight. Interpretability is integral to this transition, with model outputs 
increasingly paired with explainable AI (XAI) methods, such as 
Gradient-weighted Class Activation Mapping (Grad-CAM), SHapley 
Additive exPlanations (SHAP), and Local Interpretable Model-agnostic 
Explanations, that expose the features driving a prediction and support 
clinician review.6,71 Clinical success further depends on integration 
with radiological workflows and standardized data protocols.73

6.1. Interoperability standards

Current research underscores that interoperability is essential for 
the real-time deployment of AI in neuroimaging, particularly for in
tegrating AI-generated results into clinical workflows. While the lit
erature highlights the substantial potential of AI in brain tumor imaging 
and diagnosis, it also points to ongoing challenges in data standardi
zation, quality, and integration with existing radiological systems, such 
as PACS and radiology information system.74 Standardized frameworks 
and protocols, such as DICOM Structured Reporting (with emerging 
HL7 Fast Healthcare Interoperability Resources support), enable the 
storage and exchange of AI-derived imaging results within clinical 
systems and are a prerequisite for the longer-term goal of multimodal 
radiomic-genomic-clinical data integration.52,74

However, studies have noted that inconsistent DICOM conformance 
across AI vendors and uneven adoption of broader interoperability 
standards (including HL7 Fast Healthcare Interoperability Resources 
and IHE profiles) remain significant barriers to multi-institutional 
scalability and seamless workflow.52 Addressing these interoperability 

Table 2 
Core AI applications across segmentation/volumetry and post-treatment evaluation. 

AI use case Typical inputs Key outputs/metrics Reference(s)

Benchmark training/ 
evaluation (incl. post- 
treatment)

Multisequence MRI datasets; growing inclusion of post- 
treatment anatomy (cavities, treatment effects)

Comparable model evaluation across cohorts; 
clinically realistic segmentation tasks

41–43

Tumor segmentation 
(glioma subregions)

T1, T1CE, T2, FLAIR (multimodal MRI) Compartment masks (enhancing tumor, core, edema/ 
cavity); Dice/HD and related segmentation metrics

39,46

Robustness to domain shift Cross-site heterogeneity (scanner/vendor/protocol 
differences; missing sequences)

Domain adaptation/harmonization to preserve 
performance out-of-distribution

39,65,66

Automated 2D + 3D tumor 
burden measurement

Pre-/post-operative MRI; longitudinal series Bidimensional + volumetric burden measures 
generated from segmentation; faster, more 
reproducible quantification

50

Conventional-MRI radiomic 
ML for PsP vs. TP

Post-CRT MRI (T1CE, T2, ADC ±  
FLAIR/perfusion) + clinical/molecular covariates (e.g., 
MGMT)

Classifier outputs distinguishing pseudoprogression 
vs. true progression; cross-validated performance 
(variable by cohort)

51,67

Adjunct amino-acid PET for 
PsP vs. TP

Amino-acid PET (e.g., FET/FDOPA) ± MRI Quantitative PET metrics (e.g., TBR) strengthening 
recurrence vs. treatment effect separation

24,64

Frontier multimodal DL Multisequence MRI + treatment metadata (incl. 
radiotherapy dose); emerging transformer/self-supervised 
designs

Improved recurrence/pseudoprogression prediction 
with multimodal integration; external cohort 
validation as a generalization target

68,69

Explainability for decision 
support

CNN/DL classifiers on MRI Saliency/attribution outputs (e.g., Grad-CAM/SHAP- 
style explanations) to support clinician review

70,71

Abbreviations: 1. 2D: two-dimensional 2. 3D: three-dimensional 3. ADC: apparent diffusion coefficient 4. AI: artificial intelligence 5. CRT: chemoradiotherapy 6. DL: 
deep learning 7. FDOPA: fluorodopa 8. FET: fluoroethyltyrosine 9. FLAIR: fluid-attenuated inversion recovery 10. Grad-CAM: Gradient-weighted Class Activation 
Mapping 11. HD: Hausdorff distance 12. MGMT: O6-methylguanine-DNA methyltransferase 13. ML: machine learning 14. MRI: magnetic resonance imaging 15. PET: 
positron emission tomography 16. PsP: pseudoprogression 17. SHAP: SHapley Additive exPlanations 18. T1CE: contrast-enhanced T1-weighted 19. TP: true pro
gression 20. TBR: tumor-to-background ratio 21. CNN: convolutional neural network.
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challenges is critical for ensuring reproducibility, auditability, and 
broad clinical adoption of AI tools in neuroimaging, ultimately sup
porting more personalized and efficient patient care.

6.2. PACS and radiology information system integration and structured 
reporting

AI-driven decision support is increasingly streamlining radiology 
workflows by automating the extraction of imaging biomarkers and 
pre-populating structured report templates, allowing radiologists to 
focus on verification and editing rather than manual entry.74 This type 
of AI-to-report pipeline can shorten reporting time and support more 
consistent longitudinal follow-up, especially when outputs are carried 
forward in a standardized format across serial scans. Structured re
porting systems that combine quantitative imaging biomarkers with 
qualitative scoring have been designed for seamless PACS and radiology 
information system integration and template-based reporting; however, 
their real-world benefits depend on how well they fit radiologists’ 
reading behavior.75

If the interface interrupts the usual “eyes-on-images” pattern (e.g., 
forcing attention back and forth between form fields and images), it can 
increase effort and time, potentially offsetting efficiency gains. At the 
infrastructure level, vendor-neutral and scalable deployments are in
creasingly supported by modular orchestration approaches that em
phasize interoperability and integration across heterogeneous systems, 
including architectures compatible with cloud-based and container- 
friendly deployments.76 However, sustained adoption remains strongly 
shaped by sociotechnical factors: radiologists report barriers such as 
added steps, workflow delays, and unstable tool behavior, while high
lighting usability and fit with local routines as key facilitators.77

6.3. Human-in-the-loop quality assurance

Human-in-the-loop frameworks are widely recognized as essential in 
AI-assisted diagnostics to ensure diagnostic safety, maintain clinician 
oversight, and foster trust in clinical decision making. These frame
works leverage active learning, real-time feedback, and collaborative 
workflows, allowing clinicians to guide model development, interpret 
outputs, and intervene when uncertainties or errors arise.78 Colla
borative reader study designs and human–AI partnership frameworks 
have demonstrated that combining human expertise with AI can out
perform either alone, reducing interobserver variability and amplifying 
diagnostic accuracy in real-world settings.79

Key fail-safe mechanisms, such as confidence scoring, uncertainty vi
sualization, and human review of low-confidence outputs, are highlighted 
as critical safeguards against erroneous outputs, supporting regulatory 
compliance and clinical reliability.80 Audit trails and local acceptance 
testing provide traceability for algorithm updates and performance, 
aligning with regulatory expectations such as the EU MDR and FDA’s Good 
Machine Learning Practice (GMLP).11,81 Furthermore, studies show that 
multi-institutional training improves generalization compared with single- 
site training, underscoring the importance of multi-center cohorts and 
domain adaptation in hospital-specific contexts.82

6.4. Implementation checklist

Successful real-time integration of AI in neuroimaging requires a 
systematic, multi-step implementation strategy that begins with a 
thorough site readiness assessment, including validation of DICOM 
conformance, computational resources, network bandwidth, and cy
bersecurity measures to support high-throughput image processing.81,83

Routine performance monitoring, version tracking, and robust incident 
handling protocols, such as rollback procedures and user feedback 
loops, are essential for maintaining system reliability and meeting 
regulatory requirements, especially as clinical environments and ima
ging protocols evolve.84

Research emphasizes that the primary goal of real-time AI decision 
support is to augment, not replace, human expertise by delivering 
timely, reproducible, and context-aware insights.85 Achieving this vi
sion depends on harmonized standards, rigorous validation, and 
adaptive quality assurance frameworks that ensure AI tools are trusted 
partners within the neuroimaging workflow continuum.83,85 Ad
ditionally, strategies, including continual model calibration, domain 
adaptation, and local acceptance testing, are critical for maintaining 
diagnostic accuracy and regulatory compliance as AI systems are de
ployed across diverse clinical settings.86 Key requirements for clinical 
translation are summarized in Table 3.

7. Regulatory, reporting, and ethics

AI now supports brain tumor detection, grading, segmentation, and 
treatment monitoring across the applications reviewed above.70,71

However, sustainable clinical translation demands rigorous regulatory 
oversight, transparent reporting, robust data governance, and ethical 
safeguards to ensure reliability, reproducibility, fairness, and clinician 
trust.3,6 Regulators in the United States, the European Union, and other 
jurisdictions are emphasizing lifecycle management, post-market 
monitoring, risk mitigation, and demonstrable clinical effectiveness to 
an increasing extent, particularly for AI systems that shift from static to 
adaptive models.

7.1. United States: FDA SaMD, GMLP, and AI/ML regulation

In the United States, neuroimaging AI systems fall under the FDA’s 
Software as a Medical Device (SaMD) framework, which mandates 
transparency, clinically relevant validation, and adherence to GMLP 
principles, emphasizing dataset representativeness, traceability, con
tinuous learning oversight, and clear documentation of algorithmic 
behavior.11 These requirements are crucial in brain tumor imaging 
because of substantial variations in scanners, acquisition parameters, 
tumor heterogeneity, and demographic differences, all of which 
heighten the risk of domain shift and unpredictable degradation in 
performance.49,88

The FDA’s predetermined change control plan is especially relevant 
for adaptive AI/ML systems, allowing manufacturers to pre-specify the 
types of permissible model updates, validation protocols, and perfor
mance expectations necessary to ensure safety without requiring full re- 
approval for each modification.11 However, many developers provide 
insufficient detail on retraining triggers, validation matrices, and up
date boundaries, raising concerns about algorithmic drift and the dis
proportionate impact on underrepresented groups.87 Compounding this 
are persistent gaps in public validation datasets and inconsistent ex
ternal validation practices, rendering it difficult to evaluate real-world 
generalizability and safety.11,88 To foster clinician trust, experts ad
vocate for standardized disclosure formats analogous to pharmaceutical 
labeling, including intended use statements, performance stratified by 
demographic and technical subgroups, explanation of methods used, 
update histories, and known failure modes.87,102

7.2. European Union: MDR and AI Act interplay and high-risk classification

In the EU, AI-enabled neuroimaging systems must comply with both 
the MDR and the newly enacted EU AI Act, which collectively classify 
these tools as high-risk, requiring stringent conformity assessments, rig
orous clinical evaluation, detailed technical documentation, and compre
hensive post-market surveillance.10,91 The AI Act works in parallel with 
the EU MDR and the In Vitro Diagnostic Regulation, imposing standards 
on data governance, algorithmic transparency, explainability, risk and bias 
management, and mandatory human oversight.10,91

While the dual-compliance structure aims to enhance algorithmic 
accountability, critics highlight regulatory redundancies and added 
certification complexity, which may slow innovation and increase 
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development costs.90 Nevertheless, the phased implementation in 
2026–2027 is expected to reshape the European AI landscape and 
strengthen trust and safety across high-stakes clinical domains, such as 
neuro-oncologic imaging.10,89 Developers must also consider com
pliance with medical software standards (e.g., IEC 62304, ISO 14971, 
and IEC 62366), cybersecurity requirements, and documentation ob
ligations for adaptive models.89

7.3. Reporting, appraisal, and reproducibility standards

Transparent reporting is essential for reproducibility, fair compar
ison, and ethical clinical adoption. The Transparent Reporting of a 
multivariable prediction model for Individual Prognosis Or Diagnosis 
(TRIPOD) + AI extension provides a harmonized checklist for reporting 
prediction models integrating regression and ML, emphasizing dataset 
descriptions, preprocessing, model architectures, calibration, subgroup 
performance, and explainability methods.93 Complementary tools, such 
as Prediction model Risk Of Bias Assessment Tool (PROBAST) + AI, 
enable standardized risk-of-bias appraisal and assessment of applic
ability across clinical contexts.103 Despite these frameworks, adherence 
is still inconsistent; many studies omit key methodological details, such 
as cross-site demographics, calibration curves, handling of missing 
data, retraining strategies, or external validation procedures, limiting 
reproducibility and meta-analytic synthesis.92 Overfitting, selective 
reporting, and inadequate disclosure of model updates remain persis
tent concerns, prompting calls for preregistered study protocols, open- 
source code releases, and the adoption of Model Cards, Data Cards, and 
algorithmic change logs to standardize transparency practices.104

Emerging consolidated guidelines for AI in healthcare further 
strengthen the expectations for rigor, fairness, and reproducibility.92,94

Beyond discrimination metrics such as the AUC, reporting should 
foreground probability calibration and clinical utility evaluation. 
Probability calibration, assessed with calibration plots, the Brier score, and 
integrated calibration index, ensures that predicted probabilities map 
faithfully to observed event rates, which is essential when AI outputs in
form thresholded treatment decisions in glioma surveillance. Decision 

curve analysis quantifies the net benefit of a model across plausible risk 
thresholds compared with default strategies (treat-all, treat-none), making 
it the most direct way to demonstrate clinically meaningful improvement 
over standard care.105 The TRIPOD + AI extension explicitly recommends 
reporting calibration metrics and decision curve evaluations alongside 
discrimination. Recent calibrated radiomics studies in postoperative glio
blastoma surveillance and MGMT methylation prediction have provided 
concrete templates for this practice.57,58,93,103

7.4. Data governance, privacy, and security

Neuroimaging AI development relies heavily on large-scale, multi- 
institutional datasets, raising critical challenges regarding privacy, data 
rights, security, and equity. Regulatory frameworks, such as the General 
Data Protection Regulation and the Health Insurance Portability and 
Accountability Act, tightly restrict data sharing, necessitating com
pliance-preserving alternatives.98 Federated learning enables colla
borative training without transferring raw data and has demonstrated 
performance comparable to that of centrally trained models while 
preserving confidentiality.96,97 However, federated learning introduces 
technical risks and operational burdens, including the need for con
sistent cross-site normalization, secure parameter aggregation (e.g., 
encrypted or multiparty computation), and safeguards against privacy 
leakage through gradient inversion attacks. Additional concerns include 
computational overhead, heterogeneous data quality, and the lack of 
harmonized global governance frameworks capable of addressing the 
ethical, legal, and societal implications of distributed neuroimaging AI. 
Interoperability standards, such as DICOM-SEG, DICOM-SR, BIDS, and 
IHE AIR, are increasingly essential for encoding, auditing, and securely 
exchanging AI-derived outputs across clinical systems.

7.5. Ethical, fairness, and human-factors considerations

Beyond regulation and reporting, the ethical deployment of neu
roimaging AI requires attention to bias, fairness, clinician oversight, 
and patient autonomy. Model evaluation should include demographic, 

Table 3 
Clinical translation requirements: Interoperability, quality assurance, and regulation/reporting. 

Translation domain Practical requirement What “good” looks like in practice Reference(s)

Standards-based interoperability AI outputs must be ingestible by clinical systems Structured AI results integrated into reporting/workflow; 
standards-first approach via IHE profiles and structured 
outputs

52,74

Structured reporting integration Reduce manual transcription and enable 
consistent capture of quantitative results over 
time

Auto-populated structured report sections with AI-derived 
quantitative results and traceability

74,75

Deployment architecture Scale across sites without locking into one 
vendor

Orchestration and modular deployment patterns supporting 
multiple tools and updates

12,76

Human factors & adoption Minimize workflow disruption and cognitive 
load

UI/fit-to-routine emphasized; barriers captured and 
mitigated during rollout

12,77,83

Human-in-the-loop quality 
assurance

Maintain clinician oversight and safe failover Confidence/uncertainty-aware review, feedback loops, and 
audit trails for updates

78,80,83

Local acceptance testing & 
calibration

Verify site performance before and after updates Local validation/retraining or fine-tuning when appropriate; 
monitor drift over time

83,86

US regulatory pathway SaMD expectations for validation and lifecycle 
control

Clear intended use, representative validation, and updated 
governance aligned with FDA review practices

11,87,88

EU regulatory pathway Dual compliance for high-risk systems MDR clinical evaluation + AI Act requirements for risk 
management, transparency, and human oversight

10,89–91

Reporting & risk-of-bias appraisal Reproducible, comparable evidence TRIPOD-AI/PROBAST-AI direction plus consolidated 
reporting checklists to reduce avoidable bias

92–94

Privacy-preserving multi-site 
learning

Enable scale while protecting data Federated learning with attention to privacy/security risks 
and governance constraints

95–98

Ethics, fairness, sustainability Prevent harm and inequity Subgroup analyses (demographic/scanner/geography), 
transparency about limits, and attention to broader ethical 
impacts

99–101

Abbreviations: 1. AI: artificial intelligence 2. EU: European Union 3. FDA: Food and Drug Administration 4. IHE: Integrating the Healthcare Enterprise 5. MDR: 
Medical Device Regulation 6. PROBAST: Prediction model Risk Of Bias Assessment Tool 7. SaMD: Software as a Medical Device 8. TRIPOD: Transparent Reporting of 
a multivariable prediction model for Individual Prognosis Or Diagnosis 9. US: United States 10. UI: user interface.
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scanner-based, and geographic subgroup analyses to expose inequities 
and mitigate systematic performance gaps. This is key for under
represented populations and low-field MRI systems, which are pre
valent in low- and middle-income countries.100,106 Ethical governance 
also includes transparency regarding AI use during clinical care, in
formed consent for secondary data use, appropriate human-in-the-loop 
oversight, and a clear delineation of liability between clinicians and 
vendors.85,101 Explainability tools, Grad-CAM and SHAP for example, 
facilitate interpretability but remain limited; effective clinical deploy
ment warrants user-centered design, training for clinicians, and vali
dation that the explanations faithfully represent model reasoning. En
vironmental sustainability (the energy demands of AI model training 
and deployment and the carbon footprint of healthcare data centers) is 
an emerging ethical consideration.99

8. Challenges and future directions

8.1. Cross-cutting challenges

AI and ML have the potential to substantially improve neuroima
ging; however, their reliable and reproducible clinical applications are 
still in their early stages. Although DL and other AI methods offer im
proved disease prediction and diagnostic accuracy, their application in 
clinical practice is still constrained by several persistent and pervasive 
challenges.107,108 One of the most significant challenges in neuroima
ging AI is the lack of generalizability across diverse datasets, popula
tions, and imaging conditions (Figure 3). Models are often trained on 
limited, site-specific datasets that vary in scanner type, acquisition 
protocols, and demographic composition, resulting in poor transfer
ability to new domains.107

Even subtle differences in image resolution, hardware versions, or 
preprocessing pipelines can introduce substantial distributional shifts, 
an issue that is particularly pronounced when combining data from 
multiple institutions or integrating multimodal neuroimaging sources 
such as structural MRI and functional MRI.109 Such variability amplifies 

the risk of overfitting, where models achieve high accuracy on local 
datasets but fail to validate externally.49 Pediatric versus adult imaging 
further complicates this, as developmental differences alter brain 
morphology and signal characteristics, making domain adaptation es
sential for accurate analysis. Statistical harmonization methods, 
transfer learning, and federated learning offer partial solutions by 
correcting scanner effects or enabling decentralized model training 
without data exchange; however, the standardization of acquisition 
protocols and quality assurance remains foundational.19,65,110

AI models in neuroimaging also depend critically on accurate and 
consistent ground truth labels; however, establishing such labels re
mains a formidable challenge. In contrast to natural image datasets 
such as ImageNet, where labeling is straightforward, medical image 
annotation demands expert radiological interpretation and often suffers 
from inter- and intra-observer variability.5,111 Subtle pathologic find
ings may be inconsistently identified, and the absence of standardized 
annotation guidelines further compounds label noise.112 Moreover, 
defining “ground truth” in neuroscience is complex, as diagnostic labels 
derived from clinical assessments or follow-ups may not perfectly align 
with underlying biological or histopathological realities. This dis
connect limits the ultimate threshold of AI model performance. The use 
of multiple expert raters, consensus labeling, and probabilistic mod
eling of uncertainty can partially mitigate these issues; nonetheless, 
scalable and high-quality labeling remains labor-intensive and 
costly.113 Advanced approaches, such as weakly supervised and semi- 
supervised learning, which leverage partially labeled data or infer la
bels from multimodal information, show promise in this regard. Even 
so, their interpretability and reliability in clinical applications require 
further validation. Without more robust labeling frameworks, even the 
most sophisticated algorithms risk learning spurious correlations rather 
than clinically meaningful patterns.112

AI systems in neuroimaging often operate as black boxes, generating 
highly accurate predictions without providing clear explanations for 
their decisions. This opacity poses significant safety and ethical con
cerns, particularly in clinical settings, where false negatives or 

Figure 3. Cross-cutting challenges and future solution pathways for AI in brain tumor neuroimaging. Abbreviations: 1. DICOM: Digital Imaging and 
Communications in Medicine 2. BIDS: Brain Imaging Data Structure 3. IHE: Integrating the Healthcare Enterprise 4. AI: artificial intelligence. This Figure was created 
in BioRender. https://BioRender.com/uu9nhvz.
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overconfident misclassifications can have severe consequences.114

Models are rarely calibrated to account for uncertainty or to define 
explicit thresholds for clinical actions. Calibration is a crucial prob
abilistic output that must correspond accurately to real-world like
lihoods if AI is to inform decisions, such as disease progression pre
diction or treatment response assessment.115 DL models are especially 
prone to overconfidence and misestimating uncertainty when con
fronted with out-of-distribution data. Techniques such as Bayesian DL, 
ensemble methods, and conformal prediction have been proposed to 
better quantify uncertainty, whereas XAI frameworks, such as saliency 
maps, SHAP, and attention mechanisms, aim to elucidate the features 
driving predictions.116 However, post-hoc interpretability tools, often 
designed for natural images, may be ill-suited for neuroimaging, pro
ducing misleading or unstable explanations. A shift toward ante hoc, 
intrinsically interpretable models could enhance both reliability and 
scientific insight, aligning AI outputs with neurobiological under
standing.114

Equity and access remain pressing concerns regarding the deploy
ment of AI-based neuroimaging tools. The concentration of high-quality 
datasets in resource-rich regions, predominantly Western institutions, 
creates biases that undermine the performance of algorithms when 
applied to underrepresented populations. This algorithmic bias can 
exacerbate existing healthcare disparities, as models trained on homo
geneous data may misclassify or underperform in diverse ethnic, so
cioeconomic, and geographic groups.117 Furthermore, the high com
putational and financial costs of developing and deploying AI systems 
limit accessibility in low-resource settings, perpetuating the digital di
vide in clinical care. Identifiable features in MRI and 3D reconstructions 
can enable patient re-identification, motivating privacy-preserving 
techniques such as differential privacy that allow aggregated learning 
while protecting sensitive information.95,118 Nevertheless, these 
privacy-preserving approaches can reduce model accuracy or obscure 
rare disease signals, necessitating careful calibration of privacy and 
utility. Ensuring equitable access to AI tools also demands investments 
in infrastructure, workforce training, and open-access data initiatives, 
such as the Human Connectome Project and OpenNeuro, which de
mocratize data availability.119,120

A critical appraisal of the current evidence highlights four recurring 
shortfalls. First, external validation is uneven: most published models 
are evaluated on a single internal cohort, and performance often de
clines materially on independent multicenter or international data, with 
absolute Dice or AUC drops of 0.05–0.20 commonly reported.121

Second, prospective, workflow-embedded testing remains rare; only a 
small minority of brain-tumor AI studies report multi-reader multi-case 
designs or impact on radiologist decisions, time to report, or patient 
outcomes. Third, probability calibration is seldom assessed: calibration 
plots, Brier scores, and integrated calibration indices are absent from 
many AI imaging studies, despite their direct relevance to thresholded 
clinical decisions in glioma surveillance. Fourth, transparent reporting 
of cohort flow, handling of missing sequences, retraining triggers, and 
subgroup performance remains uncommon in published AI imaging 
studies, leaving substantial residual bias risk.92,103 Addressing these 
gaps is a prerequisite for moving AI tools from late-stage validation to 
deployment, and should be encoded in study design from the outset 
rather than added as an afterthought.

8.2. Future directions and research agenda

AI continues to advance neuroimaging, with the prospect of mea
surable gains in disease diagnosis, treatment monitoring, and perso
nalized therapy. However, to move beyond proof-of-concept models 
toward clinical integration, future research must emphasize methodo
logical robustness, data diversity, interpretability, and regulatory 
alignment.68 Traditional segmentation algorithms perform well in pre- 
treatment imaging but often fail to capture the complexity of post
surgical or post-therapeutic changes. For instance, after tumor resection 

or radiation therapy, residual cavities, necrotic tissue, and treatment 
effects create ambiguous imaging signatures that can mislead conven
tional AI models. Future work must incorporate post-treatment-aware 
segmentation using datasets such as the BRaTS Challenge 2024 post- 
treatment cohort, which includes detailed annotations for resection 
cavities and treatment-related tissue compartments (enhancing tissue, 
non-enhancing tumor core, and surrounding non-enhancing FLAIR 
hyperintensity).41–43 Advanced architectures, including transformer- 
based and hybrid CNN–transformer models, should be trained to re
liably differentiate post-treatment pseudoprogression from true tumor 
progression, thereby improving prognostic accuracy and supporting 
more informed and adaptive treatment decisions for patients with 
glioblastoma. Integrating clinical metadata, multimodal imaging, and 
treatment records into AI pipelines can support more biologically in
formed assessment of tumor status and therapeutic response, moving 
diagnostic imaging closer to longitudinal patient management.69

AI-driven multimodal fusion holds the potential to meaningfully 
improve the early detection and discrimination of pseudoprogression 
from true progression in neuro-oncology. DL models capable of jointly 
processing multimodal datasets can detect subtle cross-modality cor
relations that elude human interpretations. Recent progress on trans
former-based architectures and attention-based multimodal fusion 
supports this direction, allowing the effective integration of hetero
geneous modalities.18 Future research should explore adaptive fusion 
frameworks in which multimodal data dynamically inform treatment 
decisions, for example, by adjusting chemotherapy or radiotherapy 
based on AI-inferred progression likelihood. Such models must also be 
clinically feasible, leveraging imaging sequences routinely available in 
hospital workflows rather than experimental protocols.69

To ensure clinical credibility, AI systems should move from retro
spective accuracy metrics (e.g., Dice scores) to prospective real-world 
evidence and multi-reader multi-case trials. These evaluations should 
measure practical outcomes, such as diagnostic time savings, error re
duction, safety impact, and influence on clinical decision-making.122

Prospective studies embedded in radiology departments can assess the 
effects of AI integration on workflow efficiency, inter-observer con
sistency, and patient outcomes. Moreover, standardized benchmarks 
comparing algorithm performance with that of human experts are es
sential to establish clinical validity. The inclusion of post-market sur
veillance and tracking of AI system behavior across institutions will 
further strengthen confidence in reliability and reproducibility. Such 
trials should align with regulatory frameworks such as the FDA’s SaMD 
guideline to support global clinical adoption.11,123

As neuroimaging datasets become larger and more distributed, 
federated learning will play a pivotal role in enabling collaborative 
model training without compromising patient privacy. Under this 
paradigm, models are trained locally at participating hospitals, and 
only algorithmic updates, not raw data, are shared, thereby maintaining 
compliance with data protection laws.19 Future research should in
corporate privacy-preserving mechanisms, such as differential privacy, 
homomorphic encryption, and secure multiparty computation, to safe
guard sensitive brain data, especially in rare neurological conditions.124

However, ensuring that these models remain generalizable requires 
continuous uncertainty quantification and drift monitoring during 
production.86

Translating AI models into clinical practice merits strict adherence 
to established medical data standards and to interoperable workflows. 
Future AI systems should support standards-first deployment pipelines, 
transforming research data from BIDS formats into DICOM structured 
reports for seamless integration into PACS.52,53 Conformance with IHE 
profiles, such as AIR and AI Workflow for Imaging, will facilitate cross- 
platform compatibility and secure communication between imaging 
modalities, hospital information systems, and AI applications.52 Struc
tured reporting templates embedding AI-generated metrics, segmenta
tion maps, and uncertainty scores directly into radiology reports en
hance interpretability and traceability. Furthermore, modular software 
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architectures and containerized AI deployments ensure scalability and 
regulatory compliance, enabling efficient updates and version control 
within clinical environments.125

9. Conclusions

AI is positioned to move brain tumor neuroimaging from subjective, 
reader-dependent interpretation toward more reproducible and quan
titative decision support. Across detection, segmentation, grading, and 
longitudinal monitoring, DL and radiomics can generate fast, standar
dized measures of tumor burden and improve assessment in complex 
post-treatment settings, where pseudoprogression, radiation effects, 
and true recurrence overlap. However, consistent clinical impact still 
depends on solving domain shift, protocol heterogeneity, missing-se
quence resilience, and ground-truth uncertainty while demonstrating 
benefits through robust external validation and prospective, workflow- 
embedded studies. To translate this potential into routine practice, the 
field should prioritize five concrete actions: (i) prospective, multi- 
reader multi-case validation in real-world neuro-oncology workflows; 
(ii) routine reporting of probability calibration and decision curve 
analysis alongside discrimination metrics; (iii) explicit uncertainty 
quantification and drift monitoring post-deployment; (iv) adherence to 
AI-specific reporting and risk-of-bias standards (TRIPOD+AI, 
PROBAST+AI) with standards-first interoperability via DICOM struc
tured reporting, BIDS, and IHE AI Results profiles; and (v) evaluation 
against clinically meaningful endpoints, including time to report, 
change in management, and patient-relevant outcomes, rather than 
retrospective accuracy alone. Aligned with FDA SaMD expectations and 
the EU MDR and AI Act, these foundations can move AI-enabled neu
roimaging from proof-of-concept performance to reliable, scalable tools 
that support precision neuro-oncology and more confident treatment 
decisions.
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