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ABSTRACT

The Response Assessment in Neuro-Oncology (RANO) criteria are widely used for assessing 
treatment response in brain tumours; however, they have recognized limitations in differentiating true 
tumour progression from treatment-related imaging effects such as pseudo-progression. Radiomic 
analysis enables non-invasive evaluation of tumours by extracting numerous quantitative features from 
medical images, thereby revealing imaging characteristics that may not be detectable through standard 
visual interpretation. This systematic review evaluates existing evidence on machine learning-enhanced 
radiomic applications in neuro-oncology, specifically the prediction of treatment response, molecular 
marker characterization, and survival prognostication. The quality of the selected studies was assessed 
using the QUADAS-2 tool and the TRIPOD guidelines for prediction model studies. Data synthesis was 
conducted in accordance with PRISMA 2020 guidelines. There were 12,847 patients across 63 studies 
who met all the inclusion criteria. Multiparametric radiomic models incorporating shape, intensity, and 
texture features derived from T1-weighted, T2-weighted, and FLAIR sequences demonstrated higher 
reported performance metrics across all clinical applications. Nevertheless, there was substantial 
heterogeneity in the feature extraction protocols, the implementation of validation strategies, and 
approaches to model interpretation. Integrating machine learning techniques with radiomic feature 
analysis has become an advancing approach in precision neuro-oncology, often showing improved 
predictive accuracy compared with traditional evaluation strategies in multiple clinical settings. 
Successful clinical implementation will depend on standardized imaging acquisition practices, rigorous 
validation across multiple institutions, and the development of transparent and interpretable modelling 
approaches. Key future directions involve conducting prospective clinical studies, applying federated 
learning approaches, and incorporating these models into clinical decision-support platforms.
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INTRODUCTION

Malignant gliomas, particularly glioblastoma 
multiforme, represent the most aggressive primary 
brain tumours with median overall survival of 15-18 
months despite maximal safe resection, radiotherapy, 
and temozolomide chemotherapy (1). The Response 
Assessment in Neuro-Oncology criteria, established 
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in 2010, provide standardized evaluation of treatment 
response based on two-dimensional tumour measure-
ments and clinical assessment (2). Despite widespread 
adoption, RANO criteria demonstrate fundamental 
limitations in distinguishing true tumour progression 
from treatment-related imaging changes (3).

Pseudo progression occurs in 20-30% of patients 
following concurrent chemoradiotherapy, manifesting 
as transient contrast enhancement increase that mimics 
disease progression (4). This phenomenon can lead 
to premature discontinuation of effective therapy or 
unnecessary surgical intervention. Conversely, anti-
angiogenic agents may induce pseudo response through 
vascular normalization without genuine anti-tumour 
effect (5). These challenges underscore the critical need 
for advanced imaging biomarkers capable of accurate, 
non-invasive tumour biology assessment.

Radiomics transforms medical images into 
quantitative, mineable data through high-throughput 
extraction of computational features (6). Unlike 
subjective visual assessment, radiomics captures sub-
visual patterns that may reflect underlying tumour 
heterogeneity, genetic profiles, and therapeutic 
vulnerabilities (7). The integration of machine 
learning algorithms enables identification of complex, 
non-linear relationships within high-dimensional 
radiomic data, potentially surpassing traditional 
statistical approaches (8).

Several systematic reviews have examined radiomics 
applications in neuro-oncology; however, these have 
largely focused on isolated endpoints such as IDH 
mutation prediction or survival analysis alone, included 
limited numbers of studies predating methodological 
advances, or did not evaluate deep learning architectures 
alongside classical machine learning approaches. 
Furthermore, many prior syntheses predate recent 
advances in standardized feature extraction pipelines 
and multi-parametric MRI protocols, limiting their 
contemporary applicability (9, 10).

Deep learning architectures, particularly convolutional 
neural networks, offer automated feature extraction 
directly from raw imaging data while capturing intricate 
spatial patterns (11). However, these models present 
interpretability challenges that complicate clinical 
adoption and regulatory approval (12). This systematic 
review comprehensively synthesizes current evidence 
on machine learning-enhanced radiomics in neuro-
oncology, evaluating clinical utility, methodological 
rigor, and translation potential of radiomic biomarkers in 
glioma management.

METHODS AND MATERIALS 

Protocol and Reporting Guidelines
This systematic review was conducted and reported 

in accordance with the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses 2020 
(PRISMA 2020) guidelines (13). A formal protocol 
was not prospectively registered on PROSPERO prior 
to commencement of the review. The methodology, 
including search strategy, eligibility criteria, data 
extraction procedures, and quality assessment 
framework, was nonetheless predefined and documented 
internally before data collection began. The absence of 
prospective registration and independent dual-reviewer 
process are acknowledged as methodological limitations 
inherent to this single-author review.

Information Sources and Search Strategy
A systematic search was conducted across PubMed/

MEDLINE, Scopus, IEEE Xplore, Web of Science, 
and Embase for studies published between January 1, 
2018, and December 31, 2024. Search terms combined 
controlled vocabulary and free-text keywords using 
Boolean operators across all databases. An example 
search string applied was: (glioma OR glioblastoma) 
AND (radiomics OR radiomic features) AND (machine 
learning OR deep learning OR artificial intelligence) 
AND (treatment response OR survival OR IDH OR 
MGMT OR pseudo-progression). Database-specific 
search strings incorporating Medical Subject Headings 
(MeSH) and Emtree terms were adapted for each platform 
and are provided in full in Supplementary Appendix A. 
Reference lists of all included studies were manually 
screened to identify additional eligible articles not 
captured by the electronic search. ClinicalTrials.gov was 
also searched to identify relevant registered or ongoing 
studies that may have reported preliminary findings in 
the peer-reviewed literature. Records identified from 
manual reference screening and ClinicalTrials.gov were 
screened separately and assessed for eligibility alongside 
database-retrieved records.

Study Selection and Data Extraction
Titles and abstracts of all retrieved records were 

screened by the author for relevance, followed by full-text 
review of all potentially eligible articles. A standardized 
eligibility checklist was applied consistently across all 
records, and all exclusion decisions were documented 
with explicit reasons.

Studies were eligible for inclusion if they met all of 
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the following criteria: 1) involved adult patients with a 
confirmed diagnosis of glioma of any grade; 2) utilized 
MRI-based radiomic feature extraction as the primary 
imaging approach; 3) applied machine learning or 
deep learning algorithms for classification, prediction, 
or prognostication; 4) reported quantitative model 
performance metrics including area under the receiver 
operating characteristic curve (AUC), sensitivity, 
specificity, or concordance index; and (5) were published 
in English between January 1, 2018, and December 31, 
2024.

Studies were excluded if they were conference 
abstracts, editorials, case reports, narrative reviews, or 
systematic reviews; did not report a validation strategy; 
did not specifically address one of the defined clinical 
applications of treatment response prediction, molecular 
marker characterization, or survival prognostication; 
comprised fewer than 50 patients; did not provide 
sufficient methodological detail to allow extraction of 
key variables; or reported on patient cohorts duplicated 
in other included studies.

Data extraction was performed by the author using 
a standardized template. Extracted variables included 
study design, geographic region, sample size, tumour 
grade, MRI acquisition protocols, radiomic feature 
extraction methods, feature selection strategies, machine 
learning algorithms, validation approaches, and reported 
performance metrics.

Quality Assessment and Data Synthesis
Methodological quality of included studies was 

assessed by the author using the Quality Assessment 
of Diagnostic Accuracy Studies-2 (QUADAS-2) tool 
(14) across four domains: patient selection, index test, 
reference standard, and flow and timing. Reporting 
quality was evaluated against the Transparent Reporting 
of a Multivariable Prediction Model for Individual 
Prognosis or Diagnosis (TRIPOD) checklist. Quality 
assessments were conducted using predefined criteria 
applied consistently across all included studies to 
minimize subjectivity. Quality assessment findings were 
used to contextualize and interpret study results and to 
identify prevalent methodological limitations across the 
literature but did not serve as formal exclusion criteria.

Due to substantial heterogeneity across included 
studies in imaging acquisition protocols, radiomic 
feature extraction pipelines, machine learning 
algorithms, outcome definitions, and validation 
strategies, a quantitative meta-analysis was not 
considered methodologically appropriate. Findings 

were therefore synthesized narratively and classified by 
clinical application, encompassing treatment response 
prediction, molecular marker characterization, and 
survival prognostication.

Performance metrics reported in this review represent 
simple arithmetic means of values extracted directly from 
individual included studies. All summary performance 
values reflect study-level aggregates calculated across 
reported metrics; no patient-level data, weighted pooling, 
or inferential statistical comparisons were performed.

RESULTS

Study Selection
The systematic database search yielded 3,847 records 

across five databases. Following removal of 1,124 
duplicates, 2,723 titles and abstracts were screened for 
eligibility. Of these, 2,476 records were excluded at the 
abstract screening stage based on predefined criteria, 
including non-neuro-oncology focus (n = 892), absence 
of radiomics methodology (n = 654), no machine learning 
component (n = 512), and review article design (n = 418). 
The remaining 247 full-text articles were assessed for 
eligibility, of which 184 were subsequently excluded 
due to sample size below 50 patients (n = 68), absence 
of a reported validation strategy (n = 52), insufficient 
methodological detail (n = 41), exclusively paediatric 
populations (n = 15), and duplicate patient cohorts (n = 8). 
A total of 63 studies met all inclusion criteria and were 
included in the final synthesis. An additional 42 records 
identified through manual reference screening (n = 35) 
and ClinicalTrials.gov (n = 7) were assessed separately; 
none met inclusion criteria for the final synthesis. The 
complete study selection process is illustrated in the 
PRISMA 2020 flow diagram (Figure 1).

Baseline characteristics of included studies are 
summarised in Table 1. The majority of studies were 
retrospective in design (90.5%), with prospective studies 
representing only 6.3% of the included literature. 
Geographically, studies originated predominantly from 
North America (44.4%) and Europe (33.3%). The total 
pooled patient sample across all 63 studies was 12,847, 
with a median training cohort size of 118 patients (IQR 
82–215) and a median validation cohort size of 45 
patients (IQR 32–78). Grade 4 glioma was exclusively 
studied in 34.9% of studies, while 46.0% included mixed 
tumour grades. The most frequently addressed clinical 
applications were survival prognostication (66.7%), IDH 
mutation prediction (54.0%), treatment response prediction 
(44.4%), and MGMT methylation prediction (44.4%).
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Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, eligibility assessment, and final inclusion of 
studies in this systematic review.

Table 1. Baseline Characteristics of Included Studies (N = 63). Note: Clinical application 
percentages sum to greater than 100% as individual studies addressed multiple clinical 
endpoints simultaneously. Abbreviations: Abbreviations used are IQR (interquartile range), 
IDH (isocitrate dehydrogenase), and MGMT (O6-methylguanine-DNA methyltransferase).

Category Variable Value
Study Design Retrospective 57 (90.5%)

Prospective 4 (6.3%)
Registry-based 2 (3.2%)
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Imaging Acquisition and Pre-processing
The most frequently utilized MRI sequences across 

included studies were T2-weighted imaging (92.1%), 
FLAIR (87.3%), and diffusion-weighted imaging 
(54.0%). T1-weighted contrast-enhanced imaging was 
used universally across all 63 studies (100%), and multi-
parametric MRI incorporating three or more sequences 
was employed in 82.5% of studies. Regarding scanner 
field strength, 76.2% of studies used 3-Tesla MRI 

systems, 17.5% utilized 1.5-Tesla scanners, and 6.3% 
employed mixed field strengths. Tumour segmentation 
was performed through manual delineation by 
neuroradiologists (44.4%), semi-automated approaches 
with manual correction (38.1%), or fully automated deep 
learning-based techniques (17.5%). Imaging protocols, 
feature extraction methods, and feature selection 
strategies are summarised in Table 2.

Continued Table 1. Baseline Characteristics of Included Studies (N = 63). Note: Clinical 
application percentages sum to greater than 100% as individual studies addressed 
multiple clinical endpoints simultaneously. Abbreviations: Abbreviations used are IQR 
(interquartile range), IDH (isocitrate dehydrogenase), and MGMT (O6-methylguanine-
DNA methyltransferase).

Category Variable Value
Geographic Region North America 28 (44.4%)

Europe 21 (33.3%)
Asia 12 (19.0%)
Multi-continental 2 (3.2%)

Sample Size Total pooled patients 12,847
Median training cohort size (IQR) 118 (82–215)
Median validation cohort size (IQR) 45 (32–78)

Publication Year 2018–2019 18 (28.6%)
2020–2021 25 (39.7%)
2022–2024 20 (31.7%)

Tumour Grade Studied Grade 2 only 8 (12.7%)
Grade 3 only 4 (6.3%)
Grade 4 only 22 (34.9%)
Mixed grades 29 (46.0%)

Clinical Application Treatment response prediction 28 (44.4%)
IDH mutation prediction 34 (54.0%)
MGMT methylation prediction 28 (44.4%)
1p/19q codeletion prediction 18 (28.6%)
Survival prognostication 42 (66.7%)

Validation Strategy Cross-validation 35 (55.6%)
Hold-out test set 38 (60.3%)
External validation 18 (28.6%)
Prospective validation 3 (4.8%)
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Table 2. Imaging Protocols and Radiomic Feature Extraction Methodologies.  Note: All 
performance values represent arithmetic means of directly extracted values from individual included 
studies. No statistical pooling was performed. Abbreviations: DCE (dynamic contrast enhanced 
imaging), GLCM (gray-level co-occurrence matrix), GLRLM (gray-level run-length matrix), GLSZM 
(gray-level size-zone matrix), and LASSO (least absolute shrinkage and selection operator).

Category Variable Value
MRI Sequences Utilized T1-weighted contrast-enhanced 63 (100%)

T2-weighted 58 (92.1%)
FLAIR 55 (87.3%)
Diffusion-weighted imaging 34 (54.0%)
Perfusion imaging (DSC/DCE) 18 (28.6%)
Multi-parametric MRI (≥3 sequences) 52 (82.5%)

MRI Field Strength 1.5 Tesla 11 (17.5%)
3 Tesla 48 (76.2%)
Mixed (1.5T and 3T) 4 (6.3%)

Segmentation Approach Manual (radiologist delineation) 28 (44.4%)
Semi-automated 24 (38.1%)
Fully automated (deep learning) 11 (17.5%)

Feature Extraction Software PyRadiomics 38 (60.3%)
Custom MATLAB scripts 14 (22.2%)
3D Slicer 7 (11.1%)
Other platforms 4 (6.3%)

Radiomic Feature Categories Shape features per study 14 (8–26)
First-order statistics per study 18 (10–42)
Texture features per study (GLCM, 
GLRLM, GLSZM)

68 (22–186)

Total radiomic features extracted 412 (186–891)
Feature Selection Method LASSO regression 24 (38.1%)

Recursive feature elimination 16 (25.4%)
Variance + correlation filtering 12 (19.0%)
Principal component analysis 8 (12.7%)
Other methods 3 (4.8%)

Final Model Features Median number of selected features 8 (5–15)

Radiomic Feature Extraction and Selection
Radiomic feature extraction was performed in 

accordance with Image Biomarker Standardization 
Initiative (IBSI) guidelines in 25% of studies, reflecting 
inconsistent adoption of standardized extraction protocols 
across the literature (15). The most commonly used 
feature extraction platform was PyRadiomics (60.3%), 

followed by custom MATLAB scripts (22.2%) and 3D 
Slicer (11.1%) (16). The median total number of radiomic 
features extracted per study was 412 (range 186–891), 
encompassing shape features (median 14 per study), 
first-order statistical features (median 18 per study), and 
texture features derived from gray-level co-occurrence 
matrix, gray-level run-length matrix, and gray-level size-
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zone matrix analyses (median 68 per study) 
Feature selection methods applied to reduce 

dimensionality prior to model construction included 
LASSO regression (38.1%), recursive feature elimination 
(25.4%), variance and correlation filtering (19.0%), 
and principal component analysis (12.7%). The median 
number of radiomic features retained for final model 
construction was 8 (IQR 5–15), highlighting substantial 
dimensionality reduction from initial feature pools.

Machine Learning Algorithms
Among classical machine learning approaches, 

Random Forests were most frequently employed (51%), 
followed by Support Vector Machines (44%) and 
Logistic Regression (29%). Deep learning architectures 
included Convolutional Neural Networks (41%), Residual 
Networks (ResNet, 22%), and U-Net architectures 

used primarily for automated tumour segmentation 
(13%). Ensemble or combined algorithmic approaches 
incorporating multiple models were reported in 11% 
of studies. A comparative summary of algorithm 
performance across clinical applications is presented in 
Table 3. 

Several included studies evaluated multiple machine 
learning algorithms within the same dataset. Therefore, 
the number of algorithm-specific entries reported in 
Table 3 may exceed the number of individual studies.
 
Treatment Response Prediction

Pseudo-progression versus True Tumour Progression
Twenty-eight studies evaluated radiomic and 

machine learning models for distinguishing pseudo-
progression from true tumour progression following 

Table 3. Comparative Performance of Machine Learning Algorithms Across Clinical Applications. Note: All performance values 
represent arithmetic means of directly extracted values from individual included studies. No statistical pooling was performed. 
Because some studies evaluated multiple algorithms, study counts across algorithm categories are not mutually exclusive. Sensitivity 
and specificity represent mean values across included studies. For the Radiation Necrosis vs Tumour Recurrence category, Classical 
ML encompasses studies employing Random Forest and Support Vector Machine algorithms. The specific algorithm breakdown 
within this category was not uniformly reported across included studies. Abbreviations: Some important abbreviations are AUC 
(area under the receiver operating characteristic curve), CNN (convolutional neural network), ML (machine learning), RANO 
(Response Assessment in Neuro-Oncology), IDH (isocitrate dehydrogenase), MGMT (O6-methylguanine-DNA methyltransferase), 
and ResNet (residual neural network).

Clinical Application Algorithm Algorithm 
evaluations (n) Performance Metric Sensitivity 

(%)
Specificity 

(%)
Pseudo progression vs 
True Progression

RANO criteria alone 8 AUC 0.71 (0.65–0.78) 68 72
Random Forest 12 AUC 0.86 (0.81–0.92) 84 87
Support Vector Machine 8 AUC 0.84 (0.79–0.89) 82 85
Deep learning (CNN) 10 AUC 0.91 (0.87–0.96) 89 91

Radiation Necrosis vs 
Recurrence

Classical ML (RF/SVM) 9 AUC 0.82 (0.78–0.87) 79 83
Deep learning (CNN) 7 AUC 0.88 (0.84–0.93) 85 88

IDH Mutation 
Prediction

Random Forest 14 AUC 0.78 (0.72–0.84) 74 79
Support Vector Machine 12 AUC 0.82 (0.76–0.88) 78 83
Deep learning (CNN/ResNet) 18 AUC 0.89 (0.84–0.94) 86 89

MGMT Methylation 
Prediction

Classical ML (RF/SVM) 16 AUC 0.78 (0.74–0.83) 75 78
Deep learning 12 AUC 0.87 (0.82–0.92) 84 86

1p/19q Codeletion 
Prediction

Classical ML (RF/SVM) 11 AUC 0.81 (0.76–0.86) 77 82
Deep learning 7 AUC 0.88 (0.83–0.91) 84 87

Overall Survival 
(6-month)

RANO + clinical variables – C-index 0.71 – –
Radiomics + clinical model – C-index 0.82 – –
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chemoradiotherapy (17, 18, 19). As several studies 
compared more than one algorithm within the same 
patient cohort, Table 3 reports 30 algorithm evaluations 
across these 28 studies; eight of the 28 studies also 
included a direct comparison against conventional 
RANO criteria alone, providing a reference benchmark. 
Deep learning models, particularly CNNs, achieved the 
highest diagnostic performance with a mean AUC of 
0.91 (range 0.87–0.96), sensitivity of 89%, and specificity 
of 91% (17). Classical machine learning approaches, 
including Random Forests (mean AUC 0.86, range 0.81–
0.92) and Support Vector Machines (mean AUC 0.84, 
range 0.79–0.89), also reported higher AUC values than 
conventional RANO criteria alone, which yielded a mean 
AUC of 0.71 (range 0.65–0.78) (18, 19). These findings 
represent a potentially clinically relevant difference in 
diagnostic accuracy over standard visual assessment 
criteria.

Radiation Necrosis versus Tumour Recurrence
Sixteen unique studies examined the 

differentiation of radiation necrosis from tumour 
recurrence following radiotherapy (20, 21); nine 
employed classical machine learning approaches and 
seven utilised CNN-based deep learning, with each 
study contributing to only one algorithm category. 
CNN-based deep learning models achieved a higher 
mean AUC of 0.88 (range 0.84–0.93) compared with 
classical machine learning approaches (mean AUC 
0.82, range 0.78–0.87). Diagnostic performance was 
further improved when perfusion imaging metrics, 
including dynamic susceptibility contrast and dynamic 
contrast-enhanced sequences, were incorporated into 
multiparametric radiomic models (21). A comparative 
summary of model performance across treatment 
response applications is presented in Figure 2.

Molecular Marker Prediction

IDH Mutation Status
Thirty-four studies evaluated radiomic and machine 

learning methods for predicting IDH mutation status 
(22, 23). Deep learning models achieved a mean AUC of 
0.89 (range 0.84–0.94), compared with classical machine 
learning approaches, which yielded a mean AUC of 0.78 
(range 0.72–0.84)(22). The T2-FLAIR mismatch sign 
was identified as a highly specific qualitative imaging 
biomarker for IDH-mutant astrocytoma, with pooled 
performance estimates approaching a mean AUC of 0.86 
across studies reporting this feature (24).

Figure 2. Comparative performance of radiomic and 
machine learning approaches for treatment response 
assessment in glioma. (A) Distribution of AUC values 
across studies for different methodologies. (B) Summary 
diagnostic performance demonstrating improvement 
from conventional RANO criteria to multiparametric 
radiomic and deep learning models. (C) Relative feature 
importance from Random Forest models, highlighting 
contributions of texture and diffusion-weighted imaging 
features. Abbreviations: AUC, area under the receiver 
operating characteristic curve; RF, Random Forest; 
CNN, convolutional neural network; GLCM, gray-level 
co-occurrence matrix; DWI–ADC, diffusion-weighted 
imaging–apparent diffusion coefficient.
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MGMT Promoter Methylation
Twenty-eight studies addressed prediction of 

MGMT promoter methylation status (25, 26). Predictive 
performance was more variable compared with IDH 
prediction, with AUC values ranging from 0.74 to 0.87 
and a mean of 0.81 (25, 26). Radiomic models combining 
clinical variables with texture parameters derived from 
T2-weighted and FLAIR imaging sequences yielded the 
most promising predictive accuracy (25). Several studies 
reported that multi-regional tumour analysis, designed to 
capture intratumoral heterogeneity, was associated with 
improved model performance compared with single-
region approaches (27).

Figure 3. Performance of radiomic and machine learning approaches for molecular marker prediction in glioma. (A) 
Forest plot displaying AUC values with 95% confidence intervals for representative deep learning studies predicting IDH 
mutation status, illustrating consistent performance superiority over classical machine learning approaches across individual 
study cohorts. (B) Grouped bar chart comparing mean AUC values achieved by classical machine learning versus deep 
learning models across the three molecular markers evaluated: IDH mutation status, MGMT promoter methylation, and 
1p/19q codeletion. (C) Confusion matrix illustrating the classification performance of a representative multi-marker radiomic 
prediction model, howing true positive, false positive, true negative, and false negative counts across all three molecular 
marker endpoints simultaneously. Abbreviations: AUC (area under the receiver operating characteristic curve); CNN 
(convolutional neural network); ML (machine learning); IDH (isocitrate dehydrogenase); MGMT (O6-methylguanine-DNA 
methyltransferase); ResNet (residual neural network).

1p/19q Codeletion
Eighteen studies assessed radiomic prediction of 

1p/19q codeletion status, a defining molecular signature 
of oligodendroglioma (28, 29). Validated models 
demonstrated AUC values ranging from 0.79 to 0.91 
(28). Shape-based radiomic features showed particularly 
strong discriminative performance, consistent with 
established oligodendroglioma imaging phenotypes 
characterized by well-defined tumour margins and 
cortical involvement (29). The comparative performance 
of molecular marker prediction models across algorithms 
is summarised in Figure 3.
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Survival Prognostication
Forty-two studies included prognostic models 

evaluating overall survival or progression-free 
survival in patients with glioma (30, 31). Radiomic 
models incorporating clinical variables demonstrated 
substantially improved prognostic discrimination 
compared with clinical models alone, with a C-index of 
0.82 versus 0.71 for clinical variables alone, representing 
a potentially clinically relevant difference in survival 
prediction accuracy (30).

Multiparametric radiomic approaches that analyzed 
individual tumour subregions were particularly effective 
in capturing intratumoral heterogeneity, showing 
specific potential for identifying patients at elevated 
risk of early recurrence and poor survival outcomes (30, 
31). Features derived from the peritumoral region and 
tumour-enhancing margins contributed significantly to 
prognostic model performance across multiple studies 
(31). Radiomic signatures incorporating both imaging 
and molecular variables showed higher reported 
performance metrics compared with either modality 
alone, suggesting complementary prognostic value (30, 
31). Integration of radiomic biomarkers into existing 
clinical and molecular risk stratification frameworks may 
therefore provide additive prognostic information beyond 

current standard approaches.

Validation and Generalizability
External validation using independent institutional 

cohorts was performed in only 28.6% of included 
studies, representing a significant limitation of the 
current radiomics literature. External validation was 
associated with a mean AUC decline of approximately 
0.08 compared with internal validation performance, 
attributable primarily to heterogeneity in imaging 
acquisition protocols, scanner manufacturers, and 
patient population characteristics. The most pronounced 
performance decline was observed when models were 
validated across different MRI acquisition protocols 
(mean ΔAUC −0.12) and different scanner vendors 
(mean ΔAUC −0.10), suggesting that acquisition 
standardisation represents the most critical determinant 
of radiomic model generalisability. Validation using 
publicly available standardized datasets, including The 
Cancer Imaging Archive (32) and the Brain Tumour 
Segmentation Challenge (33), was performed in 22.2% 
of studies and facilitated more transparent cross-
institutional comparison. Validation strategies and 
associated performance variations are summarised in 
Table 4.

Table 4. Validation strategies and determinants of performance variability in radiomic models, including internal and external 
validation metrics and associated ΔAUC. ΔAUC represents the mean decline in model performance between internal and external 
validation. Values are descriptive and not derived from pooled statistical analysis. Abbreviations: Some important abbreviations are 
AUC (area under the receiver operating characteristic curve), CNN (convolutional neural network), ML (machine learning), RANO 
(Response Assessment in Neuro-Oncology), IDH (isocitrate dehydrogenase), MGMT (O6-methylguanine-DNA methyltransferase), 
and ResNet (residual neural network). TCIA, The Cancer Imaging Archive; BraTS, Brain Tumour Segmentation Challenge; MRI, 
magnetic resonance imaging.

Category Variable Studies n 
(%)

Mean Internal 
AUC

Mean External 
AUC

ΔAUC 
(Decline)

Validation 
Approach

Cross-validation only 35 (55.6) 0.86 ± 0.07 — —
Hold-out test set 38 (60.3) 0.84 ± 0.08 — —
External validation – same vendor 8 (12.7) 0.87 ± 0.06 0.84 ± 0.07 −0.03
External validation – different vendor 10 (15.9) 0.86 ± 0.07 0.76 ± 0.09 −0.10
Public datasets (TCIA/BraTS) 14 (22.2) 0.85 ± 0.08 0.79 ± 0.10 −0.06
Prospective validation 3 (4.8) 0.83 ± 0.09 0.77 ± 0.11 −0.06

Factors for 
Decline

Different MRI vendor 18 — — −0.10 ± 0.04
Different field strength 12 — — −0.09 ± 0.05
Different acquisition protocol 24 — — −0.12 ± 0.06
Different patient population 16 — — −0.07 ± 0.04
Time period difference 8 — — −0.05 ± 0.03
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Quality Assessment	
Quality assessment using the QUADAS-2 tool revealed 

that approximately 38% of included studies demonstrated 
a high risk of bias in at least one methodological domain. 
The most prevalent methodological limitations identified 
were inadequate clinical utility evaluation (86%), poor 
justification of sample size (81%), absence of external 
validation (71%), and insufficient examination of model 
interpretability (68%).

Adherence to TRIPOD reporting guidelines across 
included studies was inconsistent. Complete reporting 
of model performance measures was present in 65% of 
studies, while pre-specified statistical analysis plans were 
reported in only 29% of studies. These findings highlight 
widespread methodological and reporting deficiencies 
that limit the reproducibility and clinical translatability 
of current radiomic research in neuro-oncology. The 
quality assessment findings are illustrated in Figure 4.

DISCUSSION 

Principal Findings	
This systematic review synthesized evidence from 

63 studies encompassing 12,847 patients, demonstrating 
that machine learning-enhanced radiomics consistently 
demonstrated higher AUC values than conventional 
RANO criteria across multiple neuro-oncological 
applications (15, 17, 18). Multiparametric MRI strategies 
combining complementary imaging sequences demons-
trated performance improvements of 15–20% over 
single-sequence or visual evaluation approaches (17, 
19). Deep learning architectures offered additional 
improvements of 5–12% over classical machine learning 
methods, at the cost of reduced interpretability and 
greater computational demands (22, 25).

The ability to non-invasively predict molecular 
markers with AUCs approaching 0.90 represents a 

Figure 4. Quality assessment of included studies.(A) The risk-of-bias evaluation based on the QUADAS-2 framework took 
into account four methodological domains and classified the studies based on low, high, or unclear risk. (B) Adherence to 
TRIPOD reporting guideline items across included studies. (C) Prevalence of common methodological limitations identified in 
the literature. Abbreviations: QUADAS-2 (Quality Assessment of Diagnostic Accuracy Studies-2), and TRIPOD (Transparent 
Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis).
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clinically meaningful advance, potentially enabling 
treatment stratification and longitudinal molecular 
monitoring without repeated tissue sampling (22, 28). 
However, the consistent performance decline observed 
during external validation — averaging approximately 
0.08 AUC units — underscores the critical importance 
of generalizability testing before clinical deployment 
(34). These findings collectively indicate that while 
the technical promise of radiomic biomarkers is well 
established, the pathway to routine clinical integration 
requires substantial additional methodological work.

Clinical Implications and Translation Potential	
Accurate discrimination of pseudo-progression from 

true tumour progression has direct and immediate 
clinical relevance, as misclassification can lead to 
premature discontinuation of effective therapy or 
unnecessary surgical intervention in patients already 
burdened by a serious diagnosis (17, 18). The reported 
15–20% improvements in sensitivity and specificity over 
RANO criteria are clinically significant, particularly 
given that pseudo-progression occurs in 20–30% of 
patients receiving concurrent chemoradiotherapy (4, 19).

Non-invasive molecular marker prediction offers 
multiple clinical use cases, including rapid treatment 
stratification while awaiting definitive pathology, 
monitoring of molecular evolution during treatment, 
identification of therapeutic targets for precision medicine, 
and patient selection for clinical trial enrolment (22, 24, 
28). Radiomic biomarkers may also complement existing 
clinical and pathological variables to enhance risk 
stratification, in a manner analogous to established scoring 
systems in other oncological settings (29, 30). Improved 
survival prognostication can support more informed 
patient-physician discussions regarding treatment 
intensity, clinical trial participation, and quality-of-life 
considerations (30, 31). However, clinical utility must 
extend beyond predictive accuracy to encompass decision 
impact, measurable outcome improvement, and cost-
effectiveness — dimensions that remain poorly examined 
in the existing literature (34, 35).

Methodological Challenges and Reporting Standards
The substantial performance decline observed 

during external validation highlights imaging 
acquisition heterogeneity as a primary barrier to clinical 
translation (34). Systematic variation in radiomic 
features attributable to scanner manufacturers, field 
strengths, sequence parameters, and reconstruction 
algorithms can be partially addressed through 

harmonization approaches such as ComBat correction 
and histogram normalization, though these methods 
themselves require further prospective validation before 
routine implementation (34, 36). The Image Biomarker 
Standardization Initiative provides essential guidance 
for reproducible feature extraction, yet full adoption 
remains limited — only 25% of included studies 
reported IBSI compliance (15, 37). 

The absence of external validation in 71% of 
included studies and prospective assessment in fewer 
than 5% represents a critical evidence gap (38, 39). 
Multi-institutional external validation with transparent 
performance reporting across sites should be considered a 
minimum standard for studies seeking clinical translation 
(39). Adherence to TRIPOD reporting recommendations 
was incomplete across included studies, particularly 
regarding sample size justification and clinical utility 
evaluation — deficiencies identified as systemic across 
the neuro-oncology radiomics literature (40).

Model Interpretability and Clinical Trust
Interpretability analyses were included in only 32% 

of reviewed studies, despite growing recognition that 
clinical adoption requires physicians to understand and 
trust the reasoning underlying model decisions (35, 37). 
Explainable artificial intelligence methods — including 
gradient-weighted class activation mapping (Grad-
CAM), SHapley Additive exPlanations (SHAP), and 
attention-based mechanisms — can provide valuable 
insight into model decision-making processes and may 
facilitate regulatory approval and physician acceptance.
(35, 37). Importantly, interpretability analyses in the 
reviewed studies frequently revealed that models 
prioritised imaging characteristics such as tumour 
margin morphology, peritumoral oedema patterns, and 
enhancement features — regions biologically known 
to carry prognostic and diagnostic information — 
suggesting meaningful alignment between algorithmic 
reasoning and established clinical knowledge (37). 
Nevertheless, interpretability must extend beyond simply 
describing model predictions; it should also identify the 
circumstances under which models may be unreliable, 
to ensure appropriate clinical integration and safe 
deployment (35, 37).

Limitations
Several limitations of this review warrant 

acknowledgement. Publication bias may have resulted 
in under-representation of negative studies, potentially 
leading to overestimation of model performance across 
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the literature (40). Restriction to English-language 
publications may have excluded relevant international 
studies. The rapid evolution of the field means that 
some recent methodological advances may not be fully 
captured within the defined search period. Substantial 
methodological heterogeneity across included studies 
precluded formal quantitative meta-analysis, limiting 
the precision of pooled effect estimates. Furthermore, 
as a single-author review, the absence of independent 
dual-reviewer screening and data extraction introduces 
the possibility of selection bias and extraction error, 
which should be considered when interpreting findings. 
To mitigate this risk, a standardised eligibility checklist 
was applied throughout screening and all extracted data 
were independently re-verified against source articles in 
a second pass conducted at least one week after initial 
extraction. Quality assessment, while conducted using 
validated tools, retains an inherent degree of subjectivity. 
The absence of prospective protocol registration on 
PROSPERO represents an additional methodological 
limitation, as it precludes independent verification that 
methods were not modified following data collection.

CONCLUSION

This systematic review synthesized evidence from 
63 studies encompassing 12,847 patients to evaluate 
machine learning-enhanced radiomics across three 
neuro-oncological applications: treatment response 
prediction, molecular marker characterization, and 
survival prognostication. Across all three domains, 
radiomic models incorporating multiparametric MRI 
features reported higher performance metrics than 
conventional RANO criteria, with deep learning 
architectures reporting the highest AUC values, 
particularly for distinguishing pseudo-progression from 
true tumour progression and for non-invasive prediction 
of IDH mutation status.

Despite these promising findings, external validation 
remains a critical limitation of the current literature, 
with independent institutional validation performed in 
fewer than 29% of included studies and associated with 
a mean AUC decline of approximately 0.08. Substantial 
heterogeneity in imaging acquisition protocols, feature 
extraction pipelines, and validation strategies limits 
direct comparison across studies and constrains 
generalizability of reported performance metrics. 
These findings should therefore be interpreted within 
the context of a narrative synthesis rather than formal 
statistical pooling.

Addressing persistent barriers to clinical translation 
will require standardized imaging acquisition protocols 
aligned with IBSI guidelines, multi-institutional external 
validation frameworks, adoption of explainable artificial 
intelligence methods to improve model transparency, 
and full adherence to TRIPOD and PRISMA reporting 
standards. Federated learning approaches represent a 
particularly promising mechanism for achieving large-
scale multi-institutional validation while preserving 
patient data confidentiality.

Future research must prioritise prospective 
randomised validation studies that evaluate not only 
predictive accuracy but also clinical decision impact, 
patient outcome improvement, and cost-effectiveness. 
With continued methodological refinement and 
collaborative validation, radiomics and machine learning 
hold meaningful potential to advance precision neuro-
oncology and support more individualised management 
of glioma patients.
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