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Among brain tumors, glioblastoma (GBM) is the most common and the most
aggressive type, and brain metastases (BMs) occur in 20%-40% of cancer
patients. Even with intensive treatment involving radiotherapy and surgery,
which frequently leads to cognitive decline due to doses on healthy brain
tissue, the median survival is 15 months for GBM and about 6 to 9 months for
BM. Despite these treatments, GBM patients respond heterogeneously as do
patients with BM. Following standard of care, some patients will respond and
have an overall survival of more than 30 months and others will not respond and
will die within a few months. Differentiating non-responders from responders as
early as possible in order to tailor treatment in a personalized medicine fashion to
optimize tumor control and preserve healthy brain tissue is the most pressing
unmet therapeutic challenge. Innovative computer solutions recently emerged
and could provide help to this challenge. This review will focus on 52 published
research studies between 2013 and 2024 on (1) the early characterization of
treatment efficacy with biomarker imaging and radiomic-based solutions, (2)
predictive solutions with radiomic and artificial intelligence-based solutions, (3)
interest in other biomarkers, and (4) the importance of the prediction of new
treatment modalities’ efficacy.
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Introduction

Brain tumors are highly heterogeneous neoplasms not only
from a histological point of view but also from an intratumor
temporal and spatial perspective.

Despite treatments including surgery, chemotherapy and
radiotherapy patients with brain tumors respond heterogeneously.
The same treatment will result in different treatment outcomes.
Treatment efficacy is currently evaluated using anatomical MRI
several months after treatment initiation. Differentiating non-
responders from responders as early as possible in order to tailor
treatment in a personalized medicine fashion to optimize tumor
control is the most pressing unmet therapeutic challenge.

In this review, we will provide an overview of current research on
treatment response assessment for a very aggressive and brain tumor
called glioblastoma (GBM) and for a frequent brain tumor: brain
metastasis (BM). To provide a clear structure and taxonomy of the
reviewed literature, we have categorized the studies into the
following sections:

Introduction:

* Overview of brain cancer and the therapeutic challenge of
early characterization and prediction of treatment response.

Early characterization of brain cancer treatment efficacy:

* Review of studies using functional imaging biomarkers with
MRI, PET, and CT with intensity thresholding for early
detection in the days after treatment initiation.

Prediction of treatment response:

* Brief introduction to radiomics and its potential in medical
imaging and treatment response assessment.

* Studies utilizing radiomics for extracting quantitative
features from clinical routine MRI as input for predicting
treatment response in brain cancer patients before
its initiation.

* Brief introduction to AI and its potential in medical
imaging and treatment response assessment.

* Research on various machine learning (ML) algorithms
[e.g., support vector machines (SVMs), random forests,
and neural networks] and studies using deep learning
(DL) techniques, such as convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and
transformers to predict treatment outcome before
its initiation.

Challenges and future directions for assessment of new
treatment efficacy.

Abbreviations: Al artificial intelligence; AUC, area under the ROC curve; BM,
brain metastasis; CNN, convolutional neural network; DL, deep learning; GBM,
glioblastoma; ML, machine learning; SVM, support vector machine; UNETR,
UNEt Transformer.
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Following the structure of the research and the taxonomy above, in
this review, we will firstly focus on early characterization, which
involves evaluation shortly after treatment initiation and mainly
relies on imaging biomarkers/readouts. We will then focus on the
ability to predict treatment efficacy before its initiation using radiomics
and new innovative approaches using artificial intelligence (AI)
(Figure 1). AT aims to mimic human intelligence through algorithms
executed in a computer environment. Al algorithms are increasingly
being studied in the field of medical imaging, whether for image
processing, diagnosis, or the prediction of patient prognosis (1). One of
the benefits of Al is its ability to handle large datasets and extract
relevant information that is difficult to obtain through human
intelligence. For those reasons, more important focus was made on
AT solutions.

Article selection methodology

Databases: We conducted a comprehensive search using
multiple databases, including PubMed, Web of Science, and
Google Scholar. The search terms used were “Artificial

» « » o«

Intelligence,” “radiomics,” “brain cancer,” “treatment response,”

» o« » o«

“glioblastoma,” “brain metastases,” “prediction,” “machine
learning,” “deep learning,” and related synonyms.

Time frame: We considered articles published from January
2012 to the present to ensure the inclusion of the most
recent advancements.

Selection process: Articles were selected based on their novelty,
number of patients, unique or multicenter approaches, and
relevance to the therapeutic challenge.

Study design: We included original research articles and review
papers; no case studies were included.

Quality: Only peer-reviewed articles from reputable journals
and conferences were considered to ensure the reliability and
validity of the findings.

Data extraction: Relevant data, including study design, novelty
of the Al techniques used, outcomes, and limitations, were extracted

from each selected article.

Current management of brain tumors

GBM is the most common and most aggressive primary brain
tumor. Despite treatments including surgical resection,
radiotherapy, and chemotherapy, the overall survival remains low
(survival median of 15 months) with a high rate of tumor
recurrence (2). While GBM has an incidence of 3.22 per 100,000
(3), BMs affect 20% to 40% of cancer patients (4) and represent the
most common primary tumor with an incidence 3 to 10 times
higher than primary brain tumors (5). BMs occur more frequently
in patients with melanoma, lung cancer, or breast cancer (70%, 40%,
and 20%, respectively (6)). As for GBM, despite aggressive
treatment with radiotherapy and surgery that often led to
cognitive decline due to healthy brain tissue dose toxicity, the
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FIGURE 1

The challenge of early characterization in predicting therapeutic efficacy in glioblastoma and brain metastases.

survival median for patients with BM is very short and is about 6 to
9 months from the diagnosis of BM (7).

Therapeutic challenges

Patients with GBM (as well as patients with BM) present
heterogeneous treatment responses (8). For the standard treatment
(corresponding to surgery plus Stupp regimen), some GBM patients
(a minority) are responders and present overall survival higher than
30 months and others are non-responders and die in few months (9).
The pressing unmet therapeutic need is to be able to discriminate as
soon as possible the non-responder patients from the responders to
adapt treatment in a personalized medicine manner to optimize
tumor control as well as healthy brain tissue preservation.

The process of evaluating therapeutic response is similar for
GBM and BM. The assessment is mainly based on response
evaluation criteria in solid tumors (RECIST) (10) and response
assessment in neuro-oncology (RANO-BM) (11) criteria, which
evaluate the evolution of lesion size on anatomical MRI, at different
times after the treatment.

However, the issue is that assessment of the efficacy or non-
efficacy of therapies, using conventional anatomical MRI, is only
possible approximately 2 months after the beginning of treatment
(12). Indeed, there is too much pseudoprogession or inflammatory
response before and anatomical MRI is only able to reach the
morphological aspect of the tumor. Focusing on other imaging
biomarkers that are more specific to tumor biology could help
shorten this wasted time, allowing for earlier assessment of
treatment efficacy (13).
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Subsections relevant for the subject

Early characterization of treatment efficacy

Biomarker imaging-based solutions

As shown in Table 1A, several publications have explored which
imaging biomarkers might be more effective than anatomical MRI in
predicting early therapeutic response (chemotherapy combined with
anti-angiogenic therapy) and overall survival in patients with GBM and
recurrent GBM at the clinical and preclinical level. Li and colleagues
(14) have shown, on patients, that ['8F]-AIF-NOTA-PRGD2 PET/CT
([*®F]-RGD PET/CT) and dynamic contrast-enhanced MRI (DCE-
MRI) can assess response to treatment, demonstrating that a greater
decrease in SUV mean predicts better progression-free survival.
Magnetic resonance spectroscopy (MRS) can predict early treatment
efficacy. Talati et al. (15) performed a longitudinal MRI/MRS to study
whether changes in N-acetylaspartate (NAA)/Choline (Cho) and
Lactate (Lac)/NAA from different times after treatment can predict
early therapy failures. Changes noted in metabolic levels of NAA/Cho
and Lac/NAA were able to predict treatment failure as early as 1 day
after anti-angiogenic treatment. This is in accordance with the review
made by Qi and colleagues (16), who showed the different modalities
and biomarkers that enable early characterization of therapeutic
efficacy. At the preclinical level, Corroyer-Dulmont et al. have shown
that [ISF]-ﬂuoro-thymidine (['®F]-FLT PET) (marker of cell
proliferation), compared with other PET {['®F]-fluorodeoxyglucose
(['®F]-FDG PET)} or MRI biomarkers, can characterize treatment
efficacy from 3 days after treatment initiation, at a time when
anatomical MRI shows no differences (17). Predicting treatment
efficacy in recurrent GBM is also an important therapeutic challenge.
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One clinical study and one preclinical study have shown the
importance of using ["*F]-FLT PET to predict progression-free
survival and overall survival in recurrent GBM (18, 19).

However, early characterization has a limitation. Even if it is
effective, the patient has already undergone treatments (radiotherapy
and chemotherapy) and may be exposed to their side effects (20).

The recent development of innovative computer techniques
such as radiomics or more recently AI could lead to predict
treatment effectiveness before its initiation. This will lead to a
more personalized medicine where non-responder patients will
gain precious months without undergoing an unnecessary costly
treatment that could potentially lead to adverse effects (21).

Predictive solutions

Radiomic-based solutions

The term “radiomics” first appeared in literature in 2012 through
an article published by Lambin et al. (22). This approach, focused on
medical imaging data, aims to extract a large set of features from an
image for a better characterization of tumor. Radiomic protocols
require the following six steps: image acquisition, image
reconstruction and pre-processing, segmentation, resampling,
features extraction, and features selection and model-based feature
construction (23). Because of these various steps, the use of radiomics
aims to be potentially predictive compared to imaging biomarker
analyses based on basic features such as mean or peak intensity.
Image characteristics are subjected to a more in-depth analysis,
making the features more relevant for prediction, and
consequently, the results are more effective. Radiomics models are
capable of predicting therapeutic response or overall survival (23).

In that context, the use of radiomics to develop models capable
of predicting treatment response prior to brain tumor treatment
initiation has been explored in several studies.

One of these studies (24) investigated the extraction of radiomic
features from post-treatment MRI in patients with BM to predict local
tumor control with an estimation of the tumor volume percentage
compared to pre-treatment and overall survival with 256 and 237
patients, respectively. Three models were constructed through the
training of SVMs using a Gaussian kernel and Bayesian optimization
for hyperparameter tuning: (i) clinical features (age, gender overall
survival, numbers of tumors, local tumor control, and median dose),
(ii) radiomic features, and (iii) combined clinical and radiomic features.
For both prediction objectives, the model combining clinical and
radiomic features achieved very interesting performances with an
area under the receiver operating characteristic curve (AUC) of 0.95
for local tumor control and 0.82 for overall survival.

Furthermore, a clinical study (25) was conducted to predict
survival stratification of 125 patients with GBM. Radiomic features
were extracted from MRI images. Among the three tested ML
models, the SVM model demonstrated the best performance, with
an AUC of 0.92.

Table 1B (24-28) summarizes several studies on the prediction of
treatment response based on radiomics obtained from pre-treatment
imaging. In all studies, the AUC is between 0.62 and 0.95. All these
studies highlighting combining radiomic features with clinical
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features enhance prediction performance. However, radiomics has
some limitations for routine clinical application. Most published
studies have a relatively small patient cohort especially for GBM.
However, to develop effective models, a sufficiently large training and
test set is mandatory (29). Because of its complexity, radiomics
presents the challenge of low interpretability of the features and
models used, raising caution among physicians regarding the use of
radiomics models in clinical settings (30). Beyond these points, the
main limitation of radiomics remains the low stability and inter-
hospital portability of the models (29). To resolve to this challenge,
initiatives like the “Imaging Biomarker Standardization Initiative
(IBSI)” (31) have been developed to complement radiomic features
extraction; however, the robustness of these predictive models
remains an issue before their adoption as a standard of care as
shown by Peerlings and colleagues (32) for diffusion MRI or CT (33)
or even for Test-Retest in PET imaging (34).

Therefore, it is timely to explore more innovative current
developments in AI that may enable predictive characterization of
treatment efficacy. DL is known to be able to extract more complex
and a larger number of features in medical imaging than radiomics,
which could lead to better performance (35).

Artificial intelligence-based solutions

Several studies have evaluated the use of Al algorithms to assess the
therapeutic efficacy of GBM and BM. A clinical study (36) involving
124 patients with BM developed a CNN-based architecture to extract
features from each MRI slice to predict the outcome of local control/
failure in BM treated with stereotactic radiation therapy. A CNN is a
type of DL neural network specifically designed to process structured
data arrays, such as images. They integrated an InceptionResentV2
CNN architecture and a transformer (to consider spatial dependences
between MRI slices during modeling). Depending on the mechanism
of integration of information from each MRI slice, the AUC ranged
from 0.72 to 0.86. The best performance was obtained with the
combination of DL features obtained from anatomical MRI with
clinical variables (tumor size, age, gender, tumor location, histology,
total dose, previous WBRT, and number of BM).

In a study including 30 patients (15 with low-grade glioma and 15
with GBM), Vollmuth et al. (37) demonstrated that Al using artificial
neural network (ANN) for brain and then tumor segmentations has
the potential to provide a more reproducible and standardized
assessment of treatment response on MRI compared to manual
two-dimensional measurements of tumor burden using RANO
criteria. Time to progression (TTP) was initially evaluated
according to RANO criteria based on MRI and then revaluated by
incorporating additional information from Al-enhanced MRI
sequences that describe longitudinal changes in tumor volume. The
inter-observer concordance correlation coefficient (CCC) for TTP
measurements was 0.77 using the RANO criteria alone. With the
addition of AI, the CCC increased to 0.91. This improvement was
most observed in patients with low-grade gliomas (0.70 without Al
vs. 0.90 with AI). Because of the less aggressive nature of these
tumors, reliable assessment of TTP can be more difficult.

In a previous study, Luckett et al. (38) show a good performance
with an accuracy of 90.6% in classifying survival (<1 year, 1-2 years,
and >2 years), employing a deep feedforward CNN comprising three
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TABLE 1 Biomarker imaging-based solutions for the early characterization of treatment efficacy (A), radiomic-based solutions for treatment efficacy
prediction (B), and Al-based solutions for treatment efficacy prediction (C).

Table 1A Biomarker imaging-based solutions for the early characterization of treatment efficacy.

Studies Cohorts (n)  Tumor type Treatment Imaging Imaging Outcome Results Reference

modality schedule prediction

Clinical 20 patients GBM Anti-angiogenic "E-RGD PET/ Before CRT Treatment Prediction of (14)
(Bevacizumab) CT Before anti- efficacy response to
plus conventional ~ DCE-MRI angiogenic treatment after
radiotherapy and Seven weeks after 3 weeks
chemotherapy anti-angiogenic
(Temozolomide)

(CRT)

Adjuvant
chemotherapy
(Temozolomide)
plus anti-
angiogenic
(Bevacizumab)

Clinical 33 patients Recurrent GBM Anti-angiogenic MRI/MRS 1 day and 2, 4, 8, | Treatment Prediction of (15)
(Bevacizumab) (NAA/Cho and and 16 weeks efficacy treatment failure
monotherapy or Lac/NAA) after treatment to therapy 1 day
combination after treatment
therapy

Preclinical 25 rats and GBM Chemotherapy Anatomical MRI 5, 10, or 12 days Treatment [*®F]-FLT was (17)

29 rats (U87 and U251: (Temozolomide), Diffusion MRI after treatment efficacy more predictive:
human cell line) anti-angiogenic CBV MRI 3 days after
(Bevacizumab), ['®F]-[FLT] PET initiation
or both ['*F]-FDG PET treatment
Preclinical 49 rats Recurrent GBM Chemotherapy Anatomical MRI 3,10, and 17 Treatment [*®F]-FLT was (18)
(Human U251 (Temozolomide), Diftusion MRI days efficacy more predictive:
cell line) anti-angiogenic CBV MRI after treatment 3 days after the
(Bevacizumab), ['®F]-[FLT] PET end of treatment
or both ['*F]-FDG PET
Clinical 30 patients Recurrent Chemotherapy Anatomical MRI MRI: 6 weeks Treatment [*®F]-FLT can be (19)
malignant glioma = (Temozolomide) [*8F]-FLT PET after treatments efficacy used to
and anti- PET: 1 to 5 days determine the
angiogenic and at 2 and 6 treatment
(Bevacizumab) weeks efficacy 2 weeks
after treatments after treatments

CBV, cerebral blood volume; Cho, choline; CRT, radiotherapy and temozolomide; CT, computed tomography; DCE, dynamic contrast-enhanced; ['*F]-FDG, ['*F] -fluorodeoxyglucose; ['®F]-
FLT, ['*F]-fluoro-thymidine; GBM, glioblastoma; Lac, lactate; MRI, magnetic resonance imaging; MRS, magnetic resonance spectroscopy; NAA, N-acetylaspartate; PET, positron emission
tomography; ['°F]-RGD, ['*F]-AIF-NOTA-PRGD2.

TABLE 1B Radiomic-based solutions for treatment efficacy prediction.
Studies Cohorts (n) Tumor  Treatment(s) Imaging Features QOutcome Results Reference
type modality = numbers prediction
Clinical = 237 patients BM Gamma knife MRI Clinical: 5 SVM Overall survival Radiomics and clinical (24)
radiosurgery Radiomic: 4 features combination
(GKRS) (AUC = 0.82,
Acc = 0.80,
Sens = 0.77, Spe = 0.81)
Clinical = 256 patients BM GKRS MRI Clinical: 5 SVM Local tumor control =~ Radiomics and clinical (24)
Radiomics: 5 features combination
(AUC = 0.95, Acc =
0.89, Sens = 0.87,
Spe = 0.91)
Clinical = 125 patients | GBM Radiotherapy and MRI Clinical: 6 RF, Survival Radiomics and clinical (25)
concomitant Radiomics: SVM, LR stratification features combination
chemotherapy 21 (AUC =0.92)
(Temozolomide)
Clinical 76 patients GBM Chemoradiotherapy =~ MRI Clinical: 2 Naive Distinction in early Radiomics and clinical (26)
Radiomics: 6 | Bayes true progression features combination
(Continued)
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TABLE 1B Continued

Studies  Cohorts (n) Treatment(s) Imaging  Featu

modality

numbers

10.3389/fonc.2025.1497195

res Models Outcome RESVS Reference
prediction
between (AUC = 0.80,
pseudoprogression Acc =0.737,

Sens = 0.78, Spe = 0.67)

Clinical = 337 patients | BM SRS MRI Clinical: 4 GNB, Treatment response  Best classifier: SVM (27)
Radiomics: kNN, RF, Radiomics and clinical
223 AB, features combination
SVM, (AUC = 0.95)
MLP
Clinical = 87 patients BM Stereotactic MRI Clinical: 3 RF Local tumor control ~ Radiomics and clinical (28)
radiosurgery (SRS) Radiomics: 9 features combination

(AUC = 0.79)

AB, adaptive boosting; Acc, accuracy; AUC, area under the ROC curve; BM, brain metastasis; GBM, glioblastoma; GKRS, gamma knife radiosurgery; GNB, Gaussian naive Bayesian; kNN, k-
nearest neighbors; LR, logistic regression; MLP, multilayer perceptron; MRI, magnetic resonance imaging; RF, random forest; Sens, sensitivity; Spe, specificity; SRS, stereotactic radiosurgery;

SVM, support vector machine.

TABLE 1C Al-based solutions for treatment efficacy prediction.

Studies Tumor Treatment

localization

Cohorts (n)

Imaging
modality

Models

Outcome
prediction

Results

Reference

Clinical 124 patients BM Stereotactic MRI MLP/Clinical Local tumor control CNN + LSTM + (36)
radiation features clinical features
therapy (SRT) CNN + Seq2Seq/ (AUC = 0.86, Acc =
Transformers/LSTM 0.83, Sens = 0.77,
CNN + Seq2Seq/ Spe = 0.87)
Transformers/LSTM
+ clinical features
Clinical 30 patients Gliomas / MRI HD-GLIO-XNAT Evaluate whether AI- = Lower-grade gliomas | (37)
(15 GBM) (https://github.com/ assisted decision (CCP = 0.77 for
NeuroAI-HD/HD- support provides a RANO and 0.91
GLIO-XNAT) more reproducible with AI)
and standardized
assessment of
response to treatment
compared to manual
measurements using
RANO criteria
Clinical 133 patients GBM / MRI ANN with Survival classification | Cross validation: (38)
clinical features Acc =091
Preclinical | 28 mice GL261 Chemotherapy MRI/MRS 1D-CNN, LR, SVM,  Therapy 1D-CNN (Acc = (39)
(Temozolomide) RF, XGBoost response assessment 0.9975, Sens = 0.99,
Spe = 0.99)

Acc, accuracy; Al artificial intelligence; AUC, area under the ROC curve; BM, brain metastasis; CCP, concordance correlation coefficients; CNN, convolutional neural network; GBM,
glioblastoma; LR, logistic regression; LSTM, long short-term memory; MLP, multilayer perceptron; MRI, magnetic resonance imaging; MRS, magnetic resonance spectroscopy; RANO, response

assessment in neuro-oncology; RF, random forest; Sens, sensitivity; Spe, specificity; SRS, stereotactic radiosurgery; SVM, support vector machine; XGBoost, extreme gradient boosting.

hidden layers with eight neurons in each layer to predict patient
survival in a cohort of 133 individuals. Ortega-Martorell and colleagues
also showed a good performance of one-dimension CNN in a
preclinical study to track therapy response in GBM (39). The 1D-
CNN performed better than different ML models, showing the
superiority of DL methods.

Our review of the literature reveals that the CNN exhibits
superior performance. Although the architecture is not novel, it is
particularly suited to medical imaging and currently offers the most
effective means of predicting treatment efficacy (40).

Table 1C (36-39) summarizes several studies on the prediction
of treatment response based on Al algorithms from pre-treatment
MRI. As in the radiomics-based studies, the best performance is
achieved by combining imaging data with clinical information.

Frontiers in Oncology

Many studies applying Al in this field are based on relatively

small data cohorts (less than 100 for GBM). However, a large data
cohort is essential for optimal training of AI models (41).
Centralizing a large amount of data in a single center can be
challenging, and the performances of models are not always
transferable between centers. Federated learning (42) addresses
this issue by enabling learning from distributed data without
transferring it between sites. Federated learning is a DL
paradigm in which a model is trained across multiple
decentralized devices or servers located in various medical
centers, each holding local data samples, without the need to
exchange the raw data. The only parameters shared among the
different hospitals are the model parameters, not the raw
medical data.

frontiersin.org
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In addition, AI methodology is constantly evolving and new
architectures appear every year. The models we have presented in
this review give an overview of what is being done today, but new
architectures such as diffusion models or full transformers should
be more present in the years to come. One example is the UNEt
TRansformer (UNETR) (43), which adapts the CNN encoder/
decoder models proposed by UNET to transformer architectures
in order to process sequential representations of the input volume
more efficiently. Transformers are a type of AI model designed to
efficiently process sequential data, such as text. Functional imaging
such as proliferation index or other indicators is more relevant for
assessing therapeutic efficacy (17). To our knowledge, no study
involving AI models uses functional imaging biomarkers for
predicting GBM efficacy as all the articles reported in this review
used clinical routine anatomical MRI. However, in other cancers
with radiomic models, Knuth and colleagues as well as Zhang and
colleagues support the add value of function biomarkers in
comparison to anatomical MRI in rectal (44) and breast cancers,
respectively (45).

Opting for more functional imaging biomarkers instead of
anatomical MRI could potentially improve AI performance in
predicting treatment efficacy.

It is important to note that current studies were based on 2016
WHO classification rather than the 2021 one. To the best of our
knowledge, no study has yet evaluated the potential of AI models to
predict treatment outcomes of GBM according to the WHO 2021
classification. These models may not fully reflect current standards and
advancements in the field, potentially leading to biases in predictions.
However, current performances of the AT models to predict treatment
outcome are still valid if they do not take into account the grade of the
tumor, for example, if the input data only take the pre-treatment MRI.
If the model is capable of predicting the treatment outcome of a brain
lesion on an MR, it should still be able to do so regardless of whether
the brain lesion is designated as a GBM or a grade 4 astrocytoma
Therefore, it is essential to incorporate recent classifications to ensure
that AT models are aligned with best clinical practices and provide
reliable and relevant recommendations.

Al models to distinguish pseudo-
progression to recurrence

For patients with GBM treated in accordance with the established
standard protocol, the prevalence of pseudoprogression is estimated to
range between 20% and 30%. This phenomenon typically manifests
within 1 to 12 weeks following the conclusion of treatment and is
distinguished by an increase in tumor volume and the emergence of
new lesions discernible on magnetic resonance imaging (MRI) (46).

This represents a significant challenge in clinical routine, as it
complicates the assessment of treatment response and may impact
therapeutic decision-making. Distinguishing between
pseudoprogression and tumor recurrence is essential for optimal
patient management, but this differentiation requires a significant
amount of imaging. The acquisition of earlier information on

potential pseudoprogression could enable treatment to be adapted
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more rapidly. Several studies have shown that radiomics and Al
could be pertinent tools to predict pseudoprogression. Sun et al.
(47) evaluated the diagnostic performance of ML models using a
radiomic model based on contrast-enhanced T1-weighted MRI to
differentiate pseudoprogression from true progression after
standard treatment for 77 patients. The classifier demonstrated
limited results with a sensitivity of 78.36% and a specificity of
61.33%. Another study (48), based on 78 patients with GBM,
developed a CNN combined with an LSTM to differentiate
anatomical MRI pseudoprogression from progression. The AUC
results of the three trained models ranged from 0.52 to 0.83. The
model that demonstrated the highest performance was the one that
combined both MRI data and clinical features including age at the
time of surgery, gender, methylation status of the 06-
methylguanine-DNA-methyltransferase (MGMT) promoter,
mutational status of the isocitrate dehydrogenase (IDH) gene, the
total dose and number of fractions of radiotherapy, and other
factors. Moassefi and colleagues (49) developed a DL model to
distinguish pseudoprogression from true progression for 124
patients, using only clinical routine MRI. The model achieved a
mean accuracy of 76.4%, a mean AUC of 0.76, a mean sensitivity of
88.72%, and a mean specificity of 62.05%.

An article using nuclear medicine imaging shows that radiomics
based on FET-PET was able to differentiate tumor progression from
pseudoprogression (50). Kebir et al. used FET-PET images in 14 patients
and applied an unsupervised clustering algorithm for the diagnosis of
pseudoprogression, achieving a diagnostic accuracy of 75%.

These studies demonstrate that it is possible to predict
pseudoprogression at a relatively early stage, which could
potentially optimize patient management. However, it is
important to note that (1) performances of the models are limited
with a specificity and a sensitivity of approximately 0.7 to 0.8 and
(2) none of these studies have explored the prediction of
pseudoprogression using pre-treatment imaging, highlighting a
significant area for future research.

Interest in other biomarkers

This review focuses on the relevance of imaging biomarkers and
the use of radiomics and Al based on MRI before and after treatment.
However, molecular biomarkers can also be used to characterize
therapeutic efficacy and overall survival. One such molecular
biomarker is the methylation status of MGMT (51). The 1p/19q
codeletion and loss of chromosome 10 are also predictive of
therapeutic response (52). Although these biomarkers are used in
routine clinical practice, the cost of testing, limited resources, and
analysis time may be limiting factors for some patients (53). In
contrast, MRI and RT DOSE are performed for each patient.

In addition, a biopsy is only performed on a part of the tumor.
Since GBMs are recognized as highly heterogeneous tumors,
molecular or protein expression will not be representative of the
entire tumor, introducing a variability in the evaluation of
therapeutic response (54). Therefore, imaging biomarkers appear
to be the most suitable for routine clinical application.
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New treatment modalities

Predicting the efficacy of treatments is of great interest for
responder patients. However, for non-responder patients, the use of
new treatment modalities, such as proton therapy and carbon ion
therapy, is essential. It is important to conduct studies in these areas to
assess the appropriateness of using one treatment over another, based
on expected therapeutic efficacy. These studies are of crucial
importance for the integration of these new treatments, which still
need to be validated, especially through clinical trials (55). In this
context, an Al tool that predicts treatment efficacy before initiation
would be of significant interest.

Conclusion

The practical applications of AI and radiomics in the
management of brain cancer are significant. These technologies
enable earlier diagnosis, facilitating rapid and personalized
treatment plans. For patients, this translates into better clinical
outcomes and improved quality of life, particularly through the
rapid identification of cases of non-response to treatment, paving
the way to more appropriate therapeutic alternatives. As far as
healthcare systems are concerned, AI and radiomics offer the
possibility of optimizing the use of resources and reducing the
financial impact of costly and ineffective treatments.

However, a number of challenges remain. These include the
time and effort required to train healthcare professionals in the use
of these technologies, as well as the management of administrative
and regulatory obstacles.

The review highlights the pressing need for early and accurate
characterization of treatment efficacy in GBM and BMs, given their
aggressive nature and the heterogeneous responses to standard
treatments. Current methods, relying on anatomical MRI, often
fail to provide timely assessments due to pseudoprogression,
leading to delayed treatment adjustments and potential cognitive
decline from radiotherapy.

Early characterization of treatment efficacy

Imaging biomarkers, such as PET/CT, DCE-MRI, and MRS,
have shown promise in predicting treatment response and overall
survival earlier than conventional MRI. However, these methods
still require patients to undergo initial treatments, exposing them to
potential side effects.

Predictive solutions

Radiomics and AI offer innovative approaches to predict
treatment efficacy before initiation. Studies combining radiomic
features with clinical data have achieved high AUC values,
indicating strong predictive performance. However, radiomics
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faces challenges such as low interpretability and limited inter-
hospital portability, which initiatives like the IBSI aim to address.

Our review shows that Al, particularly DL techniques like CNNs,
has demonstrated superior performance in predicting treatment
outcomes. Combining Al-extracted features from MRI with clinical
variables has yielded impressive results, with AUC values ranging
from 0.72 to 0.99. Federated learning presents a solution to the
challenge of data centralization, allowing models to be trained across
multiple decentralized sites without exchanging raw data.

Challenges and future directions

Despite the promising results, several challenges remain. Most
studies are based on small patient cohorts, which limits the
generalizability of the findings. Additionally, the use of functional
imaging biomarkers, which may provide more relevant information
than anatomical MRI, has not been extensively explored in AT models
for brain efficacy prediction. The integration of radiomics and DL in
neuro-oncology has led to significant advancements in the
management of gliomas, particularly by exploiting complex imaging
features to predict molecular and clinical profiles. However, significant
challenges remain, including the harmonization of multimodal data.
Future research should focus on developing federated learning
frameworks and enhancing model interpretability (56).

Pseudoprogression and new
treatment modalities

Distinguishing pseudoprogression from true progression is
crucial for optimal patient management. Radiomics and AI have
shown potential in this area; however, the performance of these
models is limited, and predicting pseudoprogression using pre-
treatment imaging remains an inadequately explored area.

Al and the radiomics model have some limitations that have to
be pointed out:

(a) Bias in training data or learning algorithms: Biases in
training data represent a major challenge for training AI
models. If the dataset used is not representative of the
overall population, model performance is likely to degrade,
particularly for more diverse patient groups. To limit these
biases and better explain model behaviors, a data quality
process is essential. This helps to identify and address
potential gaps in the distribution of the data used.

(b) AI reliability in a clinical situation, especially with patient
populations that are part of more heterogeneous groups:
The reliability of AI systems in the clinical setting is a
fundamental issue, especially when it comes to treating
heterogeneous patient populations. For example, brain
tumors such as GBM and BM present great heterogeneity
both between tumors and within the same tumor. This
diversity can limit the ability of AT models to generalize
effectively. To address this, it is essential to rigorously
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validate these models and continuously adapt them using
updated data. In addition, the study of model explainability
is essential to understand the decisions made by models.

Moreover, patients included in clinical trials are not
representative of the general population of patients in clinical
practice because the selection criteria are strict. Consequently, the
results of most clinical trials do not allow the same conclusions to be
drawn in a different population or context (57).

(c) The challenge of integrating new technology into day-to-day
clinical practice: Integrating Al technologies into everyday clinical
practice involves a number of challenges. Firstly, sufficiently powerful
IT infrastructures are needed to run these models. Secondly, medical
staff need to be trained in their use, which can come up against a
certain resistance to change. In these cases, the explicability of the
models plays a key role in instilling confidence and facilitating their
adoption. In addition, it is crucial to develop user-friendly interfaces,
integrating these models into practical tools for medical staff. Finally,
regulatory and ethical aspects, such as data confidentiality and patient
safety, must be considered to ensure the safe and responsible
deployment of technologies in the clinical environment.

Articles cited in this review evaluate the performance of the Al
models with specificity/sensitivity approaches and not with concrete
data from clinical routine experiments or case studies on brain tumor
treatment efficacy. A study has developed an AI model for diagnosing
breast cancer and determined whether it could be useful to
radiologists (58). The study showed that AI had better results than
radiologists (91% vs. 59%). The integration of Al into clinical practice
is raising new challenges while offering considerable opportunities. It
is helping to improve the accuracy of diagnoses, optimize
administrative tasks, and personalize treatment plans. Moreover, Al
allows healthcare staff to spend more time with patients, enhancing
the quality of care and the human relationship (59). For example, the
authors showed that a BM segmentation system based on DL can be
optimally applied to improve the efficiency of BM delineation in
clinical practice (60). Another study has developed DL models for the
purpose of proposing an alternative solution for patient-specific
quality assurance that would make treatment machines more
available to patients and thus enable more patients to be treated (61).

In summary, while significant progress has been made in early
characterization and prediction of treatment efficacy in GBM and
BM using imaging biomarkers, radiomics, and Al further research
is needed to address current limitations and explore new avenues.
Integrating functional imaging biomarkers, updating AI models to
reflect recent architecture, and investigating new treatment
modalities are key areas for future development.

References

1. Bradshaw TJ, Huemann Z, Hu J, Rahmim A. A guide to cross-validation for
artificial intelligence in medical imaging. Radiol: Artif Intell. (2023) 5:¢220232.
doi: 10.1148/ryai.220232

2. Tan AC, Ashley DM, Lopez GY, Malinzak M, Friedman HS, Khasraw M.
Management of glioblastoma: State of the art and future directions. CA A Cancer |
Clin. (2020) 70:299-312. doi: 10.3322/caac.21613

Frontiers in Oncology

10.3389/fonc.2025.1497195

Author contributions

AC-D: Conceptualization, Data curation, Formal analysis, Funding
acquisition, Investigation, Methodology, Project administration,
Resources, Software, Supervision, Validation, Visualization, Writing —
original draft, Writing — review & editing. NM: Writing - original draft,
Writing - review & editing. SV: Writing — original draft, Writing -
review & editing. CJ: Writing - original draft, Writing - review &
editing. LD: Writing — original draft, Writing — review & editing. LT:
Conceptualization, Writing — review & editing. RH: Writing — original
draft, Writing — review & editing. RM: Writing — original draft, Writing
- review & editing. DS: Writing — original draft, Writing - review &
editing. JT: Writing — original draft, Writing - review & editing. AL:
Writing — original draft, Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was funded by the Région Normandie thought “Booster IA” grant.
NM was supported by the Région Normandie.

Acknowledgments

We would like to thank Gilles Girault for his help with
bibliographic research.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

3. Aftab K, Aamir FB, Mallick S, Mubarak F, Pope WB, Mikkelsen T, et al.
Radiomics for precision medicine in glioblastoma. ] Neurooncol. (2022) 156:217-31.
doi: 10.1007/s11060-021-03933-1

4. Sas-Korczynska B, Rucinska M. WBRT for brain metastases from non-small cell
lung cancer: for whom and when?—Contemporary point of view. ] Thorac Dis. (2021)
13:3246-57. doi: 10.21037/jtd-2019-rbmlc-06

frontiersin.org


https://doi.org/10.1148/ryai.220232
https://doi.org/10.3322/caac.21613
https://doi.org/10.1007/s11060-021-03933-1
https://doi.org/10.21037/jtd-2019-rbmlc-06
https://doi.org/10.3389/fonc.2025.1497195
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Moreau et al.

5. Vogelbaum MA, Brown PD, Messersmith H, Brastianos PK, Burri S, Cahill D,
et al. Treatment for brain metastases: ASCO-SNO-ASTRO guideline. JCO. (2022)
40:492-516. doi: 10.1200/JC0O.21.02314

6. Sacks P, Rahman M. Epidemiology of brain metastases. Neurosurg Clinics North
America. (2020) 31:481-8. doi: 10.1016/j.nec.2020.06.001

7. Brown PD, Jaeckle K, Ballman KV, Farace E, Cerhan JH, Anderson SK, et al. Effect
of radiosurgery alone vs radiosurgery with whole brain radiation therapy on cognitive
function in patients with 1 to 3 brain metastases: A randomized clinical trial. JAMA.
(2016) 316:401. doi: 10.1001/jama.2016.9839

8. Skaga E, Kulesskiy E, Fayzullin A, Sandberg CJ, Potdar S, Kyttild A, et al.
Intertumoral heterogeneity in patient-specific drug sensitivities in treatment-naive
glioblastoma. BMC Cancer. (2019) 19:628. doi: 10.1186/s12885-019-5861-4

9. Bjorland LS, Fluge O, Gilje B, Mahesparan R, Farbu E. Treatment approach and
survival from glioblastoma: results from a population-based retrospective cohort study
from Western Norway. BMJ Open. (2021) 11:e043208. doi: 10.1136/bmjopen-2020-
043208

10. Wen PY, Weller M, Lee EQ, Alexander BM, Barnholtz-Sloan JS, Barthel FP, et al.
Glioblastoma in adults: a Society for Neuro-Oncology (SNO) and European Society of
Neuro-Oncology (EANO) consensus review on current management and future
directions. Neuro-Oncology. (2020) 22:1073-113. doi: 10.1093/neuonc/noaal06

11. Lin NU, Lee EQ, Aoyama H, Barani IJ, Barboriak DP, Baumert BG, et al. Response
assessment criteria for brain metastases: proposal from the RANO group. Lancet Oncol.
(2015) 16:€270-8. doi: 10.1016/S1470-2045(15)70057-4

12. Van Dijken BRJ, Van Laar PJ, Holtman GA, van der Hoorn A. Diagnostic
accuracy of magnetic resonance imaging techniques for treatment response evaluation
in patients with high-grade glioma, a systematic review and meta-analysis. Eur Radiol.
(2017) 27:4129-44. doi: 10.1007/s00330-017-4789-9

13. Guglielmo P, Quartuccio N, Rossetti V, Celli M, Alongi P, Boero M, et al.
18F] fluorothymidine positron emission tomography imaging in primary
brain tumours: A systematic review. CMIR. (2022) 18:363-71. doi: 10.2174/
1573405617666210917123012

14. LiL, Liu N, Zhang H, Tao R, Zhao S, Chen Z, et al. Potential 18F-RGD PET/CT
and DCE-MRI imaging-based biomarkers for postoperative survival prediction among
patients with newly diagnosed glioblastoma treated with bevacizumab and
chemoradiotherapy. Front Oncol. (2022) 12:848266. doi: 10.3389/fonc.2022.848266

15. Talati P, El-Abtah M, Kim D, Dietrich J, Fu M, Wenke M, et al. MR
spectroscopic imaging predicts early response to anti-angiogenic therapy in recurrent
glioblastoma. Neuro-Oncol Adv. (2021) 3:vdab060. doi: 10.1093/noajnl/vdab060

16. Qi D, Li J, Quarles CC, Fonkem E, Wu E. Assessment and prediction of
glioblastoma therapy response: challenges and opportunities. Brain. (2023)
146:1281-98. doi: 10.1093/brain/awac450

17. Corroyer-Dulmont A, Pérés EA, Petit E, Guillamo JS, Varoqueaux N, Roussel S,
et al. Detection of glioblastoma response to temozolomide combined with bevacizumab
based on pMRI and pPET imaging reveals [18F]-fluoro-l-thymidine as an early and
robust predictive marker for treatment efficacy. Neuro-Oncology. (2013) 15:41-56.
doi: 10.1093/neuonc/nos260

18. Corroyer-Dulmont A, Pérés EA, Geérault AN, Savina A, Bouquet F, Divoux D,
et al. Multimodal imaging based on MRI and PET reveals [18F]FLT PET as a specific
and early indicator of treatment efficacy in a preclinical model of recurrent
glioblastoma. Eur ] Nucl Med Mol Imaging. (2016) 43:682-94. doi: 10.1007/s00259-
015-3225-0

19. Schwarzenberg J, Czernin J, Cloughesy TF, Ellingson BM, Pope WB, Geist C,
et al. 3'-deoxy-3'- '® F-fluorothymidine PET and MRI for early survival predictions in
patients with recurrent Malignant glioma treated with bevacizumab. ] Nucl Med. (2012)
53:29-36. doi: 10.2967/jnumed.111.092387

20. Alemany M, Velasco R, Simo M, Bruna J. Late effects of cancer treatment:
consequences for long-term brain cancer survivors. Neuro-Oncol Pract. (2021) 8:18-30.
doi: 10.1093/nop/npaa039

21. Lehrer EJ, Jones BM, Dickstein DR, Green S, Germano IM, Palmer JD, et al. The
cognitive effects of radiotherapy for brain metastases. Front Oncol. (2022) 12:893264.
doi: 10.3389/fonc.2022.893264

22. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, Stiphout RGPMYV,
Granton P, et al. Radiomics: Extracting more information from medical images
using advanced feature analysis. Eur J Cancer. (2012) 48:441-6. doi: 10.1016/
j.€jca.2011.11.036

23. Scapicchio C, Gabelloni M, Barucci A, Cioni D, Saba L, Neri E. A deep look into
radiomics. Radiol Med. (2021) 126:1296-311. doi: 10.1007/s11547-021-01389-x

24. Liao C-Y, Lee CC, Yang HC, Chen CJ, Chung WY, Wu HM, et al. Enhancement
of radiosurgical treatment outcome prediction using MRI radiomics in patients with
non-small cell lung cancer brain metastases. Cancers. (2021) 13:4030. doi: 10.3390/
cancers13164030

25. Jia X, Zhai Y, Song D, Wang Y, Wei S, Yang F, et al. A multiparametric MRI-
based radiomics nomogram for preoperative prediction of survival stratification in
glioblastoma patients with standard treatment. Front Oncol. (2022) 12:758622.
doi: 10.3389/fonc.2022.758622

26. Mouraviev A, Detsky J, Sahgal A, Ruschin M, Lee YK, Karam I, et al. Use of
radiomics for the prediction of local control of brain metastases after stereotactic
radiosurgery. Neuro-Oncology. (2020) 22:797-805. doi: 10.1093/neuonc/noaa007

Frontiers in Oncology

10.3389/fonc.2025.1497195

27. Patel M, Zhan J, Natarajan K, Flintham R, Davies N, Sanghera P, et al. Machine
learning-based radiomic evaluation of treatment response prediction in glioblastoma.
Clin Radiol. (2021) 76:628.e17-27. doi: 10.1016/j.crad.2021.03.019

28. Du P, Liu X, Shen L, Wu X, Chen ], Chen L, et al. Prediction of treatment
response in patients with brain metastasis receiving stereotactic radiosurgery based on
pre-treatment multimodal MRI radiomics and clinical risk factors: A machine learning
model. Front Oncol. (2023) 13:1114194. doi: 10.3389/fonc.2023.1114194

29. Hatt M, Rest CCL, Antonorsi N, Tixier F, Tankyevych O, Jaouen V, et al.
Radiomics in PET/CT: current status and future Al-based evolutions. Semin Nucl Med.
(2021) 51:126-33. doi: 10.1053/j.semnuclmed.2020.09.002

30. Zhang Y-P, Zhang XY, Cheng YT, Li B, Teng XZ, Zhang J, et al. Artificial
intelligence-driven radiomics study in cancer: the role of feature engineering and
modeling. Military Med Res. (2023) 10:22. doi: 10.1186/s40779-023-00458-8

31. Zwanenburg A, Valliéres M, Abdalah MA, Aerts HIWL, Andrearczyk V, Apte A,
et al. The image biomarker standardization initiative: standardized quantitative
radiomics for high-throughput image-based phenotyping. Radiology. (2020)
295:328-38. doi: 10.1148/radiol.2020191145

32. Peerlings J, Woodruff HC, Winfield JM, Ibrahim A, Beers BEV, Heerschap A,
et al. Stability of radiomics features in apparent diffusion coefficient maps from a multi-
centre test-retest trial. Sci Rep. (2019) 9:4800. doi: 10.1038/s41598-019-41344-5

33. Larue RTHM, Van De Voorde L, Van Timmeren JE, Leijenaar RTH, Berbee M,
Sosef MN, et al. 4DCT imaging to assess radiomics feature stability: An investigation
for thoracic cancers. Radiother Oncol. (2017) 125:147-53:2017. doi: 10.1016/
j.radonc.2017.07.023

34. Leijenaar RTH, Carvalho S, Velazquez ER, Elmpt WJCV, Parmar C, Hoekstra
OS, et al. Stability of FDG-PET Radiomics features: An integrated analysis of test-retest
and inter-observer variability. Acta Oncol. (2013) 52:1391-7. doi: 10.3109/
0284186X.2013.812798

35. Wagner MW, Namdar K, Biswas A, Monah S, Khalvati F, Ertl-Wagner BB.
Radiomics, machine learning, and artificial intelligence—what the neuroradiologist
needs to know. Neuroradiology. (2021) 63:1957-67. doi: 10.1007/s00234-021-02813-9

36. Jalalifar SA, Soliman H, Sahgal A, Sadeghi-Naini A. Predicting the outcome of
radiotherapy in brain metastasis by integrating the clinical and MRI-based deep
learning features. Med Phys. (2022) 49:7167-78. doi: 10.1002/mp.15814

37. Vollmuth P, Foltyn M, Huang RY, Galldiks N, Petersen J, Isensee F, et al.
Artificial intelligence (AI)-based decision support improves reproducibility of tumor
response assessment in neuro-oncology: An international multi-reader study. Neuro-
Oncology. (2023) 25:533-43. doi: 10.1093/neuonc/noac189

38. Luckett PH, Olufawo M, Lamichhane B, Park KY, Dierker D, Verastegui GT,
et al. Predicting survival in glioblastoma with multimodal neuroimaging and machine
learning. ] Neurooncol. (2023) 164:309-20. doi: 10.1007/s11060-023-04439-8

39. Ortega-Martorell S, Olier I, Hernandez O, Restrepo-Galvis PD, Bellfield RAA,
Candiota AP. Tracking therapy response in glioblastoma using 1D convolutional
neural networks. Cancers. (2023) 15:4002. doi: 10.3390/cancers15154002

40. Sarvamangala DR, Kulkarni RV. Convolutional neural networks in medical
image understanding: a survey. Evol Intel. (2022) 15:1-22. doi: 10.1007/s12065-020-
00540-3

41. Sebastian AM, Peter D. Artificial intelligence in cancer research: trends,
challenges and future directions. Life. (2022) 12:1991. doi: 10.3390/life12121991

42. Pati S, Baid U, Edwards B, Sheller M, Wang SH, Reina GA, et al. Federated
learning enables big data for rare cancer boundary detection. Nat Commun. (2022)
13:7346. doi: 10.1038/s41467-022-33407-5

43. Hatamizadeh A, Tang Y, Nath V, Yang D, Myronenko A, Landman B, et al.
UNETR: transformers for 3D medical image segmentation. arXiv: arXiv:2103.10504.
(2021). http://arxiv.org/abs/2103.10504.

44. Knuth F, Tohidinezhad F, Winter RM, Bakke KM, Negard A, Holmedal SH, et al.
Quantitative MRI-based radiomics analysis identifies blood flow feature associated to
overall survival for rectal cancer patients. Sci Rep. (2024) 14:258. doi: 10.1038/s41598-
023-50966-9

45. Zhang Q, Peng Y, Liu W, Bai J, Zheng ], Yang X, et al. Radiomics based on
multimodal MRI for the differential diagnosis of benign and Malignant breast lesions.
Magnet Resonance Imaging. (2020) 52:596-607. doi: 10.1002/jmri.27098

46. Young JS, Al-Adli N, Scotford K, Cha S, Berger MS. Pseudoprogression versus
true progression in glioblastoma: what neurosurgeons need to know. J Neurosurg.
(2023) 139:748-59. doi: 10.3171/2022.12.JNS222173

47. Sun Y-Z, Yan LF, Han Y, Nan HY, Xiao G, Tian Q, et al. Differentiation of
pseudoprogression from true progressionin glioblastoma patients after standard
treatment: A machine learning strategy combinedwith radiomics features from T1-
weighted contrast-enhanced imaging. BMC Med Imaging. (2021) 21:17. doi: 10.1186/
$12880-020-00545-5

48. Jang B-S, Jeon SH, Kim IH, Kim IA. Prediction of Pseudoprogression versus
Progression using Machine Learning Algorithm in Glioblastoma. Sci Rep. (2018)
8:12516. doi: 10.1038/s41598-018-31007-2

49. Moassefi M, Faghani S, Conte GM, Kowalchuk RO, Vahdati S, Crompton DJ,
et al. A deep learning model for discriminating true progression from
pseudoprogression in glioblastoma patients. J Neurooncol. (2022) 159:447-55.
doi: 10.1007/s11060-022-04080-x

frontiersin.org


https://doi.org/10.1200/JCO.21.02314
https://doi.org/10.1016/j.nec.2020.06.001
https://doi.org/10.1001/jama.2016.9839
https://doi.org/10.1186/s12885-019-5861-4
https://doi.org/10.1136/bmjopen-2020-043208
https://doi.org/10.1136/bmjopen-2020-043208
https://doi.org/10.1093/neuonc/noaa106
https://doi.org/10.1016/S1470-2045(15)70057-4
https://doi.org/10.1007/s00330-017-4789-9
https://doi.org/10.2174/1573405617666210917123012
https://doi.org/10.2174/1573405617666210917123012
https://doi.org/10.3389/fonc.2022.848266
https://doi.org/10.1093/noajnl/vdab060
https://doi.org/10.1093/brain/awac450
https://doi.org/10.1093/neuonc/nos260
https://doi.org/10.1007/s00259-015-3225-0
https://doi.org/10.1007/s00259-015-3225-0
https://doi.org/10.2967/jnumed.111.092387
https://doi.org/10.1093/nop/npaa039
https://doi.org/10.3389/fonc.2022.893264
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1007/s11547-021-01389-x
https://doi.org/10.3390/cancers13164030
https://doi.org/10.3390/cancers13164030
https://doi.org/10.3389/fonc.2022.758622
https://doi.org/10.1093/neuonc/noaa007
https://doi.org/10.1016/j.crad.2021.03.019
https://doi.org/10.3389/fonc.2023.1114194
https://doi.org/10.1053/j.semnuclmed.2020.09.002
https://doi.org/10.1186/s40779-023-00458-8
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1038/s41598-019-41344-5
https://doi.org/10.1016/j.radonc.2017.07.023
https://doi.org/10.1016/j.radonc.2017.07.023
https://doi.org/10.3109/0284186X.2013.812798
https://doi.org/10.3109/0284186X.2013.812798
https://doi.org/10.1007/s00234-021-02813-9
https://doi.org/10.1002/mp.15814
https://doi.org/10.1093/neuonc/noac189
https://doi.org/10.1007/s11060-023-04439-8
https://doi.org/10.3390/cancers15154002
https://doi.org/10.1007/s12065-020-00540-3
https://doi.org/10.1007/s12065-020-00540-3
https://doi.org/10.3390/life12121991
https://doi.org/10.1038/s41467-022-33407-5
http://arxiv.org/abs/2103.10504
https://doi.org/10.1038/s41598-023-50966-9
https://doi.org/10.1038/s41598-023-50966-9
https://doi.org/10.1002/jmri.27098
https://doi.org/10.3171/2022.12.JNS222173
https://doi.org/10.1186/s12880-020-00545-5
https://doi.org/10.1186/s12880-020-00545-5
https://doi.org/10.1038/s41598-018-31007-2
https://doi.org/10.1007/s11060-022-04080-x
https://doi.org/10.3389/fonc.2025.1497195
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Moreau et al.

50. Kocher M, Ruge MI, Galldiks N, Lohmann P. Applications of radiomics and
machine learning for radiotherapy of Malignant brain tumors. Strahlenther Onkol.
(2020) 196:856-67. doi: 10.1007/s00066-020-01626-8

51. Mansouri A, Hachem LD, Mansouri S, Nassiri F, Laperriere NJ, Xia D, et al.
MGMT promoter methylation status testing to guide therapy for glioblastoma: refining
the approach based on emerging evidence and current challenges. Neuro-Oncology.
(2019) 21:167-78. doi: 10.1093/neuonc/noy132

52. Sledzinska P, Bebyn MG, Furtak J, Kowalewski J, Lewandowska MA. Prognostic
and predictive biomarkers in gliomas. IJMS. (2021) 22:10373. doi: 10.3390/ijms221910373

53. Perrier A, Hainaut P, Lamy PJ, Guenoun A, Nguyen DP, Guerber F, et al.
Utilisation clinique et évolution des biomarqueurs circulants a I'ére de 'oncologie
personnalisée : des marqueurs protéiques aux scores clinicobiologiques. Bull du Cancer.
(2022) 109:151-69. doi: 10.1016/j.bulcan.2021.11.010

54. Ronvaux L, Riva M, Coosemans A, Herzog M, Rommelaere G, Donis N, et al.
Liquid biopsy in glioblastoma. Cancers. (2022) 14:3394. doi: 10.3390/cancers14143394

55. Thariat J, Habrand JL, Lesueur P, Chaikh A, Kammerer E, Lecomte D, et al.
Apports de la protonthérapie a la radiothérapie d’aujourd’hui, pourquoi, comment?
Bull du Cancer. (2018) 105:315-26. doi: 10.1016/j.bulcan.2017.12.004

56. Khalighi S, Reddy K, Midya A, Pandav KB, Madabhushi A, Abedalthagafi M.
Artificial intelligence in neuro-oncology: advances and challenges in brain tumor

Frontiers in Oncology

11

10.3389/fonc.2025.1497195

diagnosis, prognosis, and precision treatment. NPJ Precis Oncol. (2024) 8:80.
doi: 10.1038/s41698-024-00575-0

57. Monti S, Grosso V, Todoerti M, Caporali R. Randomized controlled trials and
real-world data: differences and similarities to untangle literature data. Rheumatol
(Oxford). (2018) 57:vii54-8. doi: 10.1093/rheumatology/key109

58. Kim H-E, Kim HH, Han BK, Kim KH, Han K, Nam H, et al. Changes in cancer
detection and false-positive recall in mammography using artificial intelligence: a
retrospective, multireader study. Lancet Digit Health. (2020) 2:e138-48. doi: 10.1016/
$2589-7500(20)30003-0

59. Karalis VD. The integration of artificial intelligence into clinical practice. Appl
Biosci. (2024) 3:14-44. doi: 10.3390/applbiosci3010002

60. Luo X, Yang Y, Yin S, Li H, Shao Y, Zheng D, et al. Automated segmentation of
brain metastases with deep learning: A multi-center, randomized crossover, multi-
reader evaluation study. Neuro Oncol. (2024) 26:2140-51. doi: 10.1093/neuonc/
noaell3

61. Boutry C, Moreau NN, Jaudet C, Lechippey L, Corroyer-Dulmont A. Machine
learning and deep learning prediction of patient specific quality assurance in breast
IMRT radiotherapy plans using Halcyon specific complexity indices. Radiother Oncol.
(2024) 200:110483. doi: 10.1016/j.radonc.2024.110483

frontiersin.org


https://doi.org/10.1007/s00066-020-01626-8
https://doi.org/10.1093/neuonc/noy132
https://doi.org/10.3390/ijms221910373
https://doi.org/10.1016/j.bulcan.2021.11.010
https://doi.org/10.3390/cancers14143394
https://doi.org/10.1016/j.bulcan.2017.12.004
https://doi.org/10.1038/s41698-024-00575-0
https://doi.org/10.1093/rheumatology/key109
https://doi.org/10.1016/S2589-7500(20)30003-0
https://doi.org/10.1016/S2589-7500(20)30003-0
https://doi.org/10.3390/applbiosci3010002
https://doi.org/10.1093/neuonc/noae113
https://doi.org/10.1093/neuonc/noae113
https://doi.org/10.1016/j.radonc.2024.110483
https://doi.org/10.3389/fonc.2025.1497195
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Early characterization and prediction of glioblastoma and brain metastasis treatment efficacy using medical imaging-based radiomics and artificial intelligence algorithms
	Introduction
	Article selection methodology
	Current management of brain tumors
	Therapeutic challenges

	Subsections relevant for the subject
	Early characterization of treatment efficacy
	Biomarker imaging-based solutions

	Predictive solutions
	Radiomic-based solutions
	Artificial intelligence-based solutions

	AI models to distinguish pseudo-progression to recurrence
	Interest in other biomarkers
	New treatment modalities

	Conclusion
	Early characterization of treatment efficacy
	Predictive solutions
	Challenges and future directions
	Pseudoprogression and new treatment modalities

	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	References


