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Glioma is the most common primary intraparenchymal tumor of the brain and the 5-year survival rate of
high-grade glioma is poor. Magnetic resonance imaging (MRI) is essential for detecting, characterizing
and monitoring brain tumors but definitive diagnosis still relies on surgical pathology. Machine learning
has been applied to the analysis of MRI data in glioma research and has the potential to change clinical
practice and improve patient outcomes. This systematic review synthesizes and analyzes the current
state of machine learning applications to glioma MRI data and explores the use of machine learning
for systematic review automation. Various datapoints were extracted from the 153 studies that met
inclusion criteria and analyzed. Natural language processing (NLP) analysis involved keyword extraction,
topic modeling and document classification. Machine learning has been applied to tumor grading and
diagnosis, tumor segmentation, non-invasive genomic biomarker identification, detection of progression
and patient survival prediction. Model performance was generally strong (AUC = 0.87 ± 0.09; sensitivity =
0.87 ± 0.10; specificity = 0.0.86 ± 0.10; precision = 0.88 ± 0.11). Convolutional neural network, support
vector machine and random forest algorithms were top performers. Deep learning document classifiers
yielded acceptable performance (mean 5-fold cross-validation AUC = 0.71). Machine learning tools and
data resources were synthesized and summarized to facilitate future research. Machine learning has been
widely applied to the processing of MRI data in glioma research and has demonstrated substantial utility.
NLP and transfer learning resources enabled the successful development of a replicable method for
automating the systematic review article screening process, which has potential for shortening the time
from discovery to clinical application in medicine.

� 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Gliomas are tumors arising from glial cells in the central ner-
vous system and are the most common primary intraparenchymal
tumors of the brain [42,109,224]. The World Health Organization
classifies them into four grades based on their pathological and
genetic properties [146,147]. Grades I and II are considered low-
grade gliomas (LGG), while grades III and IV are considered high-
grade (HGG) [11]. Gliomas include astrocytomas, ependymomas,
oligoastrocytomas and oligodendrogliomas. Glioblastoma is a
grade IV astrocytoma and is the most aggressive primary brain
tumor, with a limited median survival after diagnosis of just
12–15months [76,104,237]. The incidence of LGG is approximately
1/100,000 per year [97]. The 5-year survival rate for LGG (WHO
grade II) ranges between 42 and 92% [191]. Five-year survival rates
for grade III gliomas range between 27% and 52%, while grade IV
gliomas are associated with five-year survival rates of 5% [164].
Glioblastoma survival at 10 years is estimated at 0.71% [219].
Low-grade gliomas are associated with epilepsy, degraded cogni-
tion and poorer quality of life [1,117] and it appears that more than
half of patients with LGG are likely to experience recurrence after
treatment [195,222]. Differentiation between different classes of
glioma is necessary for risk stratification and treatment planning.
The determination of tumor grade currently relies on surgical
biopsy, an invasive procedure, making continued development of
safer, less-invasive diagnostics and more effective glioma treat-
ment methods a worthy pursuit.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.jocn.2021.04.043&domain=pdf
https://doi.org/10.1016/j.jocn.2021.04.043
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http://www.sciencedirect.com/science/journal/09675868
http://www.elsevier.com/locate/jocn
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Magnetic resonance imaging (MRI) is an essential tool used for
detecting, characterizing and monitoring brain tumors and typi-
cally utilizes various sequence types [4,10] which highlight distinct
and complementary brain tissue characteristics including the
tumor core, tissue necrosis and surrounding edema [119]. MRI
sequences include T1-weighted imaging (T1), contrast-enhanced
T1-weighted imaging (T1CE), T2-weighted imaging (T2),
diffusion-weighted imaging (DWI) and fluid attenuated
inversion-recovery (FLAIR). T1 typically shows bright glioma bor-
ders, while FLAIR and T2 show brighter internal tumor regions
[247]. Gadolinium contrast enhancement on MRI correlates with
neovascularity and tumor cell infiltration in high grade gliomas
[223] and is often regarded as a sign of malignancy [94] although
not all malignant gliomas demonstrate contrast enhancement
[197]. Glioblastoma has been shown to extend beyond the area
of enhancing tissue on MRI into areas that may have been deemed
normal or oedematous by clinicians [79,234]. This extension
beyond enhancing tissue can result in incomplete surgical resec-
tion and tumor recurrence [25].

Accurate tumor diagnosis is necessary for effective determina-
tion of a patient’s prognosis [237]. Molecular and genetic profiling
of gliomas is linked with better treatment outcomes [224] but
often necessitates invasive brain biopsy, which carries with it sur-
gical risks. Additionally, single biopsy specimens do not account for
spatial variation within tumors. The segmentation of brain tumors
using MRI has an important role in early diagnosis and treatment
planning [238]. Tumors can manifest in different locations, sizes
and shapes, and demonstrate substantial structural diversity, add-
ing to the complexity of image analysis and classification [83].
Tumor borders are often diffuse and their appearance complex
and heterogeneous [229]. Automated or semi-automated tech-
niques for image analysis have the potential to improve efficiency
and accuracy [27,171] above that achieved by human radiologists
alone. Treatment of HGG involves surgical resection and debulking,
combined with adjuvant radiotherapy and chemotherapy
[35,90,192,205]. Higher volume resection appears to be associated
with improved survival [192], but may adversely impact postoper-
ative functional status [78]. For tumors that return, recurrence or
progression of tumor often occurs 6–8 months after initial treat-
ment [6]. Machine learning, which is a branch of artificial intelli-
gence that enables effective prediction and classification [38,69],
has been used to detect progression and differentiate it from
post-treatment radiotherapy effects [205].

Radiomics describes the detailed quantification of tumor phe-
notypes using neuroimaging metrics and the development of
image-based biomarkers to facilitate clinical decision support
and targeted treatment [4,73]. Machine learning underpins radio-
mics [228] and modern approaches to patient safety improvement
[40]. The field of neuroimaging is increasingly exploiting the capa-
bilities of machine learning for clinically useful classification,
achieving individualised patient outcome prediction and semiau-
tomated tumor delineation and diagnosis. Machine learning algo-
rithms applied in this domain include random forest (RF), logistic
regression (LR), support vector machines (SVM), neural networks
(NN) and deep learning convolutional neural networks (CNN).
CNNs are designed to extract feature maps from input images
and perform classification functions using these feature maps
[99]. They are considered the most suitable machine learning
method for medical image processing [128]. Deep learning algo-
rithms have demonstrated impressive performance in image pat-
tern recognition and classification [212]. Machine learning
algorithms excel at learning complex non-linear relationships in
large, high-dimensional datasets. The relative characteristics and
capabilities of machine learning algorithms have been previously
described [36,38,95,128]. Applications of machine learning
methods within the field of radiomics include detection of genetic
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mutations [7], effectively dealing with missing data [177], artifact
reduction [103] and noise removal [10,64]. Automated tumor seg-
mentation involves training algorithms to determine whether dis-
crete image voxels belong to one of numerous possible tissue
classes including gray matter, white matter, cerebrospinal fluid,
skull, soft tissue and pathological tissue. Machine learning meth-
ods coupled with MRI data have the potential to supersede inva-
sive tumor classification methods requiring surgical biopsy
[49,179]. Machine learning holds great potential for improving
prognosis and diagnostic accuracy [162]. Building effective techno-
logical tools leveraging the capabilities of machine learning may
improve patient safety in earlier detection of recurrence and
resource efficiency by allowing elimination of surgical biopsies.
Machine learning applications to radiology are abundant and the
number of bioinformatics and machine learning analysis
tools is increasing rapidly [73]. The state of the science with
regard to machine learning applications to glioma MRI research
has not recently been comprehensively synthesized and
analysed.

The time between a discovery being published in the academic
literature and these insights being translated into clinical practice
can be bemany years [20]. Systematic reviews facilitate knowledge
synthesis, dissemination and translation but themselves may
require up to a year to complete [56]. Furthermore, they are
resource intensive. A systematic review involving the retrieval of
10,000 citations may cost upwards of USD $300,000 [127]. It has
been estimated that most systematic reviews cost at least USD
$140,000 [153]. Major academic institutions each appear to pub-
lish an average of 132 systematic reviews per year, amounting to
a total yearly cost in excess of USD $18.5 million per institution
[153]. This investment may result in little benefit if the review fails
to provide a useful, complete or up-to-date synthesis of the avail-
able evidence [60]. It has been estimated that 44% of meta-analyses
produced in the pharmaceutical industry are not successfully pub-
lished [153]. Automation tools can be used to make this process
more efficient [24], potentially facilitating the ability to produce
a moderately sized systematic review in just two weeks [56]. The
application of machine learning techniques to the automation of
systematic reviews has so far been limited and calls have been
made to deploy machine learning to improve the efficiency of
the process [153]. Natural language processing (NLP) is based on
machine learning technology and is used to convert unstructured
language data into a quantitative representation that can be anal-
ysed by computers [38,151,180]. NLP has been designed to capture
semantics and context and uses vector-based representations of
words as inputs into machine learning algorithms. This technique
has been applied to the analysis of unstructured medical records,
operative reports and investigation data and has been shown to
be accurate, efficient and valid [139,231]. NLP can be applied to
develop diagnostic systems, process clinical notes to identify
themes and generate data for predictive modelling, develop ques-
tion answering systems, translate languages, automatically
describe images and automate text summarisation [41,196,236].
NLP has the potential to at least partially automate the systematic
review process [38]. A semi-automated system leveraging modern
transfer learning technologies [84] may improve the efficiency and
speed of systematic reviews and reduce the time between discov-
ery and clinical application in medicine.

The aims of this study were three-fold: to (1) systematically
review machine learning methods and tools applied to glioma
MRI data, (2) analyse article characteristics and impact, and (3)
explore the application of NLP methods to the corpus. The study
was designed to answer the following research questions: How
has machine learning been applied to process clinical MRI data in
glioma research? What level of impact have papers in this field
achieved and where have they been produced? Is it possible to
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successfully deploy NLP to partially automate the systematic
review process?
2. Method

Our method was guided by the standards of the Institute of
Medicine [158] and the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines [155]. A
prospective systematic review protocol was developed and
approved by senior authors. A comprehensive search strategy
was developed [190] and applied to the following databases in
accordance with recommendations [34]: PubMed, ScienceDirect,
Embase, Ovid, Ebsco, Google Scholar and Scopus. Relevant studies
were identified up to May 2020. Risk of bias was assessed using
PROBAST (prediction model risk of bias assessment tool)
[157,226].

2.1. Study identification

The search was conducted between April and May 2020.
The search strategy employed comprehensive combinations of
domain-specific and methodological search terms, both key-
words and MeSH terms (Table 1). The following search query
was inserted into PubMed and generated 375 results: [(ma-
chine learning OR artificial intelligence OR computer vision)
AND (neuroimaging OR MRI OR magnetic resonance imaging)
AND (glioma OR glioblastoma OR astrocytoma OR oligoastrocy-
toma OR oligodendroglioma OR ependymoma)]. We hand-
searched both referenced and citing articles for each included
study to identify additional relevant papers [186]. The refer-
ence lists of review articles related to the focus of this review
were mined.

2.2. Inclusion and exclusion criteria

Inclusion criteria were: original research published in a peer-
reviewed journal; involved the use of one or more sequences of
MRI neuroimaging data (e.g., T1, T2, T1CE, FLAIR); included adult
Table 1
MeSH terms used in the search strategy.

Pathology Methodology

MeSH
Terms

� Glioma
� Glioblastoma
� Astrocytoma
� Oligodendroglioma
� Ependymoma
� Brain Neoplasms
� Diffuse Intrinsic Pontine
Glioma

� Glioma, Subependymal
� Ganglioglioma
� Gliosarcoma
� Medulloblastoma

� Machine Learning
� Artificial Intelligence
� Computational
Intelligence

� Neuroimaging
� Magnetic resonance
imaging

� Deep Learning
� Supervised Machine
Learning

� Support Vector Machine
� Unsupervised Machine
Learning

� Neural Networks,
Computer

Keywords � GBM � Neural network
� Convolutional neural
network

� K nearest neighbors
� Decision tree
� Random forest
� Naïve bayes
� Classification
� Prediction
� Image processing
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patients diagnosed with high- or low-grade glioma; published in
English; and involved the application of machine learning tech-
niques for outcome classification or prediction. Included articles
were limited to those published within the last 10 years to focus
on methodologies applied within the era of deep learning [149].
A machine learning study was defined here as one that employed
an algorithm to predict or classify one or more outcomes and
involved the use of one or more of the following performance met-
rics: accuracy, area under the receiver operating characteristics
curve (AUC), sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), F1 score or Dice similarity
coefficient (DSC). Exclusion criteria were: review article; described
machine learning methods but not a specific clinical application;
book or book chapter; conference paper or abstract; non-medical
application; classified outcomes not related to glioma; included
paediatric patients; and did not involve the processing of MRI data.
If a study involved the use of multivariate logistic regression, but
not as a classifier, it was excluded. Studies that relied primarily
on Cox regression and fuzzy methods were excluded. Articles were
selected for inclusion by one researcher (QDB) and selections were
verified by a second researcher (NE). Articles classified as appropri-
ately meeting inclusion and exclusion criteria independently by
both researchers were included in the analysis, with disagreements
resolved by discussion.

2.3. Data collection and extraction

Numerous datapoints were collected and coded for each
included study. Data recorded included: abstract, purpose, out-
come predicted, study design, the number of institutions involved,
machine learning algorithms applied and the top performing algo-
rithm, sample size, MRI sequences analysed, tumor types, software
tools used by researchers, number and types of features extracted,
modeling methods employed, performance assessment and valida-
tion methods applied, PROBAST bias assessment and whether or
not the study presented underlying equations, involved data aug-
mentation or compared multiple algorithms. Lead and senior
authors of each included paper were recorded, along with the lead
author’s institution and country. When a study developed multiple
models, the details and performance statistics of the top perform-
ing model were recorded for analysis. Citation numbers were gath-
ered from Google Scholar for every included study over a two-day
period to limit variation. Impact factors were collected from jour-
nal websites. Scimago Journal and Country Rank (www.scimagojr.-
com) was used to determine journal rank score and h-index. Mean
citations per year was calculated by dividing the total number of
citations by years since publication, excluding the incomplete year
of 2020.

2.4. Analysis

Quantitative and qualitative analyses were conducted. Data
extracted from each article were used to calculate descriptives
and build predictive models. Analyses were conducted using cus-
tom Python scripts and the scipy [105], scikitlearn [169], nltk
[29], gensim [183,184], keras [54] and simpletransformers [178]
packages.

2.4.1. Natural language processing and machine learning modeling
Abstracts were used to feed an NLP analysis that consisted of

three phases: (1) keyword identification, (2) topic modeling
using the Latent Dirichlet Allocation (LDA) approach [32], and
(3) training and testing document classifiers (Fig. 1). For key-
word identification, text was tokenized, tokens were converted
to lower case, numeric characters were dropped, English stop
words were removed, the remaining tokens were lemmatized



Fig. 1. Overview of the natural language processing analysis applied.
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and the most frequently occurring meaningful words were
counted. Topic modeling involved the same pre-processing
across all included abstracts, with the addition of token vector-
ization and filtering to remove common and rare words. Tokens
that appeared in <15 abstracts and those that appeared in >50%
of abstracts were filtered out. A corpus was created, term fre-
quency–inverse document frequency (TF-IDF) calculations were
conducted and LDA models were developed to classify up to
100 topics. LDA model performance was assessed with the
coherence metric.

Subsequently, and separate from topic modeling, a document
classification analysis was conducted. Multiple document classi-
fiers were trained to explore the development of a system to
facilitate automated article screening and selection and to predict
article impact. The primary classification outcome was article
inclusion in this systematic review. Secondary outcomes mea-
sured impact, which included the number of citations per year
and binary variables that were created using this data (e.g., >10
citations per year). Regression models were developed to predict
number of citations and classification models were developed to
classify binary impact outcome variables. Feature engineering
involved developing TF-IDF vectors and text-based features for
each abstract. TF-IDF vectors represented the relative importance
of a term within a document and within the entire corpus. Text-
based features included word count, character count, average
word length (word density), punctuation count, uppercase count,
title case word count, and counts of nouns, verbs, adjectives,
adverbs and pronouns. Applied algorithms for this document clas-
sification task included RF, LR, NN and pre-trained deep neural
networks. A transfer learning approach for text classification
was designed employing the Bidirectional Encoder Representa-
tions from Transformers (BERT) [63] and RoBERTa [142] pre-
trained language models. These models enabled the use of raw,
unprocessed text as input rather than engineered features. A slid-
ing window was applied to manage the maximum sequence
length limitation. Model classification performance was assessed
using 5-fold cross validation, with accuracy, area under the recei-
ver operating characteristic curve (AUC), precision and recall
metrics.
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3. Results

3.1. Study selection

The search resulted in the retrieval of 15,001 records. We
assessed 536 full text articles; 337 were excluded, which left 153
studies for analysis (Fig. 2). Data elements were extracted and
the purpose, methodology, model performance and risk of bias
were summarized for each included study.
3.2. Machine learning application domains

Diagnosis or classification of tumor grade was the primary focus
of 41 studies (Table 2), while 35 studies developed models for
tumor detection and automated tumor segmentation on MRI
(Table 3) and 10 focused on detecting and predicting tumor pro-
gression (Table 4). The majority of included studies (48; Table 5)
focused on developing machine learning models to noninvasively
classify glioma genetic and molecular characteristics. Seventeen
studies developed models for glioma survival prediction (Table 6).
3.3. Summarizing methods applied and descriptive statistics

Descriptive statistics are presented in Table 7. Most studies
(73%) compared the performance of multiple machine learning
models when predicting a selected outcome. Authors either varied
the algorithm applied or the inputs to a single algorithm or both,
while recording model performance metrics. Almost all studies
were retrospective and involved the application of supervised
machine learning methods. One study employed a prospective
design, one employed unsupervised methods and one employed
semi-supervised methods. The most common algorithms that were
reported by authors as demonstrating the strongest performance
were SVM (n = 46), CNN (n = 42), RF (n = 28), NN (n = 10) and LR
(n = 10). A noted advantage of applying CNNs was that they
removed the need for feature engineering and selection, which
can be a complex process required by other algorithms (e.g., SVM
and RF).



Fig. 2. Overview of study screening and selection.
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Most studies (78%) described a robust model validation process,
which either involved some form of cross-validation (e.g., 3-, 5-,
10-fold, etc.) or a train-test methodology with additional external
validation. Performance evaluation processes ranged from: (1)
simply splitting the dataset into train and test sets; through to
(2) running k-fold cross-validation; and up to (3) running k-fold
cross-validation, then validating the algorithm on an additional
unseen holdout segment of the dataset and then further assessing
the performance of the trained algorithm on external datasets (e.g.,
Brain Tumor Segmentation Challenge [BraTS] challenge datasets).
A simple two-dataset train-test split paradigm was not considered
to be a sufficiently robust model validation process. Training data-
sets were also referred to as ‘‘discovery” or ‘‘development” datasets.
The terms referring to hold-out datasets, ‘‘test” and ‘‘validation”,
were used interchangeably.

Top performing algorithms were plotted by year (Fig. 3). RF,
CNN and SVM algorithms were highlighted by authors as being
181
the most effective classifiers. The number of papers applying these
algorithms to MRI glioma data appeared to be increasing exponen-
tially until 2019, when the number of publications dropped. Most
machine learning research involving glioma MRI data has been
published within the last six years. When plotting the country of
each lead author by year, it was clear that most glioma MRI
machine learning studies produced since 2017 were from the
USA, China and South Korea. The most prevalent institutions from
each of these countries were presented (Fig. 4).

Many studies employed data augmentation methods (n = 31).
These methods included the synthetic minority oversampling tech-
nique (SMOTE) [111,145,166,218,246] and random oversampling
of examples (ROSE) [109,111,166]. Numerous studies augmented
their MRI datasets with images that were manipulated in some
way. Image manipulation techniques included horizontal and ver-
tical flipping [7,23,45,75,82,95,215], rotating [7,23,45,75,93,
171,215], shifting [7,95,137], zooming [45,95], adding noise



Table 2
Overview of included studies that focus on tumor grading and diagnosis, summarizing top-performing machine learning algorithms, specific outcomes classified, validation methods and
performance metrics. Note: Risk of bias is based on assessment with the PROBAST tool [157,226]. ACC, accuracy. AUC, area under the receiver operating characteristics curve. CNN,
convolutional neural network. CV, cross-validation. DNN, deep neural network. GBM, gradient boosting machine. HGG, high grade glioma. LGG, low grade glioma. PCNSL, primary central
nervous system lymphoma. PPV, positive predictive value. SEN, sensitivity. SPC, specificity. SVM, support vector machine. *Testing or validation (not training) metrics are reported.

Study Top
performing
algorithm

Application /
outcomes
classified

Validation
methods

Performance measures* Risk of bias

Tumor grading and diagnosis
Alcaide-Leon et al. (2017) [9] SVM Glioma v

PCNSL
10-fold CV
x100

AUC = 0.88 +

Alis et al. (2020) [11] Neural
network

LGG v HGG Train-test ACC = 88.3; AUC = 0.92; SEN = 0.88; SPC = 0.89 +

Anaraki et al. (2019) [18] CNN Glioma grade Train-test ACC = 93.1; SEN = 0.97; SPC = 0.98; PPV = 0.93 +
Cho et al. (2018) [52] Random

forest
LGG v HGG 5-fold CV ACC = 89.0; AUC = 0.92; SEN = 0.94; SPC = 0.73 +

Citak-Er et al. (2018) [55] SVM LGG v HGG 10-fold CV ACC = 93.0; SEN = 0.96; SPC = 0.87 +
Hsieha et al. (2017) [87] Logistic

regression
LGG v HGG LOOCV ACC = 93.0; AUC = 0.94; SEN = 0.97; NPV = 0.99 +

Hu et al. (2015) [89] SVM LGG v HGG Train-
testLOOCV

ACC = 81.8; SEN = 1.00; SPC = 0.69; PPV = 0.69 +

Inano et al. (2014) [94] Clustering &
SVM

LGG v HGG 5-fold CV ACC = 80.4; AUC = 0.91; SEN = 0.85; SPC = 0.75 +

Ismael et al. (2020) [95] CNN Tumor type Train-test ACC = 99.0; SEN = 0.99; PPV = 0.99; F1 = 0.99 +
Hemanth et al. (2019) [85] CNN Tumor type Train-test ACC = 96.4; SEN = 0.92; SPC = 0.97 +
Jeong et al. (2019) [101] Random

forest
LGG v HGG LOOCV ACC = 96.0; AUC = 0.94 –

Khawaldeh et al. (2019) [110] CNN Glioma grade Train-test-
validation

ACC = 91.2; SEN = 0.92; PPV = 0.92; F1 = 0.92 +

Kim et al. (2018) [116] Logistic
regression

Glioblastoma v
PCNSL

Train-test10-
fold CV

ACC = 94.7; AUC = 0.96; SEN = 0.97; SPC = 0.93 +

Koley et al. (2016) [119] Random
forest

Tumor type Train-test3 &
10-fold CV

ACC = 97.2; SEN = 0.97; PPV = 0.98; F1 = 0.97 +

Kunimatsu et al. (2019) [124] SVM Glioblastoma v
PCNSL

LOOCV ACC = 80.0; AUC = 0.99 +

KV & Rajendran (2019) [125] CNN Glioma grade Train-test SEN = 0.93; SPC = 0.98; PPV = 0.95; F1 = 0.94 +
Mohsen et al. (2017) [156] DNN Tumor type 7-fold CV ACC = 97.0; AUC = 0.98; SEN = 0.97; PPV = 0.97; F1 = 0.97 +
Nakamoto et al. (2019) [159] SVM Glioma grade Train-

testLOOCV
ACC = 86.6; AUC = 0.93; SEN = 0.90; SPC = 0.80 +

Nazir et al. (2015) [160] Neural
network

Glioblastoma
classification

Train-test-
validation

ACC = 94.0 +

Park et al. (2019) [166] GBM,
random
forest, elastic
net

Glioma grade Train-test; CV;
External
validation

ACC = 79.4; AUC = 0.85; SEN = 0.93; SPC = 0.70 +

Qian et al. (2019) [175] SVM Glioblastoma v
metastases

5-fold CV ACC = 82.7; AUC = 0.90; SEN = 0.80; SPC = 0.87;
PPV = 0.90; NPV = 0.73

+

Sajjad et al. (2019) [188] CNN Segmentation
and glioma
grading

Train-testCV ACC = 94.6; SEN = 0.88; SPC = 0.96 –

Salçin et al (2019) [189] CNN Tumor type
(meningioma,
glioma,
pituitary)

Train-test ACC = 91.7; SEN = 0.88; SPC = 1.00; PPV = 1.00; F1 = 0.94 ?

Sengupta et al. (2019) [200] SVM Glioma grade 12-fold CV AUC GrIIvGrIII = 0.98, GrIIIvGrIV = 0.92; SEN
GrIIvGrIII = 0.92, GrIIIvGrIV = 1.00; SPC GrIIvGrIII = 1.00,
GrIIIvGrIV = 0.83

?

Subashini et al. (2016) [207] SVM LGG v HGG Train-test ACC = 91.0 +
Suh et al. (2019) [209] Random

forest
Glioblastoma v
PCNSL

10-fold CV AUC = 0.92 +

Sun et al. (2019) [210] Neural
network

LGG v HGG 10-fold CV ACC = 94.4; AUC = 0.97 +

Svolos et al. (2013) [211] SVM LGG v HGG Train-test10-
fold CV with
200
repetitions

ACC = 98.0; SEN = 0.51–0.94; SPC = 0.71–1.00 +

Takahashi et al. (2019) [213] Logistic
regression,
SVM

LGG v HGG Train-test5-
fold CVLOOCV

ACC = 91.0; AUC = 0.93 +

Tian et al. (2018) [218] SVM LGG v HGG;
Grade III v
Grade IV

10-fold CV,
100
repetitions

ACC LGGvHGG = 96.8, GrIIIvGrIV = 98.1; AUC
LGGvHGG = 0.99, GrIIIvGrIV = 0.99; SEN LGGvHGG = 0.96,
GrIIIvGrIV = 0.99; SPC LGGvHGG = 0.97, GrIIIvGrIV = 0.97

+

Vamvakas et al. (2019) [221] SVM LGG v HGG LOOCV ACC = 95.5; AUC = 0.96; SEN = 0.95; SPC = 0.96 +
Wiestler et al. (2016) [225] Random

forest
Glioma grade 5-fold CV ACC = 91.8; AUC = 0.94; SEN = 0.89; SPC = 1.00;

PPV = 1.00; NPV = 0.77
+

Wong et al. (2018) [227] CNN No tumor v
LGG v HGG

Train-test5-
fold CV

ACC = 82.0; F1 = 0.80 +
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Table 2 (continued)

Study Top
performing
algorithm

Application /
outcomes
classified

Validation
methods

Performance measures* Risk of bias

Wu et al. (2018) [230] Linear
regression

LGG v HGG 10-fold CV ACC = 91.3; AUC = 0.96; SEN = 0.94; SPC = 0.87 +

Xiao et al. (2018) [232] Naïve Bayes,
SVM

Glioblastoma v
PCNSL

10-fold CV ACC = 88.0; AUC = 0.90; SEN = 0.92; SPC = 0.91 +

Yang et al. (2015) [235] Random
forest

Glioblastoma
subtype;
survival

3-fold CV AUC classical = 0.72, mesenchymal = 0.70, neural = 0.75,
proneural = 0.82, 12mo survival = 0.69

+

Yang et al. (2018) [239] CNN LGG v HGG 5-fold CV ACC = 86.7; AUC = 0.94 +
Yun et al. (2019) [241] multilayer

perceptron
network &
CNN

Glioblastoma v
PCNSL

Train-test-
validation10-
fold CV

AUC = 0.95; SEN = 0.93; SPC = 0.82 +

Zacharaki et al. (2011) [242] KNN Tumor type &
grade

LOOCV ACC mets v glioma = 96.9%;high-grade from low-
grade = 94.5%

+

Zhang et al. (2017) [246] SVM; KNN LGG v HGG;
WHO II, III, IV

LOOCV ACC LGG v HGG = 94.5,WHO Gr = 96.1; AUC LGG v
HGG = 94.5WHO Gr = 97.1

+

Zollner et al. (2010) [253] SVM LGG v HGG Train-test10-
fold CV

ACC = 87.0 +
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[239], brightening [95], shearing [45,188], adjusting resolution by
down- and up-sampling [150] and including images of other tumor
types [171]. One study directly copied samples to balance classes
in the training set [165]. Most studies employing data augmenta-
tion found that it improved model performance, while some did
not [82].

Efficiency improvement was the focus of multiple studies
[85,106]. One study developed a deep learning model that used
FLAIR, T1CE, and T2 scans, which achieved performance compara-
ble to models trained on these three sequences plus the T1
sequence, removing the need for T1 data [248]. Another study
implemented a deep learning model that required less input data
to train than other published CNNs; it required MRI sequences
from just 10 patient cases to achieve adequate performance
[251]. Machine learning was applied to improve image resolution
to reduce required scan time [114] and gadolinium contrast agent
dose [75]. Some studies successfully trained deep learning algo-
rithms to perform both tumor segmentation and diagnostic classi-
fication [154]. Genetic algorithms have been used to automate
elements of the machine learning pipeline and model development
in a systematic way [206,240].
3.4. Algorithm performance metrics

Numerous measures were used to assess the performance of
machine learning models. DSC measures the similarity between
two datasets and is widely used in the validation of image segmen-
tation algorithms [171]. Other applied performance measures
included sensitivity, specificity, accuracy and AUC. Aggregated per-
formance statistics across all included articles and within each of
the application domains are presented (Table 8). Mean algorithm
performance outcomes were high, with a mean AUC, accuracy, pre-
cision and recall across all studies of 0.87, 0.86, 0.88 and 0.87,
respectively. The most commonly reported performance statistics
across all studies were accuracy (n = 122), AUC (n = 119), recall/
sensitivity (n = 110) and specificity (n = 86). DSC was the metric
of choice in the tumor segmentation literature. In all other subdo-
mains, AUC was the metric of choice. Aggregated statistics provide
useful benchmarks for future machine learning practitioners
assessing the relative performance of their models.
183
3.5. Natural language processing results

NLP was used for keyword identification, topic modeling and
document classification. The top 20 meaningful keywords across
all included articles were identified (Table 9). Topic modeling with
an LDA and TF-IDF approach showed that coherence was max-
imised at five topics (Fig. 5). The five topics identified (Table 10)
appeared to align with the research subdomain groupings.
3.5.1. Training document classifiers to automate systematic review
article screening

A total of 475 abstracts were included in the analysis designed
to train a classifier to predict study inclusion; 153 abstracts from
included articles and 322 from articles that passed the systematic
review screening process but did not fulfil inclusion criteria. RF, LR
and NN models trained on TF-IDF data demonstrated good classifi-
cation performance (AUC = 0.79–0.80), while models trained on
count data demonstrated poor performance (AUC = 0.50–0.67;
Fig. 6). The document classifier based on BERT yielded good results
(mean 5-fold CV AUC = 0.71), with the added advantage of remov-
ing the need for data preprocessing. RoBERTa, however, demon-
strated unsatisfactory classification performance. NLP was also
applied to predict study impact using the text of included abstracts
(n = 153). It was, however, not possible to successfully train classi-
fication or regression models to predict impact features using any
of the above methods.
3.6. Tools used for image processing and machine learning

The tools used by authors for image processing and machine
learning were recorded and synthesized (Table 11). A wide array
of open source and commercial tools were used in this body of
research. The BraTS datasets are an open source repository of dei-
dentified multi-institutional radiological data. They have been
used frequently in machine learning image processing competi-
tions to optimise algorithms. Many studies (19%) used the BraTS
datasets. Numerous researchers custom-coded their own software
for image processing and analysis [94].



Table 3
Overview of included studies that focused on tumor detection and segmentation, summarizing top-performing machine learning algorithms, specific outcomes classified, validation
methods and performance metrics. Note: Risk of bias is based on assessment with the PROBAST tool [157,226]. ACC, accuracy. AUC, area under the receiver operating characteristics curve.
CNN, convolutional neural network. CV, cross-validation. DSC, Dice similarity coefficient. HGG, high grade glioma. LGG, low grade glioma. LIPC, local independent projection-based
classification. PPV, positive predictive value. SEN, sensitivity. SPC, specificity. SVM, support vector machine. *Testing or validation (not training) metrics are reported.

Study Top performing algorithm Application /
outcomes
classified

Validation
methods

Performance measures* Risk of bias

Tumor detection and segmentation
AlBadawy

et al.
(2018) [8]

CNN Tumor
segmentation

Train-
test10-fold
CV

DSC = 0.72 +

Aliotta et al.
(2019) [10]

Neural network Tumor
segmentationDTI
reconstruction

Train-
testLOOCV

AUC = 0.95 +

Amin et al.
(2017) [15]

SVM Cancerous v non-
cancerous tissue

5, 10, 15, 20,
25, 30-fold
CV

ACC = 97.1; AUC = 0.98; SEN = 0.92; SPC = 0.98 +

Amin et al.
(2018) [14]

Random forest Tumor
segmentation

Train-test5-
fold CV

ACC = 92.0; AUC = 0.93; SEN = 0.99; SPC = 0.95; PPV = 0.95;
NPV = 0.98

+

Amin et al.
(2018) [16]

CNN Tumor
segmentation
and classification

Train-
testExternal
validation

ACC = 98.7; SEN = 0.97; SPC = 0.98; PPV = 0.99; DSC = 0.98 +

Amin et al.
(2019) [13]

KNN Tumor detection 10-fold
CVExternal
validation

ACC = 100; AUC = 1.00; SEN = 1.00; SPC = 1.00 +

Amin et al.
(2019) [17]

CNN Tumor
segmentation

Train-
testExternal
validation

ACC = 99–100; SEN = 0.97–1.00; SPC = 1.00; PPV = 0.97–1.00;
DSC = 0.98–1.00

+

Bauer et al.
(2013) [26]

SVM Tumor
segmentation

Not reported DSC = 0.41–0.72 ?

Bonte et al.
(2018) [33]

Random forest Tumor
segmentation

Train-test DSC LGG: 40.9% core & 68.4% total region; HGG: 75.0% core &
80.1% total region.

+

Cui et al.
(2018) [61]

CNN Tumor
segmentation

10-fold CV SEN complete = 0.87, core = 0.84, enhancing = 0.76; SPC
complete = 0.91, core = 0.77, enhancing = 0.87; DSC
complete = 0.90, core = 0.81, enhancing = 0.81

+

El-Dahshan
et al.
(2010) [66]

KNN Normal /
abnormal MRI

Train ACC = 98.0; SEN = 1.00; SPC = 0.90 –

Goetz et al.
(2015) [74]

Neural network Tumorous v
healthy tissue

Train-
testLOOCV

ACC = 86.0; SEN = 0.78; PPV = 0.93; DSC = 0.86 ?

Gupta et al.
(2017) [80]

SVM Tumorous v non-
tumorous tissue

Train-
test10-fold
CV

ACC = 98.1; SEN = 1.00; SPC = 0.96; PPV = 0.97 +

Havaei et al.
(2017) [82]

CNN Tumor
segmentation

Train-test-
validation

SEN: complete 0.87, core 0.79, enhancing 0.80; SPC: complete
0.89, core 0.79, enhancing 0.68

+

Hoseini et al.
(2019) [86]

CNN Tumor
segmentation

Train-test ACC = 91.1 ?

Huang et al.
(2014) [92]

k-means, LIPC Tumor
segmentation

Train-test DSC: complete 0.84, core 0.69, enhancing 0.59 +

Huang et al.
(2020) [93]

CNN Tumor diagnosis Train-test-
validation

ACC = 96.9 +

Javed et al.
(2013)
[100]

SVM Tumor detection Train ACC = 1.00 ?

Kayalibay
et al.
(2017)
[108]

CNN Tumor
segmentation

Train-test-
validationCV

SEN whole = 0.92, core = 0.87, enhanced = 0.68; PPVwhole = 0.90,
core = 0.81, enhanced = 0.57; DSCwhole = 0.90, core = 0.79,
enhanced = 0.44

+

Kamnitsas
et al.
(2017)
[106]

CNN Tumor
segmentation

Train-test5-
fold CV

SEN: complete 0.81, core 0.72, enhancing 0.73; PPV: complete
0.92, core 0.84, enhancing 0.76; DSC: complete 0.90, core 0.75,
enhancing 0.72

+

Kickingereder
et al.
(2019)
[112]

Neural network Tumor detection
and
segmentation

Train-test-
validation5-
fold CV

DSC enhancing = 0�89-0.91, non-enhancing = 0�93 +

Ma et al.
(2018)
[150]

Random forest Tumor
segmentation

Ensemble
method

SEN = 0.85; SPC = 0.89; DSC = 0.86 +

Menze et al.
(2014)
[152]

Logistic regression;Markov
models;Random forest;
Neural network

Tumor
segmentation

Train-testCV DSC = 0.88 +

Mlynarski
et al.
(2019)
[154]

DNN Tumor
segmentation

5-fold CV DSC = 0.81 +
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Table 3 (continued)

Study Top performing algorithm Application /
outcomes
classified

Validation
methods

Performance measures* Risk of bias

Pereira et al.
(2016)
[171]

CNN Tumor
segmentation

Train-test-
validation

Combined whole tumor: SEN = 0.86; PPV = 0.85; DSC = 0.78 +

Perkuhn et al.
(2018)
[172]

CNN Tumor
segmentation

Train-test ACC = 100; DSC whole = 0.86, enhancing = 0.78, necrosis = 0.62 +

Saouli et al.
(2018)
[194]

CNN Tumor
segmentation

Not reported SEN whole tumor = 0.82;SPC whole tumor = 0.74;DSC whole
tumor = 0.89

+

Seetha et al.
(2018)
[198]

CNN Tumor detection Train-test ACC = 97.5 –

Shusharina
et al.
(2020)
[202]

CNN Tumor
segmentation

6-fold CV DSC = 0.79 +

Tang et al.
(2020)
[215]

CNN Tumor
segmentation

Train-test4-
fold CV

SEN = 0.88; PPV = 0.81; DSC = 0.84 +

Thaha et al.
(2019)
[217]

CNN Tumor
segmentation

Train-test ACC = 92.0; SEN = 0.90; PPV = 0.87 +

Yang et al.
(2019)
[238]

CNN Tumor
segmentation

5-fold CV SEN: complete 0.96, core 0.92, enhancing 0.83; PPV: complete
0.83, core 0.70, enhancing 0.92; DSC: complete 0.89, core 0.80,
enhancing 0.87

+

Zhao et al.
(2016)
[247]

CNN Tumor
segmentation

Train-test ACC = 81.0 +

Zhao et al.
(2018)
[248]

CNN and Markov random
fields

Tumor
segmentation

Train-test PPV: complete 0.89, core 0.76, enhancing 0.64; DSC: complete
0.87, core 0.83, enhancing 0.78

+

Zhuge et al.
(2017)
[251]

Neural networks Tumor
segmentation

Train-test SEN = 0.85; DSC = 0.83 +

Table 4
Overview of included studies that focused on detecting tumor progression and recurrence, summarizing top-performing machine learning algorithms, specific outcomes classified,
validation methods and performance metrics. Note: Risk of bias is based on assessment with the PROBAST tool [157,226]. ACC, accuracy. AUC, area under the receiver operating
characteristics curve. CNN, convolutional neural network. CV, cross-validation. LOOCV, leave one out cross validation. PPV, positive predictive value. SEN, sensitivity. SPC, specificity. SVM,
support vector machine. *Testing or validation (not training) metrics are reported.

Study Top performing
algorithm

Application / outcomes classified Validation
methods

Performance measures* Risk of bias

Detecting tumor progression and recurrence
Akbari et al.

(2016) [6]
SVM Infiltration and tumor recurrence LOOCVExternal

validation
ACC = 91.3; AUC = 0.84; SEN = 0.91;
SPC = 0.94

+

Costabile et al.
(2019) [59]

Logistic regression Tumor recurrence: Normal tissue,
abnormal tissue, tumor

Train AUC: radiotherapy = 0.75; No
radiotherapy = 0.84; All combined = 0.60

+

Gaw et al. (2019)
[72]

Neural network GBM cell density LOOCV r = 0.84 (predicted v actual) ?

Hu et al. (2019)
[90]

Bayesian framework
transfer learning

Identification of tumor invasion LOOCV r = 0.88 (predicted v actual tumor invasion) +

Hu et al. (2011)
[91]

SVM Radiation necrosis v recurrent
tumor

Train-test AUC = 0.94; SEN = 0.90; SPC = 0.94 +

Ismail et al.
(2018) [96]

SVM Tumor progression Train-test ACC = 90.2 +

Jang et al. (2018)
[99]

CNN Progression v pseudoprogression Train-test10-
fold CV

AUC = 0.83; SEN = 0.74; PPV = 0.74; F1 = 0.74 +

Qian et al. (2016)
[174]

SVM Progression v pseudoprogression 10-fold CV ACC = 86.7; AUC = 0.92 +

Rathore et al.
(2018) [181]

SVM Tumor recurrence Train-test10-
fold CV

ACC = 89.5; AUC = 0.91; SEN = 0.97;
SPC = 0.77

+

Sengupta et al.
(2018) [199]

SVM Edema v nonenhancing tumor 9-fold CV AUC = 0.97; SEN = 0.93; SPC = 0.93 –
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Table 5
Overview of included studies that focused on detecting molecular or genomic characteristics, summarizing top-performing machine learning algorithms, specific outcomes classified,
validation methods and performance metrics. Note: Risk of bias is based on assessment with the PROBAST tool [157,226]. ACC, accuracy. AUC, area under the receiver operating
characteristics curve. CNN, convolutional neural network. CV, cross-validation. DNN, deep neural network. DSC, Dice similarity coefficient. HGG, high grade glioma. IDH, Isocitrate
dehydrogenase. LASSO, Least Absolute Shrinkage and Selection Operator. LGG, low grade glioma. LOOCV, leave one out cross validation. MCC, Matthews correlation coefficient. MGMT, O
(6)-Methylguanine-DNA methyltransferase. MNMC, Multi-label Nonlinear Matrix Completion. PPV, positive predictive value. SEN, sensitivity. SPC, specificity. SVM, support vector machine.
*Testing or validation (not training) metrics are reported.

Study Top
performing
algorithm

Application / outcomes
classified

Validation
methods

Performance measures* Risk of bias

Detecting molecular or genomic characteristics
Akbari et al.

(2018) [5]
SVM ensemble EGFRvIII 10-fold

CVExternal
validation

ACC = 87.0; AUC = 0.86; SEN = 0.79; SPC = 0.90 +

Akkus et al.
(2017) [7]

CNN 1p/19q Train-test-
validation

ACC = 87.7; SEN = 0.93; SPC = 0.82 +

Alis et al.
(2020) [12]

Random forest IDH1 Train-test10-
fold CV

ACC = 86.9; AUC = 0.93; SEN = 0.60; SPC = 1.00 +

Arita et al.
(2018) [19]

LASSO IDH; TERT Train-test ACC = 87.0 +

Bangalore
Yogananda
et al. (2020)
[23]

CNN IDH 3-fold CV ACC T2 only = 97.14, T2 T1CE FLAIR = 97.12; T2 only = 0.98, T2 T1CE
FLAIR = 0.99; T2 only = 0.97, T2 T1CE FLAIR = 0.98

+

Bisdas et al.
(2018) [31]

SVM IDH; grade II and III
glioma

LOOCV ACC Grade = 78.1, IDH = 83.8%; SEN Grade = 0.77, IDH = 0.96; SPC
Grade = 0.79, IDH = 0.55; AUC Grade = 0.79, IDH = 0.87

+

Chang et al.
(2018) [47]

CNN IDH1; 1p/19q; MGMT 5-fold CV ACC = 83–94 +

Chang et al.
(2018) [45]

CNN IDH Train-test-
validation

ACC = 82.1; AUC = 0.95; SEN = 0.79; SPC = 0.87 +

Chen et al.
(2018) [49]

MNMC IDH1 & MGMT 10-fold CV ACC: MGMT = 75.6., IDH = 87.0; AUC: MGMT = 0.79, IDH = 0.89;
SEN: MGMT = 0.79, IDH = 0.92; SPC: MGMT = 0.68, IDH = 0.85

?

De Looze et al.
(2018)
[145]

Random forest IDHGrII/III, GrII/IV, GrIII/
IV

5-fold CV AUC IDH 0.88, GrII/III = 0.98, GrII/IV = 1.00, GrIII/IV = 0.97; SEN IDH
0.81, GrII/III = 0.82, GrII/IV = 1.00, GrIII/IV = 0.83; SPC IDH 0.77,
GrII/III = 0.94, GrII/IV = 1.00, GrIII/IV = 0.97

+

Eichinger et al.
(2017) [65]

Neural
network

IDH Train-test ACC = 95.0; AUC = 0.95 +

Fellah et al.
(2013) [70]

Random forest Glioma grade; 1p/19q Train-test ACC = 61.0 ?

Han et al.
(2018) [81]

Random forest 1p/19q Train-test ACC = 70.0; AUC = 0.76; SEN = 0.68; SPC = 0.71 +

Hu et al.
(2017) [88]

Decision tree EGFR, PDGFRA, PTEN,
CDKN2A, RB1, TP53

LOOCV ACC EGFR BAT = 75, ENH = 71.9; PDGFRA = 77.1; PTEN BAT = 68.8,
ENH = 43.8; CDKN2A BAT = 87.5, ENH = 59.4; RB1 BAT = 87.5,
ENH = 43.8; TP53 BAT = 37.5, ENH = 37.5; AUC EGFR BAT = 0.94,
ENH = 1.00; PDGFRA = 0.89; PTEN BAT = 0.90, ENH = 1.00; CDKN2A
BAT = 0.95, ENH = 0.94; RB1 BAT = 0.95, ENH = 1.00; TP53
BAT = 1.00, ENH = 1.00;

+

Jakola et al.
(2018) [98]

Logistic
regression

IDH; 1p/19q Train AUC = 0.94 +

Kanas et al.
(2017)
[107]

KNN MGMT 10-fold CV x500 ACC = 73.6; SEN = 0.85; SPC = 0.66 +

Kesler et al.
(2019)
[109]

Random forest IDH LOOCV ACC = 89.0; AUC = 0.95; SEN = 0.90; SPC = 0.89 +

Kickingereder
et al. (2016)
[111]

Logistic
regression &
gradient
boosting

MES, RTK, MGMT, EGFR,
PDGFRA, MDM4, CDK4,
PTEN, NF1, RB1

10-fold CV ACC EGFR = 63.0, RTKII = 61.0; AUC = 0.63–0.69 +

Kim et al.
(2020)
[115]

Logistic
regression

IDH Train-test10-
fold CV

AUC IDH = 0.75, grade = 0.82; SEN IDH = 0.54, grade = 0.71; SPC
IDH = 0.87, grade = 0.82

+

Kocak et al.
(2020)
[118]

Neural
network

1p/19q 10-fold CV ACC = 83.8; AUC = 0.89 +

Korfiatis et al.
(2016)
[120]

SVM MGMT 5-fold CV AUC = 0.85; SEN = 0.80; SPC = 0.81 +

Korfiatis et al.
(2017)
[121]

CNN MGMT Train-testCV ACC = 94.9; SEN = 0.97; PPV = 0.97; F1 = 0.97 +

Lee et al.
(2020)
[130]

Logistic
regression

IDH; 1p/19q Train ACC = 83.6; AUC = 0.81; SEN = 0.90; SPC = 0.74 +

Lee et al.
(2019)
[129]

KNN &
AdaBoost

IDH Train-test ACC = 83.4 +
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Table 5 (continued)

Study Top
performing
algorithm

Application / outcomes
classified

Validation
methods

Performance measures* Risk of bias

Li et al. (2018)
[134]

Logistic
regression

EGFR Train-test ACC = 90.0; AUC = 0.95 +

Li et al. (2018)
[135]

Random forest MGMT Train-test ACC = 80.0; AUC = 0.88; SEN = 0.70; SPC = 0.86 +

Li et al. (2018)
[133]

SVM ARTX Train-
testExternal
validation

ACC = 76.9; AUC = 0.73; SEN = 0.57; SPC = 0.86 +

Li et al. (2019)
[132]

SVM PTEN Train-test AUC = 0.79 +

Li et al. (2018)
[233]

SVM p53 Train-test10-
fold CV

ACC = 70.7; AUC = 0.76; SEN = 0.62; SPC = 0.85 +

Li et al. (2017)
[136]

DNN IDH LOOCV ACC = 92.4; AUC = 0.95; SEN = 0.94; SPC = 0.87; PPV = 0.95;
NPV = 0.84; MCC = 0.80

+

Liang et al.
(2018)
[137]

DNN IDH 5-fold
CVExternal
validation

ACC = 84.6; AUC = 0.86; SEN = 0.79; SPC = 0.88 +

Liu et al.
(2018)
[140]

CNN, SVM H3K27M; segmentation 5-fold CV ACC = 96.5; AUC = 0.95; SEN = 0.97; DSC = 0.77 ?

Liu et al.
(2019)
[144]

Logistic
regression

IDH; 1p/19q Train AUC IDH = 0.85, IDH + codeletion = 0.81, IDHwildtype = 0.888 +

Lu et al. (2018)
[148]

SVM IDH; 1p/19q; LGG v HGG Train-test5-fold
CV

LGG v HGG ACC = 87.7, SEN = 0.83, SPC = 0.91; HGG IDH ACC = 88.9,
SEN = 0.88, SPC = 1.00; LGG IDH ACC = 91.7, SEN = 0.86, SPC = 1.00;
LGG 1p/19q ACC = 80.0, SEN = 1.00, SPC = 0.67

+

Pan et al.
(2019)
[165]

Random forest H3K27M Train-test ACC = 84.4; AUC = 0.83 +

Park et al.
(2018)
[167]

LASSO IDH; 1p/19q Train-test5, 10-
fold CV

AUC = 0.78 +

Park et al.
(2018)
[168]

LASSO IDH; 1p/19q Train-test5, 10-
fold CV

AUC = 0.81 +

Rathore et al.
(2018)
[182]

K-means
clustering,
SVM

EGFR Train-
testcluster
x100010-fold
CV

3 clusters: rim-enhancing, irregular and solid. EGFR ACC = 80.2 +

Ren et al.
(2019)
[185]

SVM IDH; ARTX 10-fold CV IDH ACC = 94.7, AUC = 0.93, SEN = 1.00, SPC = 0.86, PPV = 0.92,
NPV = 1.00; ARTX ACC = 91.7, AUC = 0.93, SEN = 0.95, SPC = 0.88,
PPV = 0.90, NPV = 0.94

+

Shofty et al.
(2018)
[201]

Ensemble
bagged trees

IDH; 1p/19q 5-fold CV ACC = 87.0; AUC = 0.87; SEN = 0.92; SPC = 0.83 +

Su et al. (2020)
[206]

TPOT autoML H3K27M Train-test10-
fold CV

ACC = 80.0; AUC = 0.90; SEN = 0.64; SPC = 0.93;PPV = 0.91 +

Tan et al.
(2019)
[214]

SVM IDH Train-test5-fold
CV

AUC = 0.90 +

Wu et al.
(2019)
[228]

Random forest IDH Train-test
x2010-fold CV
x5

ACC = 87.6; AUC = 0.93 +

Yu et al. (2017)
[240]

SVM IDH LOOCVExternal
validation

ACC = 83.0; AUC = 0.79; SEN = 0.88; SPC = 0.67; PPV = 0.91;
NPV = 0.57; MCC = 0.51

+

Zhang et al.
(2017)
[244]

Random forest IDH Train-test ACC = 89.0; AUC = 0.92 +

Zhang et al.
(2018)
[245]

SVM IDH; TP53 Train-test10-
fold CV

ACC IDH = 79.2, TP53 = 86.9; SEN IDH = 0.85, TP53 = 0.85; SPC
IDH = 0.70, TP53 = 0.86

+

Zhou et al
(2019)
[249]

Random forest IDH; 1p/19q Train-
testExternal
validation

Overall ACC = 78.2; AUC IDH = 0.92, 1p/19q = 0.72 +

Zinn et al.
(2018)
[252]

Extreme
gradient
boosting
machine

POSTN Train-
testLOOCV

AUC = 0.92; SEN = 0.93; SPC = 0.92 +
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Table 6
Overview of included studies that focused on survival prediction, summarizing top-performing machine learning algorithms, specific outcomes classified, validation methods and
performance metrics. Note: Risk of bias is based on assessment with the PROBAST tool [157,226]. ACC, accuracy. AUC, area under the receiver operating characteristics curve. CNN,
convolutional neural network. CV, cross-validation. DNN, deep neural network. GBM, gradient boosting machine. HGG, high grade glioma. LOOCV, leave one out cross validation. OS, overall
survival. PFS, progression free survival. PPV, positive predictive value. SEN, sensitivity. SPC, specificity. SVM, support vector machine. *Testing or validation (not training) metrics are
reported.

Study Top
performing
algorithm

Application / outcomes
classified

Validation
methods

Performance measures* Risk
of
bias

Survival prediction
Bae et al.

(2018)
[21]

Random
survival
forest

OS, PFS Train-
test10-fold
CV

AUC PFS = 0.74, OS = 0.78 +

Chadded
et al.
(2018)
[43]

Random
forest

OS (320d), PFS (213d) Train-test AUC OS = 0.74, PFS = 0.84 +

Chang et al.
(2016)
[46]

Random
forest

OS (289d), PFS (147d) Train-
testLOOCV

ACC OS = 77.0, PFS = 65.0 +

Choi et al.
(2020)
[53]

Random
survival
forest

OS External
validation

AUC = 0.71 +

Emblem et al.
(2014)
[67]

SVM Survival Train-
test10-fold
CV

AUC: 1-year 0.77, 2-year 0.76, 3-year 0.81, 4-year 0.82; SEN: 1-year 0.79, 2-year
0.81, 3-year 0.87, 4-year 0.88; SPC: 1-year 0.79, 2-year 0.71, 3-year 0.75, 4-year
0.80

–

Emblem et al.
(2015)
[68]

SVM Survival Train-
test10-fold
CV

AUC: 6-month 0.78, 1-year 0.70, 2-year 0.70, 3-year 0.80 ?

Kim et al.
(2019)
[113]

K-means Glioblastoma clustering Clustering 3 clusters; 1 associated with survival +

Lao et al.
(2017)
[126]

CNN OS Train-test AUC = 0.71 +

Liao et al.
(2019)
[138]

GBM Short (<12mo) v long survival Train-test ACC = 81.0; AUC = 0.81 +

Liu et al.
(2017)
[143]

SVM Short (<12mo) v long survival 10-fold CV ACC = 78.0; AUC = 0.81; SEN = 0.78; SPC = 0.79 +

Liu et al.
(2019)
[141]

SVM Survival time LOOCV ACC = 86.8; SEN = 0.85; SPC = 0.88 +

Peeken et al.
(2019)
[170]

Random
survival
forest

OS (12mo), PFS (4.3mo) Train-test AUC = 0.80 +

Sanghani
et al.
(2018)
[193]

SVM Short (<10mo), medium (10-
15mo) and long survival
(>15mo)

10-fold CV ACC 2-class = 98.7, 3-class = 88.95 +

Suchorska
et al.
(2019)
[208]

Random
survival
forest

High v low risk Train-test AUC = 0.85 +

Upadhaya
et al.
(2015)
[220]

SVM Short v long survival
(threshold = 14.8mo)

LOOCV ACC = 90.0; SEN = 0.85; SPC = 0.95 +

Zacharaki
et al.
(2012)
[243]

J48 decision
tree

Short- and long-term
survivors (18mo)

L3OCV ACC = 85.1; AUC = 0.84 +

Zhou et al.
(2017)
[250]

SVM Short- v long-term survival LOOCV ACC = 86.0; SEN = 0.86; PPV = 0.94 +

Other applications
Gong et al.

(2018)
[75]

CNN Image enhancement Train-test Image enhanced, reduced contrast dose +

Kim et al.
(2018)
[114]

CNN Resolution enhancement Train-test Resolution enhanced +
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Table 7
Descriptive statistics for publications that met inclusion criteria.

Variable Mean (±SD) Median

Years since publication 2.43 (±1.98) 2.00
Sample size (n patients included) 198.56 (±429.37) 123.00
Number of contributing institutions 1.83 (±3.95) 1.00
Citations 67.61 (±213.59) 23.00
Mean citations per year 22.18 (±59.22) 9.57
Journal impact factor 4.27 (±3.45) 3.65
SCImago Journal Rank 1.59 (±1.68) 1.41
Journal H index (SCImago) 113.72 (±66.56) 111.00

Fig. 3. A summary of the top performing applied algorithms by year. Algorithms
reported by authors to demonstrate superior performance when compared to other
algorithms and those applied in > 5 papers are shown.

Fig. 4. Country of lead author by year. Countries that produced > 5 publications in
the included set of articles overall are shown.
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4. Discussion

This study was designed to systematically review machine
learning methods applied to glioma MRI data, analyse article char-
acteristics, and explore the application of NLP methods to the sys-
tematic review process. This review comprehensively mapped and
synthesized the ecosystem of research that has applied machine
learning techniques to MRI data for image processing and outcome
prediction in glioma patients over the last decade. Primary applica-
tion domains identified were (1) tumor grading and diagnosis, (2)
tumor segmentation, (3) non-invasive genomic biomarker identifi-
cation, (4) detection of tumor progression and (5) survival predic-
tion. Machine learning methods appeared to demonstrate
substantial impact and utility within each of these research
domains and the performance of developed models was generally
strong. Of particular note was the substantial corpus of studies that
focused on the non-invasive identification of tumor genetic and
molecular biomarkers. This body of work has the potential to sub-
stantially change clinical practice and may eliminate the need for
brain biopsy and associated investigations, which are important
clinical decision making issues that come up commonly in practice.
Machine learning models typically demonstrated high levels of
performance and the synthesized metrics presented may provide
useful benchmarks for future researchers. It has been suggested
that machine learning models are capable of more accurate prog-
nosis prediction than histopathological categorization alone
[243]. The top 3 algorithms highlighted as being most effective
by authors were random forest, convolutional neural network
and support vector machine algorithms. It was common practice
for machine learning studies to train and compare multiple mod-
els, varying inputs or the algorithms applied or both for a given
output feature or set of outputs. The application of transfer learn-
ing, using pre-trained deep neural networks appeared to show par-
ticular promise for improved diagnostics and segmentation [93]. It
was evident that radiomics has made substantial contributions to
preoperative glioma diagnosis and treatment planning [221].
Applications of machine learning to MRI glioma data were hetero-
geneous, which highlights the utility and broad applicability of
machine learning technologies. In addition to the domains men-
tioned above, specific and notable applications included image
enhancement resulting in reduced gadolinium contrast dosage
[75] and image correction and improvement [74,114]. An inven-
tory of tools used by researchers, both open-source and commer-
cial, was developed and presented to facilitate future research.
The number of studies applying machine learning methods to
MRI glioma data appeared to be increasing exponentially until a
drop in the number of publications in 2019. This drop may be a
consequence of a shifting global market for machine learning capa-
bilities, shifts in research priorities or long peer-review and publi-
cation processing times. Machine learning capabilities applied to
MRI data show substantial potential to deliver effective clinical
decision support and improved care in the management of glioma
patients [4].

Multiple supervised machine learning classifiers were success-
fully trained to automate the systematic review screening process
using NLP methods. Classification models developed using transfer
learning methods, leveraging BERT, yielded acceptable text classi-
fication performance results. This kind of approach may be used
to more efficiently generate future systematic reviews by partially
automating article screening. Because the present review was
based on publicly available data and open-source technologies, it
can be easily replicated. Furthermore, an updated future review
on the same topic can be efficiently produced by (1) collecting
the abstracts of included articles, (2) training a classifier with these
abstracts, (3) conducting an updated comprehensive literature



Table 8
Aggregated performance metrics across included studies and divided by research subdomain. AUC, area under the receiver operating characteristics curve. DSC, Dice similarity
coefficient. NPV, negative predictive value. PPV, positive predictive value. SD, standard deviation. Note: na denotes � 3 studies. Some studies presented multiple high performing
models predicting different outcomes (e.g., multiple genetic biomarkers), so n-models in the metrics columns in some cases exceeds n-studies in the research subdomain column.

Research subdomain (n
studies)

Performance metrics (mean ± SD, n models)

AUC Accuracy Recall
(Sensitivity)

Specificity Precision
(PPV)

NPV F1 DSC

All studies (n = 153) 0.87 ± 0.09
(n = 119)

0.86 ± 0.12
(n = 122)

0.87 ± 0.10
(n = 110)

0.86 ± 0.10
(n = 86)

0.88 ± 0.11
(n = 38)

0.85 ± 0.15
(n = 9)

0.92 ± 0.09
(n = 10)

0.81 ± 0.11
(n = 39)

Diagnosis (n = 43) 0.91 ± 0.08
(n = 30)

0.91 ± 0.06
(n = 15)

0.93 ± 0.05
(n = 29)

0.89 ± 0.10
(n = 24)

0.93 ± 0.09
(n = 10)

0.83 ± 0.11
(n = 3)

0.93 ± 0.06
(n = 7)

na

Segmentation (n = 35) 0.97 ± 0.03
(n = 4)

0.95 ± 0.06
(n = 15)

0.87 ± 0.09
(n = 29)

0.90 ± 0.10
(n = 14)

0.85 ± 0.12
(n = 20)

na na 0.81 ± 0.11
(n = 37)

Progression (n = 8) 0.86 ± 0.13
(n = 7)

0.89 ± 0.02
(n = 4)

0.89 ± 0.09
(n = 5)

0.90 ± 0.08
(n = 4)

na na na na

Genomics (n = 48) 0.88 ± 0.09
(n = 58)

0.80 ± 0.14
(n = 56)

0.83 ± 0.12
(n = 38)

0.84 ± 0.11
(n = 36)

0.93 ± 0.03
(n = 5)

0.84 ± 0.19
(n = 4)

na na

Survival (n = 26) 0.78 ± 0.05
(n = 19)

0.84 ± 0.09
(n = 10)

0.84 ± 0.04
(n = 8)

0.81 ± 0.08
(n = 7)

na na na na

Table 9
Top 20 keywords identified across all abstracts of
included studies.

Identified keyword Frequency

’feature’ 447
’tumor’ 368
’image’ 291
’patient’ 277
’glioma’ 250
’model’ 238
’mri’ 236
’using’ 224
’imaging’ 180
’brain’ 175
’accuracy’ 158
’segmentation’ 149
’data’ 139
’grade’ 135
’learning’ 132
’classification’ 128
’status’ 127
’performance’ 127
’machine’ 126
’training’ 121

Fig. 5. Plotting coherence by topic number during topic modeling.

Table 10
Topic modeling results based on an LDA and TF-IDF approach.

Topic
number

Identified topic keywords and corresponding weights

1 0.017*‘‘grading” + 0.016*‘‘grade” + 0.015*‘‘tissue” +
0.014*‘‘segmentation” + 0.013*‘‘set” + 0.012*‘‘information” +
0.010*‘‘novel” + 0.010*‘‘treatment” + 0.009*‘‘large” +
0.009*‘‘prediction”

2 0.020*‘‘mutation” + 0.016*‘‘gbm” + 0.016*‘‘status” + 0.012*‘‘idh”
+ 0.012*‘‘multiparametric” + 0.012*‘‘clinical” + 0.011*‘‘auc” +
0.010*‘‘parameter” + 0.010*‘‘histogram” + 0.010*‘‘prediction”

3 0.018*‘‘radiomics” + 0.017*‘‘survival” + 0.015*‘‘gbm” +
0.014*‘‘svm” + 0.013*‘‘brain” + 0.013*‘‘detection” +
0.012*‘‘classification” + 0.011*‘‘time” + 0.011*‘‘proposed” +
0.011*‘‘mr”

4 0.019*‘‘gbm” + 0.014*‘‘radiomics” + 0.014*‘‘cohort” +
0.014*‘‘idh” + 0.012*‘‘auc” + 0.012*‘‘three” + 0.012*‘‘n” +
0.011*‘‘conventional” + 0.010*‘‘enhancing” + 0.010*‘‘classifier”

5 0.016*‘‘segmentation” + 0.014*‘‘radiomic” + 0.013*‘‘brain” +
0.012*‘‘grade” + 0.011*‘‘status” + 0.011*‘‘network” + 0.010*‘‘idh”
+ 0.010*‘‘classification” + 0.010*‘‘training” + 0.010*‘‘classifier”

Fig. 6. Five-fold cross validation classification performance statistics for each of the
models trained to predict study inclusion.
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search, and (4) running the new abstracts collected in the search
through the trained model to yield a classification score for each.
In fact, this approach may be applied to any systematic review,
potentially substantially reducing the time required to produce



Table 11
Image processing and machine learning tools and datasets used by the authors of included studies.

Function Tools

Image processing,
feature extraction
and tumor
segmentation

� 3D Slicer (www.slicer.org)
� AnalyzeDirect software (version 11.0, Mayo Clinic, Rochester, MN, USA)
� Brainlab
� Brainstat (GE Healthcare)
� Brain Suite
� Brain Tumor Image Analysis (BraTumIA)
� BrainWeb [58]
� COVALIC (Comparison and Validation of Image Computing) toolkit (github.com/InsightSoftwareConsortium/covalic)
� FSL (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL)
� Functool (GE, Milwaukee, WI, USA)
� Insight Segmentation and Registration Toolkit (ITK) (www.itk.org)
� ITK-SNAP
� LIFEx (www.lifexsoft.org) [161]
� MITK (www.mitk.org; German Cancer Research Center)
� MN152 (Montreal Neurological Institute (MNI)) brain atlas
� Monaco (www.elekta.com)
� MRIcron software (The NeuroImaging Tools and Resources Collaboratory, www.mccauslandcenter.sc.edu/mricro)
� NordicICE (Nordic Neurolab, Bergen, Norway)
� Olea Sphere v2.3, Olea Medical, La Ciotat, France
� Pyradiomics (http://www.radiomics.io/pyradiomics.html) [77]
� R (R Foundation for Statistical Computing, Vienna, Austria) [216]

o RNiftyReg
o Advanced Normalization Tools (ANTs) repository (ANTsR).

� SLIC 3D [3]
� Statistical Parametric Mapping package (SPM; www.fil.ion.ucl.ac.uk/spm/)
� SUSAN [204]
� TumorSim [173]
� TexRAD (www.texrad.com)

Machine learning � CAFFE [102]
� Concatenated random forest modeling (github.com/ntustison/BraTS2013)
� Deeplearning4j (DL4J)
� Matlab

o SSIM function
o Statistics and Machine-Learning Toolbox
o Classification learner tool
o LIBSVM [44]

� MXNet deep learning framework [50]
� Python (www.python.org)

o Tensorflow [2]
o Scikitlearn [169]
o Orange [62]
o Theano [28]
o NetworkX
o DEAP [71]

� R (R Foundation for Statistical Computing, Vienna, Austria) [216]
o Boruta
o mRMR
o e1071
o pROC
o caret [123]
o ROSE
o DMwR
o mlr [30]
o randomForestSRC

� SPSS
� TPOT (https://github.com/rhiever/tpot) [163]
� Wndchrm (Weighted Neighbour Distance using Compound Heirarchy of Algorithms Representing Morphology)
� Weka (https://www.cs.waikato.ac.nz/ml/weka/)

Datasets and data
sources

� BraTS datasets [152]
� Chinese Genome Atlas (CGGA) database
� MRIs from Nanfang Hospital, Guangzhou, China, and General Hospital, Tianjing Medical University, China [51]
� National Center for Biotechnology Information’s Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo)
� Radiopaedia
� The Cancer Imaging Archive (TCIA) [57]
� The Cancer Genome Atlas (TCGA) database (http://cancergenome.nih.gov)

CNN architectures � AlexNet [122]
� CNN_S [48]
� DeepMedic [106]
� DFFM (github.com/tfnfyd110/DFFM)
� GoogLeNet [212]
� InputCascadeCNN [82]
� ResNet [84]
� U-net [187]
� VGG-16 and VGG-19 [203]
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updated reviews and perhaps closing the translational gap that
presently exists between published research and clinical practice.

CNNs appeared to afford a collection of advantages over more
traditional machine learning algorithms. Deep learning has
demonstrated superior performance [93,176]. CNNs appeared to
be best applied for successfully conducting segmentation and
detection. CNNs do not require a separate feature extraction and
selection process [95] and may, therefore, be more amenable to
replication and verification. Variations in feature extraction and
selection methods in classical machine learning studies inhibit
reproducibility [131]. Despite the availability of open-source deep
learning software and the demonstrated high classification perfor-
mance of CNNs, the application of more classical machine learning
algorithms (e.g., SVM and RF) in recent years is still prevalent, per-
haps because traditional machine learning approaches demon-
strate superior performance on smaller datasets when compared
with deep learning [22], MRI data is relatively scarce and expensive
to acquire and glioma cases are rare. Data augmentation has com-
monly been applied to overcome data shortages and appears to
have a significant impact on the performance of deep learning
models [171]. Using multiple different techniques to create an
augmented dataset appears to generate optimal results [95],
although methods deploying CNNs successfully to smaller datasets
have been developed [251] and warrant further investigation.
Genetic algorithms have been used to optimize the architecture
of CNNs and this approach appears to facilitate the efficient devel-
opment of high performing deep learning classifiers [18]. The dis-
advantages of CNNs include the requirement for more time,
energy, hardware and expertise to train, validate and apply. Trans-
fer learning [93] can facilitate the process of efficiently developing
a CNN-based system.

Various model validation methods were applied. The most
prevalent was some form of cross-validation. External validation
is useful in developing insight into the generalizability of a model
and was also widely applied. One study showed that the tumor
segmentation performance of a CNN trained and tested on data
from the same institution degraded substantially when tested on
data from a different institution [8]. A caveat for consideration here
with regard to external validation is that organizational specificity
may be of value to clinicians. Machine learning models trained on a
given organization’s sample are tuned to that organization’s
patient population and may generate useful results for that popu-
lation despite the fact that they may not generalize. It has been
suggested that machine learning researchers may consider striking
a balance between generalizability and specificity [39]. When
referring to a second hold-out performance evaluation dataset,
the terms ‘‘validation” and ‘‘test” were used interchangeably. Stud-
ies referred to (1) ‘‘training” and ‘‘test” sets, (2) ‘‘training” and ‘‘val-
idation” sets, and (3) ‘‘training”, ‘‘testing” and ‘‘validation” sets.
Ismael et al. 2020 [95] described a distinction between patient-
level and image-level validation methods. The patient-level
method results in validation datasets that contain data that is com-
pletely separate and unseen by the model. Because MRI scans con-
sist of multiple layered images, the image-level splitting method
results in validation datasets that contain some images from
patients included in the training set. In this case, the validation
and testing sets are not truly unseen by the model, potentially
resulting in less optimal validation and overly optimistic perfor-
mance evaluation. Both methods were employed in this body of
literature.

There was substantial variability in the nature of the perfor-
mance metrics reported. Some authors reported only model accu-
racy (well recognised as a flawed metric) while others included a
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full suite of metrics including AUC, sensitivity, specificity, NPV,
and PPV, among others. Variability in the reporting of performance
metrics may limit insight into the utility and safety of a model, par-
ticularly when the nature of the error is of consequence to patient
safety and clinical outcomes. Studies would do well to report mul-
tiple metrics including accuracy, AUC, sensitivity (i.e., recall), speci-
ficity and precision as a minimum.

Efficiency improvement was a notable theme in this body of lit-
erature. As algorithms and hardware develop over time, it is evi-
dent that efficiency improvement opportunities continually
present themselves. The tumor segmentation task and CNN algo-
rithms are particularly computationally intensive [95]. Algorithm
training time efficiency gains appear to have been a recurring
theme over the last decade. It has been clearly shown that CNNs
demonstrate excellent image segmentation and classification per-
formance, so more recent studies have focused on achieving com-
parable performance with less data and in less time. Systems that
can generate accurate and clinically useful results using minimal
MRI sequences represent an opportunity to improve healthcare
efficiency [33]. There are opportunities for future researchers to
make a contribution by continuing to explore methods for improv-
ing efficiency.

It was evident that the existence of open-source de-identified
clinical datasets has stimulated this field of research. The BraTS
datasets in particular, consisting of labelled glioma radiology data,
appear to have been a valuable resource for many researchers
[13,17,33,74,171,194,238,248]. These datasets remain online and
accessible as a benchmarking resource. While the dataset has
grown over time, sample sizes are still somewhat limited. Other
accessible datasets of note included The Cancer Imaging Archive
and The Cancer Genome Atlas. The continued development of lar-
ger, deidentified, publicly available neuroimaging datasets would
be of substantial utility to researchers pursuing patient care
improvements by developing machine learning driven software
tools.

A clinical decision support system may be designed and devel-
oped to synthesize and comprehensively deliver the functionality
explored in this body of literature in clinical practice, resulting in
tangible benefits to patients. Such a system may adhere to the fol-
lowing constraints. It may employ (1) computationally efficient
and high performing CNNs that are interpretable, (2) minimal stan-
dard preoperative MRI sequence inputs that necessitate minimal or
no contrast administration, (3) effective automatic tumor segmen-
tation, (4) classification of a full suite of clinically important
genetic and molecular markers, (5) prediction of tumor progres-
sion, and (6) prediction of patient survival. A system incorporating
these elements of functionality may become an indispensable tool
for clinicians and patients, facilitating more informed clinical deci-
sion making and treatment optimization. It appears that some
researchers are successfully pursuing the development of an auto-
mated MRI-based brain tumor diagnostic system to facilitate clin-
ical practice [95]. Incorporating the full set of functions outlined
above within a single system may represent a worthy challenge.
Tangible clinical change will only be achieved if viable and readily
usable clinical systems that leverage trained models are developed
and implemented in clinical practice [37].

4.1. Limitations and future research

Multiple future research opportunities were identified. Almost
no research has investigated the application of reinforcement
learning or generative adversarial networks within this problem
domain and few studies employed unsupervised learning. There
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may be an opportunity to make a contribution by exploring the
applicability of these techniques. An advantage of unsupervised
methods is that they do not require expensive and time-
consuming case labelling by experts. There is a risk, though, that
the derived categorisation, may not align with existing grading tax-
onomies and may be difficult to interpret; therefore, weakly-
supervised approaches may offer a viable trade-off. Different algo-
rithms appear to demonstrate performance variability on different
components of the tumor identification and segmentation task
[152]. An optimal machine learning approach may involve the
use of multiple algorithms in an ensemble that leverages strengths
and mitigates weaknesses on different components of the classifi-
cation and segmentation tasks. Feature importance was rarely dis-
cussed or visualized in the studies included. Improving algorithm
interpretability remains an opportunity for development for
applied machine learning researchers.

This review incorporated a relatively large sample size which
may have underpinned the observed performance of the NLP clas-
sification models developed. Most systematic reviews, however,
tend to include less articles and the optimisation of deep language
models to achieve successful classification with smaller sample
sizes would be beneficial to the research community. When con-
sidering the automation of the systematic review article screening
process, the application of domain-specific, tuned deep language
models like Clinical-BERT or bioBERT may result in stronger classi-
fication results. This is an opportunity for future researchers. To
limit scope, this review excluded conference papers. However,
numerous leading machine learning MRI processing approaches
have been published only as conference papers, which are more
common in the computer science community. We point interested
readers, in particular, to the MICCAI BraTS and BrainLes papers
[22].

5. Conclusion

Machine learning has been widely applied to, and has demon-
strated substantial utility in, the processing of MRI data in glioma
research. Many high performing machine learning models have
been published, predicting a broad array of clinically useful out-
comes. This study highlights the potential of machine learning
methods for the development of personalised clinical neurosurgi-
cal care. These techniques may be deployed to improve treatment
precision and prolong patient survival. The identification and
extraction of biological tumor information using non-invasive
image analysis, in particular, holds great promise for treatment
advancement. Furthermore, the development and public release
of deep transformer-based language models appears to have signif-
icant potential to facilitate efficient academic research synthesis
and translation to clinical practice, perhaps substantially shorten-
ing the time from discovery to application in medicine.
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