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The surgical management of diffuse low-grade gliomas (DLGGs) has undergone a
paradigm shift toward striving for maximal safe resection when feasible. While extensive
observational data supports this transition, unbiased evidence in the form of high quality
randomized-controlled trials (RCTs) is lacking. Furthermore, despite a high volume of
molecular, genetic, and imaging data, the field of neuro-oncology lacks personalized
care algorithms for individuals with DLGGs based on a robust foundation of evidence.
In this manuscript, we (1) discuss the logistical and philosophical challenges hindering
the development of surgical RCTs for DLGGs, (2) highlight the potential impact of
well-designed international prospective observational registries, (3) discuss ways in which
cutting-edge computational techniques can be harnessed to generate maximal insight
from high volumes of multi-faceted data, and (4) outline a comprehensive plan of action
that will enable a multi-disciplinary approach to future DLGG management, integrating
advances in clinical medicine, basic molecular research and large-scale data mining.

Keywords: diffuse low-grade glioma, neurosurgery, randomized controlled trials, neuro-oncology, artificial
intelligence, machine learning

INTRODUCTION

Diffuse low-grade gliomas (DLGGs, WHO Grade II gliomas), comprise 13-16% of all primary brain
tumors (1). The median age at diagnosis is 37 years, and thus individuals are most commonly
affected at the peak of their personal and professional lives. Progressive neurological decline and
an early death are unfortunately inevitable (1). As such, there is a great need to optimize the
management of these tumors in order to maximize survival while preserving quality of life.

The current DLGG management options after initial diagnosis include conservative therapy
with radiographic monitoring, radiation therapy, or surgery, with or without chemotherapy
adjuncts (2). Currently, one of the most contentious issues in the management of DLGG is the
role of surgery and the importance of extent of resection on patient-related outcomes. There is a
dearth of randomized-controlled trials (RCTs) or large prospective observational studies to support
the benefit of increased extent of resection. While the traditional holy grail of evidence-based
medicine is hypothesis-driven RCTs, there are a number of challenges in conducting an RCT for
DLGGs. Questions of clinical equipoise and surgeon/patient-related biases, the continual influx
of new adjuvant treatment discoveries, and the extended period of recruitment and monitoring
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needed to complete a trial are some of the many considerations
that must be addressed prior to designing a robust RCT. In
addition, the growth of big data and multi-centered patient
registries have enabled the collection of valuable data in large
quantities, which may offer new means to develop evidence-
based management guidelines. With advancements in statistical
methods and advanced data analytic concepts introduced by the
field of machine-learning (ML), we now have powerful tools
to develop better guidelines for the management of DLGGs
and ultimately bring us closer to the concept of personalized
medicine. The aim of this manuscript is to describe potential
strategies to obtain new evidence for the management of DLGG,
focusing on the integration of recent scientific advancements
and alternative data sources with traditional methods such as
the RCT.

CURRENT STATE OF EVIDENCE

The 2016 edition of the WHO classification of tumors has for
the first time incorporated molecular parameters to traditional
histological diagnoses of tumors (3). This is based in part on
the impact of molecular features on prognosis and response to
therapy (4-6). The genomic classification of tumors will soon
supplant histology as a more accurate diagnostic method (7-9).
Therefore, a large scale collaborative effort is necessary to better
understand the prognostic/predictive role of known molecular
markers (e.g., MGMT promoter methylation in DLGGs) (9),
identify novel signatures, and generate hypotheses for future
correlative clinical analyses.

Prior to the advent of molecular genetics in glioma profiling,
biopsy was often deferred, with patients being followed with
serial imaging even without biopsy. However, the profound
impact of genomics on management has necessitated tissue
acquisition; thus, biopsy has often been considered an essential
step in the management of gliomas. In recent years, however,
the surgical management of DLGGs has undergone a paradigm
shift from the “wait and see” approach (with or without biopsy)
to attempts at maximal safe resection (MSR) (10). The increase
in overall survival (OS) and malignant progression-free survival
(mPFS) observed in patients undergoing MSR has prompted
calls for pursuing even more aggressive surgical resections
(supratotal resections) wherein the limits of resection are defined
by intraoperative functional brain boundaries rather than tumor
margin or anatomical boundaries (11).

Although upfront MSR when feasible is endorsed by the latest
European Association of Neuro-Oncology (EANO) guidelines
(12), no Level I evidence exists to support this as standard of care
(13, 14). Meta-analyses of observational studies demonstrate the
benefit of increased extent of resection (EOR) on survival, but the
yield of these studies is only as good as the primary data (15). Ina
parallel cohort analysis of outcomes for DLGG patients managed
at two institutions in Norway, Jakola et al. have provided the
strongest observational evidence to date favoring upfront surgery
(16). A long-term follow-up of this study, adjusting for molecular
markers, has reaffirmed this advantage (17). Correlation of EOR
based on tumor location and molecular pathology was not

provided. In another single-arm retrospective study of 228 adults
with supra-tentorial DLGGs, it was shown that any incremental
increase in the EOR is associated with increase in OS, regardless
of molecular subclass (18). The sample in this study was enriched
for tumors in the frontal (53.1%) and temporal (16.2%) lobes;
only 39.5% of patients had tumor in an eloquent location (18).
While these studies provide strong evidence for surgery, further
exploration is needed.

A higher proportion of midline DLGGs is constituted by
astrocytomas (19). In addition, a significantly higher proportion
of IDH-mutant tumors, which are categorically more amenable
to a complete resection, are located in the frontal lobe (7, 20).
Hence, the interaction of subtotal resection with an unfavorable
molecular/histological profile cannot be ruled out. Furthermore,
although feasible, MSR of tumors in eloquent regions has most
often been reported by specialized high-volume surgical centers
(21). Other centers and clinical teams may not be as well-versed
with the utility and interpretation of available diagnostic adjuncts
and intraoperative techniques.

With respect to diffuse gliomas, surgery is not curative (10).
While MSR may delay the need for toxic adjuvant therapy,
objective assessment of the risks and benefits of this philosophy
is needed, especially since practice-altering adjuvant therapies
such as combination chemotherapy and radiotherapy have
demonstrated a significant impact on OS in high quality RCTs
(4-6, 22). Before developing similar high-quality evidence for
surgery in DLGG, it is important to establish whether a surgical
RCT can be justified on the grounds of equipoise and ethics.

TOWARD A POSSIBLE RCT IN DLGGs
RCTs, Equipoise, and Ethics

Equipoise, both within the medical community and among
individual physicians, is an ethical necessity for RCTs (23). For
surgical interventions, the timing of a trial adds a further layer
of complexity to the preservation of equipoise. A technique
in its infancy may be prematurely deemed ineffective while a
well-established technique may reduce the chances of patient
and surgeon participation, a conundrum that is very applicable
to DLGGs (24). In a survey of 87 Canadian neurosurgical
surgeons and trainees, 94% endorsed not knowing what the
right treatment would be for DLGGs (2). As recently as 2011,
half of the 24 neurosurgical centers surveyed in Germany
implemented the “wait and see” approach routinely (25). A
recent survey of Society for Neuro-Oncology members showed
that nearly half of participants would consider an RCT to be
beneficial for determining the differing roles of biopsy, surgery,
and observation, particularly in certain patient populations (26).
Although these data are derived from selective survey studies,
the degree of uncertainty and heterogeneity in management
is suggestive of possible clinical equipoise in certain patient
populations. Experienced clinical teams are less likely to believe
in equipoise and the ethical nature of a surgical RCT for
managing DLGG patients. This poses a great challenge to
advancing the state of evidence as calls for transitioning care for
these complex patients to high-volume specialty centers increase
(12). To better objectively assess whether true equipoise exists for
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FIGURE 1 | Schematic outlining the various strategies to acquire new data in the management of DLGGs and generate hypotheses for further research, and the need

for observational or randomized trials to validate these hypotheses.

any patient populations, surveys of international neuro-oncology
societies, focus groups, and opinions of expert panels will be
necessary, as outlined in Figure 1.

Defining the Population and Intervention
The significant impact of molecular pathology on adjuvant
strategies has rendered the “wait and see” approach unjustifiable
(7, 20). Stereotactic biopsy is a technique familiar to all
neurosurgeons and a strategy applied to DLGG management at
many centers (16, 25). In some retrospective studies advocating
for MSR, patients undergoing biopsy have been excluded,
hindering comparisons with subtotal resections (13, 27). For
supratotal resections, the data are compelling but based on small
retrospective series (21, 28). Thus, there are at least two clinically
important patient cohorts for which more objective evidence can
be explored: (1) Individuals with tumors in regions traditionally
considered eloquent with low-risk preoperative features (i.e., low
Pignatti score: younger age, smaller tumor, lack of neurological
deficits, etc) (29); and (2) Individuals with tumors in regions
traditionally considered non-eloquent.

For the first patient cohort, individuals may be randomized
to stereotactic biopsies vs. a pragmatic philosophy of debulking

of any extent. Appropriate adjuvant therapy would be based
on molecular and clinical features. This cohort of patients, in
addition to those with tumors in eloquent areas, might also
include those with diffuse tumors for which radical resection
is not easily attainable. In these individuals, an RCT would be
particularly informative in objectively establishing whether any
surgical approach that is more aggressive than stereotactic biopsy,
when radical resection cannot be attained, is superior in terms
of agreed upon endpoints. This would also provide a foundation
to explore emerging minimally invasive approaches of tumor
sampling, such as liquid biopsies aided by blood-brain barrier
disrupting technologies such as MR-guided focused ultrasound
(30, 31). Conversely, technological advancements that allow
access to deep-seated brain tumors with minimal disruption of
white matter tracts may enable more aggressive resection (32).
In the second population cohort, supratotal resection
could be compared to MSR. While the basic principle for
determining whether more aggressive surgery is superior
is similar to the first group, this would be a comparison of
two competing philosophies of functional- vs. anatomically-
guided surgery, respectively (28). This implicitly necessitates
standardization of imaging modalities and algorithms along
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with operating procedures for intraoperative stimulation
mapping (ISM).

Standardization of Protocols
Standard MRI sequences have an important diagnostic
and prognostic role in DLGG diagnosis and management,
particularly with respect to identifying accurate tumor margins
for resection (33). Advanced imaging sequences and modalities
are increasingly incorporated into practice. Examples include
perfusion MRI, diffusion tensor imaging (DTI) (34), functional
MRI (resting state and task-based), MR spectroscopy (MRS) (35),
and PET imaging with amino acid tracers (36). Intraoperative
MRI has also been used to improve the extent of resection of
LGGs when compared to traditional approaches (37). These
imaging modalities have been influential in better understanding
brain physiology and pathology. However, we have yet to
consolidate these modalities into a standard multi-parametric
imaging protocol for DLGG management. This is further
compounded by the difficulty of distinguishing tumor from
peritumoral edema prior to surgery, which is an ongoing
difficulty with current imaging techniques (37). This issue will
only become more difficult with the advent of novel molecular
signatures that might reveal further heterogeneity in DLGGs.
ISM, performed systematically, is the gold-standard of
comparison for functional imaging (38). Extensive analyses of
brain connectivity, based on ISM data, have enabled creation
of probabilistic atlases of essential cortical regions (39, 40).
These are critical as seeding points in specific imaging protocols
while also serving as essential guideposts for individualizing
ISM. Depending on the lobe(s) affected, extent of tumor
infiltration, preoperative functional deficits, and vocational needs
of each particular patient, specific intraoperative cognitive and
functional tasks can be used during ISM to strike the ideal
oncological and functional balance of tumor resection (41).
This approach is also paramount for a postoperative cognitive
rehabilitation pathway (42). Data can no longer be confined
and analyzed in isolation among specialties. The ISM-based
functional mapping literature is robust and instructive, and
correlation of emerging imaging data within this literature will
generate valuable insights. Standardized algorithms can only be
developed when these insights are validated for clinical relevance
(Figure 1).

Choice of Endpoint(s)

While PES/mPFS are used in many oncology trials, ascertainment
is problematic owing to the possible subjective nature of
these endpoints, and in DLGGs they may not necessarily
correlate with OS (4). Although more objective, the use of
OS can be challenging in DLGG trials as the increasing life
expectancy could affect trial feasibility. In addition, subsequent
therapy following study protocol interventions may differ among
patients, thereby confounding the OS in long-survival diseases
such as DLGG. Given these confounding influences, quality of
life, and preservation of function should be critical endpoints
as well. These assessments should ideally be based on patient-
reported outcomes (PROs), which should be direct and elucidate
patient concerns and burden of treatment on patients (43, 44).

Particular attention must be given to selecting PRO instruments
validated in brain tumor patients.

Given that both OS and PROs are important to clinicians,
patients, and policymakers, an acceptable approach would be
to combine OS and PROs as a composite endpoint (CEP),
reducing the required sample size and enabling assessment of
the net benefit of an intervention (45). This, however, also
presents the potential risk of one endpoint dominating this
net benefit. Furthermore, the combination of fatal (OS) with
non-fatal endpoints (PRO), could theoretically result in an
erroneous conclusion of net benefit for a particular intervention.
For example, an aggressive surgical resection may increase
OS at the expense of function. Seeking input from patients
and the general population regarding the value of survival
and function is therefore necessary in establishing outcome
thresholds (Figure 1).

Challenges Specific to Surgical RCTs in
DLGGs

Surgeon biases toward treatment allocation is a challenge in
conducting surgical RCTs. In pathologies of high prevalence,
this may be remedied by implementing an expertise-based trial
wherein surgeons only perform the intervention proposed in
one arm of the study (e.g., only MSR rather than supratotal
resection for DLGG) and would therefore only manage patients
randomized to that particular arm. This approach becomes
challenging for conditions with low prevalence like DLGGs, as
the number of centers and surgeons providing specialty care may
be limited. Surgeon technical skill is another important factor
to consider. Ideally, surgeons would have reached the plateau
phase of the technical learning curve prior to their involvement
in a trial (46). Options for evaluating technical competency may
involve a minimum number of cases performed, a report of past
complications, or on-site assessment of technique (47). While
this approach helps increase validity, it may introduce constraints
into the protocol that limit generalizability.

In contrast to drug trials where patients can only receive a
novel drug in the setting of an RCT, standard surgical procedures
can be performed more universally outside the confines of a
clinical trial. With increasing avenues for patient data access
and growing patient autonomy over treatment decisions, the
chances of individuals seeking a particular intervention make
recruitment into an RCT challenging (48). For surgeons,
this reality is an additional disincentive for participation as
they may lose their referral source. Open discussions about
treatment options and the current state of the evidence will
therefore be essential in setting a framework for surgical trials
in DLGGs.

The extended period of enrolment and analysis required
for a surgical trial for a low-frequency and long time-to-
endpoint disease such as DLGG can add an extra layer of
complexity. During the course of the trial, the development
of better adjuvant treatments (e.g., IDH1 inhibitors) will have
a differential impact on OS for patients enrolled before and
after their widespread use (49). This is in addition to the high
probability of drop-out over many years of follow-up, although

Frontiers in Oncology | www.frontiersin.org

October 2020 | Volume 10 | Article 575658


https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Brar et al.

Management of Diffuse Low-Grade Glioma

there is precedence for extended trial durations in DLGGs
(4, 5). Pragmatic RCTs which allow wide-ranging protocol
flexibility after randomization may address the challenges
associated with standard RCTs (50); however, consideration
must be given to potential concerns regarding blinding and
allocation concealment.

HARNESSING THE POWER OF
OBSERVATIONAL DATA

In light of the challenges in conducting RCTs for DLGGs
and the need to develop hypotheses relevant to an “everyday”
setting, international registries of prospective observational data
may offer an important tool in developing evidence based
management guidelines (51). Resources aimed at compiling
relevant clinical information on DLGGs have already been
developed (https://lggregistry.wixsite.com/study); however, these
lack a systematic approach to prospective collection and
annotation of data. The validity and yield of international multi-
center collaborative studies in DLGGs has been demonstrated
(4, 5). Furthermore, natural language processing, computational
capabilities, and healthcare information technology continue to
improve, making electronic health/medical records (EHR/EMR)
an invaluable resource. Combining these resources may enable
the compilation of prospective clinical, imaging, surgical,
functional, histopathological/ molecular, and neurocognitive
data into an international multi-center database for large scale
analysis, allowing for more efficient and economical analysis than
possible in RCTs.

Nevertheless, this approach presents its own pitfalls.
Increasing legal and privacy laws may limit the inter-institutional
flow of patient information (52). Moreover, a lack of data
standardization between EMRs poses further challenges in
efficiently combining data, and would require significant
coordination and collaboration between participating centers in
order to produce data that would be homogenous enough
to analyze as a single data set. However, patients own
the rights to their clinical information and should decide
whether this information is shared (53). In conjunction, better
connectivity between clinical and legal teams is necessary
to devise comprehensive strategies that enable the greatest
advancement of science and patient care within the confines
of the law. Healthcare professionals must continue their role
as patient advocates by participating in the improvement of
EMRSs to increase fidelity. Oversight by experts in the field would
also ensure the collection of relevant data, which would help
increase efficiency.

Successful establishment of international registries would
enable the acquisition of large-scale multi-modal data. Using
propensity score matching, known confounders could then
be accounted for, enabling identification of associations and
correlations that might predict success with certain treatment
paradigms in a manner that most closely resembles RCTs (54).
However, this would require a hypothesis-driven approach, a
priori knowledge of potential confounders, and may result in
potential exclusion of putative covariates that can be influential.

Thus, alternative data-driven methods such as machine learning
be required to analyse these registries.

Machine learning and artificial intelligence algorithms in
general have seen significant uptake in healthcare research in
recent years, and these tools show great promise for use in
analyzing large datasets in LGG as well (55). The traditional
method of statistical inference from data, namely regression-
based prognostic modeling, loses stability when dealing with
large data sets in which co-linearity between multiple variables
might exist, such as in potential large-scale observational
registries (56). When this occurs, some predictor variables in the
data might be able to be linearly predicted by others, causing
inaccurate estimates about the impact of any one variable on the
outcome of interest. In addition, traditional regression models
are often unreliable with datasets that contain large feature:
sample size ratios, wherein large numbers of predictor variables
exist for a dataset with limited sample size to draw conclusions
from. Many machine-learning algorithms, on the other hand,
address these issues and thereby provide greater ability to analyse
the complex sets of data procured from large registries. A
particularly appealing application of these algorithms to the study
of DLGGs is the ability to continually “learn” and refine the
model(s) created. “Supervised” algorithms, including support
vector machines and artificial neuronal networks, use a “training”
set of data to develop a classification algorithm, and then apply
the learned algorithm to novel data sets to help identify features
in new data (57). These techniques might be harnessed in the
setting of DLGG by using large observational data sets to identify
factors in imaging/patient characteristics that might predict
response to certain modalities of treatment, and therefore inform
patient care. Furthermore, “unsupervised” learning algorithms,
such as hierarchical or k-means clustering, can be applied to
identify novel patterns in imaging and molecular data through an
unbiased approach, without any prior “training” data (58). This
new information can then be assessed for predictive/classification
potential. In the setting of DLGG, these methods might be
valuable for identifying patterns in patient data and classifications
of tumors that might not be otherwise immediately recognizable.
It is essential to note that one algorithm or model is not
suitable in all scenarios and a combination of strategies, such as
“blending;” may be required (Figure 1). Table 1 provides a high-
level comparison of various data analysis methods that might
be of use in DLGG research, and Table 2 defines some common
terms used in statistics and machine learning.

Similar computational approaches have shown great promise
in other areas of oncology, such as breast cancer (59).
Further, international competitions to develop the most efficient
computational models for predicting cancer survival have
been successful in breast cancer, where the most effective
crowdsourced model outperformed the previously existing best-
in-class model reported in the literature when scored by blinded
assessment (59). Therefore, opening the forum to competition
to develop the best predictive models for DLGG by harnessing
large-scale observational data sets might be a unique and
useful approach.

Despite the promise of ML techniques, these algorithms
are not a solution to poor data quality; poor input results in
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TABLE 1 | Comparison of current analytical methods utilized in data-driven
research with potential for application to DLGG research.

Method Advantages Limitations

SUPERVISED LEARNING
Regression

e Commonly used
e Easy to interpret
e | ow variance
(high generalizability)

Multi co-linearity
Large feature: sample size ratio
High bias (training error)

Decision trees e Applicable to both
classification and

Over-fitting
Mutually exclusive classes needed

regression e Order of decision node selection
e Intuitive design and impacts results
presentation
* Applicable to various
data types
Random e Addresses issue of e |ess interpretable than
forest over-fitting in Decision Trees
Decision Trees
K-nearest e Applicable to both e Predictions based on similarities
neighbors classification and rather than creating models
regression e Assumption of equal relevance for
e Works well with features
missing data * Forced classification of features
based on similarities
Support e Over-fitting less likely e More complex than Decision Trees
vector e Robust with large * Hard to interpret
machines features: sample size
ratio
* Reduced
computational complexity
Naive bayes e Based on commonly e Assumption of independence
known statistical e Assumption of normal data
principles distribution
e Higher classification e Frequency of observations affect
speed accuracy of model
e Easy to interpret
Neural e Applicable to both e Selection of type and combination
networks classification and of layers challenging

regression

Versatility of methods
(statistical and
Boolean operations)

UNSUPERVISED LEARNING

Self- e Dimensionality reduction
organizing along with clustering
feature maps e Easy to interpret

Difficult to interpret

Affected by missing data
High computational cost

Hierarchical * Does not require Framework for selecting metrics

clustering pre-specification of such as linkage type and measure
number of clusters of dissimilarity difficult to establish
e Visually easier
to interpret
K-means e Computational efficiency e Requires  pre-specification  of
clustering number of clusters

Affected by outlier data

poor output. Similarly, internal and external validity must be
demonstrated on an independent test dataset; this is particularly
relevant to ML algorithms as small sample sizes or highly
constrained models can result in over-fitting of training data
(58). This issue is particularly important for LGG as they

TABLE 2 | Common terms and definitions used in machine learning research.

Term Definition

Artificial e The development of computer algorithms and/or systems that

intelligence are capable of performing tasks which traditionally require
human intelligence, including visual perception, speech
recognition, decision-making, and categorization

Data o A multifactorial approach to identifying patterns and correlations

mining within large datasets using statistics, machine learning, and
database management software

Machine e A subset of Al; computer algorithms that use a set of “training”

learning data to identify patterns, enabling prediction of future data
trends and classification of previously unseen data. ML
algorithms are continually able to adjust and learn from new
data to improve predictive or decision-making performance.

Natural ¢ A subfield of Al and linguistics that uses machine learning

language techniques to analyse language data, including speech

processing recognition and generation.

Deep ¢ A branch of machine learning that is based on algorithms

learning known as artificial neural networks

Neural e Computational algorithms used in machine learning that are

networks inspired by biological neural networks; these algorithms are

capable of learning to perform complex tasks by using training
data to inform actions taken on new data, without specific rules
needing to be hard-coded for each task

Supervised * An approach to machine learning that uses labeled training data

learning to train an algorithm to predict a desired and known output
variable from new input data. The characteristics of the training
data are known to the researcher.

Unsupervised ¢ An approach to machine learning that does not use any specific
learning training data, and instead trains an algorithm on an entire set of
input data. The goal is to uncover associations and structure
within the data, without a known and pre-specified
output variable.

are a low-frequency set of diseases, making it difficult to
procure large enough datasets to train and validate clinically
relevant and robust ML models. Despite this problem, past
work in developing ML models to predict glioma grading and
molecular characterization based on imaging has been quite
successful. For example, Akkus et al. developed an algorithm
to predict deletion of chromosome arms 1p/19q from T1/T2
imaging using a cohort of 159 LGGs, with sensitivity of 93.3%
and specificity of 82.2%, showing promise in using ML to
inform glioma management (60, 61). These existing works are
promising and showcase the immense potential for ML in future
glioma research.

Ideally, any ML-based algorithms used in informing clinical
decision making or evaluated in clinical trials will be declared
and registered a priori, as is expected for clinical trials. When
feasible, the data source should be made public along with the
algorithms used for analysis. Consideration should be given to
the development of quality checklists, such as the CONSORT
statement for clinical trials, in studies reporting ML-based
findings. These efforts are already underway by the CONSORT
Al and SPIRIT AI steering groups, using the EQUATOR
guideline development framework to develop extensions to
the CONSORT and SPIRIT statements for Al-based studies
(62). Once particular predictive/classification models are better
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established, association with outcomes and perhaps causality can
be assessed through clinical trials.

CONCLUSION

In this critical review, we have provided an overview of the
current state of evidence pertaining to DLGG management,
highlighted some of the gaps in knowledge, and outlined
possible strategies for the acquisition of better evidence. As
part of this endeavor, we have first discussed the nuances
and challenges associated with conducting the gold standard
approach, an RCT. Recognizing the difficulty in overcoming
some of these challenges, we have outlined more pragmatic
approaches, including more effective collection of data through
large-scale registries and ML-based statistical analysis of this
“real-world” observational data. As shown in Figure 1, we have
outlined a strategy for utilizing modern data analysis strategies
and various data sources to develop more compelling data
for informing DLGG care, and have outlined a pathway for
refining this strategy using feedback from the neuro-oncology
community. Moving forward, it is critical for the neuro-oncology
community to evaluate the necessity and specific eligibility

REFERENCES

1. Ostrom QT, Gittleman H, Liao P, Vecchione-Koval T, Wolinsky Y, Kruchko
C, et al. CBTRUS statistical report: primary brain and other central nervous
system tumors diagnosed in the United States in 2010-2014. Neuro Oncol.
(2017) 19:v1-88. doi: 10.1093/neuonc/nox158

2. Khan OH, Mason W, Kongkham PN, Bernstein M, Zadeh G. Neurosurgical
management of adult diffuse low grade gliomas in Canada: a multi-center
survey. ] Neurooncol. (2016) 126:137-49. doi: 10.1007/s11060-015-1949-0

3. Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D,
Cavenee WK, et al. The 2016 World Health Organization classification of
tumors of the central nervous system: a summary. Acta Neuropathol. (2016)
131:803-20. doi: 10.1007/s00401-016-1545-1

4. Buckner JC, Shaw EG, Pugh SL, Chakravarti A, Gilbert MR, Barger GR, et al.
Radiation plus procarbazine, CCNU, and vincristine in low-grade glioma. N
Engl ] Med. (2016) 374:1344-55. doi: 10.1056/NEJMo0al1500925

5. van den Bent MJ, Afra D, de Witte O, Ben Hassel M, Schraub S, Hoang-Xuan
K, et al. Long-term efficacy of early versus delayed radiotherapy for low-grade
astrocytoma and oligodendroglioma in adults: the EORTC 22845 randomised
trial. Lancet. (2005) 366:985-90. doi: 10.1016/S0140-6736(05)67070-5

6. Baumert BG, Hegi ME, van den Bent MJ, von Deimling A, Gorlia T,
Hoang-Xuan K, et al. Temozolomide chemotherapy versus radiotherapy
in high-risk low-grade glioma (EORTC 22033-26033): a randomised,
open-label, phase 3 intergroup study. Lancet Oncol. (2016) 17:1521-32.
doi: 10.1016/S1470-2045(16)30313-8

7. Cancer Genome Atlas Research Network, Brat D], Verhaak RGW, Aldape
KD, Yung WKA, Salama SR, et al. Comprehensive, integrative genomic
analysis of diffuse lower-grade gliomas. N Engl ] Med. (2015) 372:2481-98.
doi: 10.1056/NEJMoal402121

8. Capper D, Jones DTW, Sill M, Hovestadt V, Schrimpf D, Sturm D, et al. DNA
methylation-based classification of central nervous system tumours. Nature.
(2018) 555:469-74. doi: 10.1038/nature26000

9. Bady P, Kurscheid S, Delorenzi M, Gorlia T, van den Bent MJ, Hoang-Xuan K,
etal. The DNA methylome of DDR genes and benefit from RT or TMZ in IDH
mutant low-grade glioma treated in EORTC 22033. Acta Neuropathol. (2018)
135:601-15. doi: 10.1007/s00401-018-1810-6

10. Duffau H, Taillandier L. New concepts in the management of diffuse low-
grade glioma: proposal of a multistage and individualized therapeutic

criteria for an RCT, work to develop more effective prospective
observational registries, and integrate various data sources using
data-driven computational analysis, in order to develop higher
quality evidence for DLGG management and ultimately improve
patient care for this group of tumors.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included
in the article/supplementary material, further inquiries can be
directed to the corresponding author/s.

AUTHOR CONTRIBUTIONS

All authors contributed to the conceptualization and editing of
the article. KB and AM wrote the manuscript with significant
input from all authors.

ACKNOWLEDGMENTS

The authors would like to thank Dr. Michael Glantz for his
helpful suggestions and critical review of the manuscript.

approach. Neuro Oncol. (2015) 17:332-42. doi: 10.1093/neuonc/no
ul53

11. Chang EE Clark A, Smith JS, Polley MY, Chang SM, Barbaro NM, et al.
Functional mapping-guided resection of low-grade gliomas in eloquent areas
of the brain: improvement of long-term survival. clinical article. ] Neurosurg.
(2011) 114:566-73. doi: 10.3171/2010.6.JNS091246

12. Weller M, van den Bent M, Tonn JC, Stupp R, Preusser M, Cohen-
Jonathan-Moyal E, et al. European Association for Neuro-Oncology

(EANO) guideline on the diagnosis and treatment of adult astrocytic

and oligodendroglial gliomas. Lancet Oncol. (2017) 18:e315-29.
doi: 10.1016/S1470-2045(17)30194-8
13. Jiang B, Chaichana K, Veeravagu A, Chang SD, Black KL,

Patii CG. Biopsy versus resection for
grade gliomas. Cochrane Database Syst Rev.
doi: 10.1002/14651858.CD009319.pub3

14. Brown TJ, Bota DA, van Den Bent MJ, Brown PD, Maher E, Aregawi D, et al.
Management of low-grade glioma: a systematic review and meta-analysis.
Neurooncol Pract. (2019) 6:249-58. doi: 10.1093/nop/npy034

15. Xia L, Fang C, Chen G, Sun C. Relationship between the extent of resection
and the survival of patients with low-grade gliomas: a systematic review and
meta-analysis. BMC Cancer. (2018) 18:48. doi: 10.1186/s12885-017-3909-x

16. Jakola AS, Myrmel KS, Kloster R, Torp SH, Lindal S, Unsgird G, et al.
Comparison of a strategy favoring early surgical resection vs a strategy
favoring watchful waiting in low-grade gliomas. JAMA. (2012) 308:1881-8.
doi: 10.1001/jama.2012.12807

17. Jakola AS, Skjulsvik AJ, Myrmel KS, Sjavik K, Unsgard G, Torp SH, et al.
Surgical resection versus watchful waiting in low-grade gliomas. Ann Oncol.
(2017) 28:1942-8. doi: 10.1093/annonc/mdx230

18. Wijnenga MMJ, French PJ, Dubbink HJ, Dinjens WNM, Atmodimedjo PN,
Kros JM, et al. The impact of surgery in molecularly defined low-grade glioma:
an integrated clinical, radiological, and molecular analysis. Neuro Oncol.
(2018) 20:103-12. doi: 10.1093/neuonc/nox176

19. Wagqar M, Hanif S, Rathi N, Das K, Zakaria R, Brodbelt AR, et al. Diagnostic
challenges, management and outcomes of midline low-grade gliomas. J
Neurooncol. (2014) 120:389-98. doi: 10.1007/s11060-014-1563-6

20. Beiko J, Suki D, Hess KR, Fox BD, Cheung V, Cabral M, et al
IDHI mutant malignant astrocytomas are more amenable to surgical
resection and have a survival benefit associated with maximal surgical

the management of low-
(2017)  4:CD009319.

Frontiers in Oncology | www.frontiersin.org

October 2020 | Volume 10 | Article 575658


https://doi.org/10.1093/neuonc/nox158
https://doi.org/10.1007/s11060-015-1949-0
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1056/NEJMoa1500925
https://doi.org/10.1016/S0140-6736(05)67070-5
https://doi.org/10.1016/S1470-2045(16)30313-8
https://doi.org/10.1056/NEJMoa1402121
https://doi.org/10.1038/nature26000
https://doi.org/10.1007/s00401-018-1810-6
https://doi.org/10.1093/neuonc/nou153
https://doi.org/10.3171/2010.6.JNS091246
https://doi.org/10.1016/S1470-2045(17)30194-8
https://doi.org/10.1002/14651858.CD009319.pub3
https://doi.org/10.1093/nop/npy034
https://doi.org/10.1186/s12885-017-3909-x
https://doi.org/10.1001/jama.2012.12807
https://doi.org/10.1093/annonc/mdx230
https://doi.org/10.1093/neuonc/nox176
https://doi.org/10.1007/s11060-014-1563-6
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Brar et al.

Management of Diffuse Low-Grade Glioma

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

resection.  Neuro  Oncol. 16:81-91.  doi:  10.1093/neuonc/n
otl59

Duffau H. Long-term outcomes after supratotal resection of diffuse low-grade
gliomas: a consecutive series with 11-year follow-up. Acta Neurochir. (2016)
158:51-8. doi: 10.1007/s00701-015-2621-3

Shaw E, Arusell R, Scheithauer B, O’Fallon J, O’Neill B, Dinapoli R, et al.
Prospective randomized trial of low- versus high-dose radiation therapy
in adults with supratentorial low-grade glioma: initial report of a north
central cancer treatment group/radiation therapy oncology group/eastern
cooperative oncology group study. J Clin Oncol. (2002) 20:2267-76.
doi: 10.1200/JC0O.2002.09.126

Hellman S, Hellman DS. Of mice but not men. problems of
the randomized clinical trial. N Engl ] Med. (1991) 324:1585-9.
doi: 10.1056/NEJM199105303242208

Black N. Why we need observational studies to evaluate the effectiveness of
health care. BM]J. (1996) 312:1215-8. doi: 10.1136/bmj.312.7040.1215

Seiz M, Freyschlag CF, Schenkel S, Weiss C, Thomé C, Schmieder K,
et al. Management of patients with low-grade gliomas - a survey among
German neurosurgical departments. Cent Eur Neurosurg. (2011) 72:186-91.
doi: 10.1055/5-0031-1275351

Mansouri A, Brar K, Cusimano MD. Considerations for a surgical RCT
for diffuse low-grade glioma: a survey. Neurooncol Pract. (2020) 7:338-43.
doi: 10.1093/nop/npz058

Smith JS, Chang EF, Lamborn KR, Chang SM, Prados MD, Cha S, et al. Role
of extent of resection in the long-term outcome of low-grade hemispheric
gliomas. J Clin Oncol. (2008) 26:1338-45. doi: 10.1200/JC0O.2007.13.9337
Yordanova YN, Moritz-Gasser S, Duffau H. Awake surgery for WHO grade
IT gliomas within “noneloquent” areas in the left dominant hemisphere:
toward a “supratotal” resection. clinical article. ] Neurosurg. (2011) 115:232-9.
doi: 10.3171/2011.3.JNS101333

Pignatti F, van den Bent M, Curran D, Debruyne C, Sylvester R, Therasse P,
et al. Prognostic factors for survival in adult patients with cerebral low-grade
glioma. J Clin Oncol. (2002) 20:2076-84. doi: 10.1200/JC0.2002.08.121
Wang J, Bettegowda C. Applications of DNA-based liquid biopsy for
central nervous system neoplasms. | Mol Diagn. (2017) 19:24-34.
doi: 10.1016/j.jmoldx.2016.08.007

Chu PC, Chai WY, Tsai CH, Kang ST, Yeh CK, Liu HL. Focused ultrasound-
induced blood-brain barrier opening: association with mechanical index and
cavitation index analyzed by dynamic contrast-enhanced magnetic-resonance
imaging. Sci Rep. (2016) 6:33264. doi: 10.1038/srep33264

Akbari SHA, Sylvester PT, Kulwin C, Shah MV, Somasundaram A, Kamath
AA, et al. Initial experience using intraoperative magnetic resonance imaging
during a trans-sulcal tubular retractor approach for the resection of deep-
seated brain tumors: a case series. Oper Neurosurg. (2019) 16:292-301.
doi: 10.1093/0ns/opy108

Rees J, Watt H, Jager HR, Benton C, Tozer D, Tofts P, et al
Volumes and growth rates of untreated adult low-grade gliomas indicate
risk of early malignant transformation. Eur ] Radiol. (2009) 72:54-64.
doi: 10.1016/j.ejrad.2008.06.013

Castellano A, Donativi M, Ruda R, De Nunzio G, Riva M, Iadanza
A, et al. Evaluation of low-grade glioma structural changes after
chemotherapy wusing DTI-based histogram analysis and functional
diffusion maps. Eur Radiol. (2016) 26:1263-73. doi: 10.1007/s00330-015-3
934-6

Moritz C, Haughton V. Functional MR imaging: paradigms for clinical
preoperative mapping. Magn Reson Imaging Clin N Am. (2003) 11:529-42.
doi: 10.1016/51064-9689(03)00062-X

Roelcke U, Wyss MT, Nowosielski M, Ruda R, Roth P, Hofer S, et al.
Amino acid positron emission tomography to monitor chemotherapy
response and predict seizure control and progression-free survival in WHO
grade II gliomas. Neuro Oncol. (2016) 18:744-51. doi: 10.1093/neuonc/n
ov282

Larsen J, Wharton SB, McKevitt F, Romanowski C, Bridgewater C, Zaki H,
et al. Low grade glioma’: an update for radiologists. Br ] Radiol. 90:20160600.
doi: 10.1259/bjr.20160600

De Witt Hamer PC, Robles SG, Zwinderman AH, Duffau H, Berger
MS. Impact of intraoperative stimulation brain mapping on glioma

(2014)

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

surgery outcome: a meta-analysis. J Clin Oncol. (2012) 30:2559-65.
doi: 10.1200/JC0O.2011.38.4818

Tus T, Angelini E, Thiebaut de Schotten M, Mandonnet E, Duffau H. Evidence
for potentials and limitations of brain plasticity using an atlas of functional
resectability of WHO grade II gliomas: towards a “minimal common brain.”
Neuroimage. (2011) 56:992-1000. doi: 10.1016/j.neuroimage.2011.03.022
Tate MC, Herbet G, Moritz-Gasser S, Tate JE, Duffau H. Probabilistic map of
critical functional regions of the human cerebral cortex: Broca’s area revisited.
Brain. (2014) 137:2773-82. doi: 10.1093/brain/awu168

Fernandez Coello A, Moritz-Gasser S, Martino J, Martinoni M, Matsuda R,
Duffau H. Selection of intraoperative tasks for awake mapping based on
relationships between tumor location and functional networks. J Neurosurg.
(2013) 119:1380-94. doi: 10.3171/2013.6.JNS122470

Gehring K, Sitskoorn MM, Gundy CM, Sikkes SAM, Klein M, Postma TJ, et al.
Cognitive rehabilitation in patients with gliomas: a randomized, controlled
trial. J Clin Oncol. (2009) 27:3712-22. doi: 10.1200/JC0O.2008.20.5765

Basch E, Deal AM, Dueck AC, Scher HI, Kris MG, Hudis C, et al. Overall
survival results of a trial assessing patient-reported outcomes for symptom
monitoring during routine cancer treatment. JAMA. (2017) 318:197-8.
doi: 10.1001/jama.2017.7156

Sloan J. Asking the obvious questions regarding patient burden. J Clin Oncol.
(2002) 20:4-6. doi: 10.1200/JC0O.2002.20.1.4

Ferreira-Gonzélez I, Permanyer-Miralda G, Busse JW, Bryant DM,
VM, Alonso-Coello P, et al. Methodologic
for using and interpreting composite endpoints are limited, but
still identify major concerns. ] Clin Epidemiol. (2007) 60:651-7.
doi: 10.1016/j.jclinepi.2006.10.020

Subramonian K, Muir G. The “learning curve” in surgery: what is it, how
do we measure it and can we influence it? BJU Int. (2004) 93:1173-4.
doi: 10.1111/j.1464-410X.2004.04891.x

Hobson RW. CREST (carotid revascularization endarterectomy versus stent
trial): background, design, and current status. Semin Vasc Surg. (2000) 13:139-
43.

Gogineni K, Shuman KL, Chinn D, Gabler NB, Emanuel EJ. Patient demands
and requests for cancer tests and treatments. JAMA Oncol. (2015) 1:33-9.
doi: 10.1001/jamaoncol.2014.197

Kopinja J, Sevilla RS, Levitan D, Dai D, Vanko A, Spooner E, et al. A brain
penetrant mutant IDH1 inhibitor provides in vivo survival benefit. Sci Rep.
(2017) 7:13853. doi: 10.1038/s41598-017-14065-w

Zwarenstein M, Treweek S, Gagnier JJ, Altman DG, Tunis S, Haynes B, et al.
Improving the reporting of pragmatic trials: an extension of the CONSORT
statement. BMJ. (2008) 337:a2390. doi: 10.1136/bm;j.a2390

Mansouri A, Cooper B, Shin SM, Kondziolka D. Randomized controlled
trials and neurosurgery: the ideal fit or should alternative methodologies be
considered? ] Neurosurg. (2016) 124:558-68. doi: 10.3171/2014.12.JNS142465
Knoppers B. Broaden human-rights focus for health data under GDPR.
Nature. (2018) 558:189. doi: 10.1038/d41586-018-05388-3

Kim J, Kim H, Bell E, Bath T, Paul P, Pham A, et al. Patient perspectives about
decisions to share medical data and biospecimens for research. JAMA Netw
Open. (2019) 2:€199550. doi: 10.1001/jamanetworkopen.2019.9550

Austin PC. An introduction to propensity score methods for reducing the
effects of confounding in observational studies. Multivariate Behav Res. (2011)
46:399-424. doi: 10.1080/00273171.2011.568786

Lotan E, Jain R, Razavian N, Fatterpekar GM, Lui YW. State of the art:
machine learning applications in glioma imaging. AJR Am ] Roentgenol.
(2019) 212:26-37. doi: 10.2214/AJR.18.20218

Lee DD, Seung HS. Learning the parts of objects by non-negative matrix
factorization. Nature. (1999) 401:788-91. doi: 10.1038/44565

Sidey-Gibbons JAM, Sidey-Gibbons CJ. Machine learning in medicine:
a practical introduction. BMC Med Res Methodol. (2019) 19:64.
doi: 10.1186/5s12874-019-0681-4

Cruz JA, Wishart DS. Applications
cancer prediction and prognosis. Cancer Inform.
doi: 10.1177/117693510600200030

Margolin AA, Bilal E, Huang E. Systematic analysis of challenge-driven
improvements in molecular prognostic models for breast cancer. Sci Transl
Med. (2013) 5:181rel. doi: 10.1126/scitranslmed.3006112

Montori discussions

of machine learning in

(2007) 2:59-77.

Frontiers in Oncology | www.frontiersin.org

October 2020 | Volume 10 | Article 575658


https://doi.org/10.1093/neuonc/not159
https://doi.org/10.1007/s00701-015-2621-3
https://doi.org/10.1200/JCO.2002.09.126
https://doi.org/10.1056/NEJM199105303242208
https://doi.org/10.1136/bmj.312.7040.1215
https://doi.org/10.1055/s-0031-1275351
https://doi.org/10.1093/nop/npz058
https://doi.org/10.1200/JCO.2007.13.9337
https://doi.org/10.3171/2011.3.JNS101333
https://doi.org/10.1200/JCO.2002.08.121
https://doi.org/10.1016/j.jmoldx.2016.08.007
https://doi.org/10.1038/srep33264
https://doi.org/10.1093/ons/opy108
https://doi.org/10.1016/j.ejrad.2008.06.013
https://doi.org/10.1007/s00330-015-3934-6
https://doi.org/10.1016/S1064-9689(03)00062-X
https://doi.org/10.1093/neuonc/nov282
https://doi.org/10.1259/bjr.20160600
https://doi.org/10.1200/JCO.2011.38.4818
https://doi.org/10.1016/j.neuroimage.2011.03.022
https://doi.org/10.1093/brain/awu168
https://doi.org/10.3171/2013.6.JNS122470
https://doi.org/10.1200/JCO.2008.20.5765
https://doi.org/10.1001/jama.2017.7156
https://doi.org/10.1200/JCO.2002.20.1.4
https://doi.org/10.1016/j.jclinepi.2006.10.020
https://doi.org/10.1111/j.1464-410X.2004.04891.x
https://doi.org/10.1001/jamaoncol.2014.197
https://doi.org/10.1038/s41598-017-14065-w
https://doi.org/10.1136/bmj.a2390
https://doi.org/10.3171/2014.12.JNS142465
https://doi.org/10.1038/d41586-018-05388-3
https://doi.org/10.1001/jamanetworkopen.2019.9550
https://doi.org/10.1080/00273171.2011.568786
https://doi.org/10.2214/AJR.18.20218
https://doi.org/10.1038/44565
https://doi.org/10.1186/s12874-019-0681-4
https://doi.org/10.1177/117693510600200030
https://doi.org/10.1126/scitranslmed.3006112
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Brar et al.

Management of Diffuse Low-Grade Glioma

60.

61.

62.

Sotoudeh H, Shafaat O, Bernstock JD, Brooks MD, Elsayed GA, Chen JA,
et al. Artificial intelligence in the management of glioma: era of personalized
medicine. Front Oncol. (2019) 9:768. doi: 10.3389/fonc.2019.00768

Akkus Z, Ali I, Sedlir ], Agrawal JP, Parney IF, Giannini C, et al
Predicting deletion of chromosomal arms 1p/19q in low-grade gliomas from
mr images using machine intelligence. J Digit Imaging. (2017) 30:469-76.
doi: 10.1007/s10278-017-9984-3

CONSORT-AI and SPIRIT-AI Steering Group. Reporting guidelines
for clinical trials evaluating artificial intelligence interventions are
needed. Nat Med. (2019) 25:1467-8. doi: 10.1038/s41591-019-0
603-3

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.

Copyright © 2020 Brar, Hachem, Badhiwala, Mau, Zacharia, Moraes, Pirouzmand
and Mansouri. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (CC BY). The use, distribution or
reproduction in other forums is permitted, provided the original author(s) and the
copyright owner(s) are credited and that the original publication in this journal
is cited, in accordance with accepted academic practice. No use, distribution or
reproduction is permitted which does not comply with these terms.

Frontiers in Oncology | www.frontiersin.org

October 2020 | Volume 10 | Article 575658


https://doi.org/10.3389/fonc.2019.00768
https://doi.org/10.1007/s10278-017-9984-3
https://doi.org/10.1038/s41591-019-0603-3
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

	Management of Diffuse Low-Grade Glioma: The Renaissance of Robust Evidence
	Introduction
	Current State of Evidence
	Toward a Possible RCT in DLGGs
	RCTs, Equipoise, and Ethics
	Defining the Population and Intervention
	Standardization of Protocols
	Choice of Endpoint(s)
	Challenges Specific to Surgical RCTs in DLGGs

	Harnessing the Power of Observational Data
	Conclusion
	Data Availability Statement
	Author Contributions
	Acknowledgments
	References


