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Abstract

Background. Accurate and repeatable measurement of high-grade glioma (HGG) enhancing (Enh.) and T2/FLAIR
hyperintensity/edema (Ed.) is required for monitoring treatment response. 3D measurements can be used to in-
form the modified Response Assessment in Neuro-oncology criteria. We aim to develop an HGG volumetric meas-
urement and visualization Al algorithm that is generalizable and repeatable.

Methods. A single 3D-Convoluted Neural Network, NS-HGlio, to analyze HGG on MRIs using 5-fold cross validation
was developed using retrospective (557 MRIs), multicentre (38 sites) and multivendor (32 scanners) dataset divided
into training (70%), validation (20%), and testing (10%). Six neuroradiologists created the ground truth (GT). Additional
Internal validation (IV, three institutions) using 70 MRIs, and External validation (EV, single institution) using 40 MRlIs
through measuring the Dice Similarity Coefficient (DSC) of Enh., Ed. ,and Enh. + Ed. (WholeLesion/WL) tumor tissue and
repeatability testing on 14 subjects from the TCIA MGH-QIN-GBM dataset using volume correlations between timepoints
were performed.

Results. 1V Preoperative median DSC Enh. 0.89 (SD 0.11), Ed. 0.88 (0.28), WL 0.88 (0.11). EV Preoperative median
DSC Enh. 0.82 (0.09), Ed. 0.83 (0.11), WL 0.86 (0.06). IV Postoperative median DSC Enh. 0.77 (SD 0.20), Ed 0.78. (SD
0.09), WL 0.78 (SD 0.11). EV Postoperative median DSC Enh. 0.75 (0.21), Ed 0.74 (0.12), WL 0.79 (0.07). Repeatability
testing; Intraclass Correlation Coefficient of 0.95 Enh. and 0.92 Ed.

Conclusion. NS-HGlio is accurate, repeatable, and generalizable. The output can be used for visualization, doc-
umentation, treatment response monitoring, radiation planning, intra-operative targeting, and estimation of
Residual Tumor Volume among others.
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Key Points

1. Deep Learning (DL) based glioma segmentation is needed for automated
longitudinal RANO assessment in clinical trials and clinical practice.

2. GroundTruth quality and training dataset heterogeneity are crucial for glioma
segmentation algorithms generalization and clinical translation.

3. NS-HGlio is accurate and repeatable in quantifying HGG Enh. volumes for mRANO,
eliminating inter-rater and intra-rater variability, objectifying Ed. measurement for

RANO, and accelerating the workflow.

Importance of the Study

The success of clinical trials and clinical man-
agement of gliomas is dependent on many
factors. The accurate, repeatable, and rapid
quantification of HGG Enh. volumes on MRIs
are important to inform mRANO and the accu-
rate and repeatable quantification of HGG Ed.
volume is of value in objectifying FLAIR as-
sessment for RANO. Volumetric measurement
of HGG Enh. and Ed. volumes likely correlate
better with Progression Free Survival (PFS)
and Overall Survival (OS) when compared to
standard bi-dimensional measures. However,
the clinical translation of an automated Al
technology to perform this task has not been
successful given the complexity of the postop-
erative and post-treatment imaging in gliomas
and the poor quality of the ground truth (GT) of
the publicly available datasets. We describe the

Glioblastoma (GBM) is the most aggressive malignant pri-
mary brain tumor with very poor survival of approximately
15-18months from time of diagnosis and approximately
6% at 5 years. The incidence rate is 3.19 per 100,000 per-
sons in the United States with a median age of 64 years, it
is uncommon in children. The incidence is 1.6 times higher
in males compared to females and 2.0 times higher in
Caucasians compared to Africans and Afro-Americans, with
lower incidence in Asians and American Indians.' The accu-
rate and repeatable longitudinal MRI measurement of the
enhancing (Enh.) and T2/FLAIR edema (Ed.) components of
High-Grade Glioma (HGG) is of crucial importance for clin-
ical trials, treatment planning, and monitoring response
to therapy. 3D measurements are preferred over 2D meas-
urements and can be used to monitor treatment response
according to the modified Response Assessment in Neuro-
oncology criteria (MRANQO),%2 and for surgical and radiation
planning. Currently these measurements are done manu-
ally which is time consuming, inconsistent and suffers from
high interrater and intra-rater variability specially in the
post-treatment phase.* Our aim is to evaluate the accuracy,
generalizability, and repeatability of a DL HGG segmentation
and volumetric analysis Al algorithm (NS-HGlio) for clinical
translation.

development and validation of a Deep Learning
(DL) device to perform segmentation, volu-
metric measurement, and visualization of the
Enh. and Ed. components of HGG at accuracy
levels comparable to those of experts while
eliminating inter-rater and intra-rater varia-
bility and potentially the need for adjudications
in clinical trials. This would additionally allow
for standardized tumor growth and regression
analysis and quick bulk re-analysis of historical
clinical trials data in need of re-categorization
based on the 2021 WHO classification of CNS
tumors fifth edition (WHOCNS,). Furthermore,
given that this Al is currently FDA cleared, this
would allow for routine implementation of re-
sponse assessment in clinical care allowing for
better adherence of institutions to RANO and
mRANO criteria.

Materials and Methods
The Data Sets

Starting in 2012, the BraTS (Brain Tumor Segmentation
Challenge) group has sponsored a yearly competition
through MICCAI for the development and testing of ML al-
gorithms for HGG segmentation on MRIs with good suc-
cess. However, most of their efforts were focused on the
analysis of preoperative imaging, which is limited if used to
inform mRANO, tumor growth (g) or tumor regression (d)
analysis. RANO and mRANO criteria are the cornerstones
of imaging analysis in clinical trials and are gaining trac-
tion in clinical practice in part due to the increasing availa-
bility of Al technology. These criteria depend on the ability
to perform accurate and repeatable postoperative analysis
of the whole tumor as well as the sub-components mainly
the Enh. andT2/FLAIR hyperintensity/Ed. tumor segments.

NS-HGlio Al was developed as a Software as a Medical
Device that is generalizable at analyzing HGG Enh. volumes
on both preoperative and postoperative MRIs to inform
mRANO, Residual Tumor Volumes (RTV) post-surgically,
tumor growth (g), and tumor regression (d) analysis.
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NS-HGlio also provides contouring and volumetry for the
Ed. subcompartment to allow for objective assessment
of the RANOQO?® criteria given that the assessment of this
subcompartment is currently based on subjective assess-
ment. Additionally, the contouring and volumetry of the
surgical cavity would be of great value for radiation plan-
ning. It is expected that RANO 2.0, which is soon to be re-
leased, will allow investigators and clinicians the option to
use 3D volumetry if available and is well validated.

The training, internal validation, and external validation
datasets for this version of the software were sourced ret-
rospectively between 1996 and 2021 from public (TCIA;
training/loss validation/testing dataset) and private institu-
tions (UF, HM, JFK; internal validation dataset and UCLA;
external validation dataset) as shown in Figure 1. The
training dataset consisted of consecutive patients with age
range of 24-81 (average age 52.3; M:F, 3:2), Table 1, with
pathology proven 2016 WHO grade 3 or 4 astrocytoma
or 2016 WHO grade 4 glioblastoma who had a brain MRI
containing the four required sequences; T1WI without con-
trast (T1c), TIWI with contrast (T1c+), T2WI (T2) and Fluid
Attenuated Inversion Recovery (T2-FLAIR). The dataset
consisted of 557 public, multicentre (38 sites), and mul-
tivendor (32 scanners) MRIs (300 preoperative and 257
postoperative) used for training (70%), validation (20%),
and testing (10%) of NS-HGlio. Approximately 50% of the
training dataset parameters were meeting the param-
eters set in the standardized Brain Tumor Imaging Protocol
(BTIP).6 The other 50% of the dataset included less strin-
gent parameters to aid generalizability of the performance
beyond the parameters of BTIP in institutions that do not
adhere to BTIP routinely and to aid in the analysis of data
acquired prior to BTIP adoption.The minimum parameters

-

Training:
(38 sites, n =2102)

of the MRI sequences included in the datasets are summar-
ized inTable 2.

The internal validation (IV) dataset consisted of 70 con-
secutive MRIs (46 preoperative and 24 postoperative)
adult patients who are 18 years or older with pathology
proven 2016 WHO grade 3 and 4 astrocytoma or 2016 WHO
grade 4 glioblastoma (average age 64.5; M:F, 1.6:2) from 3
institutions; University of Florida, Gainesville FL, Houston
Methodist Hospital, Houston TX and JFK Medical Center,
Edison NJ. The external validation (EV) dataset consisted
of 40 retrospective brain MRIs (20 preoperative and 20
postoperative) from IDH wild type, high-grade (2016 WHO
grade 3 and 4) glioma patients (average age 58.6; M:F,
3:1) that were selected from the UCLA Neuro-Oncology
Database (UCLA IRB #10-000655) by the Brain Tumor
Imaging Laboratory (BTIL) group in a single blinded de-
sign where the authors were blinded to the imaging data.
The IV and EV Subjects’ characteristics are summarized in
Table 1.

The Ground Truth

For the training and internal validation datasets, six
neuroradiologists each with >6 years of neuroradiology
practice experience created the ground truth (GT) with 2
rounds of overreads for consensus. Disagreements were
handled by in-person agreement (see SupplementaryTable
1). Analyze 14.0 (Mayo Clinic, AnalyzeDirect, Overland Park,
KS), was used to create the GT. The GT protocol followed
the standards as defined by the National Cancer Institute
Cancer Imaging Achieve VASARI” (Visually AcceSAble
Rembrandt Images) features set for HGG segmentation.

—
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Table 1.

Overall datasets subjects characteristics

Public dataset

Mean age (yr, range) 52.3(24-81)
HGG 2016 WHO grade 3 % vs grade 4 % 12%/88%
Preoperative: Postoperative 1:0.8
Gender M:F 3:2

Internal validation External validation

dataset dataset
64.5 (18-86) 58.6 (32-94)
50%/50% 3%/87%
1:0.5 1:1

1.6:2 3:1

Table 2.  Minimum training dataset MRI sequences parameters for both 1.5T and 3T scanners

T1c- Pre-contrast 2DT1-weighted (T1w) axial acquisition with <1 x 1 x 5 mm anisotropic voxel size OR 3D T1w
axial, coronal, or sagittal acquisition with <2 mm. No interslice gap.

Tlc+ Post-contrast 3DT1w axial, sagittal or coronal with <2 mm.

T2 Pre-contrast or post-contrast; 2DT2-weighted (T2w) axial acquisition with <1 x 1 x 5 mm non-isotropic voxel
size OR 3DT2w axial, coronal, or sagittal acquisition with <2 mm. No interslice gap.

T2-FLAIR Pre-contrast or post-contrast; 2DT2-FLAIR axial acquisition with <1 x 1 x 5 mm non-isotropic voxel size OR

3D FLAIR axial, sagittal or coronal acquisition with <2 mm. No interslice gap.

The quality of the GT for the training and internal validation
datasets was validated using a double blinded web-based
voting system where the GT designed for NS-HGlio develop-
ment by the authors was compared against the publicly avail-
able BraTS GT for a set of randomly selected 20 preoperative
MRIs form the first 100 MRIs of the publicly available BraTS
2020 dataset® " as shown in Figure 2. The results of this val-
idation demonstrated that the GT designed by the authors
was preferred in 70% of cases by the 12 clinicians who partici-
pated in the validation (8 neuroradiologists, 2 radiation onco-
logists, and 2 neuroradiology fellows).

Two neuroradiologists from UCLA created the GT for the
external validation dataset using the institution standards
of practice and no over-read.

AT Architecture and Training

NS-HGlio was developed between January 2019 and
October 2021 as a single algorithm that can segment HGG
on preoperative and postoperative MRIs. NS-HGlio is
formed of a preprocessing pipeline, the Al core algorithm,
and a post-processing pipeline.

The preprocessing pipeline performs image registration,
normalization, and skull stripping. The Al core algorithm
is a 3D U-Net.">"3 The 3D U-net consists of 5 sub-models,
which are trained by the concept of 5-fold cross-validation
to create an ensemble model using majority voting. The
majority voting design is where every individual sub-
model votes for a class, and the majority wins. In statis-
tical terms, the predicted target label of the ensemble is the
mode of the distribution of individually predicted labels.
Dropout based regularization' was used with random
dropout rate of 50% across all layers of the model. Adam
optimization with learning rate of 3e-4 was used. Data
augmentation was employed as elastic deformation with
alpha [0-200] and sigma [9-13], gamma transformation
[0.7-1.5] which changes the mean and standard derivation
of the patch, random rotations in range [-30, +30] degrees,

random scale range [0.85, 1.25] and random image crop-
ping and padding with a crop size of 128 were used.The re-
sult of the deep learning model is a label mask comprising
four labels: Label “0” for background/healthy tissue, label
“1" forT2/FLAIR hyperintensity/Ed; label “2” for enhancing
tissue/Enh; label “3” for necrosis+ resection cavity/Nec.
NS-HGlio uses 4 standard MRI sequences as input; T1c—,
T1c+, T2, and FLAIR sequences. After the segmentation
is created using the pre-processed T1c—, T1c+, T2, and
FLAIR sequences, the label maps are then resampled and
re-oriented to the original sequences. This step allows the
user to view the segmentations as an overlay to the orig-
inal un-processed sequences in NS-HGlio clinical deci-
sion support platform or any other viewer modality/PACS
system (Figure 2).

Results

The Dice Similarity Coefficient (DSC) which measures the
degree of spatial overlap of NS-HGlio output (Enh., FLAIR
hyperintense/Ed. and Enh + Ed/Whole Lesion,WL) and the
consensus GT was used to measure the device performance.
Repeatability was tested using 14 subjects with newly diag-
nosed GBM from the MGH QIN GBM' treatment response
dataset that contained the needed 4 sequences by analyzing
the Intraclass correlation coefficient (ICC) of the Enh. and Ed.
Labels across all timepoints as well as the mean, standard de-
viation, and Coefficient of Variance (CV) of the log10volumes
of the whole lesion. The 14 subject dataset contained 2 post-
operative MRIs per subject performed after surgery but prior
to radio/chemotherapy, typically 2-5 days apart.

Internal and External Validation (Table 3)

The internal validation (V) dataset consisted of 70 MRIs (46
preoperative and 24 postoperative) from 3 institutions (UF,
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Training MRI scans
(38 sites, n = 557)

Preprocessing and
expert ground truth

Internal validation

Ground truth \
__& (3 sites, n =70)

quality validation

Registration

“TAWC+

Skull stripping

Annotations

. . Enh  Ed WL Enh Ed WL

089 088 088 077 078 0.78

(0.11) (0.28) (0.11) (0.20) (0.09) (0.11)

External validation
(1 site, n = 40)

Enh Ed WL Enh  Ed WL

i 082 083 08 075 074 079
mﬂ ‘i ﬁﬁﬁfw (0.09) (0.11) (0.06) (0.21) (0.12) (0.07)

model
for regulatory clearance

-70% Neosoma
-20% BraTS
-10% Undecided

Al Training

-3D CNN/5 models

-5-fold cross validation Clini
-Up to 700 epochs

Figure 2. Algorithm inputs, processing pipeline, Ground Truth (GT) example, GT validation, and performance validation results. Final segmentation
outputis color coded; blue (T2-FLAIR hyperintensity), red (enhancing), and yellow (necrosis and surgical cavity).

Table 3. Internal and external validation DSC results

Preoperative median DSC (SD)

Postoperative median DSC (SD)

Enh Ed WL Enh Ed WL
IV (Internal Validation) 0.89 (0.11) 0.88 (0.28) 0.88 (0.11) 0.77 (0.20) 0.78 (0.09) 0.78 (0.11)
EV (External Validation) ~ 0.82(0.09) 0.83(0.11) 0.86 (0.06) 0.75(0.21) 0.74(0.12) 0.79 (0.07)

HM, JFK) and the external Validation (EV) dataset consisted
of 40 MRIs (20 preoperative and 20 postoperative) from a
single institution (UCLA) as discussed previously.

In the preoperative setting (Figure 3), NS-HGlio was able
to achieve median DSC Enh. 0.89 (SD 0.11), Ed. 0.88 (SD
0.28), Enh+Ed/WL 0.88 (SD 0.11) in the internal validation
dataset and showed good generalizability in the external
validation dataset where it achieved median DSC Enh. 0.82
(0.09), Ed. 0.83 (0.11), Enh+Ed/WL 0.86 (0.06). This corres-
ponds to an 8% drop in performance for the preoperative
DSC mean for Enh. label which is suggestive of good gen-
eralizability and reproducibility to unseen data in the pre-
operative setting.

In the postoperative setting (Figure 3), NS-HGlio was
able to achieve median DSC Enh. 0.77 (SD 0.20), Ed 0.78.
(SD 0.09), Enh+Ed/WL 0.78 (SD 0.11) and showed good
generalizability in the external validation dataset where
it achieved median DSC Enh. 0.75 (0.21), Ed 0.74 (0.12),
Enh+Ed/WL 0.79 (0.07). This corresponds to a 3.5% drop
in performance for the postoperative DSC mean for Enh.
label which is suggestive of excellent generalizability and
reproducibility to unseen data in the preoperative setting.

These results show that the device performance is better
than the reported inter-rater performance of experts when
compared to results from Visser et al.’® evaluating the
inter-rater agreement in glioma segmentations on longitu-
dinal MRIs between 4 experts and 4 novices.

When evaluating the relationship between the volume of
the Enh. lesions and the device DSC performance for the
internal and external validation datasets both in the preop-
erative and the postoperative setting a general trend was
observed were higher Enh. volumes were associated with
better DSC performance. However, statistical significance
was only observed in the postoperative setting of the ex-
ternal validation dataset (see Supplementary Figure 1).

Repeatability

Repeatability was tested using the 14 subjects with newly
diagnosed GBM from the MGH QIN GBM treatment re-
sponse dataset that contained the needed 4 sequences
by analyzing the Intraclass correlation coefficient (ICC) of
the Enh. and Ed. Labels across all timepoints as well as
the mean, standard deviation, and Coefficient of Variance
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Figure 3. Violin-plot graphs illustrating the DSC performance for the preoperative and postoperative MRIs from the internal and external valida-
tion datasets of NS-HGlio. As expected, generalizability results in very modest drop in performance (8% for preoperative and 3.5% for postoperative
DSC mean for Enh. label). For the postoperative DSC, Nec label included necrotic tissue and surgical cavity combined in one label to allow for a
single algorithm training for both preoperative and postoperative imaging.
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(CV) of the log10volumes of the whole lesion. The 14 sub-
ject dataset contained 2 postoperative MRIs per subject
performed after surgery but prior to radio/chemotherapy,
typically 2-5 days apart. NS-HGlio showed excellent re-
peatability achieving ICC of 0.95 for Enh. and 0.92 for Ed.
labels. The WL log10 volumes demonstrated a mean of
4.87,SD of 0.21 and CV of 0.53 (see SupplementaryTable 2).

Discussion
Background

High-grade glioma is the most common malignant primary
brain cancer, with more than 13,000 Americans expected
to be diagnosed this year and 10,000 expected deaths.The
prognosis for HGG has been virtually unchanged for dec-
ades with an average length of survival of 15-18 months
and a 5-year survival rate of only 6%."-*The poor survival
rate of 40% in the first year and 6% at 5 years as well as
the lack of effective therapeutics in the last 2 decades high-
lights the importance of standardizing and objectifying im-
aging assessment of these tumors to enhance the chances
of clinical trials success and facilitate inter-institutional and
international collaborations.

The Response Assessment in Neuro-Oncology (RANO)
is the standard for HGG assessment in clinical trials and
is increasingly being adopted in clinical care. RANO
uses conventional 2D measurements (carried over from
the 1981 WHO and the 1990 Macdonald criteria) that has
proven largely inadequate for accurately characterizing
the growth of certain complex geometric shapes that
are not uncommon in HGG.2° Schmitt P. et al?' concluded
that bi-dimensional measurements are inadequate in
evaluating tumor growth rates when the slice thickness
is > 3 mm (regardless of head positioning) and to prop-
erly evaluate small gliomas manually (20 mm in diam-
eter or less), it is necessary to exactly replicate the MRI
scanning conditions longitudinally. Furthermore, it is
known that manual measurements suffer from signifi-
cant inter-rater and intra-rater variability leading to high
rate of adjudications in clinical trials and time delays.

Numerous studies have demonstrated that 3D
volume measurements are more reliable and less var
iable than 2D measurements.???® In three studies 3D
tumor measurements have been found to be predictive
of survival and progression free survival in recurrent
HGG using Gd-enhanced T1-weighted images,?* T1 sub-
traction maps' and DWI® sequences. Another study,
semiautomated postoperative tumor volume estimations
were found to be more reliable, reproducible, and faster
than manual assessments in diagnosing tumor recur-
rence and progression.?® In another study it was shown
that quantifying residual and recurrent glioblastomas
alike, not only was semi-automatic volumetric segmen-
tation faster than the manual technique, but it was also
more reliable and reproducible compared with 1D and
2D measurements.?’ In 2017, the modified volumetric
mRANO criteria were introduced and included recom-
mendations for volumetric change for the enhancing
tumor volume to allow categorization of the imaging

changes according to the original RANO categories of
Complete Response (CR), Partial Response (PR), Stable
Disease (SD), and Progressed Disease (PD). A strong cor-
relation was observed between mRANO progression free
survival (PFS) and overall survival (OS) while no corre-
lation was observed between radiographic PFS and OS
for standard RANO or iRANO in a cohort of 47 patients
with recurrent glioblastoma (rGBM, WHO grade 4 HGG)
enrolled in a prospective phase Il convection-enhanced
delivery of an IL4R-targeted immunotoxin (MDNAG5-05,
NCT02858895).28 Recently, 3D volumetric measurements
showed significantly longer estimated PFS, more stable
and considerably slower measures of tumor growth rate,
the highest inter-reader agreement and significantly
lower reader discordance rates vs 2D RANO for low grade
glioma (LGG).?® Finally, there is an increasing interest
in using tumor growth (g) and regression (d) metrics to
measure response to treatment3® using 3D measures.

For this, NS-HGlio was developed between January 2019
and October 2021 as a single algorithm that can segment
high-grade glioma (HGG) on preoperative and postopera-
tive MRIs.

Impact

We expect this technology to have an impact on HGG clin-
ical trials, clinical care, adherence to RANO and mRANO
utilization and in the future the expanding utilization of
tumor growth (g) and tumor regression (d) metrics.

Historically clinical trials have suffered from high failure
rate due to many reasons; this is compounded with the un-
certainty in manual longitudinal tumor measurements on
brain MRIs causing high rate of adjudications due to inter-
rater and intra-rater variability of the 2D measurements.
NS-HGlio has the potential to lower the need for adjudi-
cations while standardizing and objectifying longitudinal
tumor volumes measurements which will potentially make
HGG clinical trials more cost effective.The turnaround time
per MRl segmentation is on average reduced by 97% versus
manual volumetric segmentation (2 min vs 60 min) and 90%
versus semiautomated volumetric segmentation (2 min vs
20 min). Additionally, the technology can easily and quickly
be used to analyze historical clinical trials data to evaluate
for possible new insights given the recent changes in CNS
tumors classification based on the 2021 WHO Classification
of CNSTumors, fifth edition (WHOCNS;) that would require
re-classification of historical trials data.

Additionally, NS-HGlio is expected to have an impact on
the current neuro-oncology practice. The use of RANO and
mRANO criteria in clinical practice is significantly lagging
clinical trials which is primarily due to the time and finan-
cial requirements of having the neuroradiologist perform
those measurements on every MRI and the absence of an
FDA cleared technology that can replace the tedious, time
consuming, and error prone manual process. The tech-
nology can also be used in centers that do not have the
neuro-oncology expertise of the tertiary care centers al-
lowing for better streamlining of resources and lower fi-
nancial burden on the patients.

As for future technologies, NS-HGlio will provide ac-
curate and reproducible Regions of Interest (ROIl) for
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radiomics and based and

predictions.
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Limitations

NS-HGlio performance was not without pitfalls. For ex-
ample, we noticed in a small percentage of cases erro-
neous segmentation of Ed. in the cerebellar hemispheres
due to exaggerated pulsation artifacts from the sig-
moid sinuses inducing artifactually increased cerebellar
FLAIR signal. Another example would be missed small
Enh. lesions below 5 mm in diameter in cases where the
original T1c+ sequence voxel size was more than 1Tmm
isovolumetric and the T1c— sequence parameters were not
matching those of the T1c+ sequence. Very low resolution
of any of the 4 sequences (ie, slice thickness above 5 mm
or presence of interslice gaps) resulted in false positive
Enh. and Ed. segmentations in the cortical and subcortical
tissue specially in the anterior aspect of the frontal lobes
and in the occipital lobes. Similarly, errors in detecting
postoperative enhancing thickened dura at the operative
site as Enh. segmentation or over- or under-segmentation
of the resection cavity specially if containing hemorrhage
were observed if the T1c— acquisition parameters were
not equivalent to the T1c+ acquisition parameters as de-
fined by BTIP. The cases with lower DSC values as shown
in Figure 3 suffered from some of the data quality issues
described here. Additionally, the DSC performance drop

in the postoperative setting compared to the preoperative
setting could be in part related to the known higher GT var-
iability between raters in the postoperative phase. These
observations required the development of a protocol guid-
ance for the optimum MRI acquisitions for NS-HGlio which
is consistent with the BTIP guidance. Further validation
of the technology after FDA clearance through a multi-
institutional external validation study using prospective
longitudinal datasets is desired.

Workflow Integration

To ensure adoption of the technology by clinicians, re-
searchers, and clinical trials it is important to facilitate the
integration of any Al technology with the already existing
hospital systems. For this, NS-HGlio would seamlessly in-
tegrate with the already existing PACS, EMR and research
systems through a technology that we developed and refer
to as Edge System. Additionally, NS-HGlio can also be ac-
cessed and used through a standalone client dashboard
that would allow for visualization, editing and structured
reporting of the results. The dashboard also allows virtual
Multidisciplinary Team meetings (Tumor Board meetings)
with audit trailing, decision support, and zoom-like vide-
oconferencing capabilities among its many capabilities
(Figure 4). Additionally, the segmentations can be used
as an ROl for further analysis of additional MRI sequences
such as diffusion and perfusion imaging.

Preoperative | ‘

Postoperative ‘ Bl whole tesion B

TP1

C1

TP3 Be
= Enh: —45.29%

Ed: +4.93%
1 2 3
e — —

Enh: -99.59%
Ed: +107.22%

Enh: -7.61%
Ed: +38.03%

Figure 4. Three subjects (A-C) with representative MRI with segmentation color overlay and 3D reconstruction of the segmentation at 3 different
timepoints (1) preoperative, (2) 3-months postoperative and (3) 9-months postoperative. (4) Graphical output from NS-HGlio demonstrating the dif-
ferent segments changes over the 3 time points (black = WL, Red = Enh, Blue = Ed, and yellow = Nec + Cavity). Volumetric measurements derived
from the detected segmentations are used to calculate the rate of change over time and inform mRANO.
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Conclusion

NS-HGlio is accurate, repeatable, and generalizable. The
output can be used for visualization, documentation,
treatment response monitoring, radiation planning, intra-
operative targeting, estimation of Extent of Resection (EOR)
and RTV among others. Additional re-training with user-site
specific data is likely to improve performance and gener-
alizability. A larger multi-institutional external validation of
the algorithm performance is desired after FDA clearance.

Supplementary material

Supplementary material is available online at Neuro-
Oncology Advances online.
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artificial intelligence | glioma | machine learning | RANO |
segmentation.
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