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Fig.5 There was high agreement between manually and automatically derived longitudinal changes in volume and RANO measures. Agreement
between automatic and manual delta measures for (A) FLAIR hypertintensity volume, (B) contrast-enhancing tumor volumes, and (C) RANO
measure in the postoperative patient cohort. Training and testing sets are shown light blue/red and dark blue/red, respectively. Line of identity

(x=y)is shown in all plots.
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Fig. 6 AutoRANO had higher agreement with manual contrast-enhancing volume than manual RANO measures. Correlation between manual
contrast-enhancing volume and RANO measures for (A) manual RANO and (B) AutoRANO in the postoperative patient cohort. Training and testing
sets are shown in light blue and dark blue, respectively in B. Linear fit is shown in all plots.

algorithm demonstrated good performance in postopera-
tive MRIs, which are particularly challenging given the fre-
quent presence of surgical cavities and brain distortion.
Furthermore, the algorithm was successfully applied in a
longitudinal patient cohort including patients who had been
treated with cediranib, which blunts the contrast enhance-
ment, yielding ill-defined contrast enhancement margins
that are difficult to contour. It is in these cases, particularly,
that standardized segmentation is likely to be most helpful.
Based on the double baseline MRIs, both manually and au-
tomatically derived FLAIR hyperintensity volume, contrast-
enhancing tumor volume, and RANO measurements were
highly repeatable, showing intrarater consistency. However,
there were differences in interrater consistency. The RANO
measurements from the AutoRANO algorithm were, on av-
erage, larger than those of the 2 human raters. This is likely
due to the fact that our AutoRANO algorithm performs an ex-
haustive search of the longest perpendicular diameters while
a human performs this estimation by eye, which is a less ac-
curate method. This inaccuracy is further evidenced by the
fact that the average RANO measurements differed between
the 2 raters. In fact, consistent with prior reports on the var-
iability in 2D measurements,* it is not surprising that there

was substantial variability between RANO measurements
between our raters. In contrast, we found high agreement
between manual raters and automatic volume for both
contrast-enhancing tumor and FLAIR hyperintensity. This
suggests that volume measurements allow for greater con-
sistency across raters than RANO measurements.

There was high agreement between manual and auto-
matic measures with regard to changes in tumor burden
(both contrast-enhancing and FLAIR hyperintensity) during
the course of longitudinal therapy. However, there was
better agreement between manual raters and automated
measurements for contrast-enhancing tumor volume
compared with RANO measures. Thus, automated volume
measurements were superior to AutoRANO measurements
due to higher concordance with manual methods.

Interestingly, AutoRANO correlated better with manual
contrast-enhancing tumor volume than the manual RANO
measurements. Delta AutoRANO (the difference in the
bidimensional measurements between the last visit and
the nadir scan) also correlated better with delta manual
contrast-enhancing tumor volume than delta manual
RANO measurements. This suggests that AutoRANO may
be a more accurate measure of tumor burden than manual
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RANO measurement in addition to the advantage of being
fully automated.

One point to note is that the ICC values for manual
versus automatic volumes were higher than the Dice
scores for manual versus automatic segmentation. This
is because Dice is a measure of the spatial overlap be-
tween the ground truth and segmentations, while the
ICC compares volumes without considering spatial lo-
cation. Both metrics provide useful but complementary
information. Dice as a measure is more sensitive to
differences in segmentation along the boundary of the
lesion. Thus, if manual and automatic segmentations
differed along the boundary, this can compromise the
dice measure which is dependent on the degree of
overlap. Furthermore, Dice coefficient can be sensitive
to lesion size in that a few voxel difference in the loca-
tion of the boundary can substantially reduce the Dice
for small lesions but not as much for large lesions. In
contrast, ICC of volume is less sensitive to boundary
effects. If automatic segmentation was more conserv-
ative at some boundaries and more liberal at other
boundaries compared with manual segmentation, these
effects would cancel out and there would still be high
concordance between manual and automatic volumes.
Indeed, this is the case, which is why the ICC values
were higher than the Dice scores.

There are some limitations to our study. First, the ex-
pert manual volume segmentations for each patient were
derived from a single rater, which limits our ability to as-
sess interrater variability of volume segmentation. Future
studies could incorporate segmentations from multiple
raters for segmentation. Second, our postoperative pa-
tient cohort contained imaging from only 54 patients from
a single institution. Additional studies could utilize a larger,
multi-institutional cohort as well as assess performance
early after surgery versus later after surgery as well asin re-
sponsive versus progressive disease. Third, our approach
utilized a single neural network architecture without com-
parison with other approaches. Future work could explore
the clinical utility of other neural network architectures
as well as ensembles of neural network models.%?
Furthermore, only patients with residual enhancing tumor
of a certain size after surgery were enrolled in the clinical
trials, which limits applicability to smaller tumors which
may be harder to segment. Additionally, patient cohorts
with 2D or 3D MR imaging were used in this study, as 3D
MR imaging is not always available at all institutions. The
utilization of only 3D MR imaging would further improve
the reliability of bidirectional and volume measures.®
Lastly, the confidence of the algorithm in its segmentations
could be added to our pipeline to flag segmentations that
require further verification from clinicians.®® This would
allow for more reliable integration into clinical workflows.
Overall, our study shows that automated measures of
tumor burden are highly reproducible and can reflect
changes in tumor burden during the course of treatment.
These automated tools could potentially be integrated in
routine clinical care and imaging analyses performed as
part of clinical trials and significantly enhance our accuracy
in assessing treatment response.

We developed an open-source, fully automatic pipe-
line for brain extraction, tumor segmentation, and RANO
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measurements and applied it to a large, multi-institutional
preoperative and postoperative glioma patient cohort.
We showed that automated volume and AutoRANO
measurements are highly reproducible and are in agree-
ment with human experts in terms of change in tumor
burden during the course of treatment. This tool may be
helpful in clinical trials and clinical practice for expediting
measurement of tumor burden in the evaluation of treat-
ment response, decreasing clinician burden associ-
ated with manual tumor segmentation and decreasing
interobserver variability. Furthermore, our study serves as
a proof of concept for automated tools in the clinic with po-
tential application to other tumor pathologies.

Supplementary Material

Supplementary data are available at Neuro-Oncology
online.
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