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Abstract
Background. Stereotactic radiosurgery (SRS), a validated treatment for brain tumors, requires accurate tumor 
contouring. This manual segmentation process is time-consuming and prone to substantial inter-practitioner var-
iability. Artificial intelligence (AI) with deep neural networks have increasingly been proposed for use in lesion 
detection and segmentation but have seldom been validated in a clinical setting.
Methods. We conducted a randomized, cross-modal, multi-reader, multispecialty, multi-case study to evaluate the impact 
of AI assistance on brain tumor SRS. A state-of-the-art auto-contouring algorithm built on multi-modality imaging and en-
semble neural networks was integrated into the clinical workflow. Nine medical professionals contoured the same case 
series in two reader modes (assisted or unassisted) with a memory washout period of 6 weeks between each section. The 
case series consisted of 10 algorithm-unseen cases, including five cases of brain metastases, three of meningiomas, and two 
of acoustic neuromas. Among the nine readers, three experienced experts determined the ground truths of tumor contours.
Results. With the AI assistance, the inter-reader agreement significantly increased (Dice similarity coefficient [DSC] 
from 0.86 to 0.90, P < 0.001). Algorithm-assisted physicians demonstrated a higher sensitivity for lesion detection 
than unassisted physicians (91.3% vs 82.6%, P = .030). AI assistance improved contouring accuracy, with an average 
increase in DSC of 0.028, especially for physicians with less SRS experience (average DSC from 0.847 to 0.865, 
P =  .002). In addition, AI assistance improved efficiency with a median of 30.8% time-saving. Less-experienced 
clinicians gained prominent improvement on contouring accuracy but less benefit in reduction of working hours. 
By contrast, SRS specialists had a relatively minor advantage in DSC, but greater time-saving with the aid of AI.
Conclusions. Deep learning neural networks can be optimally utilized to improve accuracy and efficiency for the 
clinical workflow in brain tumor SRS.

Keys Points

• This randomized, cross-modal reader study shows AI can facilitate brain tumor SRS.

•  AI assistance improves tumor contouring accuracy, especially for less-experienced clinicians.

• AI assistance improves efficiency and reduces variability among physicians.
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Each year, around 3 million people are diagnosed with pri-
mary or metastatic brain tumors worldwide.1–3 Stereotactic 
radiosurgery (SRS), which delivers high doses of ionizing 
radiation in a single or few fractions to small targets, has be-
come one of the validated treatments for brain tumors.4,5 To 
effectively eradicate tumors while minimizing damage to sur-
rounding tissues, SRS requires delicate manual delineation of 
tumors. This tumor contouring process is extremely time-con-
suming and is prone to high inter- and intra-practitioner varia-
bility.6,7 Moreover, some challenging cases, such as tiny brain 
metastases, are hard to identify even for experienced phys-
icians, leading to suboptimal treatment outcomes.

Driven by the ever-increasing capability of artificial in-
telligence (AI), a variety of computer-aided detection 
techniques have been proposed over the past decade for 
potential applications to clinical practice. Specifically, deep 
learning based on convolutional neural networks to auto-
matically learn representative features from raw medical 
images has been used in different specialties,8 including ra-
diology,9,10 dermatology,11 ophthalmology,12 pathology,13,14 
and oncology.15,16 As neural networks can perform very 
well on segmentation tasks, they have been proposed 
to facilitate radiotherapy, especially for contouring of or-
gans at risk17–21 and tumors.22–25 In particular, convolutional 
U-Net and DeepMedic architecture have been utilized for 
brain metastasis segmentation.26–32

While deep learning has shown promise in automated 
contouring of radiotherapy treatment planning, most pre-
vious studies focused on standalone performance testing 
of systems, reporting performance metrics using retro-
spective data. However, an accurate system alone will not 
necessarily assist physicians in radiotherapy treatment 
planning. A prospective study assessing the efficiency, ac-
curacy, and reproducibility of such AI tools within the ra-
diation therapy clinical workflow is warranted.33 To fully 
understand the potential clinical capability of AI, it is es-
sential to integrate the system into clinical workflow and 
investigate its impact on practitioners. In this research, we 
present a thorough reader study where multiple medical 
professionals with different levels of experience and spe-
cialties perform target contouring on different types of 
brain tumors, using a state-of-the-art algorithm, automated 
brain tumor segmentation (ABS). We evaluate inter-reader 

variability, accuracy, and speed of physicians performing 
assisted contouring for brain tumor SRS.

Materials and Methods

Study Design

The study was designed as a cross-modal, multi-reader 
study as illustrated in Figure 1. All medical professionals 
contoured the selected dataset cases with or without 
auto-segmentation assistance. To reduce possible bias 
from the memory of previous contouring, the partici-
pants were randomized into one of the two segmentation 
modes: assisted-first or unassisted-first. The two contour 
sessions were separated by a washout period of at least 
6 weeks along with ongoing full-time clinical practice. 
During the second session, the physicians were blinded 
to their first sets of segmentations and those undertaken 
by other participants. The readers were allowed to ac-
cess patients’ histories and previous imaging studies, 
but no further information or radiology report about the 
simulation magnetic resonance (MR)/computed tomog-
raphy (CT) images for SRS was provided. To simulate 
a contouring pace similar to normal clinical workflow, 
readers were not instructed to complete all cases in a 
single contouring session. Instead, they were asked to 
conclude all cases within 3 days. The segmentation time 
was recorded for each of the selected cases. The protocol 
of the prospective reader study was approved by the 
Institutional Research Ethics Committee.

Machine Learning Models

The ABS system, extended from our previous collab-
oration work,26 in this study is a deep learning-based 
segmentor using multimodal imaging from MR and CT, 
and ensemble neural networks as illustrated in Figure 1. 
Specifically, we combined DeepMedic34 and three-dimen-
sional (3D) U-Net35 architecture. The two neural networks 
were optimized with different objectives independently, 

Importance of the Study

Stereotactic radiosurgery (SRS), a validated treatment 
for brain metastases and brain tumors, requires ac-
curate tumor contouring for treatment planning. This 
manual segmentation process is time-consuming and 
prone to substantial inter-practitioner variability even 
amongst experts, leading to large variation in care 
quality.

Artificial intelligence (AI) has been proposed for use 
in lesion detection and segmentation. However, the po-
tential impact of integrating such technology into SRS 
workflows remains largely unexplored. In this paper, we 

deploy an expert-level AI-based assistive tool into the 
SRS workflows and conduct a randomized, cross-modal, 
multi-reader, multispecialty, multi-tumor-type reader 
study on AI-assisted tumor contouring. The study dem-
onstrates AI assistance increases inter-clinician agree-
ment, improves tumor detection by 10.5%, and shortens 
mean contouring time by 30.8%. This multi-reader eval-
uation provides comprehensive comparisons of the im-
pacts of AI on different experience levels of clinicians. 
The improvement of accuracy is more apparent among 
less-experienced physicians.
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such that the DeepMedic model focused on small lesions 
with a high sensitivity, whereas the 3D U-Net addressed 
overall tumor segmentation with a high specificity. By 
adopting the ensemble technique, the overall perfor-
mance in both lesion segmentation and detection can 
be further improved and reach a balance between high 
sensitivity and high specificity.26,36 We preprocessed 
the images for training and validation and trained the 
neural networks in accordance with a previous work,26 
but in a multitasking fashion where brain metastases, 
meningiomas, and acoustic neuromas were handled si-
multaneously. For each case, after performing rigid image 
registration between CT and MR images using mutual in-
formation optimization (mean registration error is on the 
order of submillimeter),37,38 we resampled the images to 
an isotropic resolution of 1 × 1 × 1 mm3. We extracted only 
the brain region, removed background, and then stand-
ardized the images with zero-mean and unit-variance nor-
malization. Brain window (width: 80, level: 40) is applied 
to the CT images. The image preprocessing techniques 
ensure model performance and generalizability by stand-
ardizing the data acquired from different scanners and 
scanning protocols. The development dataset consisted 
of a cohort of 1288 patients (570 with brain metastases, 
353 with acoustic neuromas, and 365 with meningiomas) 
with 2566 tumors (1790 brain metastases, 363 acoustic 
neuromas, and 413 meningiomas). The median tumor 
volume was 0.7 ml (range: 0.01-83.4 ml). The ground-truth 
tumor masks for ABS model development were the gross 
tumor volumes (GTVs) for clinical treatment, delineated 
by attending radiation oncologists or neurosurgeons on 

associated contrast-enhanced CT- and T1-weighted MR 
scans.

System Integration

A key factor in clinical adoption of machine learning is 
seamless integration of the model with existing hos-
pital information systems. In this study, we integrated 
ABS with CyberKnife MultiPlan, routing corresponding 
MR and CT images, and GTVs with Digital Imaging 
and Communications in Medicine (DICOM) standards. 
The end-to-end inference time of ABS, including image 
preprocessing, neural network inference, and data post-
processing, was approximately 90 seconds. Clinicians 
were then able to validate and modify tumor contours 
using the existing treatment planning system.

Study Dataset

A separate dataset consisting of five metastases cases 
(ranging from one to eight tumors per patient), three me-
ningioma cases, and two acoustic neuroma cases were 
randomly selected for the prospective reader study. The 
composition of the dataset was compatible with that of the 
clinical practice at the institutional CyberKnife center, and the 
10 selected cases were all independent of the development 
dataset for model training. The characteristics of the 10 cases 
in the reader study, as outlined in Table 1, included 16 me-
tastases, 2 acoustic neuromas, and 5 meningiomas. The me-
dian tumor volume was 0.89 ml (range: 0.006-3.745 ml) for 
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Fig. 1 Schematic diagrams of the reader study design and the machine learning model for automated brain tumor segmentation (ABS).
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metastases, 9.62 ml (range: 1.23-18.02 ml) for acoustic neur-
omas, and 2.19 ml for meningiomas (range: 0.15-2.96 ml).

Medical Professionals

A total of nine medical doctors, including one diagnostic 
neuro-radiologist, five radiation oncologists, and two neuro-
surgeons participated in the reader study. Among them, 
three physicians with over 14 years’ professional experience 
in neuroimaging or intracranial SRS were designated as the 
expert group. The expert group consisted of one diagnostic 
neuro-radiologist, one radiation oncologist, and one neuro-
surgeon. Among the other six physicians (nonexpert), the 
years of experience ranged from 2 to 20, with two chief resi-
dent physicians. Only two trained radiation oncologists had 
a specialization in intracranial SRS, with an average of 15 
SRS cases per year (SRS specialists). The other four phys-
icians did not often practice SRS (less than six SRS cases 
per year, designated as non-SRS specialists).

Expert Consensus for Ground-Truth 
Establishment

Two months after the completion of all contouring ses-
sions, the ground truth of segmentation was established 
with consensus from the three experts. They had access 
to the patients’ histories and further follow-up imaging 
studies. The ground truth of contouring was determined 
slice-by-slice on the simulation MR and CT images. The 
GTVs for clinical treatment were not disclosed to the ABS 
system, the expert group, or other participants. Since the 
experts participated in the ground-truth determination, 
only the contours from nonexpert readers were compared 
with the ground truth for further analyses.

Statistical Analysis

Lesion-wise sensitivity was calculated for both con-
touring modes (detected tumors divided by all tu-
mors contained in the ground truth). A metastasis was 

considered detected when the contours of the tumor 
overlapped with the corresponding ground-truth seg-
mentation. The false-positive rate was also reported by 
the average number of false-positive lesions per patient. 
The degree of overlap with ground truth was then meas-

ured by the Dice similarity coefficient (DSC), defined as 

DSC =
2|X

⋂
Y |

|X |+|Y | , where X is the predicted volume and Y is 

the corresponding ground-truth volume.
We used Wilcoxon paired-signed tests to compare the 

DSC, sensitivity of lesion detection, and time consumed 
between two contouring modes. The statistical significance 
was set at two-tailed P < 0.05. All analyses were performed 
using MedCalc Statistical Software version 19.1.3 (MedCalc 
Software, Ostend, Belgium).

Results

Ground-Truth Determination and AI Standalone 
Performance

For the 10 AI-unseen cases, the ABS system alone had a 
high overall sensitivity of 95.7% for lesion detection, with a 
sensitivity of 88.9% for small tumors (GTV < 0.7 ml, corre-
sponding to 1.1 cm in diameter). The average false-positive 
rate was 0.5 lesions per patient. The median DSC was 0.836 
(95% confidence interval [CI]: 0.783, 0.855), and the pixel-
wise area under the receiver operating characteristic curve 
was 0.995.

Impact of Computer Assistance for the Experts

The inter-expert DSC was calculated to evaluate inter-
reader agreement according to the degree of contours 
overlapping with the other two experts. With the aid of 
the ABS system, the agreement of tumor segmentation 
was significantly increased among the experts. The me-
dian inter-reader DSC increased from 0.862 (95% CI: 0.848, 
0.870) to 0.900 (95% CI: 0.893, 0.906, P < 0.001) among the 
expert-level physicians. Supplementary Table 1 shows a 

  
Table 1 Dataset Case Characteristics

Metastasis Acoustic Neuroma Meningioma

Median age, years (range) 67 (55-81) 37 (32-42) 58 (45-74)

Number of cases 5 2 3

Median tumor volume, ml 0.89 9.62 2.19

Number of tumors 16 (8, 4, 2, 1, 1 tumor in each case) 2 5 (3, 1, 1 tumor in each case)

Small tumor (volume <0.7 ml) 7 0 2

Large tumor (volume ≥0.7 ml) 9 2 3

Primary malignancy, number of cases Lung 3  
Breast 1  
NPC 1

NA NA

Abbreviations: NA, not applicable; NPC, nasopharyngeal carcinoma.
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reduction in inter-observer variability for all three experts. 
The contouring time per case was significantly shorter 
with assistance than without assistance (median time: 
7.3 vs 11.2 minutes; P < 0.001). The median relative time-
saving was 32.6% of working hours (95% CI: 17.7%, 46.6%). 
This time-saving benefit was consistent for every case 
contoured, with more pronounced effects found for me-
tastases (6.1 vs 9.6 minutes; P < 0.001) and meningioma 
(7.1 vs 14.9 minutes; P = .004) than for acoustic neuroma 
(10.9 vs 11.5 minutes; P = .03). There was no difference in 
the median contouring time per case between the first and 
second sessions (8.6 vs 10.0 minutes; P = .52). As shown 
in Figure 2, the ABS-assisted group demonstrated a global 
trend of improvement on both inter-reader agreement and 
contouring time, indicating that the system could increase 
inter-expert agreement as well as efficiency of SRS treat-
ment planning.

Impact of Computer Assistance for the 
Nonexperts

The contours from six nonexpert readers (two SRS spe-
cialists and four non-SRS specialists) were compared with 
the ground truth for further analyses. The overall sensi-
tivity was significantly improved with AI assistance, with 
a median sensitivity of 91.3% (95% CI: 78.8%, 95.1%) for 
assisted contouring and 82.6% (95% CI: 78.9%, 90.7%) for 
unassisted reads (P = .03; Figure 3). Note that AI-assisted 
physicians exhibited a better lesion-detection rate for 
small tumors (69% vs 56.8%; P = .03). Nonetheless, there 
was no significant difference in detection sensitivity be-
tween the first and second sessions of contouring (66.7% 
vs 55.6%; P = 0.11).

While physicians generally exhibit precision and a low 
false-positive rate during tumor identification, the algo-
rithm would provide a higher lesion-wise sensitivity with 
the cost of a higher false-positive rate (0.5 lesions per 
case). Despite this, the false-positive lesions generated by 

ABS could be easily identified and deleted by the phys-
icians, leading to a low average false-positive rate in 
both assisted and unassisted modes (median: 0 vs 0.1; 
P = 0.875). The false-positive lesions all came from the met-
astatic cases analyzed by less-experienced physicians.

In addition, algorithm assistance improved contouring 
accuracy. The average increase in DSC was 0.028, with a 
median DSC of 0.866 for unassisted mode, to 0.873 for as-
sisted mode (P = 0.002).

In particular, the improvement of DSC was more ap-
parent among the four non-SRS specialists (median DSC 
of 0.847-0.865; P < 0.001). Figure 4A demonstrates the im-
provement in DSC with AI assistance for each of the six 
physicians. Non-SRS specialists (designated as P1-P4) 
gained greater refinement of contouring accuracy as com-
pared to SRS specialists (P5 and P6) who regularly per-
formed cranial SRS (Mann-Whitney test; P = 0.006). When 
unassisted, the SRS specialists had a significantly higher 
contouring accuracy than non-SRS specialists (median 
DSC 0.889 vs 0.847; P = 0.03), as shown in Figure 4B. Using 
ABS, both groups performed comparably well (0.876 vs 
0.865; P = 0.54). The order of contouring mode (assisted-
first vs unassisted-first) had no significant impact on con-
touring accuracy (median 0.868 vs 0.866; P = 0.36).

In accordance with the improved efficiency found for 
experts, the median contouring time per case was signif-
icantly shorter with ABS assistance than without assis-
tance (6.7 minutes vs 7.6 minutes; P < 0.001). The median 
time-saving was 30.5% (95% CI: 17.8%, 39.9%). There was 
no significant difference in contouring time between the 
first and the second session (7.1 vs 7.3 minutes; P = 0.08). 
While the benefit of time-saving was universal for all the 
experts across all cases, the nonexpert group exhibited a 
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more inhomogeneous effect on efficiency improvement 
(Supplementary Figure S1). Figure 4C shows a different 
pattern of DSC improvement and time-saving between 
SRS specialists and less-experienced physicians. The four 
non-SRS specialists (P1-P4) gained more improvement 
on contouring accuracy but less benefit in reduction of 
working hours. By contrast, the two SRS specialists (P5 
and P6) had little gain in DSC, but high time-saving with 
the aid of the algorithm.

Discussion

Although recent studies have described the advance-
ment of learning-based algorithms for brain tumor de-
tection and segmentation, the potential impacts of the 
computer assistance tool in clinical practice have not 
yet been examined. In this cross-modal, multi-reader 
study, we demonstrated that ABS-assisted segmentation 
during brain tumor contouring resulted in a significant 
reduction of inter-reader variability and working hours 
for expert-level physicians. With the assistance of ABS, 
lesion-detection sensitivity and contouring accuracy 
were significantly improved for nonexpert-level clin-
icians. To our knowledge, the present work is the first to 
address the real benefits of AI assistance with multiple 
physicians at different levels of experience and in dif-
ferent specialties. Our work outlines a scheme for clinical 
adoption of a learning-based algorithm in brain tumor 
SRS practice.

Variability of target delineation has been identified as 
the most important issue for the quality assurance of brain 
tumor SRS,6,39 but good strategies to address the issue are 
lacking. While previous studies found that inter-rater var-
iability differs among different types of tumors,6,7 our re-
sults showed that ABS assistance significantly increased 
inter-reader agreement across brain metastases, acoustic 
neuromas, and meningiomas (Supplementary Table 1). 
One representative case of acoustic neuroma is shown in 
Figure 5A. In addition, the gain on inter-observer agree-
ment was consistent for all experts. The present study 
demonstrates that collaborative intelligence could be a 
key advancement in high-quality brain SRS.

Regarding lesion detection, the ABS assistance im-
proved the sensitivity from 82.6% to 91.3%, with all im-
provement coming from the higher detection rate for small 
tumors. A major advantage of ABS is that the algorithm 
can provide steady detection, even when multiple me-
tastases are present. In contrast, physicians are prone to 
neglecting tiny lesions when contouring a much more ap-
parent tumor nearby. Figure 5B demonstrates a represen-
tative example of how clinicians would most benefit from 
incorporating ABS. During unassisted contouring, the at-
tention of the six clinicians was drawn to the large tumor, 
and they all missed the small tumor (diameter 4  mm; 
Figure 5B, arrowhead). While three clinicians detected the 
lesion with the assistance of ABS, the other three less-
experienced readers stuck to their opinions and deleted 
the ABS-generated segmentation of the lesion. This repre-
sentative scenario contributed to the finding that the sensi-
tivity of lesion detection of the algorithm alone (95%) was 
higher than that of the assisted mode (91.3%). Generally 
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speaking, tiny tumors are more challenging for both ABS 
and physicians. For example, one brain metastasis at the 
posterior border of medulla (2.2 mm in diameter; Figure 
5C) was not detected by the algorithm or physicians, both 
with and without computer assistance. The lesion was one 
of the three tiny lesions that required adjudications during 
ground-truth establishment.

The improvement of sensitivity with ABS assistance all 
derived from identifying additional small lesions, mostly 
metastases. The benefit in detection sensitivity improve-
ment might be limited, if neuro-radiology report was avail-
able when performing contouring tasks. However, SRS 
usually demands fast segmentation for a rapid clinical 
workflow.27 With the increasing usage of SRS for multiple 
brain metastases, neurosurgeons or radiation oncologists 
might have to contour many brain lesions alone once sim-
ulation was done to facilitate the further treatment plan-
ning process. Meanwhile, the worldwide shortage of 
radiologist is a pressing issue, and the community of radi-
ology also urges collaborative works trying to leverage AI 
to compensate for the lack of qualified radiologists.40

In the present study, ABS had a higher average false-
positive rate than human physicians. Fortunately, false 
positives generally are not a major issue for physicians 
in the current clinical workflow, nor would ABS mislead 
physicians to create more false positives, regardless 
of experience level. With growing data supporting SRS 
alone, rather than whole-brain radiotherapy for multiple 
brain metastases,41 the shifting paradigm indicates rising 
demands for SRS to target numerous metastases. The 
present study demonstrates a promising utility of collabo-
rative intelligence for future SRS workflow.

Algorithm assistance improved the contouring accuracy 
in terms of DSC. ABS-assisted clinicians demonstrated a 
higher delineation accuracy than ABS or the clinicians 
alone, especially for the less-experienced clinicians (Figure 
5D). This implies that ABS and clinicians would comple-
ment each other and the collaboration between AI and 
medical professionals should lead to better and more re-
liable radiotherapy. The highly conformal radiation dose 
gradient surrounding the target implies that a small im-
provement of delineation may result in a greater poten-
tial clinical impact in terms of increased tumor control and 
reduced normal tissue toxicity. The present study demon-
strates that the integration of a state-of-the-art algorithm 
into a clinical workflow for collaborative intelligence has 
the potential to improve patient care.

The most significant benefit of ABS assistance in the 
present study was related to efficiency, with a relative 
time-saving of 32.6% among experts and 30.5% for the 
nonexpert physicians. In the nonexpert group, the phys-
icians who were experienced in SRS (P5 and P6) derived a 
similar efficiency improvement to the expert group. While 
experienced readers may feel confident refining the con-
tours already generated by ABS, physicians with less ex-
perience may spend more time verifying the lesion and 
editing the segmentations. Notably, there was no differ-
ence in time spent between the first or the second session, 
either among the expert or nonexpert physicians.

There are several limitations of the present study. The 
ABS was developed using a database of upfront SRS for 
brain metastases, acoustic neuromas, and meningiomas. 
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Unassisted Assisted

Unassisted Assisted

Unassisted Assisted

Fig. 5 Representative case of increased inter-reader agreement, en-
hanced lesion detection, and improved contouring accuracy with algorithm 
assistance. (A) Stereotactic radiosurgery (SRS) experts showed higher 
inter-reader agreement for a left acoustic neuroma upon collaboration with 
the algorithm. Colored lines indicate each contour from three experts. (B) 
The small metastatic tumor (4 mm in diameter, arrowhead) was missed by 
all six nonexpert physicians when unassisted. With algorithm assistance, 
three of them contoured the tumor, while less-experienced physicians 
(non-SRS specialists) deleted the algorithm-generated segmentation. (C) 
False negative of a tiny metastasis. Left, the 2.2 mm tumor at the posterior 
aspect of brainstem was missed by the algorithm (arrowhead). Right, the 
ground truth is illustrated by green contours. All nonexpert physicians did 
not detect the lesion, either in assisted or unassisted mode. (D) Algorithm 
assistance improved the contouring accuracy of a metastatic nodule at left 
frontal lobe. The red line indicates ground truth, and the magenta one is the 
algorithm-generated segmentation in assisted mode. Other colored lines 
indicate each contour from non-SRS specialists.
  

Other brain tumors or vascular lesions suitable for intracra-
nial SRS, such as pituitary tumors, gliomas, and arteriove-
nous malformation, were not evaluated in the current study. 
Further work should explore the use of ABS to contour 
other brain tumor types. In addition, the present study was 
conducted in a single tertiary center. Besides, the patient 
volume of SRS specialists in the present study was relatively 
low. Although the physician volume is important for the per-
formance in target contouring, there is no consensus or cri-
teria on case load or frequency for defining a SRS specialist. 
Investigations with even more wide ranges of experiences 
in SRS shall be conducted in the future studies of AI-assisted 
segmentation. Given the improvements on tumor delin-
eation reported here, understanding the actual impact on 
tumor control or radiation necrosis is another important 
consideration. Ultimately, further studies demonstrating the 
clinical value of collaborative intelligence in SRS are war-
ranted for prospective clinical evaluation.

Conclusion

This work provides a cross-modal, multi-reader, multispecialty, 
multi-experience, multi-tumor type reader study on AI-assisted 
tumor contouring. The impact of assisted contouring is com-
prehensive, including improvements in accuracy and effi-
ciency as well as reductions in contouring variability among 
clinicians. This study paves the first step toward understanding 
how deep learning neural networks can be best designed and 
utilized to facilitate treatment planning of radiotherapy, and 
how clinicians can best interact with such assistive tools to de-
liver better patient care. It is expected that physicians will be 
able to shift their focus from manual contouring to quality con-
trol of AI outputs, enabling them to concentrate more on high-
quality patient care and counseling.

Supplementary Material

Supplementary material is available at 
Neuro-Oncology online.
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Investigations with even more wide ranges of experiences 
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eation reported here, understanding the actual impact on 
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ranted for prospective clinical evaluation.
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