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ABSTRACT

INTRODUCTION: Automated segmentation using artificial intelligence (Al) has the potential
to rapidly perform three-dimensional (3D) segmentation of small renal masses (SRM). The
objective of this study was to test for clinically and statistically significant differences in time
spent segmenting, accuracy, and reliability when comparing manual and automated segmenta-
tion of computed tomography (CT) scans with SRM.

METHODS: Patients with a CT scan, SRM <4 c¢m, and renal neoplasm were identified
through an institutional database. Of the 854 patients identified, 184 were excluded. Forty
test cases were randomly selected. There were 630 cases for training (using nnU-Net) to
which 488 cases from the KiTS23 open-source dataset were added. Each of the test cases
was segmented by a radiologist, a urologist, and the Al model. Time to segment and Dice
coefficients were compared. Deidentified segmented CTs were provided to two indepen-
dent radiologists, who attempted to identify the segmentor and rated the acceptability of
the segmented images on a five-point Likert scale.

RESULTS: There were 39 cases with complete timing data. The median time for the Al
model to segment was one-third of the radiologist's (152.4 s, interquartile range [IQR]
120.9—177.8 vs. 450 s, IQR 318.8-551.2) and about one-fifth of the urologist's (800.0 s, IQOR
492.0-1538.0) (p<0.001). There was a high degree of inter-rater reliability (median Dice
coefficients 0.86-0.90, p=0.09). The scoring radiologists were able to correctly identify the
true segmentor in 61.6% of cases (p <0.001). The Al segmentations were scored highest
among the three segmentors (median score 4.1/5, standard deviation [SD] 1.0) compared
to 3.8 (SD 0.7) for the radiologist, and 3.3 (SD 0.7) for the urologist.

CONCLUSIONS: Automated segmentation of CT scans for patients with SRM was efficient,
accurate, and acceptable in this study. This approach has the potential to greatly improve
the clinical use of radiomics to assess medical images for these patients.
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INTRODUCTION

Artificial intelligence (Al), specifically
convolutional neural networks, have
achieved human-level performance
in segmenting pathology on com-
puted tomography (CT) scans.'? This
opens the door to the application of
Al for three-dimensional (3D) seg-
mentation of renal masses in clinical
settings.

In the field of urology, there is an
increasing number of patients with
incidentally detected small renal
masses (SRM).3* These masses (<4
cm) are often found on abdomi-
nal imaging performed for another
indication. Many of these masses
are benign or contain low-grade
malignant cells and are unlikely
to cause patients harm over their
lifetime; however, once detected,
there remains a clinical dilemma
about whether the mass needs to
be treated, observed or biopsied.>”

Patients and clinicians are faced
with challenging decisions regarding
how to best manage these inciden-
tal SRMs. Options include nephron-
sparing surgery, ablation, and surveil-
lance, each of which cross-sectional
imaging is helpful to guide. Manual
segmentation of CT scans is a time-
consuming and labour-intensive pro-
cess. An Al model could overcome
the barriers of manual segmentation
and open the door to large-scale
studies to develop radiomics-based
biomarkers that could radically
improve the care of these patients by
better assessing volumetric growth
rates, improving histology prediction
compared to clinical nomograms,
and improving patient selection for
observation vs. surgery. If this could
be done on consumer-grade hard-



ware and work on single-phase CT, it could be used
directly in the clinic.

The objective of this study was to test for clinical and
statistical differences in time spent segmenting, accu-
racy, and reliability when comparing manual radiologist
and urologist segmentation vs. Al-based segmentation
of CT scans of SRM.

METHODS

Case identification

Institutional ethics board approval from the University
Health Network was obtained for this retrospective
observational study (REB 20-5942). Patients were
identified using an institutional kidney cancer database
(January 2007 to December 2021). Patients were
included if they were > 18 years of age, had pathology-
proven renal neoplasm, had at least one renal mass
that was <4 c¢m, had a contrast-enhanced CT scan
prior to any treatment of the SRM, and were not part
of a test set in any other study in which the same Al
model was to be used.

A total of 854 patients were identified. From this
cohort, 83 patients were initially excluded (Figure 1).
Cases were excluded if they had missing or incor-
rect imaging files, renal factors that complicated the
segmentation of the renal mass, including prior renal
transplant, polycystic kidneys, atrophic kidneys, lesions
<I cm, horseshoe kidney, or prior renal surgery. This
left 670 local CTs, which were randomly split into 630
for training and 40 for testing. When analyzing these
40 cases, one case was later excluded due to missing/
corrupt data when distributing cases to the segmentors.

Manual segmentation

Manual segmentation of each of the 39 test cases was
performed independently by an early-career urolo-
gist who was familiar with SRM CTs (KM) and by an
abdominal imaging fellow (NM). Time to segment each
case (seconds [s]) was recorded. Only one phase of the
CT was used in this study, which was the portal phase.
If the portal phase was not available, the corticomedul-
lary phase was used. If the corticomedullary phase was
unavailable, the nephrographic phase was used.

Al model training

As the model was being used for other studies, a larger
test set size was needed to assess the model's diagnos-
tic performance. To the internal training cohort of 630
cases, 488 CTs from the KiTS23 open-source dataset
(database of CT scans with renal masses from open

segmentation challenge) were added for a total training
set size of | 1188 For the KiTS23 dataset, the provided
segmentation masks were used for training and for our
internal data set; segmentations were performed by
an abdominal imaging fellow (NM) under the super-
vision of a senior abdominal radiologist (MH) using
ITK-snap software.®? The nnU-Net v2 command line
interface (7) was used to train our model with five-fold
cross-validation and 2000 epochs using the ‘3d_fullres’
configuration.

The model was run using a single GPU machine
with the following specification: GPU-Nvidia GTX
4090-24GB VRAM, CPU-Intel i9 3.2GHz, 64GB RAM,
Windows | | Pro, Pytorchv2.3.1, CUDA 12.1, CUDNN
8907. A hierarchical class structure was used with ‘SRM’
and ‘cysts’ being subclasses of ‘lesion,” which was any
kind of lesion. Other parameters were left as defaults.
Predictions were then executed on the test cases.
Only the SRM segmentation was assessed. If the Al
model only partially segmented a lesion, the case was
still included.

Assessment of segmentation
acceptability

The completed automated and manual segmentation
images were then deidentified, randomized, and pro-
vided to two scoring radiologists to assess. If a case had
multiple SRMs, each segmented lesion was counted as
its own deidentified segmentation case for the scoring

| 854 cases identified |

31 — missing images
16 — renal transplant
13 — polycystic kidney
7 — prior renal surgery
77 — atrophic/ESRD
6 —mass <1 cm
2 —incorrect contrast timing
1 —horseshoe kidney

v

771 cases
—‘ 101 — multiple contrast CTs

A, v

40 random hold 630 internal 488 external
out test cases training cases training cases
1118 total
training cases

Figure 1. Study flow chart of cases. CT: computed tomography; ESRD: end-stage renal disease.
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radiologists to evaluate. One radiologist was a highly
experienced staff radiologist (SK) who specializes in
abdominal imaging, and the other was another abdomi-
nal imaging fellow (AK).

A Turing test was performed with each of the scor-
ing radiologists attempting to determine whether an
individual case had been segmented by: I) a urologist;
2) a radiologist; or 3) an Al program.

Finally, each of the scoring radiologists assigned a
score for the acceptability of the images using a previ-
ously published scoring system:'°

— 5 Strongly agree: Use as-is; clinically acceptable
and could be used without change.

— 4 Agree: Minor edits that are not necessary.
Stylistic differences, but not clinically important.
Current contours are acceptable.

— 3. Neither agree nor disagree: Minor edits that
are necessary. Minor edits are those that the
reviewer judges can be made in less time than
starting from scratch or are expected to have
minimal effect on treatment outcome.

— 2. Disagree: Major edits. This category indicates
that the necessary edits are required to ensure
appropriate treatment and sufficiently significant
that the user would prefer to start from scratch.

— Strongly disagree: Unusable. This category indi-
cates that the quality of the contours is so bad
that they are unusable.

Analysis of data

Time to segment was assessed for normal distribution,
and differences between segmentors were assessed
using Mann-Whitney U tests. Inter-rater reliability was
assessed using Dice-Sorensen coefficients (Dice coef-
ficient) to assess the overlap between the segmented
area for each case by the different segmentors. To
test for any difference in the distribution of the Dice
coefficients, a Kruskal-Wallis test was used.

Data from the scoring radiologists was also analyzed.
To determine if there was a statistically significant abil-
ity for the radiologists to identify the correct segmen-
tor (Turing test), a Chi-squared test was used. Finally,
the average score and standard deviation (SD) for the
acceptability score provided by the scoring radiologists
were reported and assessed for significant differences
using Mann-Whitney U tests.

As only SRM patients were in the test set, real-
world model performance for SRMs was not assessed;
however, if the Al model did not detect the SRM, this
was reported.
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RESULTS
Complete time to segment from all three segmentors
was available for 39 cases. The median patient age in
this cohort was 62 years old (interquartile range [IQR]
52-68). The cohort consisted of 22 males (56%) and 17
females (44%). The median tumor size was 3.37 cm (IQOR
2.37-4.16). Most lesions were clear-cell renal cell carci-
noma (21/39, 54%); however, there were also several
chromophobe renal cell carcinoma (9/39, 23%), papillary
renal cell carcinoma (6/39, 15%), and other lesions (3/39,
8%). The median time to segment each case was 800.0
s (IOR 492.0-1538.0), 450 s (IQR 318.8-551.2), and
1524 s (IQR 120.9—177.8) for the urologist, radiologist,
and automated segmentation, respectively. This differ-
ence was statistically significant (p<0.001) (Table ).
Inter-rater reliability was similar between each of the
assessed segmentor pairs (Table 2). The median Dice
coefficient between the urologist and the radiologist
was 0.86 (IQR 0.82-0.90). The median Dice coefficient
between the urologist and the automated segmentation

Table 1. Time to segment

Segmentor Time (median, s) | IQR p
Urologist 800.0 492.0-1538.0 <0.001
Radiologist 450.0 318.8-551.2

Automated 152.4 120.9-177.8

IQR: interquartile range.

Table 2. Inter-rater reliability

Segmentor 1 Segmentor 2 | Dice coefficient | IQR p
(median)

Urologist Radiologist | 0.86 0.82-0.90 | 0.09

Urologist Automated | 0.89 0.85-0.93

Radiologist Automated | 0.90 0.86-0.92

IQR: interquartile range.

Table 3. Turing test results

True segmentor
Scoring radiologist choice | Urologist (%) | Radiologist (%) | Automated (%)
Urologist 67.8 293 9.3
Radiologist 24.4 48.8 233
Automated 7.8 22.0 67.4




Automated

Radiologist Urologist

Mean

acceptability 5
score

(out of 5)

45 3

Figure 2. Case with high scores and interrater reliability between automated segmentation and radiologist segmentor. DICE coefficients between segmentors of 0.91-0.93.

Automated

Radiologist Urologist

Mean

acceptability 4.5
score

(out of 5)

2.5 35

Figure 3. Case with automated segmentation outperforming radiologist and urologist segmentors. DICE coefficients between segmentors of 0.74—0.86.

Automated

Radiologist Urologist

Mean score 1
(out of 5)

Figure 4. Case of poor segmentation by automated segmentation. DICE coefficients of 0.1 between automated and manual segmentations. DICE coefficient of 0.87 between radiologist and urologist
segmentors. The automated model has only segmented the more solid appearing potion of the tumor leaving out the cysfic area.

was 0.89 (IQR 0.85-0.93). The median Dice coefficient
between the radiologist and the automated segmenta-
tion was 0.90 (IQR 0.86-0.92). The difference in Dice
coefficients between the three segmentors was not
significant (p=0.09).

The Turing test results found that the scoring radi-
ologists were able to correctly identify the segmentor

in 61.6% of cases (p<0.001) (Table 3). The scoring
radiologists were best able to correctly identify images
segmented by the urologist (67.8%) and the automated
segmentor (67.4%). The scoring radiologists were more
likely to mistake the automated segmented images for
radiologist-segmented images (23.3%) than urologist-
segmented images (9.3%).
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The median acceptability score was assessed for
each segmentor. The segmentation images completed
by the Al tool were scored the highest (mean score 4.1,
SD 1.0) (Figure 2). The segmentations completed by
the radiologist were the next highly ranked (mean score
3.8,5SD 0.7), followed by the segmentations completed
by the urologist (mean score 3.3, SD 0.7) (Figure 3).
The overall distribution in these scores between seg-
mentors was statistically significant (p<0.001).

The number of automated segmentations given a
perfect score of “5” (use as-is) was also better than
the human readers. When combining the scores of the
two scoring radiologists, the number of perfect scores
for the automated segmentations was 36 (n=86, 42%).
This compares to |3 perfect scores for the segmenta-
tions completed by the radiologist (n=82, 16%) and
six perfect scores for the urologist segmentor (n=90,
7%). There was one case in which segmentation images
were lost in the analysis process, resulting in unequal
number of cases in the acceptability test results.

The automated segmentation missed the lesion in
one case. There were an additional two cases in which
the automated segmentation had large errors when
attempting to identify the region of interest. These
cases had acceptability scores of | or 2 from both
radiologist raters. One of these lesions was adjacent
to a large renal cyst, and the second lesion was mixed
solid-cystic in density. The automated program per-
formed an incomplete segmentation, missing a large
proportion of the cystic component (Figure 4).

DISCUSSION

Segmentation of SRMs on CT has the potential to
improve clinicians’ ability to assess volumetric size
change and plan nephron-sparing treatments, as well
as to allow development of imaging biomarkers in the
field of radiomics. Manually segmenting the region of
interest on CT is a time-consuming, labor-intensive pro-
cess that limits the clinical applicability of using radiomics
programs during patient encounters.

Our study assessed the role of Al segmentation
of SRMs on routine, single-phase CT scans using
consumer-grade GPU hardware potentially useable
in clinic. We compared the efficiency and acceptability
of these automated segmentations to manual seg-
mentation performed by two experienced clinicians.
We found that the automated segmentations were
significantly faster (median time 152.4 s vs. 450 s vs.
800 s, p<0.001), equally accurate (median Dice coef-
ficients 0.86-0.90, p 0.09), and had higher acceptability
scores (4.1 vs. 3.8 vs. 3.3, p<0.001) when compared
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to manual segmentations performed by two indepen-
dent clinicians.

Clinicians caring for patients with SRMs often rely on
cross-sectional abdominal imaging to assess the tumor
and to counsel patients on the next steps in their care.
Images, patient demographics, and histology of the mass
are all used to risk-stratify patients when determining
if active treatment or observation is most appropriate.
By employing automated SRM segmentation models,
further studies into quantitative imaging features are
also possible for assessment of tumor histology, prog-
nosis and volumetric growth rate for surveillance. The
feasibility of auto-segmenting a tumor on a standard
post-contrast CT, using consumer-grade hardware,
further opens the door to local applications in clinic
without the training or time needed to manually seg-
ment a tumor by a urologist or waiting for a radiologist
to perform this task.

Automated segmentation of renal mass imaging has
been reported by other groups using different approach-
es to creating an automated model and comparing auto-
mated segmentations to manual segmentations.®''* We
found similarly high Dice coefficients between our auto-
mated model and manual segmentation when compared
to other studies in the literature.®''~'3 With previous
publications citing values of >0.7-0.8 as excellent for
inter-rater reliability, our values of 0.86-0.90 are well
above the acceptable range.!*'®

Unique to our study is the inclusion of a radiologist
and a urologist as manual segmentors, which simulates
real-world use of this technology occurring in hospitals
internationally. We also focused only on SRMs and CT
scan images. Our results show that automated segmen-
tation of SRMs on CT scans is time-efficient, accurate,
and acceptable to staff radiologists. Using this auto-
mated process, a significantly greater number of scans
can be included in future surveillance or risk model
development studies, as person-power is not a limiting
factor. With this automated process, further models
will be created to assess the diagnostic and prognostic
ability of radiomics for patients with SRMs.

Strengths and limitations
The strengths of this study include the multidisciplinary
approach to a challenging clinical situation for urologists
and radiologists, the focus on SRM CTs, the use of
consumer-grade hardware to run the model, and the
large number of cases included in the training cohort.
Still, there are limitations to our study.

Firstly, CT scans performed at different institutions
were included in our training and test cohorts. Varying
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CT protocols and contrast timings at the different sites
introduced variability in the appearance of the images
to both the automated and manual segmentors, yet
this is reflective of real-world practice.

Second, we excluded certain renal disease types
that can confound an Al tool, such as polycystic kidney
disease, renal failure, and transplant cases.This is not the
case in the real world, and in those cases, segmenta-
tion would need to be done manually. By excluding
these patients, we likely exaggerated the accuracy of
the automated model. In a real-world setting in which
these patients are present, the automated system may
not perform as well. It should be noted that there were
three cases in which the automated program had large
misses when segmenting the SRM. For these reasons,
we recommend that clinicians using an automated pro-
gram to segment SRMs routinely review the images and
the radiology report to ensure that the annotations
match the lesion of concem.

Finally, the radiologist and urologist segmentors
were not blinded to the study design, which may have
introduced bias into their segmentation time and accu-
racy; however, the excellent Dice coefficients between
all three segmentors highlights that a high degree of
care was taken when performing these segmentations.

CONCLUSIONS

Automated segmentation of CT scan with SRMs can
improve the clinical assessment and diagnostic workup
for patients. Our study shows automated segmentation
of SRM imaging is efficient, accurate, and highly accept-
able. These findings set the groundwork for future
diagnostic and prognostic studies using radiomics with
automated segmentation.
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