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Abstract

Bowel obstruction is a common cause of acute abdominal pain. The development of algorithms for automated detection and
characterization of bowel obstruction on CT has been limited by the effort required for manual annotation. Visual image
annotation with an eye tracking device may mitigate that limitation. The purpose of this study is to assess the agreement
between visual and manual annotations for bowel segmentation and diameter measurement, and to assess agreement with
convolutional neural networks (CNNs) trained using that data. Sixty CT scans of 50 patients with bowel obstruction from
March to June 2022 were retrospectively included and partitioned into training and test data sets. An eye tracking device was
used to record 3-dimensional coordinates within the scans, while a radiologist cast their gaze at the centerline of the bowel,
and adjusted the size of a superimposed ROI to approximate the diameter of the bowel. For each scan, 59.4 +15.1 segments,
847.9 +228.1 gaze locations, and 5.8 + 1.2 m of bowel were recorded. 2d and 3d CNNs were trained using this data to predict
bowel segmentation and diameter maps from the CT scans. For comparisons between two repetitions of visual annotation,
CNN predictions, and manual annotations, Dice scores for bowel segmentation ranged from 0.69+0.17 to 0.81+0.04 and
intraclass correlations [95% CI] for diameter measurement ranged from 0.672 [0.490-0.782] to 0.940 [0.933-0.947]. Thus,
visual image annotation is a promising technique for training CNNSs to perform bowel segmentation and diameter measure-
ment in CT scans of patients with bowel obstruction.

Keywords Bowel obstruction - Eye tracking - Segmentation - Quantification - Convolutional neural networks

Introduction

Bowel obstruction is a common cause of acute abdominal
pain [1], found in approximately 15% of emergency depart-
ment presentations for that indication. Abnormalities such
as adhesions, hernias, or tumors block transit of contents
through the gastrointestinal tract, resulting in dilation of the
upstream bowel [2]. Imaging such as radiographs and CT
help determine the severity and etiology of the obstruction
to guide management decisions [3]. On these modalities,
obstruction is suggested if the diameter of the bowel exceeds
approximately 3 cm for the small bowel or 6 cm for the large
bowel [4, 5]. It is differentiated from adynamic ileus by the
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absence of distal bowel gas and by the presence of a transi-
tion point in the caliber of the bowel, at which the cause of
the obstruction can often be identified.

Automated detection and characterization of bowel
obstruction may help guide diagnosis and management.
Development of such methods requires annotation of imag-
ing studies for training and validation. Manual annotation
can be time-consuming, due to the large number of voxels
within cross-sectional imaging studies that must be labeled
for applications such as segmentation. Fortunately, other
approaches based on the use of eye tracking devices have
been developed [6-9]. These approaches leverage the cogni-
tive skill of radiologists to identify anatomic or pathologic
structures within an imaging volume. Eye tracking devices
can record in real time the location on a monitor at which
a radiologist casts their gaze. If these gaze locations can be
used in place of manual annotations, it may accelerate the
process of image annotation.

This study investigates visual annotation of two aspects
of the bowel relevant to obstruction: measurement of its
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diameter and segmentation between foregut, midgut, and
hindgut. The diameter of the bowel determines whether
a segment qualifies as dilated. The threshold for dilation
depends on whether the dilated segment is part of the mid-
gut or of the hindgut. Repeatability between two sessions of
visual annotation can be quantified with the Dice coefficient
for segmentation [10] and with intraclass correlation and lim-
its of agreement for diameter measurements [11-13]. These
same quantities can be calculated to assess the agreement
between visual and manual annotations. These metrics pro-
vide information about the suitability of visual annotations
for subsequent applications. The first aim of this study is to
determine the repeatability of visual annotation and to assess
its agreement with manual annotation for bowel segmenta-
tion and diameter measurement.

Convolutional neural networks (CNNs) promise to
expand the range of bowel diseases for which automated
detection and characterization on medical imaging is pos-
sible [14, 15]. Some imaging studies of the gastrointestinal
tract, as well as the classic image processing algorithms
used for their interpretation, require specific preparation of
the bowel prior to the study. For instance, in CT colonog-
raphy, the colon must be adequately insufflated with gas,
after a sufficient bowel preparation, to increase the visual
and algorithmic conspicuity of polyps [16-20]. Insufficient
preparation reduces the performance of CT colonography
algorithms due to their reliance on specifically encoded fea-
tures of the input data.

In other contexts, such as CT scans performed for acute
abdominal pain, there may be no opportunity for such prepa-
ration, resulting in a more heterogeneous appearance of the
bowel and its contents [2]. Similarly, patients imaged for
acute abdominal pain often have a wide range of comorbidi-
ties, resulting in a heterogeneous appearance of the remain-
der of the peritoneal cavity as well. These clinical and tech-
nical features pose challenges to the automated detection and
characterization of bowel obstruction, one common cause of
such presentations.

Fortunately, neural networks do not rely upon specifically
encoded features of the input data, but rather, they can learn
from annotated training data regardless of its heterogeneity
[21-25]. In addition, even the quality of the annotations need
not be perfect in every instance, since neural networks can
learn to perform well on average over the entire training data
set [26]. However, a critical requirement for neural network
development is the availability of large sets of annotated data
for training and validation.

Visual annotation with an eye tracker may serve to gener-
ate such data sets. The approach described in this study can
be used to annotate bowel segmentation and diameter maps
in a large number of subjects. CNNs can then be trained to
predict these features of importance in bowel obstruction.
Agreement can be quantified with the Dice coefficient for
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bowel segmentation [10] and with intraclass correlation and
limits of agreement for diameter measurements [11-13].
If their predictions are sufficient for downstream applica-
tions, CNNs may contribute to the diagnosis of this com-
mon cause of acute abdominal pain. The second aim of this
study is to assess the agreement of CNN predictions with
visual and manual annotations of bowel segmentation and
diameter measurements in CT scans of subjects with bowel
obstruction.

Materials and Methods
Study Design

IRB approval was granted for this HIPAA-compliant study
with a waiver for informed consent due to its minimal risk.
There was no overlap in the subject population with previ-
ously published results and no conflict of interest.

Population

Patients from a single adult tertiary care center were retro-
spectively included if they had a CT scan of the abdomen
and pelvis with a clinical report containing in its impres-
sion the phrase “bowel obstruction.” This criterion captured
reports where that phrase was prefaced by the words “small,”
“large,” or “no” to ensure that the data set included examples
of dilated and non-dilated segments across the gastrointes-
tinal tract. The impression rather than indication for the CT
was used to ensure inclusion of an adequate number of scans
with obstruction. Such scans may have been ordered for an
indication of abdominal pain, but obstruction is found in
only a fraction of scans for that indication. CT scans were
included regardless of whether their clinical context was
emergent, inpatient, or outpatient.

Consecutive CT scans between March and June 2022
were included until the population reached 50 subjects, a
sample size feasible for subsequent annotation. Some CTs
contained multiple phases, and some subjects had multiple
CT scans, yielding 60 scans in total. Only thick slice axial
reconstructions were included. Scans were deidentified prior
to annotation.

Relevant clinical and technical features were character-
ized on each scan as present or absent or as another dichot-
omy if appropriate: sex; jejunal, ileal, or colonic dilation;
bowel resection; ostomy; hernia; abundance or paucity of
mesenteric fat; peritoneal or mesenteric malignancy; ascites;
pneumoperitoneum; and intravenous or enteric contrast.
Subjects were partitioned to minimize the sum squared dif-
ference in the prevalence of these features between training
and test data sets. Subjects with more than one scan were
excluded from the test data set.
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Visual Annotation

Each scan was visually annotated using a Tobii 4c eye
tracker and a custom-developed module of 3D Slicer [27].
The eye tracker generated data at 60 Hz corresponding to the
location on the monitor at which a radiologist cast their gaze.
The module transformed those gaze locations, along with the
slice position, averaged over 0.75 s intervals, into 3-dimen-
sional coordinates within the imaging volume. A region of
interest (ROI) was depicted at the gaze location within the
imaging volume, with a diameter that was adjusted with a
rotary encoding knob.

For each scan, a series of segments was recorded until
the entire gastrointestinal tract had been covered. For each
segment, a radiologist cast their gaze at the centerline of the
bowel. They adjusted the diameter of the ROI to approxi-
mate the diameter of the bowel. They adjusted the slice
location with a mouse scroll wheel to navigate along the
length of the bowel, for as long as its course was apparent.
Each segment was assigned a label indicating to which of
13 parts of the gastrointestinal tract it belonged: esopha-
gus; stomach; duodenum; jejunum; ileum; cecum; appen-
dix; ascending, transverse, descending, and sigmoid colon;
rectum; and anus.

The series of segments was transformed into volumet-
ric segmentations and diameter maps through a geometric
model (Fig. 1). For each voxel, the closest segment was iden-
tified. If the distance was within one-half of the diameter of
the segment, the voxel value was set to the corresponding
label or zero otherwise. The diameter map was defined simi-
larly, except that voxel values were set to the diameter of the
closest segment. Segmentations were shown superimposed
on the CT scan in 3D Slicer and were updated after each seg-
ment was recorded for real-time feedback (see Supplemental
Information video).

Calibration of the eye tracker was performed using the
vendor’s software prior to recording. Fine adjustments to
the calibration could be made based on offsets of the mouse
position. The gaze location within the imaging volume was

Fig. 1 Diagram of visual annotation. A series of gaze points repre-
senting the centerline of the bowel were recorded with an eye tracker
(a). An approximate diameter of the bowel was also recorded for
each gaze point (b). For segmentation, the region of the imaging vol-

centered in the viewport of the 3D Slicer window to reduce
the range of the screen over which calibration was needed.

A radiologist (PM) with 10 years of experience performed
all annotations. Visual annotations were repeated two times
for each scan with minimal intervening time between repeti-
tions. Both repetitions of visual annotation were included in
the training and test data sets. Visual and subsequent manual
annotations were performed during different sessions sepa-
rated by at least 1 week.

Manual Annotation

Each scan was manually annotated. Segments of the bowel
that were en face to the axial plane were chosen for each of
the 13 parts of the gastrointestinal tract listed above if they
were present in each scan. A pair of calipers was placed
on the short and long axes of those segments in 3D Slicer.
Four pairs of calipers were placed on different segments of
the jejunum and ileum in different locations throughout the
quadrants of the abdomen.

Since the time required for manual segmentation of the
entire imaging volume would have been prohibitive, a single
slice of the imaging volume was randomly chosen. All bowel
present on that slice was segmented by tracing its margin
in 3D Slicer and was assigned one of 3 labels: foregut
(esophagus through duodenum), midgut (jejunum and
ileum), or hindgut (cecum through anus).

These divisions were intended to correspond to thresholds
for obstruction rather than embryologic definitions [28]. The
embryologic foregut includes the duodenum only to the level
of the ampulla, but the parts of the duodenum had not been
labeled to allow such a division. Since at baseline, the duo-
denal bulb can be larger than the threshold for small bowel
obstruction, the duodenum was included with the foregut for
purposes of this study. Likewise, the embryologic hindgut
includes only the distal colon, but the proximal colon was
included with the hindgut as well, due to similar thresholds
for obstruction.

ume closest to each segment was assigned the label of that segment
(c). For the diameter map, each voxel of the imaging volume was
assigned the diameter of the closest segment (d)

@ Springer



2182

Journal of Digital Imaging (2023) 36:2179-2193

Data Normalization and Augmentation

Data were normalized prior to training. CT scans were
scaled to a range of [—1,1] using a window of 400 HU and
a level of 40 HU. The 13-part segmentation of the entire
gastrointestinal tract was reduced to a 3-part segmentation
corresponding to foregut, midgut, and hindgut. The diameter
maps initially expressed diameter in units of millimeters but
were divided by the voxel dimensions of the scan to express
diameter as a number of voxels instead. This conversion was
performed since the field of view of CT scans varies in size,
as do patients themselves, which may confound diameter
prediction in units of millimeters. On the other hand, meas-
urements in units of voxels are consistent across scans and
patients and can be converted to millimeters subsequently,
by multiplication with the known voxel dimensions. The
volumes were resized from a matrix size of 512 X512 voxels
to 256 X 256 voxels for the 2d model or to 128 X 128 X 64
voxels for the 3d model. Since the CT scans varied in their
number of slices, they were zero padded in that direction
prior to resizing for the 3d model so that no interpolation
was needed.

Data augmentation was performed using random transla-
tions between +30 mm along the x and y axes; random rota-
tions between +30° around the x, y, and z axes; and random
magnifications of +30%. The values of the diameter map
were scaled by the same magnification factor so that diam-
eters expressed as a number of voxels would be consistent
after augmentation. Augmentation was performed in a way
that preserved geometry despite the anisotropy of the voxels
of the thick slice CT scans. The number of augmentations was

chosen such that the training data set filled nearly the entirety
of system memory (32 GB).

Neural Networks

Two CNNs were constructed in Keras/Tensorflow version 2.7.0
[29] based on the U-net topology [23, 30]: a 2d model for which
the input was a slice of the scan and a 3d model for which the
input was the entire scan (Fig. 2, adapted from [31]). Each level
of the model consisted of two convolutional layers, two activation
layers, a maxpool layer in the descending limb or an upsampling
layer in the ascending limb, a batch normalization layer, a dropout
layer, and feedforward connections between levels of equal shape
in the descending and ascending limbs. The number of levels was
selected such that the midpoint of the network was 2 X 2 in shape.
The number of filters in each level was selected such that the
2d and 3d models had a similar number of parameters (approxi-
mately 8 M and 9 M), and both fit in GPU memory (12 GB) using
16-bit floating point precision. Two model outputs were generated
from the final level of the network: a segmentation output via a
softmax layer and a diameter output via another activation layer.

The loss function was the sum of three terms: categorical
cross-entropy of the 3-part segmentation, binary cross entropy
of the dichotomized segmentation, and a mean squared error
of the diameter, weighted to approximately the same order of
magnitude as the first two terms.

Lep = _Zi=o 1y log (Pk)

Lpcp = —tylog(py) — (1 = 15) log(1 — p)

Fig.2 Diagram of CNN topology. CNNs were constructed from
multiple blocks in a U-net topology. Convolutional, maxpool, and
upsampling layers in each block are depicted in yellow, red, and
blue, respectively. Batch normalization and dropout layers were
also included in each block, and a softmax layer was included in the
segmentation output, but these are omitted from this figure for sim-
plicity. Direct and skip connections between blocks are depicted as
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arrows. Dimensions were either halved or doubled between each
block and are listed below each convolutional layer. For the 2d CNN,
the initial dimensions were 256 X 256 voxels by 8 channels, and the
U-net had 14 blocks. For the 3d CNN, the initial dimensions were
128 % 128 x 64 voxels by 16 channels, and the U-net had 10 blocks, to
maintain a similar number of parameters. The input of the CNN was
the CT scan, and the outputs were a segmentation and a diameter map
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Ly =(d, — d,,)2

t, = true probability for label k

pi = predicted probability for label k
d, = true diameter

d, = predicted diameter

The dichotomized segmentation between the background
and any of the foregut, midgut, or hindgut was intended to
favor differentiation from the background even when dif-
ferentiation among parts of the gut was ambiguous. A sam-
ple weight was applied to increase the contribution to the
loss function of all voxels that were non-zero in the training
data. Ten percent of the training data set was reserved for
validation. The test data set was not used for either training
or validation of the models. Models were trained on a sin-
gle NVIDIA Titan XP GPU for 100 epochs with the Adam
optimizer, a learning rate of le-3, and randomly initialized
parameters. The model with the best validation loss was
saved. The predictions were resized to the initial CT scan
dimensions for subsequent analysis.

Statistical Analysis

Summary statistics including total, mean, and standard devi-
ation were calculated. The prevalence of each relevant clini-
cal and technical feature was calculated. The length of each
segment was calculated as the sum of the distance between
sequential gaze points. For segmentations, Dice scores were
calculated as the ratio of the size of the intersection to the
sum of the sizes of the components [10]. For diameter meas-
urements, intraclass correlation was calculated using the
“irr” package and “icc” function for two-way agreement in
R version 4.1.2 [32]. Ninety-five percent limits of agree-
ment were also calculated [13]. Both repetitions of visual
annotation were included in the comparisons with manual
annotations and CNN predictions.

Results
Summary Statistics

Summary statistics of 60 CT scans of 50 subjects included
in the study are given in Tables 1 and 2.

The prevalence of each clinical and technical feature
was similar between the entire data set and the set of sub-
jects partitioned into the test data set, which ensured that

Table 1 Clinical and technical features of subjects and scans in the
entire data set and in the set of subjects reserved for testing using a
denominator equal to the number of scans (n =60 or 10)

All Test
Sample size
Subjects 50 10
CT scans 60 10
Demographics
Sex (F) 0.50 0.40
Age (years) F:59.2, M:60.4 F:61.9, M: 56.8
Age range (years) 19-90+ 33-76
Clinical features
Jejunal dilation 0.62 0.70
lleal dilation 0.34 0.30
Colonic dilation 0.10 0.10
Surgical features
Hernia 0.16 0.20
Bowel resection 0.38 0.40
Ostomy 0.32 0.30
Peritoneal contents
Abundant mesenteric fat 0.50 0.50
Paucity of mesenteric fat 0.38 0.40
Peritoneal malignancy 0.18 0.20
Ascites 0.22 0.20
Pneumoperitoneum 0.06 0.10
Technical features
Intravenous contrast 0.88 0.80
Enteric contrast 0.16 0.10
Manual annotations
o All scans, one repetition
All 1102 178
Foregut 192 32
Midgut 483 81
Hindgut 427 65

examples of each feature would be available for both train-
ing and testing. Both dilated and non-dilated segments
of the jejunum, ileum, and colon were included, which
ensured that the full range of relevant diameters would
be present for each part of the gastrointestinal tract. The
prevalence of features such as paucity of mesenteric fat,
peritoneal malignancy, and ascites reflects the complexity
of the subjects included in this study. The distribution of
manual annotations across the foregut, midgut, and hind-
gut was approximately 3:8:7 in the test data set, similar to
the entire data set.

Overall, 59.4+15.1 segments, 847.9 +228.1 gaze loca-
tions, and 5.8 + 1.2 m of bowel were recorded per scan. The
large number of short segments reflects the fact that much of
the bowel could be followed for only a short distance before
its course became inapparent.

@ Springer



2184

Journal of Digital Imaging (2023) 36:2179-2193

Table2 Summary statistics of technical features and annotations.
Total, mean, or standard deviations are reported using a denominator
equal to the number of scans (n =60) except where indicated

CT scan dimensions

Axial matrix size 512
Axial voxel size (mm) 0.75+0.09
Axial FOV (cm) 38.6+4.9
Number of slices 127.9+16.9
Slice thickness (mm) 3.72+0.26
Longitudinal FOV (c¢cm) 47.3+5.1
Visual annotations
o Per segment
Gaze points 143+7.0
Recording time (sec) 10.7+5.3
Length (mm) 97.5+61.6
o Per scan
Segments 59.4+15.1
Gaze points 847.9+228.1
Recording time (min) 10.6+2.9
Length (meters) 58+1.2
o All scans, two repetitions
Segments 7131
Gaze points 101,743
Recording time (hours) 21.2
Length (kilometers) 0.7

Since each gaze location represented 0.75 s of the
recording time of the eye tracker, the total amount of
time used to record gaze locations was 10.6 +2.9 min per
scan. However, that quantity underestimates the total time
required to annotate each scan, since it does not include
the time required for the radiologist to deduce the course
of the bowel, calibrate the eye tracker, inspect the results,
redo inaccurate recordings, or manage interruptions. That
total time was not feasible to record in the scope of this
study.

The length of several meters of bowel per scan is of
the same order of magnitude as the known length of the
gastrointestinal tract of humans [33]. Recorded lengths
may be lower due to the exclusion of most of the esopha-
gus from the field of view of the CT scans or due to prior
bowel resections in the population included in this study.

In total, 1102 pairs of calipers were placed across the
gastrointestinal tract over all 60 scans for manual annota-
tion of bowel diameter. Annotations were distributed in an
approximate 3:8:7 ratio through the foregut, midgut, and
hindgut, which was intended to reflect a combination of the
length and subjective clinical importance of each part of
the gastrointestinal tract in the context of bowel obstruction.
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Examples of Annotations and Predictions

Examples of manual and visual annotations and CNN pre-
dictions for ten subjects in the test data set are shown in
Figs. 3 and 4.

Agreement of Visual Segmentations

Dice scores for all segmentations are reported in Table 3
and shown in Fig. 5. Between two repetitions of visual
annotation, Dice scores were 0.81 +0.04 for the entire gas-
trointestinal tract. Dice scores were slightly lower for the
foregut, midgut, and hindgut separately, ranging from 0.77
to 0.81, which may reflect variations in the boundaries at
which each part was annotated.

Between manual and visual annotations, Dice scores
were 0.79 +0.08 for the entire gastrointestinal tract. Simi-
larly, Dice scores were lower for the foregut, midgut, and
hindgut separately, ranging from 0.72 to 0.74. Dice scores
could not be calculated if a part of the gastrointestinal tract
was absent from the single slice chosen for manual annota-
tion. For instance, if a slice through the pelvis was chosen,
the foregut may be absent from both manual and visual
annotations for that slice. Therefore, such slices were
excluded from the calculations for that part, and sample
sizes were lower for the foregut, midgut, and hindgut sepa-
rately than they were for the entire gastrointestinal tract.

Overall, these Dice scores represent good repeatabil-
ity of visual annotation and good agreement with manual
annotations.

Agreement of Visual Diameter Measurements

Intraclass correlation and 95% limits of agreement for
diameter measurements are reported in Table 4 and shown
in Fig. 6. Between two repetitions of visual annotation,
intraclass correlation and 95% limits of agreement were
0.940 [95% CI=0.933-0.947] and —0.41 + 8.2 mm across
the entire gastrointestinal tract. Between manual and visual
annotation, intraclass correlation and 95% limits of agree-
ment were 0.917 [95% CI=0.905-0.927] and 0.9 + 10 mm
across the entire gastrointestinal tract.

As a comparison, the intraclass correlation and 95%
limits of agreement were 0.807 [0.366-0.915] and
7.4 + 16 mm for manual measurements of the short-axis as
compared with the long-axis diameters. Thus, manual and
visual diameter measurements agreed better than short-
axis and long-axis diameters measured manually, even
though measurements were taken at segments that were
en face to the axial plane.
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Fig.3 Examples of manual and visual annotation. Each row corre-
sponds to a single slice of a CT scan for 10 different subjects. The CT
scan is shown in the first column. Manual segmentations are shown in
the second column. Segmentations from visual annotation are shown
in the third column. In both segmentations, red, yellow, and green

correspond to foregut, midgut, and hindgut, respectively. Diameter
maps from visual annotation are shown in the fourth column. Diam-
eters are expressed in units of millimeters. Manual diameter measure-
ments are not shown

@ Springer




Fig.4 Examples of CNN predictions in 10 test subjects. Each
row corresponds to the same single slice of a CT scan as in Fig. 3.
2d CNN predictions for bowel segmentation and diameter maps
are shown in the first and second columns. 3d CNN predictions are
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shown in the third and fourth columns. In both segmentations, red,
yellow, and green correspond to foregut, midgut, and hindgut, respec-
tively. Diameters are expressed in units of millimeters. Some incor-
rect predictions of features are noted
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Table 3 Agreement of Dice scores for segmentation between two rep-
etitions of visual annotations and between manual and visual annota-
tions. Means, standard deviations, and sample sizes are reported

Dice score Visual, two repetitions Manual versus visual
All 0.81+0.04 (n=60) 0.79+0.08 (n=60)
Foregut 0.81+0.06 (n=060) 0.74+0.13 (n=29)
Midgut 0.77+0.06 (n=060) 0.74+0.14 (n=44)
Hindgut 0.80+0.05 (n=60) 0.72+0.16 (n=51)

Overall, there was excellent repeatability of visual
diameter measurements and excellent agreement with
manual annotations.

Agreement of CNN Segmentations

Dice scores between segmentations are reported in Table 5
and shown in Fig. 7. For 3d CNN segmentations of the
entire gastrointestinal tract over the 10 CT scans of the
test data set, Dice scores were 0.69 +0.07 compared to
visual annotations and 0.69 +0.17 compared to manual
annotations. As expected, Dice scores were higher over the
50 CT scans of the training data set than over the test data
set, 0.75 for both visual and manual annotations. Although
these Dice scores reflected only moderate agreement, they
would not be expected to exceed the Dice scores between
two repetitions of visual annotation or between visual and
manual annotations.

Dice scores were lower for segmentations of the fore-
gut, midgut, and hindgut, over both the training and test
data sets, reflecting considerable variation in segmentation
of each part of the gastrointestinal tract.

Dice scores were higher for the 3d CNN than for the 2d
CNN, for both the training and test data sets, and across
all parts of the gastrointestinal tract. This suggests that
despite the lower in-plane resolution of the 3d CNN, which
was 128 x 128 x 64, compared to the 2d CNN, which was
256 x 256, contextual information provided by adjacent
slices was helpful for segmentation.

Agreement of CNN Diameter Measurements

Intraclass correlations and 95% limits of agreements for
diameter measurements are reported in Table 6 and shown
in Fig. 8. For 3d CNN predictions over the 178 segments
of the bowel in the test data set, intraclass correlation and
95% limits of agreement were 0.672 [95% CI=0.490-0.782]
and —4.9 + 19 mm compared to visual annotations and were
0.739 [95% C1=0.646-0.808] and —3.1 &+ 19 mm compared
to manual annotations. The slightly higher correlation with
manual annotation than visual annotation suggests that the
CNN may produce better measurements than existed in the
data it was trained upon, which is possible since visual anno-
tations did not agree perfectly with manual annotations.
Intraclass correlations with manual annotations over the
test data set were slightly higher for the 3d CNN than for the
2d CNN but were similar for visual annotations and for the

Agreement between segmentations

Visual, two repetitions
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Fig.5 Agreement of segmentations. Boxplots are shown for Dice scores between two repetitions of visual annotation (left) and for manual ver-

sus visual annotations (right)
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Table 4 Agreement of diameter measurements made with manual and visual annotations. Intraclass correlation and its 95% confidence interval,

as well as bias and 95% limits of agreement, are reported

Comparison ICC [95% CI] Bias +95% LOA Sample size
Manual, short axis vs long axis 0.807 [0.366-0.915] 7.4+16 mm 1102
Visual, two repetitions 0.940 [0.933-0.947] —0.41+8.2 mm 1102
Manual vs visual 0.917 [0.905-0.927] 0.9+ 10 mm 1102

training data set. This suggests that the contextual informa-
tion available from adjacent slices was more important than
in-plane resolution for diameter measurement.

The 95% limits of agreement were in the range of 1-2 cm
for all comparisons, which compares unfavorably to the rel-
evant diameter ranges in the context of bowel obstruction.
Overall, the agreement of CNN predictions with visual and
manual diameter measurements was only moderate.

Discussion

These results show that visual image annotation with an eye
tracker can be used for bowel segmentation and diameter
measurement in CT scans of subjects with bowel obstruction,

with good to excellent agreement over two repetitions and with
manual annotations. These results also show that convolutional
neural networks can be trained to perform bowel segmenta-
tion and diameter measurements in CT scans of subjects with
bowel obstruction, with moderate agreement to visual and
manual annotations. Whether such agreement is acceptable
ultimately depends on downstream applications.

Previous Studies

Eye tracking has been used in radiology for analysis of the
patterns of eye motion during diagnostic evaluation of cancers
on mammograms [34, 35], nodules on chest CTs [36, 37], and
polyps on CT colonography [38—40]. More recently, eye track-
ing has also been used for the annotation of abnormalities on

Agreement between diameter measurements [mm]
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Fig.6 Agreement of diameter measurements. Scatterplots (top) and
Bland—Altman plots (bottom) of diameter measurements are shown
for manual annotation of short- versus long-axis measurements (left),
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Table5 Agreement of 2d and

Visual
Train

Test

Manual
Train

Test

3d CNN predictions with visual K
and manual annotations over Dice score
the training and test data sets. All
Mean, standard deviation, and
sample size of Dice scores for Foregut
segmentation are reported Midgut
Hindgut
3d CNN
Dice score
All
Foregut
Midgut
Hindgut

0.69+0.09 (n=50)
0.54+0.17 (n=50)
0.55+0.13 (n=50)
0.38+0.14 (n=50)
Visual

Train

0.75+0.06 (n=50)
0.64+0.12 (n=50)
0.59+0.13 (n=50)
0.51+£0.18 (n=50)

0.63+0.10 (n=10)
0.49+0.21 (n=10)
0.48+0.09 (n=10)
0.30+0.14 (n=10)

Test

0.69+0.07 (n=10)
0.52+0.19 (n=10)
0.55+0.13 (n=10)
0.38+0.14 (n=10)

0.73+0.15 (n=50)
0.39+0.32 (n=24)
0.50+0.28 (n=44)
0.35+0.27 (n=48)
Manual

Train

0.75+0.14 (n=50)
0.48+0.33 (n=27)
0.59+0.24 (n=37)
0.45+0.30 (n=46)

0.65+0.20 (n=10)
0.22+0.26 (n=8)
0.44+0.28 (n=9)
0.30+0.26 (n=9)

Test

0.69+0.17 (n=10)
0.31+0.27 (n=8)
0.47+0.30 (n=8)
0.44+0.20 (n=28)

chest radiographs and brain tumors on MRI for subsequent
deep learning [6-8]. This study expands the usage of eye track-
ing for annotation of the gastrointestinal tract for similar analy-
ses and applications. Neural networks have also been used to
accelerate image annotation with fewer manual interactions
[41,42]. Similar approaches may allow better use of eye track-
ing data than the geometric model of this study.

Diameter maps have been described for the characteri-
zation of biliary diseases [43]. In that study, classic image
processing techniques were used to convert magnetic
resonance cholangiopancreatography (MRCP) images
into diameter maps. Metrics derived from these diameter
maps were proposed as disease markers. The results of this
study expand the usage of diameter maps to the gastroin-
testinal tract, and similar metrics may be derived for bowel
obstruction.

Although Dice scores for automated segmentation exceed
0.9 for some abdominal organs [44, 45], the gastrointestinal
tract presents additional challenges because of its variability.
The results of this study are similar to prior studies, where
Dice scores for segmentation of the gastrointestinal tract
ranged from 0.55 to 0.88 [45-51]. However, direct com-
parison is limited due to differences in the modality [50, 51],
the technique of the CT acquisition [47, 49], the part of the
gastrointestinal tract that was segmented [45], or the sample
size and demographics [47-49]. Most of these prior stud-
ies focused on segmentation, and only one reported agree-
ment with quantitative parameters characterizing the bowel
[51]. Several of these studies have noted the substantial time
required for manual image annotation, resulting in little
available public training data [47, 49-51]. The achievement
of similar levels of agreement using visual image annotation
may help address these limitations.

Sources of Error

The gastrointestinal tract is not a perfect cylinder, and some
approximation error is expected when modeling it with a

constant diameter. Nonetheless, since the caliber of the bowel
is common in clinical usage, the diameter was appropriate to
annotate in addition to segmentation. Since multiple loops
of bowel can be so closely apposed that there is no interven-
ing mesentery, bowel diameter cannot be derived from seg-
mentation. Eye tracking makes annotating diameter feasible
ergonomically, since one has a free hand to use to adjust the
knob encoding diameter, while adjusting slice location with
a mouse in the opposite hand and recording in-plane position
based on the gaze location generated by the eye tracker.

Eye trackers may have errors that are heteroskedastic over
the space of the monitor or over the time of recording, and
must be calibrated for maximal accuracy and precision [52].
Viewing continuous structures such as the gastrointestinal
tract on cross-sectional imaging studies may minimize errors
by inducing the small eye motions of smooth pursuit rather
than the larger eye motions of saccades [53]. The design of
the 3D Slicer module was intended to minimize errors by
recentering the viewport to use a smaller portion of the mon-
itor and by adjusting calibration with small mouse motions
during recording.

Limitations

This study itself had several limitations. First, the entire
length of time required for manual versus visual annota-
tions was not assessed. If the visual annotation is found to
be sufficient for downstream applications, an investigation
of its efficiency relative to manual annotations will be pur-
sued in future research. Another limitation was that complete
blinding was not possible due to project staffing, though
manual and visual annotations were separated by at least
1 week. Lastly, manual diameter measurements were only
made on thick slice axial reformats, since thin slices were
not routinely stored at the investigator’s institution. The per-
formance in other planes will be the topic of future research.

Another limitation was that diagnostic performance for
bowel obstruction was not assessed. Neural networks have
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Fig.7 Agreement of segmentations. Boxplots are shown for Dice scores between 2 and 3d CNN predictions and visual and manual annotations

for the training and test data sets

been applied directly to the detection and characterization
of bowel obstruction on abdominal radiographs [54-56]
and for the identification of transition points of obstructed
bowel on abdominal CT scans [57]. However, the purpose
of this study was to generate parametric maps, which may
help characterize the severity and etiology of the obstruc-
tion, rather than only its presence or absence. The results
of this study will enable future investigations of automated
detection of bowel obstruction using metrics based on diam-
eter maps [43].

An additional limitation of this study was that there
were too few subjects to allow statistical analysis strati-
fied by each relevant clinical or technical feature. The per-
formance of segmentation may depend on these features.
Bowel resections, ostomies, or hernias may change the
location within a scan at which bowel must be identified.
The contents of the peritoneal cavity cause variation in
the background from which bowel must be differentiated.
Intravenous or enteric contrast may alter the appearance
of the bowel itself. These features were balanced between

the training and test data sets. Some incorrect predictions
of these features are noted in the test data set. However,
statistical evaluation will be the topic of future research
involving larger data sets.

Another limitation was the low resolution of the nor-
malized data used for training. Training data needed to be
resized in both axial and longitudinal dimensions so that
a batch could fit within the memory of the single 12 GB
GPU available for the study. Patch-based approaches were
not investigated, since it was unclear how to measure the
diameter of segments that would extend across patches.
Fortunately, newer GPUs with more memory will enable
the use of higher-resolution training data and of deeper
neural networks, from which greater performance is
expected. Fortunately, visual annotations were recorded
parametrically, so derived bowel segmentations and
diameter maps can be reconstructed at higher resolutions.
Higher levels of agreement may be possible using manual
annotations in addition to visual annotations for training.
These efforts will also be the topic of future research.

Table 6 Agreement of CNN

T T CNN Annotation Subjects ICC [95% CI] Bias + 95% LOA Sample size
predictions with visual and
manual annotations over the 2d Visual Train 0.859[0.825-0.885]  —1.7+12mm 924
training and test data sets. Test 0.675[0.520-0.775]  —3.817 mm 178
Intraclass correlation and its
95% confidence interval, as Manual Train 0.830 [0.808-0.850] —0.94+ 15 mm 924
well as bias and 95% limits of Test 0.677 [0.586-0.751] —2+19 mm 178
agreement, are reported for 3d Visual Train 0.847[0.729-0.904]  —3.5+13 mm 924
diameter measurements Test 0.672 [0.490-0.782]  —4.9%19 mm 178
Manual Train 0.850 [0.794-0.887] —-2.7+15 mm 924
Test 0.739 [0.646-0.808] =3.1+£19mm 178
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Fig.8 Agreement of diameter measurements. Scatterplots (top) and Bland—Altman plots (bottom) of diameter measurements are shown for 2d
and 3d CNN predictions and visual and manual annotations over the training and test data sets

Conclusion

In conclusion, eye tracking is a promising technology for
visual image annotation for training CNNs in the context
of bowel obstruction. Agreement between two repetitions
of visual annotation and between visual and manual anno-
tations was good for bowel segmentation and excellent for
diameter measurement. Agreement of CNN predictions

with manual and visual annotations was moderate for
bowel segmentation and diameter measurements, but
improved performance may be achieved if limitations are
addressed. Whether these levels of repeatability and agree-
ment are acceptable ultimately depends on downstream
applications, but the availability of CNN predictions based
on visual image annotations will allow the development
and validation of such applications.

@ Springer



2192

Journal of Digital Imaging (2023) 36:2179-2193

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10278-023-00825-w.

Author Contribution This study has only one author.

Funding The GPU used in this study was donated by NVIDIA. This
research did not receive any other specific grant from funding agencies
in the public, commercial, or not-for-profit sectors.

Data Availability Data that support the findings of this study are avail-
able from the author upon reasonable request with restrictions.

Declarations

Ethics Approval This HIPAA-compliant study was approved by the
UCSD IRB.

Consent to Participate This study was performed under a waiver for
informed consent due to its minimal risk.

Competing Interests The author declares no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Paulson EK, Thompson WM. Review of small-bowel obstruction:
the diagnosis and when to worry. Radiology. 2015;275(2):332—
342. https://doi.org/10.1148/radiol.15131519.

2. Scrima A, Lubner MG, King S, Pankratz J, Kennedy G, Pickhardt
PJ. Value of MDCT and Clinical and Laboratory Data for Predict-
ing the Need for Surgical Intervention in Suspected Small-Bowel
Obstruction. AJR Am J Roentgenol. 2017;208(4):785-793. https://
doi.org/10.2214/AJR.16.16946.

3. Aquina CT, Becerra AZ, Probst CP, et al. Patients With Adhesive
Small Bowel Obstruction Should Be Primarily Managed by a Sur-
gical Team. Ann Surg. 2016;264(3):437-447. https://doi.org/10.
1097/SLA.0000000000001861.

4. Silva AC, Pimenta M, Guimarées LS. Small bowel obstruction:
what to look for. Radiographics. 2009;29(2):423-439. https://doi.
org/10.1148/rg.292085514.

5. Jaffe T, Thompson WM. Large-Bowel Obstruction in the Adult:
Classic Radiographic and CT Findings, Etiology, and Mimics.
Radiology. 2015;275(3):651-663. https://doi.org/10.1148/radiol.
2015140916.

6. Stember JN, Celik H, Krupinski E, et al. Eye Tracking for Deep
Learning Segmentation Using Convolutional Neural Networks.
J Digit Imaging. 2019;32(4):597-604. https://doi.org/10.1007/
$10278-019-00220-4.

7. Stember JN, Celik H, Gutman D, et al. Integrating Eye Track-
ing and Speech Recognition Accurately Annotates MR Brain
Images for Deep Learning: Proof of Principle. Radiol Artif Intell.
2021;3(1):e200047. https://doi.org/10.1148/ryai.2020200047.

@ Springer

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Karargyris A, Kashyap S, Lourentzou I, et al. Creation and valida-
tion of a chest X-ray dataset with eye-tracking and report dictation
for Al development. Sci Data. 2021;8(1):92. https://doi.org/10.
1038/541597-021-00863-5.

Lucas A, Wang K, Santillan C, Hsiao A, Sirlin CB, Murphy PM.
Image annotation by eye tracking: Accuracy and precision of
centerlines of obstructed small-bowel segments placed using eye
trackers. J Digit Imaging. 2019;32(5) 855-864. https://doi.org/10.
1007/s10278-018-0169-5

Zou KH, Warfield SK, Bharatha A, et al. Statistical Validation of
Image Segmentation Quality Based on a Spatial Overlap Index.
Acad Radiol. 2004;11(2):178-189. https://doi.org/10.1016/S1076-
6332(03)00671-8.

Liljequist D, Elfving B, Skavberg Roaldsen K. Intraclass correla-
tion — A discussion and demonstration of basic features. PLoS
One. 2019;14(7):e0219854. https://doi.org/10.1371/journal.pone.
0219854.

Koo TK, Li MY. A Guideline of Selecting and Reporting Intra-
class Correlation Coefficients for Reliability Research. J Chiropr
Med. 2016;15(2):155-163. https://doi.org/10.1016/j.jcm.2016.02.
012.

Altman DG, Bland JM. Measurement in Medicine: The Analysis
of Method Comparison Studies. Journal of the Royal Statistical
Society Series D (The Statistician). [Royal Statistical Society,
Wiley]; 1983;32(3):307-317. https://doi.org/10.2307/2987937.
Chartrand G, Cheng PM, Vorontsov E, et al. Deep Learning: A
Primer for Radiologists. Radiographics. 2017;37(7):2113-2131.
https://doi.org/10.1148/rg.2017170077.

Soffer S, Ben-Cohen A, Shimon O, Amitai MM, Greenspan H,
Klang E. Convolutional Neural Networks for Radiologic Images:
A Radiologist’s Guide. Radiology. 2019;290(3):590-606. https://
doi.org/10.1148/radiol.2018180547.

Pickhardt PJ, Hassan C, Halligan S, Marmo R. Colorectal Cancer: CT
Colonography and Colonoscopy for Detection—Systematic Review
and Meta-Analysis. Radiology. 2011;259(2):393—405. https://doi.org/
10.1148/radiol.11101887.

Ricci ZJ, Mazzariol FS, Kobi M, Flusberg M, Moses M, Yee J. CT
Colonography: Improving Interpretive Skill by Avoiding Pitfalls.
RadioGraphics. 2020;40(1):98-119. https://doi.org/10.1148/rg.
2020190078.

Ziemlewicz TJ, Kim DH, Hinshaw JL, Lubner MG, Robbins JB,
Pickhardt PJ. Computer-Aided Detection of Colorectal Polyps at
CT Colonography: Prospective Clinical Performance and Third-
Party Reimbursement. American Journal of Roentgenology.
2017;208(6):1244—1248. https://doi.org/10.2214/AJR.16.17499.
Frimmel H, Nappi J, Yoshida H. Fast and robust computa-
tion of colon centerline in CT colonography. Med Phys.
2004;31(11):3046-3056. https://doi.org/10.1118/1.1790111.
Frimmel H, Niappi J, Yoshida H. Centerline-based colon segmen-
tation for CT colonography. Med Phys. 2005;32(8):2665-2672.
https://doi.org/10.1118/1.1990288.

LeCun Y, Bengio Y, Hinton G. Deep learning. Nature.
2015;521(7553):436-444. https://doi.org/10.1038/nature 14539.
Krizhevsky A, Sutskever I, Hinton GE. ImageNet Classification
with Deep Convolutional Neural Networks. Advances in Neural
Information Processing Systems. Curran Associates, Inc.; 2012.
https://proceedings.neurips.cc/paper/2012/hash/c399862d3b
9d6b76c8436e924a68c45b-Abstract.html. Accessed September
7,2022.

Ronneberger O, Fischer P, Brox T. U-Net: Convolutional Net-
works for Biomedical Image Segmentation. arXiv; 2015. https://
doi.org/10.48550/arXiv.1505.04597.

Li Z, Liu F, Yang W, Peng S, Zhou J. A Survey of Convolu-
tional Neural Networks: Analysis, Applications, and Prospects.
IEEE Trans Neural Netw Learning Syst. 2022;33(12):6999-7019.
https://doi.org/10.1109/TNNLS.2021.3084827.


https://doi.org/10.1007/s10278-023-00825-w
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1148/radiol.15131519
https://doi.org/10.2214/AJR.16.16946
https://doi.org/10.2214/AJR.16.16946
https://doi.org/10.1097/SLA.0000000000001861
https://doi.org/10.1097/SLA.0000000000001861
https://doi.org/10.1148/rg.292085514
https://doi.org/10.1148/rg.292085514
https://doi.org/10.1148/radiol.2015140916
https://doi.org/10.1148/radiol.2015140916
https://doi.org/10.1007/s10278-019-00220-4
https://doi.org/10.1007/s10278-019-00220-4
https://doi.org/10.1148/ryai.2020200047
https://doi.org/10.1038/s41597-021-00863-5
https://doi.org/10.1038/s41597-021-00863-5
https://doi.org/10.1007/s10278-018-0169-5
https://doi.org/10.1007/s10278-018-0169-5
https://doi.org/10.1016/S1076-6332(03)00671-8
https://doi.org/10.1016/S1076-6332(03)00671-8
https://doi.org/10.1371/journal.pone.0219854
https://doi.org/10.1371/journal.pone.0219854
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.2307/2987937
https://doi.org/10.1148/rg.2017170077
https://doi.org/10.1148/radiol.2018180547
https://doi.org/10.1148/radiol.2018180547
https://doi.org/10.1148/radiol.11101887
https://doi.org/10.1148/radiol.11101887
https://doi.org/10.1148/rg.2020190078
https://doi.org/10.1148/rg.2020190078
https://doi.org/10.2214/AJR.16.17499
https://doi.org/10.1118/1.1790111
https://doi.org/10.1118/1.1990288
https://doi.org/10.1038/nature14539
https://proceedings.neurips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html
https://doi.org/10.48550/arXiv.1505.04597
https://doi.org/10.48550/arXiv.1505.04597
https://doi.org/10.1109/TNNLS.2021.3084827

Journal of Digital Imaging (2023) 36:2179-2193

2193

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Liu F, Chen D, Zhou X, Dai W, Xu F. Let Al Perform Better Next
Time—A Systematic Review of Medical Imaging-Based Auto-
mated Diagnosis of COVID-19: 2020-2022. Applied Sciences.
2022;12(8):3895. https://doi.org/10.3390/app12083895.

Lin D, Dai J, JiaJ, He K, Sun J. ScribbleSup: Scribble-Supervised
Convolutional Networks for Semantic Segmentation. 2016. https://
doi.org/10.48550/arXiv.1604.05144.

Fedorov A, Beichel R, Kalpathy-Cramer J, et al. 3D Slicer as an image
computing platform for the Quantitative Imaging Network. Magn
Reson Imaging. 2012;30(9):1323-1341. https://doi.org/10.1016/j.mri.
2012.05.001.

Bhatia A, Shatanof RA, Bordoni B. Embryology, Gastrointesti-
nal. StatPearls. Treasure Island (FL): StatPearls Publishing; 2022.
http://www.ncbi.nlm.nih.gov/books/NBK537172/. Accessed
March 18, 2023.

Abadi M, Agarwal A, Barham P, et al. TensorFlow: Large-Scale
Machine Learning on Heterogeneous Distributed Systems. .
Team K. Keras documentation: Image segmentation with a U-Net-
like architecture. https://keras.io/examples/vision/oxford_pets_
image_segmentation/. Accessed March 17, 2023.

Igbal H. PlotNeuralNet. 2023. https://github.com/HarisIqbal88/
PlotNeuralNet. Accessed March 17, 2023.

R Core Team. R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing, Vienna, Aus-
tria. 2022; https://www.r-project.org/.

Hounnou G, Destrieux C, Desmé J, Bertrand P, Velut S. Anatomi-
cal study of the length of the human intestine. Surg Radiol Anat.
2002;24(5):290-294. https://doi.org/10.1007/s00276-002-0057-y.
Kundel HL, Nodine CF, Krupinski EA, Mello-Thoms C. Using gaze-
tracking data and mixture distribution analysis to support a holistic
model for the detection of cancers on mammograms. Acad Radiol.
2008;15(7):881-886. https://doi.org/10.1016/j.acra.2008.01.023.
Tourassi G, Voisin S, Paquit V, Krupinski E. Investigating the
link between radiologists’ gaze, diagnostic decision, and image
content. ] Am Med Inform Assoc. 2013;20(6):1067-1075. https://
doi.org/10.1136/amiajnl-2012-001503.

Diaz I, Schmidt S, Verdun FR, Bochud FO. Eye-tracking
of nodule detection in lung CT volumetric data. Med Phys.
2015;42(6):2925-2932. https://doi.org/10.1118/1.4919849.
Aresta G, Ferreira C, Pedrosa J, et al. Automatic Lung Nodule
Detection Combined With Gaze Information Improves Radiolo-
gists’ Screening Performance. IEEE J Biomed Health Inform.
2020;24(10):2894-2901. https://doi.org/10.1109/JBHI.2020.
2976150.

Phillips P, Boone D, Mallett S, et al. Method for tracking eye gaze
during interpretation of endoluminal 3D CT colonography: tech-
nical description and proposed metrics for analysis. Radiology.
2013;267(3):924-931. https://doi.org/10.1148/radiol.12120062.
Mallett S, Phillips P, Fanshawe TR, et al. Tracking eye gaze during
interpretation of endoluminal three-dimensional CT colonogra-
phy: visual perception of experienced and inexperienced readers.
Radiology. 2014;273(3):783-792. https://doi.org/10.1148/radiol.
14132896.

Helbren E, Halligan S, Phillips P, et al. Towards a framework for
analysis of eye-tracking studies in the three dimensional environ-
ment: a study of visual search by experienced readers of endolu-
minal CT colonography. Br J Radiol. 2014;87(1037):20130614.
https://doi.org/10.1259/bjr.20130614.

Li Z, Chen Q, Koltun V. Interactive Image Segmentation with
Latent Diversity. 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Salt Lake City, UT: IEEE; 2018.
p. 577-585. https://doi.org/10.1109/CVPR.2018.00067.

Xu L, Zhu S, Wen N. Deep reinforcement learning and its appli-
cations in medical imaging and radiation therapy: a survey. Phys
Med Biol. 2022;67(22):22TR02. https://doi.org/10.1088/1361-
6560/ac9cb3.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Goldfinger MH, Ridgway GR, Ferreira C, et al. Quantitative
MRCP Imaging: Accuracy, Repeatability, Reproducibility, and
Cohort-Derived Normative Ranges. Journal of Magnetic Reso-
nance Imaging. 2020;52(3):807-820. https://doi.org/10.1002/jmri.
27113.

Wang K, Mamidipalli A, Retson T, et al. Automated CT and MRI
Liver Segmentation and Biometry Using a Generalized Convolutional
Neural Network. Radiol Artif Intell. 2019;1(2):180022. https://doi.org/
10.1148/ryai.2019180022.

Kim H, Jung J, Kim J, et al. Abdominal multi-organ auto-seg-
mentation using 3D-patch-based deep convolutional neural
network. Sci Rep. 2020;10(1):6204. https://doi.org/10.1038/
$41598-020-63285-0.

Luximon DC, Abdulkadir Y, Chow PE, Morris ED, Lamb JM.
Machine-assisted interpolation algorithm for semi-automated segmen-
tation of highly deformable organs. Medical Physics. 2022;49(1):41—
51. https://doi.org/10.1002/mp.15351.

Zhang W, Liu J, Yao J, et al. Mesenteric vasculature-guided small
bowel segmentation on 3-D CT. IEEE Trans Med Imaging.
2013;32(11):2006-2021. https://doi.org/10.1109/TM1.2013.2271487.
Oda H, Nishio K, Kitasaka T, et al. Visualizing intestines for diag-
nostic assistance of ileus based on intestinal region segmentation
from 3D CT images. arXiv; 2020. https://doi.org/10.48550/arXiv.
2003.01290.

Shin SY, Lee S, Elton D, Gulley JL, Summers RM. Deep Small
Bowel Segmentation with Cylindrical Topological Constraints.
Med Image Comput Comput Assist Interv. 2020;12264:207-215.
https://doi.org/10.1007/978-3-030-59719-1_21.

van Harten LD, de Jonge CS, Beek KJ, Stoker J, ISgum I. Untan-
gling and segmenting the small intestine in 3D cine-MRI using
deep learning. Med Image Anal. 2022;78:102386. https://doi.org/
10.1016/j.media.2022.102386.

Lamash Y, Kurugol S, Freiman M, et al. Curved planar refor-
matting and convolutional neural network-based segmentation
of the small bowel for visualization and quantitative assessment
of pediatric Crohn’s disease from MRI. ] Magn Reson Imaging.
2019:;49(6):1565-1576. https://doi.org/10.1002/jmri.26330.

Tall M, Choudhury KR, Napel S, Roos JE, Rubin GD. Accuracy of a
remote eye tracker for radiologic observer studies: effects of calibra-
tion and recording environment. Acad Radiol. 2012;19(2):196-202.
https://doi.org/10.1016/j.acra.2011.10.011.

Purves D, Augustine GJ, Fitzpatrick D, et al. Types of Eye Move-
ments and Their Functions. Neuroscience 2nd edition. Sinauer
Associates; 2001; https://www.ncbi.nlm.nih.gov/books/NBK10991/.
Accessed January 3, 2023.

Cheng PM, Tejura TK, Tran KN, Whang G. Detection of
high-grade small bowel obstruction on conventional radiog-
raphy with convolutional neural networks. Abdom Radiol
(NY). 2018;43(5):1120-1127. https://doi.org/10.1007/
s00261-017-1294-1.

Cheng PM, Tran KN, Whang G, Tejura TK. Refining Convo-
lutional Neural Network Detection of Small-Bowel Obstruc-
tion in Conventional Radiography. AJR Am J Roentgenol.
2019;212(2):342-350. https://doi.org/10.2214/AJR.18.20362.
Kim DH, Wit H, Thurston M, et al. An artificial intelli-
gence deep learning model for identification of small bowel
obstruction on plain abdominal radiographs. Br J Radiol.
2021;94(1122):20201407. https://doi.org/10.1259/bjr.20201407.
Vanderbecq Q, Ardon R, De Reviers A, et al. Adhesion-related
small bowel obstruction: deep learning for automatic transition-
zone detection by CT. Insights Imaging. 2022;13(1):13. https://
doi.org/10.1186/s13244-021-01150-y.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.3390/app12083895
https://doi.org/10.48550/arXiv.1604.05144
https://doi.org/10.48550/arXiv.1604.05144
https://doi.org/10.1016/j.mri.2012.05.001
https://doi.org/10.1016/j.mri.2012.05.001
http://www.ncbi.nlm.nih.gov/books/NBK537172/
https://keras.io/examples/vision/oxford_pets_image_segmentation/
https://keras.io/examples/vision/oxford_pets_image_segmentation/
https://github.com/HarisIqbal88/PlotNeuralNet
https://github.com/HarisIqbal88/PlotNeuralNet
https://www.r-project.org/
https://doi.org/10.1007/s00276-002-0057-y
https://doi.org/10.1016/j.acra.2008.01.023
https://doi.org/10.1136/amiajnl-2012-001503
https://doi.org/10.1136/amiajnl-2012-001503
https://doi.org/10.1118/1.4919849
https://doi.org/10.1109/JBHI.2020.2976150
https://doi.org/10.1109/JBHI.2020.2976150
https://doi.org/10.1148/radiol.12120062
https://doi.org/10.1148/radiol.14132896
https://doi.org/10.1148/radiol.14132896
https://doi.org/10.1259/bjr.20130614
https://doi.org/10.1109/CVPR.2018.00067
https://doi.org/10.1088/1361-6560/ac9cb3
https://doi.org/10.1088/1361-6560/ac9cb3
https://doi.org/10.1002/jmri.27113
https://doi.org/10.1002/jmri.27113
https://doi.org/10.1148/ryai.2019180022
https://doi.org/10.1148/ryai.2019180022
https://doi.org/10.1038/s41598-020-63285-0
https://doi.org/10.1038/s41598-020-63285-0
https://doi.org/10.1002/mp.15351
https://doi.org/10.1109/TMI.2013.2271487
https://doi.org/10.48550/arXiv.2003.01290
https://doi.org/10.48550/arXiv.2003.01290
https://doi.org/10.1007/978-3-030-59719-1_21
https://doi.org/10.1016/j.media.2022.102386
https://doi.org/10.1016/j.media.2022.102386
https://doi.org/10.1002/jmri.26330
https://doi.org/10.1016/j.acra.2011.10.011
https://www.ncbi.nlm.nih.gov/books/NBK10991/
https://doi.org/10.1007/s00261-017-1294-1
https://doi.org/10.1007/s00261-017-1294-1
https://doi.org/10.2214/AJR.18.20362
https://doi.org/10.1259/bjr.20201407
https://doi.org/10.1186/s13244-021-01150-y
https://doi.org/10.1186/s13244-021-01150-y

	Visual Image Annotation for Bowel Obstruction: Repeatability and Agreement with Manual Annotation and Neural Networks
	Abstract
	Introduction
	Materials and Methods
	Study Design
	Population
	Visual Annotation
	Manual Annotation
	Data Normalization and Augmentation
	Neural Networks
	Statistical Analysis

	Results
	Summary Statistics
	Examples of Annotations and Predictions
	Agreement of Visual Segmentations
	Agreement of Visual Diameter Measurements
	Agreement of CNN Segmentations
	Agreement of CNN Diameter Measurements

	Discussion
	Previous Studies
	Sources of Error
	Limitations

	Conclusion
	Anchor 24
	References




