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AIM: To report initial experiences of automatic detection of Crohn’s disease (CD) using
quantified motility in magnetic resonance enterography (MRE).
MATERIALS AND METHODS: From 302 patients, three datasets with roughly equal pro-

portions of CD and non-CD cases with various illnesses were drawn for testing and neural
network training and validation. All datasets had unique MRE parameter configurations and
were performed in free breathing. Nine neural networks were devised for automatic genera-
tion of three different regions of interests (ROI): small bowel, all bowel, and non-bowel.
Additionally, a full-image ROI was tested. The motility in an MRE series was quantified via a
registration procedure, which, accompanied with given ROIs, resulted in three motility indices
(MI). A subset of the indices was used as an input for a binary logistic regression classifier,
which predicted whether the MRE series represented CD.
RESULTS: The highest mean area under the curve (AUC) score, 0.78, was reached using the

full-image ROI and with the dataset with the highest cine series length. The best AUC scores for
the other two datasets were only 0.54 and 0.49.
CONCLUSION: The automatic system was able to detect CD in the group of MRE studies with

lower temporal resolution and longer cine series showing potential in primary bowel disorder
diagnostics. Larger ROI selections and utilising all available cine series for motility registration
yielded slight performance improvements.
� 2021 The Authors. Published by Elsevier Ltd on behalf of The Royal College of Radiologists.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/

4.0/).
S Medical Imaging Center,
ersity of Helsinki, P.O. Box
5799.

er Ltd on behalf of The Royal Coll
Introduction

Inflammatory bowel diseases, consisting of Crohn’s dis-
ease (CD) and ulcerative colitis (UC) continue to present a
burgeoning health concern.1 In CD, magnetic resonance
enterography (MRE) is often employed to assess for disease
extent and severity and less often in primary diagnostics.
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Dynamic, or “cine”, technique in MRE can be used to detect
changes in bowel motility, which in addition to focal
changes in markedly ill bowel segments, has been sug-
gested to decrease even in portions of bowel that show no
apparent indicators of illness.2 Aberrations in motility also
correlate with biomarkers of inflammation and
symptoms.3e5 A general decrease in bowel motility and its
variance may therefore indicate underlying disease in
otherwise healthy-looking intestine.3

Established methodology regarding bowel motility
quantification, demonstrated, for example, by Odille et al.6

or Menys et al.,7 include using demons algorithms for
motility registration8,9 and the use of Jacobian determinants
computed from deformation fields as a surrogate measure
for contractions and expansions of a target area.10 Tradi-
tionally, MRE cine images have been obtained in breath-
hold, simplifying motility registration, although free-
breathing techniques have also been explored with prom-
ising results.7,11e14 Free breathing enables longer MRE se-
ries, which could be beneficial in observing bowel
motility.15 Additionally, although cine images are obtained
from several different coronal planes, only one of these
planes is often selected for motility computation.11,15e18

To date and to the authors’ knowledge, even the most
automated applications for quantified motility-based
detection systems for bowel disease have necessitated
some manual effort.4,6,10e12,19,20 Tools requiring hand-
drawn annotations may interfere with clinical workflow,
which has prompted interest in the development of a fully
automated system. Such a system could be integrated into
existing practice, thereby aiding primary diagnostics in
bowel disorders where CD is suspected, or indeed, when CD
has not even been considered.

The present study investigated the viability of automatic
detection of CD in a diverse set of patients with various
other illnesses under routine clinical investigations. A
detection system was devised based on converting bowel
motility into indices combining several techniques previ-
ously established in the literature but including deep
learning-generated regions-of-interest (ROIs) and the use of
multiple cine series obtained from different coronal posi-
tions. Different ROIs and motility index selections were
evaluated in three datasets with varying MRE imaging pa-
rameters to devise the optimal preferences for the method.
The goal was to develop the basis for a tool for automatically
suggesting the probability of CD from MRE in any patient
undergoing initial bowel disorder investigations.
Figure 1 Exclusion criteria flowchart. CD, Crohn’s disease. RT, Repe-
tition time (time resolution).
Materials and methods

Patients and datasets

Data from 369 MRE studies conducted in two centres in
the Helsinki University Hospital district between March
2013 and 2020 were collected retrospectively. The studies
were performed on two 1.5 T Avantofit and one 3 T Verio
scanner by Siemens Healthineers (Erlangen, Germany).
The university hospital ethical committee approved this
retrospective work and patients’ informed consent was
waived.

For the purposes of this work, only the free-breathing
cine MRE series were utilised from all coronal positions
imaged in a single session during each study. These sets are
referred to as the “cine sets”. Using these cine sets, three
homogeneous datasets were defined through the following
process as illustrated in Fig 1. First, only cine sets from pa-
tients with confirmed CD or excluded CD diagnosis were
included resulting in the exclusion of 12 cine sets. CD was
confirmed when stated in the gastroenterology report
based on imaging and laboratory studies, endoscopy, and
biopsy. Other bowel disorders were included to assess the
possibility of detecting CD in a realistic setting. The second
inclusion criteria outlined that the cine MRE repetition
times were either 425.5, 193.1, or 143.1 milliseconds. These
correspond to approximate temporal resolutions of 2, 5, and
7 frames/s, respectively. After the resulting 36 cine set ex-
clusions, three groups were constructed. The three repeti-
tion times were chosen to improve the variability of the
experiments, and because only the study groups with these
repetition times were numerous enough for reasonable
experiments. Thirdly, only one cine set for each patient was
allowed. Where multiple cine sets were available, inclusion
was prioritised in the smallest 424.5milliseconds repetition
time group, and then the oldest study. After 17 exclusions,
the final datasets 1, 2, and 3 were formed. The dataset de-
mographics and imaging parameters are presented in
Table 1 and the composition of the non-CD group in Table 2.

Imaging protocol

Standardised magnetic resonance imaging (MRI) pro-
tocols are followed in the hospital district imaging centres
concurrently, but the number of coronal planes and cine
series lengths varied between 2013 and 2020. The coronal
planes were selected by MRI technicians to cover the
maximal bowel area in the allotted time and not otherwise
targeted. All were conducted in free breathing. Prior toMRE,
an easily digestible diet was permitted, and on the previous
day two tablets of laxative bisacodyl were applied. A fast



Table 1
Demographics and imaging parameters of datasets 1, 2, and 3.

Imaging parameters Dataset

1 2 3

No. of patients 72 85 145
Non-CD percentage 43% 53% 53%
Female percentage 53% 53% 63%
Mean age, years (SD) 45 (16.5) 39 (14.4) 41 (16.4)
Field strength 1.5T 3T 1.5T
Sequence type T2 True FISP T2 True FISP T2 True FISP
Echo time, ms 1.68 1.27 1.15
Repetition time, ms 425.45 193.12 143.1
Series length, s 16.6 7.4 5.5
Section thickness, mm 10 10 10
Image pixel size, mm 0.74 � 0.74 1.56 � 1.56 1.52 � 1.52
Acquisition matrix 256 � 257 256 � 204 224 � 181
Flip angle range 60� 32e40� 48e67�

Average no. of cine
series per patient

3 8 6

True FISP, true fast imaging with steady state free precession; CD, Crohn’s
disease.
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was imposed, but drinking allowed up until 4 h before
imaging. Starting 45 minutes before imaging, 1,500 ml of
mannitol contrast agent was applied gradually either by
ingestion or nasojejunal catheter. The use of the nasojejunal
catheter was phased out between the years 2013 and 2015
after which it was used only when oral intake was difficult.
Intravenous gadolinium and antimuscarinic scopolamine or
glucagon were administered after cine imaging.

Manual segmentations

ROI types for motility estimation were: (1) small
bowel ¼ SB-ROI, (2) both small bowel and colon, i.e., all
bowel ¼ AB-ROI, (3) inverse of the AB-ROI, i.e., non-
bowel ¼ NB-ROI, and (4) full image area ¼ FI-ROI. The NB-
ROI was used as a check for spurious effects emanating
outside the bowel. Examples of ROI categories are presented
in Fig 2. To prepare training data for deep learning, subsets
of these ROIs were segmented manually and semi-
automatically.
Table 2
Imaging indications and/or confirmed diagnoses in the non-Crohn’s disease
cases.

Imaging indication/diagnosis No. of cases

CD initially suspected, no confirmed bowel diagnosis 44
Unresolved abdominal symptoms,

CD suspicion not stated and no confirmed
bowel diagnosis

28

Irritable bowel syndrome 25
Tumour, suspected or follow-up 19
Ulcerative colitis 10
Unresolved intestinal obstruction 9
Microscopic anaemia 8
Familial adenomatous polyposis 6
Diabetic gastroparesis 2
Miscellaneousa 7

CD, Crohn’s disease.
a Confirmation of incidental findings in other studies, one case of caecal

tuberculosis, one case of dientamoeba.
The AB-ROIs were annotated on datasets 2 and 3. The
annotators were a radiologist with 6 years of experience
and a specialist researcher with 4 years of experience in AI
research. A total of 1,214 coronal sections of cine series were
segmented. One week was allocated for this process. The
number of segmented sections differed between cine sets
but at least one section was segmented per set to increase
the variation in the data.

All the coronal cine series in dataset 1, a total number of
8,268 sections, were fully segmented for the SB-ROIs. This
process was performed with help from a previously devel-
oped in-house U-Net network designed for AB-ROI seg-
mentation and the registration method discussed in detail
in the Electronic Supplementary Material. Small imperfec-
tions in the SB-ROIs, such as shown in Fig 2, were consid-
ered acceptable after the correction operation.

System for CD detection

A CD detection system was developed, which takes MRE
series as an input and produces a probability of the disease.
The system was based on quantification of bowel motility
followed by binary classification. The system and its con-
figurations are briefly described below and demonstrated
graphically in Fig 3. Detailed explanations for the processes
of ROI generation, neural network training, motility
Figure 2 Examples of ROI categories marked with green colour. (a)
SB-ROI containing only the small bowel, (b) AB-ROI containing colon
in addition to small bowel, (c) FI-ROI, and (d) NB-ROI, the inverse of
AB-ROI, i.e., the area outside bowel.
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quantification, and binary classification are provided in the
Electronic Supplementary Material.

First, all the coronal cine MRE series of the cine sets were
registered to their mid-time-point image using a diffeo-
morphic demons algorithm,8 which expands on the original
Thirion’s demons9 and is a variation of an optical-flow
method,21 implemented into Insight Toolkit (ITK).22 The
demons method is used to estimate displacement fields
between images and their reference point, which corre-
sponds to motion in the case of moving objects such as the
bowel. Then, the pixel-wise standard deviations of the Ja-
cobian determinants were computed over time. Motility
maps were formed bymasking the standard deviationmaps
with a chosen ROI type. Four different ROI types were
considered in these experiments.

A total of nine U-Nets were trained for generation of the
SB-, AB- and NB-ROIs. All the U-Nets had the same model
architecture, similar to that proposed by Ronneberger
et al.23 The input dimensions were 256 � 256 pixels, and all
training and testing data were resized to match this
requirement. Eight of the U-Nets were trained for the small-
bowel segmentation via eightfold cross-validation using the
manually segmented sections of dataset 1. The U-Nets
segmented their test sets which were separated from the
training data and which combined all the cine series in
dataset 1. The last U-Net was trained for all-bowel seg-
mentation using the manually segmented sections in
datasets 2 and 3. It was used to segment the cine series of
dataset 1.

Three motility indices were computed from the motility
maps: MI1, which was an average over all motility maps,
MI2, an average over the most motile motility map and MI3,
an average over the motility map with the largest ROI.
Finally, a subset of the motility indices was fed to a binary
logistic regression classifier, which predicted the probabil-
ity of CD of the patient. These subsets were denoted as
either MIi, MIi,j or MIi,j,k where i, j and k were either 1, 2 or 3.
Seven different motility index subsets were considered and
as the number of ROI types was four the proposed system
had 28 different configurations. In Fig 3, the system
configuration with M1,2,3 subset and AB-ROI is illustrated.

Motility quantification was performed on all cine sets in
the datasets 1, 2, and 3. With dataset 1, the motility indices
were computed using all four ROI types. With datasets 2
and 3, only full image ROI was used. The reason for this is
elaborated in the Discussion section.

Evaluation

The results of the seven classifier models on the datasets
were summarised using cross-validation and receiver
operating characteristic (ROC) curves and the areas under
these curves (AUC). Consider one of the motility index sets
discussed in the end of “Quantification of motility” and one
of the seven classifier models. First, the set was divided into
four equal or close to equal-sized folds. The classifier model
was then trained four times, using each time different fold
as a test and the rest as a training set. During training, class
weights were adjusted automatically to be inversely
proportional to class frequencies. The fourfold cross-
validation was performed 1,000 times with shuffling the
motility index set each time prior to the training. As a result,
4,000 prediction result sets were obtained with each set
consisting of CD probabilities of each sample in the set’s
corresponding test fold. Mean ROC and AUC scores were
then computed over these sets. The evaluation procedure
was replicated for each model and motility index set,
resulting in 28 ROC AUC scores for dataset 1, seven for
dataset 2, and seven for dataset 3.

The segmentation accuracy was assessed using Dice
score24 that measures the overlap between manual and
automatic segmentation. The seven U-Nets that trained for
the small bowel segmentation were evaluated using their
test sets. Effectively, the test sets consisted of all the studies
in dataset 1. The Dice score for the U-Net, which produced
AB-ROI segmentations, was obtained using the model’s
validation set since dataset 1 had no reference all bowel
segmentations.
Results

The average AUC scores for the different CD detection
system configurations are shown in Table 3. ROC curves
with all ROI types and four different motility index sets are
visualised in Fig 4. The scores on datasets 2 and 3 were in
average 30% lower than on dataset 1. The best performing
motility index combinations consisted either of MI1 or MI2,
which describe the motility over all the cine series and over
the one with the most motility, respectively. In addition, the
use of M1,3 benefitted the configuration with SB-ROI the
most. The highest mean AUC score, 0.78, was obtained on
dataset 1 with FI-ROI. The second-best result of 0.76 was
obtained with SB-ROIs whereas the configurations using
AB-ROIs and NB-ROIs reached 0.70.

The average Dice score of the small bowel segmentations
over dataset 1 was 0.82 and the standard deviation 0.12;
however, the results on some of the cine sets were espe-
cially poor due to high variation in the images. For instance,
if five cine sets with the lowest Dice scores were excluded,
the average score reached 0.84. The all-bowel segmenta-
tions on the validation set of the cine sets discussed in
section ROI generation with U-Nets achieved 0.82 average
Dice score and the standard deviation was 0.06.
Discussion

The aim of the present study was to investigate the
viability of automatically recognising the probability of CD
in dynamic MRE images obtained without breath-hold and
to suggest preferences for the technique. Retrospectively
collected cine MRE series were divided into three homo-
geneous datasets. Imaging parameters, such as repetition
time (i.e., temporal resolution), differed between the sets. A
recognition system was designed, which combined estab-
lished techniques and U-Net for automatic ROI generation,
and the added potential of combining information from all
the coronal cine series of an MRE study was investigated.



Figure 3 System for CD detection, graphical summary. ROI, region of interest, CD, Crohn’s disease.
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The technical novelties of the present work are as fol-
lows. Firstly, fully automatic ROI selection was investigated.
ROIs for the small bowel, small bowel, colon, and non-bowel
were generated using U-Nets. Although neural networks
have been used before for small bowel segmentation in a
motility quantification scheme,25,26 in these works, ROI
generation has been semi-automatic. Furthermore, to the
best of the authors’ knowledge, the present study is the first
to investigate whether the motility in the regions outside
the small bowel contributes to CD detection. Secondly, the
input of the proposed CD detection system consisted of a
varying number of cine MRE series. The use of only a single
MRE series for motility assessment has been dominant in
the related literature7,15,17,19,20 and some studies have re-
ported it as a limitation.19,20

The main result of this paper was that the system could
detect CD from cine MRE series with relatively high confi-
dence in dataset 1 but not in datasets 2 or 3. The best mean



Table 3
Mean AUC scores and their standard deviations of the CD detection system configurations.

ROI MI1 MI2 MI3 MI1,2 MI1,3 MI2,3 MI1,2,3

Dataset 1 AB 0.70 � 0.12 0.69 � 0.12 0.64 � 0.13 0.68 � 0.12 0.68 � 0.12 0.68 � 0.12 0.67 � 0.12
FI 0.78 � 0.10 0.76 � 0.11 0.71 � 0.12 0.76 � 0.11 0.76 � 0.11 0.76 � 0.11 0.75 � 0.11
SB 0.72 � 0.12 0.73 � 0.11 0.59 � 0.13 0.72 � 0.11 0.76 � 0.11 0.72 � 0.11 0.75 � 0.11
NB 0.70 � 0.12 0.64 � 0.13 0.65 � 0.12 0.68 � 0.12 0.68 � 0.12 0.64 � 0.13 0.66 � 0.12

Dataset 2 FI 0.49 � 0.12 0.54 � 0.12 0.42 � 0.08 0.52 � 0.12 0.49 � 0.12 0.53 � 0.11 0.49 � 0.11
Dataset 3 FI 0.49 � 0.09 0.48 � 0.08 0.44 � 0.06 0.44 � 0.08 0.48 � 0.08 0.46 � 0.08 0.45 � 0.08

ROI, region of interest. AB, all bowel, FI, full image, SB, small bowel, and NB, non-bowel, inverse of AB. MIi, MIi,j, MIi,j,k, describe different motility index input
combinations of the seven logistic regression classifier models.
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AUC score achieved with datasets 2 and 3 was only 0.54. As
illustrated in Table 2, dataset 1 had the highest pixel reso-
lution, the lowest temporal resolution, and considerably
longer temporal length in cine MRE series. In particular, the
last two factors contributed to the success of CD detection
with dataset 1. MRI field strength did not seem a deciding
factor as there was little difference between dataset 2 (3T)
and dataset 3 (1.5T). Although the average number of cine
MRE series per study was the lowest with the best-
performing dataset 1, the coronal locations of the series
were not targeted on visible signs of disease in the used
MRE protocol.

Secondly, the highest mean AUC score of 0.78 was ob-
tained with dataset 1 using the FI-ROI while the best scores
with SB-ROI, AB-ROI, and NB-ROI were 0.76, 0.70, and 0.70.
One reason for the result might have been the imperfection
of the automatically generated ROIs. The score of NB-ROI
suggested that motility in the non-bowel region also
contributed to the CD detection task. The prominent
movement in this region consisted of respiratory motion.
One possible theory derived from this is that the present
results reflected changes in breathing patterns caused by
illness. This is an unlikely explanation in the present setting,
as the control group of non-CD patients also comprised
patients with varying illnesses. It is plausible that CD-
induced motility changes in the bowel could be reflected
in the non-bowel regions, such as the mesentery. Jacobian
determinants can be considered a surrogate marker for
local expansion and contraction, and volume changes in
other organs could register as motility. Visual inspections
on the motility maps indicated that most of the quantified
motility manifested in the bowel regions. As the motility
indices were calculated simply as means over the maps, the
bowel region contributed heavily to the values of the
indices with the FI-ROIs. Nevertheless, respiratory motion
affecting the results to some degree cannot be completely
ruled out.

SB-ROIs, NB-ROIs, and AB-ROIs were not generated for
datasets 2 and 3 as visual inspections revealed that the
seven U-Nets trained for small bowel segmentation were
incapable of producing reliable segmentations on the
datasets. As the best results with dataset 1 were obtained
with FI-ROI, the use of only this ROI would be sufficient to
summarise the performance of the CD detection system on
datasets 2 and 3.

Thirdly, modest detection improvement was observed
when motility was quantified using each cine MRE series in
the cine set. With dataset 1, the best performing motility
index subset was MI1, which was computed using all
motility maps; however, the motility map from which
either MI2 or MI3 was computed was chosen automatically.
If the motility map had been chosen manually by a pro-
fessional, the results could have differed. As the AUC scores
with datasets 2 and 3 were generally low, there was no
speculation on the effect of different motility index sets
with these datasets.

Finally, the detection of CD in a pool of patients with
various illnesses was viable. No healthy control group was
or could be established in the present setting. The hypoth-
esis is that CD produces relatively unique, distinguishable
changes in overall bowel motility for which the present
results offer some initial support. The CD detection capa-
bility shown by the present system might have appeared
stronger when compared with healthy subjects, but the
experiments provide more relevant results from a clinical
point of view. A systemwith the capability of suggesting the
probability of CD in a patient with unresolved bowel
symptoms as essentially a by-product of MRE could offer a
time- and cost-efficient aid in diagnostics. The hope is that
detecting motility changes could offer hints of disease even
if no other imaging findings are discernible.

Limitations of the present study include issues inherent
to the patient data. As CD diagnosis may be delayed, some of
the non-CD patients may have presented early bowel
motility features of CD during the study period. Intending to
avoid quiescent CD masquerading as non-CD in the present
analyses, the patient records were investigated for infor-
mation regarding CD activity; however, the datawere found
to be unreliable as laboratory and endoscopic studies were
not always performed concurrently with MRE and symp-
toms were recorded inconsistently, as was adherence to
patient preparation instructions. For similar reasons, the
use of anti-inflammatory drugs was not noted, which did
not seem to correlate with motility as tested by Dreja et al.,
2020.15 Additionally, as the cine series were not targeted on
any specific bowel regions, the ROI selections could not be
compared with specific bowel regions, e.g., the terminal
ileum. The effect of age or gender differences between test
groups was ruled out in the tests (data not shown).

Based on the present tests, there are two main proposals
for future research and clinical practice based on bowel
motility: favouring long cine series lengths and repetition
times over fine-grain temporal resolution and combining
information from each coronal plane to utilise all available



Figure 4 Mean ROC curves of 16 CD detection system configurations on dataset 1. (a) ROC curves of four configurations with the motility index
subset fixed to MI1. (b) To MI2, (c) to MI1,2, and (d) to MI1,2,3. ROI, region of interest. SB, the small bowel, AB, both small and large bowel. NB, the
inverse of AB. FI, full image. MIi, MIi,j, and MIi,j,k describe different motility index input combinations of the seven logistic regression classifier
models. The individual motility indices of these combinations are: MI1, the mean over all intensity values of all the motility maps, MI2, the mean
over the intensity values of the motility map in which this mean was the highest of all maps, and MI3 the mean over intensities of the motility
map with the largest ROI.
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motility data. The former incentivises studies where no
breath-hold is used. It may also be beneficial to obtain
motility data from more than just the small bowel.

Further studies into the prospects of neural network
solutions in CD detection are warranted. For example, ma-
chine learning-based analysis of motility maps would be of
interest instead of classifying the data according to indices.
Pinpointing regional bowel pathology automatically is
another possible avenue of investigation. It would also be of
great interest to see whether signs of bowel motor
dysfunction could be used to predict the onset or flare-up of
CD. In addition, improvements in motility registration could
be gained with four-dimensional bowel volumetry, a tech-
nique demonstrated in one recent project.15
In conclusion, the present study describes a system for
CD detection in MRE combining established methods for
motility quantificationwith novel approaches. The goal was
to produce a system for automatically presenting a clinician
with the probability of CD in a patient undergoing MRI for
an unidentified bowel disorder. The main finding was that
the proposed system could detect CD cases from a pool of
patients with various illnesses in dataset 1 but not in
datasets 2 and 3. The cine sets of dataset 1 had significantly
longer repetition times and series lengths than the sets in
datasets 2 and 3. The performance of the system improved
when multiple cine MRE series were utilised for motility
quantification and with the ROI extended over the full im-
age. The proposed system shows potential as a basis for a
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fully automatic aid in primary diagnostics for Crohn’s
disease.
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