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Abstract. Crohn’s disease (CD) is a chronic inflammatory bowel dis-
ease whose activity and complications can be assessed using magnetic
resonance enterography (MRE). Existing MRE-based approaches for au-
tomated CD assessment either rely on manually extracted features or are
limited to coarse disease detection rather than classification of specific
radiological findings. Furthermore, most approaches utilize only a single
MRE contrast, despite the complementary information available from
multi-contrast imaging. Therefore, we introduce a model that extracts
eight CD radiological findings using T1- and T2-weighted MRE with-
out handcrafted features. Our model consists of contrast-specific feature
extractors, masked Generalized Mean (GeM) pooling, and a modality-
weighting module preceding the classification head. We use a pretrained
supervised segmentation model to extract sub-organ intestinal segmen-
tations and use them to guide region-based feature pooling from the
feature maps. We evaluate our model through two experiments: First,
we compare the multi-contrast model, which uses both T1 and T2 con-
trasts, with single-contrast models to assess the contributions of each
contrast. Second, we compare different modality weightings, including
linear, learned, and attention-based. In the first experiment, the multi-
contrast model achieves a weighted AUPRC of 0.683+0.011, outperform-
ing the single-contrast T1 or T2 models, which achieved 0.657£0.010
and 0.67740.010, respectively. In the second experiment, the attention-
based weighting produced the best performance with a weighted AUPRC
of 0.6914+0.011. These results demonstrate the value of segmentation-
guided multi-contrast MRE for automated classification of CD imaging
findings.
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1 Introduction

Crohn’s disease (CD) is a chronic inflammatory bowel disease that primarily
affects the terminal ileum and colon [4, 5]. Inflammation may extend through the
bowel wall into surrounding mesenteric tissues, leading to complications such as
strictures, bowel obstruction, and fistulas [15].

Magnetic resonance enterography (MRE) is widely used for disease mon-
itoring due to its non-invasive evaluation of the entire bowel and associated
transmural and mesenteric tissues [4, 5, 16]. To assess disease activity and sever-
ity, clinicians use MRE to evaluate mural findings such as bowel wall thickening
and enhancement, extramural findings including comb sign, mesenteric edema,
and fat stranding, and complication indicators such as fistulas, stenosis, and
pre-stenotic dilation throughout the rectum, colon, and ileum [2, 10, 12].

To support objective and scalable interpretation of these imaging findings,
several methods have been proposed for automated CD assessment using MRE.
Liu et al. employed support vector machines with radiomic features extracted
from T2-weighted images to predict CD diagnosis [9]. Chirra et al. used random
forests trained on radiomics extracted from T2-weighted images to detect CD
inflammation and fibrosis [3]. Yu et al. developed radiomics-based models for
classifying muscular alterations using both T1-weighted images and a combina-
tion of T1-weighted and dynamic contrast-enhanced (DCE) images [17]. Zhang
et al. presented a multi-contrast radiomic framework for detecting intestinal fi-
brosis [18]. Lamash et al. developed a semi-automated model to extract wall
thickness and lumen radius by manually annotating a centerline on T1-weighted
images [8]. Mahapatra et al. classified CD from T1-weighted images using ran-
dom forests applied to automatically extracted volumes of interest based on su-
perpixels [11]. Shand et al. evaluated three models for automatic CD detection,
two of which used only T1-weighted MRE, while the third combined T1-weighted
and diffusion-weighted imaging [14].

Most of these methods, particularly radiomics-based approaches, rely on
manual annotation and hand-crafted features, making them expensive, time-
consuming, and labor-intensive. Methods that avoid manual feature extraction
typically perform simplified disease classification and do not identify specific CD
imaging findings. Furthermore, except Zhang et al. [18], and a limited subset
of the models proposed by Shand et al. [14] and Yu et al. [17], these methods
utilize only a single MRE contrast, despite the routine clinical use of multiple
contrasts for comprehensive disease assessment. Due to the limited availability
of annotated medical imaging data, these studies are generally developed and
evaluated on small datasets, often containing fewer than 200 patients, which
restricts model robustness and scalability.
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Fig. 1: Multi-contrast model. Segmentation is extracted using a pretrained model
and T2-weighted images. T1- and T2-weighted images are processed by contrast-
specific feature extractors. Feature maps are pooled using segmentation-guided,
level-based, masked GeM pooling, fused using a modality-weighted mechanism,
and passed to a multi-label classification head that predicts eight radiological
Crohn’s disease findings.
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To address these limitations, there is a need for a fully automated, multi-
contrast framework that detects specific CD imaging findings without manual
annotation or handcrafted features.

Therefore, we propose an automated classification model that combines sub-
organ intestinal segmentations with multi-contrast MRE to enable region-specific
biomarker classification. Our key contributions are: 1) a fully automated pipeline
for direct classification of radiological findings from imaging data without hand-
crafted features; 2) region-based biomarker classification enabled by sub-intestinal
segmentations; 3) a multi-contrast feature integration that leverages complemen-
tary information from T1- and T2-weighted MRE;

2 Methodology

Our classification model first extracts contrast-specific features from T1- and
T2-weighted MRE using pretrained feature extractors. To focus the model on
the ileum, T2-derived segmentations are used to guide masked GeM pooling,
producing fixed-length feature representations from the segmented regions. The
pooled representations from both contrasts are then combined using a modality-
weighting module before being passed to a multi-label classification head (Fig. 1).

2.1 Segmentation Extraction

T2-weighted ileum segmentations were extracted using a pretrained nnU-Net
[7], initially trained on a publicly available MRE dataset [19] and subsequently
fine-tuned on a small private dataset containing T2-weighted coronal masks of
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the ileum, colon, sigmoid colon, rectum, jejunum, cecum, and ileocecal valve. As
T1 segmentations were unavailable, these masks were used for both modalities.

2.2 Feature Extractors

T1- and T2-weighted images are fed into matching feature extractors, where each
feature extractor is a pretrained nnU-Net. The T2 feature extractor is identical to
the segmentation model used earlier, and the T1 feature extractor is pre-trained
using the same protocol as the T2 feature extractor, with the same masks, except
using T1-weighted images instead of T2-weighted images. During the training
of the classification model, the feature extractors’ decoders are fine-tuned to
adapt to the downstream classification task, while the encoder remains frozen,
to preserve contrast-specific representations. Output feature maps are extracted
using forward hooks from the last 5 decoder layers, to leverage representation
from multiple resolutions, without modifying the pretrained architecture.

2.3 Masked GeM Pooling

Each level of feature maps is paired with either the sample’s segmentation or
a downsampled version of the segmentation, so both share the same spatial
resolution. Those are aggregated using a level-based masked Generalized Mean
(GeM) pooling to create a fixed-length representation regardless of segmentation
size. Unlike standard GeM pooling [13], which performs adaptive pooling over the
entire feature map, masked GeM pooling restricts aggregation to the segmented
region, combining GeM’s learnable balance between average and max pooling
with feature aggregation over the anatomically relevant region of interest for
classification. For channel ¢, the pooled feature map is computed as:

- (Bt

where z.(u) denotes the activation of channel ¢ at spatial voxel u, M(u) is the
corresponding segmentation mask value, and p is a learnable pooling parameter
shared across all channels within the feature level.

3=

2.4 Modality Weighting

Modality weighting is applied to the output of the GeM pooling due to discrep-
ancies in the quality of features produced from T2 images versus those from T1
images, as the segmentations are limited to T2 contrast. We therefore experiment
with four fusion strategies that determine each contrast contribution:

1. Linear Weighting: A weighted combination of the pooled feature maps (PFMs)
is computed as: (1 — «) - Tlppy + - T2pppr, where « is a learnable pa-
rameter. A separate weighting parameter is learned for each class and then
passed to a two-layer classifier.
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2. Learned weighting: The PFMs from each modality are first projected into
a latent space of 256 using fully connected layers. The projected features
are then processed by a two-layer MLP to generate modality-specific scores,
which are normalized using a Softmax function. The resulting weights are
applied to the projected PFMs to produce a class-specific representation for
the single-layer classification head.

3. Attention-based weighting: The T1 PFMs and the T2 PFMs are fed into
separate two-layer MLPs to project to a smaller-sized latent space of 128.
The resulting embeddings are stacked and then fed into a two-headed self-
attention module. Outputs from the attention are flattened and input to a
shared single-layer classification head.

4. No modality weighting: As a baseline, no modality fusion weighting is ap-
plied. Instead, the pooled features from both modalities are directly provided
to a classification head consisting of two fully connected layers.

2.5 Optimization and Training

We train the model for 15 epochs with a batch size of 8, using the AdamW
optimizer and an Exponential LR scheduler with v = 0.99 and an initial learning
rate of 0.0001. Loss is Binary Cross Entropy with label smoothing (e = 0.1)
and per-class positive weights (Nyeg/Npos) to address label imbalance. Training
data is augmented with random gamma, random bias field, and random noise, as
in nnU-Net training protocols. Spatial augmentations were avoided to preserve
disease characteristics. The model is trained using 5-fold cross-validation, with
an 80% training and 20% validation split. The best model is determined by the
highest weighted average precision on the validation set.

2.6 Single Contrast Model

The single contrast model is a leaner version of the multi-contrast model. There
is only a single feature extractor, corresponding to the input image contrast. Ad-
ditionally, modality weighting is removed, and the classification head is extended
to two fully connected layers, with a dropout of p=0.2 between them.

3 Experiments and Results

3.1 Data and Preprocessing

We utilize data from a subset of the epi-IIRN study [6], comprising 4,562 coronal
SSH-T2 scans and 4,562 coronal T'1-weighted scans acquired during the second
post-contrast phase of the mDIXON-W BH MRE sequence. Of those, 20 samples
have T2-weighted segmentation masks for intestinal sub-organs, without corre-
sponding T1-weighted masks. All scans in our data subset were acquired from a
single Health Maintenance Organization among the 4 available ones, to ensure
consistency with the domain on which the segmentation model was developed.
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Table 1: Prevalence of ileal Crohn’s disease findings in the dataset.

Class Prevalence [%]|Positive Cases (n/N)
Wall Thickness 42.26 1928/4562
Wall Enhancement 39.30 1793/4562
Inflammation 32.88 1500/4562
Stenosis 22.73 1037/4562
Pre-Stenotic Dilation 16.68 761/4562
Comb Sign 12.41 566,/4562
Fistula 6.44 294/4562
Mesenteric Edema / Fat stranding 5.00 228 /4562

Of these, 51% have at least one biomarker indicating Crohn’s disease, while 49%
have no indications from MRE scans. Classification labels for each MRE sample
are extracted from radiologist reports by using Badash et al.’s HSMP-BERT
model, previously trained and validated on a subset of this cohort [1]. In total,
8 ileum labels are relevant across T1- and T2-weighted images, each with a fre-
quency greater than 3%. Table 1 summarizes label prevalence. All images and
segmentations were resampled to a uniform resolution of [5.5,1,1] mm, with vari-
able spatial dimensions. To mitigate partial segmentations and the lack of T1
segmentation masks, dilation is applied to the segmentation masks using three
iterations. Intestinal regions are cropped after segmentation and dilation. Images
and segmentations are then zero-padded to multiples of [16, 128, 128] to fit the
pretrained nnU-Net. Z normalization is applied after sampling and cropping.

3.2 Experimental Evaluation

We conduct two experiments. In the first, we compare the multi-contrast model
without modality weighting against the results of the T1 single-contrast model
and the T2 single-contrast model. The second experiment compares the different
modality weightings within the multi-contrast model. We evaluate model per-
formance using AUPRC, Cohen’s k, and precision for each label. To determine
at which threshold Cohen’s k and precision should be used, we utilize Youden’s
Index.

Table 2 shows overall performance, while Table 3 shows per-label AUPRC
for single-contrast and prominent multi-contrast models. Figure 2 shows results
from the first experiment. The multi-contrast model achieves a higher weighted
AUPRC of 0.683 + 0.011 compared to the T1 and T2 single-contrast models,
which have weighted AUPRCs of 0.657 4+ 0.010 and 0.677 £ 0.01, respectively.
In addition, the multi-contrast model obtains a similar or higher AUPRC for
almost every label, suggesting that the multi-contrast model leverages comple-
mentary information from both imaging contrasts rather than relying primarily
on the stronger individual contrast. Although Comb Sign, Wall Enhancement,
and Mesenteric Edema/Fat Stranding are evaluated clinically by a single con-
trast [10], those labels achieved high scores in the complementary contrast model,
likely because of high correlation with other detectable labels.
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Table 2: Overall performance comparison of single-contrast (T1 and T2) and
multi-contrast models, with and without attention-based weighting.

Weighted Micro Micro Micro
Model AUPRC 1 AUPRC 1 PPV 1 kT
Multi-contrast,
attention-based |0.691 4+ 0.011(0.567 + 0.063| 0.496 + 0.023 |0.454 4+ 0.020
Multi-contrast,
no mod. weighting| 0.683 4+ 0.011 | 0.549 + 0.029 | 0.496 + 0.014 |0.454 4+ 0.019
T1 contrast 0.657 £ 0.010 | 0.537 £ 0.043 |0.500 £ 0.020| 0.441 4+ 0.014
T2 contrast 0.677 £0.010 | 0.529 £ 0.032 | 0.473 £ 0.020 | 0.429 4 0.020

Table 3: Per-label AUPRC performance comparison of single-contrast (T1 and
T2) and multi-contrast models, with and without attention-based weighting.

AUPRC ?t
Multi-contrast | Multi-contrast

Label attention-based|no mod. weighting| T'1 contrast | T2 contrast
Wall Thickness 0.853 £0.013| 0.844+0.014 |0.826 +0.011|0.844 £+ 0.018
Wall Enhancement |0.813 +0.016| 0.80540.012 [0.794 &+ 0.018]0.800 4 0.015
Inflammation 0.678 £0.024| 0.676 +0.039 |0.654 4+ 0.035|0.664 + 0.030
Stenosis 0.628 £0.036| 0.620+0.040 |0.567 +0.019|0.617 £ 0.022
Pre-Stenotic Dilation| 0.588 +0.051| 0.564 +0.040 [0.515 + 0.037|0.576 £ 0.037
Comb Sign 0.424 £0.077| 0.398 +£0.053 |0.388 +0.049|0.397 £ 0.056
Fistula 0.326 £0.052 | 0.348 +£0.055 |0.290 £ 0.030(0.273 £ 0.057
Mesenteric Edema

/Fat Stranding 0.211 £0.068 | 0.221 +0.061 |0.200 £ 0.078|0.202 + 0.064

Figure 3 shows the results of the second experiment. Attention-based weight-
ing achieves the best weighted AUPRC of 0.691+0.011 and the highest AUPRC
for the labels: wall thickness, wall enhancement, pre-stenotic dilation, and comb
sign. This improvement is likely due to self-attention, which enables interactions
between T1 and T2 features before classification, reducing redundancy and en-
hancing feature representations.

Figure 4 shows feature attribution maps obtained from the multi-contrast
model with attention-based weighting for representative patients with and with-
out stenosis. In the stenosis-positive case, feature attributions are concentrated
within a limited region of the ileum segmentation mask and appear to focus on
areas of ileal narrowing or pre-stenotic dilation. In contrast, the stenosis-negative
case exhibits attribution patterns that are either distributed throughout the seg-
mentation mask or concentrated near its periphery.

4 Conclusion

We developed a fully automated multi-contrast pipeline for classifying eight ra-
diological CD findings from real-world clinical MRE, eliminating the need for
handcrafted features. To our knowledge, this is the first approach to do so.
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AUPRC Score Comparison Between Single- and Multi-Contrast Models
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Fig.2: AUPRC scores of the multi-contrast model without modality weighting
vs. the single-contrast T1 model and single-contrast T2 model.

AUPRC Score Comparison Across Modality Weighting
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Fig. 3: AUPRC scores of the multi-contrast model with different modality weight-

ings.
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Fig. 4: Feature attribution maps for stenosis prediction. The ileum segmentation
is overlaid in blue, while red—yellow regions indicate areas with high feature attri-
bution. (a,b) T1-weighted and T2-weighted MR images from a patient without
stenosis. (c¢,d) T1-weighted and T2-weighted MR images from a patient with

stenosis.

Multi-contrast classification improved weighted and Micro AUPRC over either
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contrast alone, with further improvement using attention-based weighting, sup-
porting the benefit of integrating complementary T1 and T2 information.
Performance may be limited by severe class imbalance, correlated labels,
and the lack of precise spatial correspondence between radiological findings and
their locations within the scans. Class imbalance was addressed using BCE with
per-class positive weights, while segmentation-guided pooling provides coarse
anatomical localization. Performance remains highly dependent on segmentation
quality, with mask dilation only partially mitigating segmentation inaccuracies
and the lack of T'1 segmentations. Future work will investigate finer anatomical
localization and registration-based transfer of T2 segmentations to T1 images.
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