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Abstract

As the therapeutic target for Inflammatory Bowel Disease (IBD) shifts toward histologic
remission, the accurate assessment of microscopic inflammation has become increasingly
central for evaluating disease activity and response to treatment. In this work, we introduce
IMILIA (Interpretable Multiple Instance Learning for Inflammation Analysis), an end-to-
end framework designed for the prediction of inflammation presence in IBD digitized slides
stained with hematoxylin and eosin (H&E), followed by the automated computation of
markers characterizing tissue regions driving the predictions. IMILIA is composed of an
inflammation prediction module, consisting of a Multiple Instance Learning (MIL) model,
and an interpretability module, divided in two blocks: HistoPLUS, for cell instance detec-
tion, segmentation and classification; and EpiSeg, for epithelium segmentation. IMILIA
achieves a cross-validation ROC-AUC of 0.83 on the discovery cohort, and a ROC-AUC
of 0.99 and 0.84 on two external validation cohorts. The interpretability module yields
biologically consistent insights: tiles with higher predicted scores show increased densities
of immune cells (lymphocytes, plasmocytes, neutrophils and eosinophils), whereas lower-
scored tiles predominantly contain normal epithelial cells. Notably, these patterns were
consistent across all datasets. Code and models to partially replicate the results on the
public IBDColEpi dataset can be found at https://github.com/owkin/imilia.

Keywords: Multiple Instance Learning, Inflammatory Bowel Disease, Inflammation pre-
diction, Interpretability, H&E, WSI, Epithelium segmentation, Cell segmentation and clas-
sification, Weakly-supervised learning, Histology.

1. Introduction

Background. Inflammatory Bowel Disease (IBD) is a lifelong, chronic inflammatory dis-
order of the gastrointestinal tract, manifesting as Crohn’s disease (CD) or ulcerative coli-
tis (UC) (Graham and Xavier, 2020). IBD places significant strain on healthcare systems
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(Burisch et al., 2025), affecting nearly 7 million patients worldwide (Feuerstein and Cheifetz,
2014; Molodecky et al., 2012; Ng et al., 2017), with established high burdens in Europe (2
million) and North America (1.5 million). While clinical symptoms, ranging from abdominal
pain to extra-intestinal manifestations, are primary indicators, they are often non-specific as
the disease course is characterized by periods of active flare-ups interspersed with remission.
Consequently, diagnosis and management heavily rely on a combination of endoscopic and
histological assessments (Angyal et al., 2025). Histopathological assessment of Hematoxylin
and Eosin (H&E) stained slides is critical not only to confirm the diagnosis and exclude
differentials (e.g., granulomatosis) but also to grade severity. Interestingly, patients with-
out lesions at endoscopy (endoscopic remission) might still harbor persistent microscopic
inflammation associated with disease progression (Iacucci et al., 2021; Marchal-Bressenot
et al., 2017). This has led to a shift in the therapeutic goal in IBD, beyond symptom control
and towards “histological healing” (Angyal et al., 2025; Villanacci et al., 2025), as persis-
tent microscopic inflammation is a strong predictor of relapse and colorectal cancer risk.
However, the standard manual review of biopsy slides is time-consuming and dependent on
the expertise of the reviewing pathologist (Feakins et al., 2023; Geboes et al., 2000). As
the volume of biopsies increases, the need for automated decision-support tools becomes
critical to ensure consistency and efficiency in patient care.

Related work. Modern computational pathology frameworks often rely on the combi-
nation of a feature extraction step using a foundation model (FM), and a downstream
multiple instance learning (MIL) model. The FM maps small areas of tissue (or tiles) to
a lower-dimensional representation space, and the MIL model further combines those rep-
resentations to derive a slide-level prediction. While recent advances on FM development
have yielded spectacular progress across a variety of downstream tasks (Chen et al., 2024),
the majority of applications have remained limited to oncology. In the specific domain of
IBD, recent research has focused on automating histological grading, with models devel-
oped to predict established severity scores such as the Nancy Histological Index (NHI),
Geboes Score, or Robarts Histopathology Index (Iacucci et al., 2023; Peyrin-Biroulet et al.,
2024; Rubin et al., 2024; Plattner et al., 2025; Rymarczyk et al., 2023). Beyond simple
classification, efforts have also explored correlating histological features with endoscopic
findings (Di Vincenzo et al., 2024; Elta et al., 1987) and quantifying specific cellular popu-
lations at sample level (Reigle et al., 2024). In (Ding et al., 2025) a graph neural network
is introduced to predict WSI-level ulcer presence from H&E WSIs. Closely related to our
work, (Mokhtari et al., 2024) proposed a MIL-based framework to predict disease type,
macroscopic tissue appearance and endoscopic scores, while combining it with a cell detec-
tion model to derive interpretable insights. While these studies share similarities with our
work, they differ primarily in the extent of their external validation, often reporting results
in cross-validation only, and in their interpretability, which remains largely qualitative -
relying on visual inspection of heatmaps and lacking quantitative analysis.

Contributions. In this work, we introduce IMILIA (Interpretable Multiple Instance
Learning for Inflammation Analysis), an end-to-end interpretable MIL framework designed
for the binary classification of IBD histology slides (inflamed vs. non-inflamed). We sum-
marize our contributions as follows:
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• We provide an extensive validation of IMILIA, using one large discovery cohort (over
3000 patients) and two external validation cohorts. To the best of our knowledge, this
is the only validation of a deep learning model for IBD inflammation prediction on
external datasets.

• We also provide a quantitative validation of the interpretability module, composed of
HistoPLUS and EpiSeg in the context of IBD. Their combination allows to automat-
ically derive advanced and potentially novel markers of the presence of inflammation,
such as the localization of immune cells within the epithelium.

We release the code to reproduce the results on the public dataset with the Chowder and
EpiSeg models (including trained Chowder) at https://github.com/owkin/imilia.

2. IMILIA

In this section, we introduce IMILIA and explain how a MIL model can be combined with
an interpretability module to predict inflammation from H&E WSI. An overview of the
method is represented in Figure 1.

Figure 1: IMILIA: Interpretable Multiple Instance Learning for Inflammation Analysis. A
multiple instance learning model is combined with two interpretability blocks to
predict the presence of inflammation from H&E slides in IBD, and derive quan-
titative biological markers driving the predictions. Beige colors denotes models
specifically trained for this paper.

WSI preprocessing. An in-house segmentation network is used to detect regions with
relevant tissue, excluding background and acquisition artifacts. The tissue regions are then
tessellated into non-overlapping tiles of fixed dimensions.
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Feature extraction. Throughout this study, and for consistency, we use H0-mini (Filiot
et al., 2025) as a feature extractor to transform tissue tiles into low-dimensional represen-
tations. We use H0-mini because it offers one of the best trade-offs between performance
and computational efficiency, while exhibiting strong robustness to variations in scanning
and staining conditions.

Chowder. Similar to other MIL architectures (Ilse et al., 2018), Chowder (Courtiol et al.,
2020) identifies a WSI to a collection of tiles. Following the feature extraction step, each
slide is therefore represented by a matrix W ∈ Rntiles×d, where ntiles is the number of tiles
in the slide and d is the dimension of the embeddings. A first 1D convolution layer maps W
to a score vector S ∈ Rntiles×1. Then, extreme tiles are selected by keeping only the r max
and min scores in S, resulting in a vector Sextr ∈ R(2×r)×1. A final MLP is then applied to
produce the model’s prediction. In this study, we use a multi-channel version of Chowder,
where the first 1D convolution layer is replaced by K 1D convolution layers that operate in
parallel, resulting in a vector Sextr ∈ R(2×r×K)×1.

Selection of extreme tiles. As a by-product of its training process, Chowder learns
tile score representations S, where tiles with maximal scores are associated with a positive
prediction and tiles with minimal scores are associated with a negative prediction. In the
rest of this paper, such tiles are referred to as max and min tiles. At inference, scores are
computed for all slides, allowing to compare the content of tiles providing positive evidence
of inflammation (higher scores) versus tiles providing negative evidence (lower scores).

HistoPLUS. As a first block of the interpretability module, we use HistoPLUS (Adjadj
et al., 2025), a cell detection model trained on a pancancer dataset covering 6 indications,
and supporting 13 different cell types, and consisting of a CellViT (Hörst et al., 2024)
model. While we note that HistoPLUS was originally trained on oncology WSIs, we provide
quantitative evidence in Section 5 of its transfer performance to IBD. Following the extreme
tiles selection, HistoPLUS can be applied to derive tile-level cell types predictions.

EpiSeg. EpiSeg is the second block of the interpretability module, an epithelium segmen-
tation model, trained on top of H0-mini’s representations of patch tokens. Given a tile of
size W×H, and a patch size P , the tile is divided into W/P×H/P small patches. Following
the H0-mini inference, each patch is then represented by a d-dimensional vector, or patch
embedding. A logistic regression is then trained to predict the presence of epithelium at
patch level, resulting in segmentation maps of size W/P × H/P . Similar to HistoPLUS,
EpiSeg can then be applied on the extreme tiles of Chowder to produce coarse segmentation
maps of the presence of epithelium.

3. Data

For this study, we use three datasets: the SPARC IBD (Raffals et al., 2021) dataset as our
discovery cohort, the FINBB and IBDColEpi (Pettersen et al., 2022) datasets as our two
external validation datasets for the inflammation prediction module. IBDColEpi was used
as training for the EpiSeg model.

SPARC IBD. The Study of a Prospective Adult Research Cohort with IBD (SPARC
IBD) is a multicentered longitudinal study of adult IBD patients. We included 3322 H&E
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slides obtained from intestinal mucosal biopsies of patients to compose our discovery cohort,
among which 50.2% correspond to patients diagnosed with CD and 24.8% with UC (missing
diagnostic information for other samples). 67.8% of samples were extracted from the colon
and 26.9% from the ileum (missing location information for other samples). Ground-truth
labels for inflammation presence were derived from the macroscopic tissue appearance of
slides, assessed by a pathologist and originally categorized into 1) normal, 2) possible in-
flammation and 3) severe inflammation, with presence of erosion or ulcers. We grouped
categories 2 and 3 to compose the “inflamed” class (the positive class used for training).
The prevalence of inflamed samples is 31% (N = 1022).

FINBB. This dataset has been provided by the Finnish Biobank Cooperative (FINBB)
and includes comprehensive multimodal data collected from Helsinki Biobank and Finnish
Clinical Biobank Tampere. We used a total of 314 H&E slides from this dataset as external
validation, among which 59.2% corresponded to patients diagnosed with UC and 40.8%
with CD. 76.4% samples were extracted from colon, 20% from ileum and 1.6% from the
intersection ileum/colon (other samples were classified as “unclear”). As for SPARC IBD,
labels were derived from the macroscopic tissue appearance of slides, categorized into 1)
normal and 2) inflamed. We note the prevalence shift compared to the discovery cohort,
with inflamed samples accounting for 95% of the population.

IBDColEpi. The dataset consists of 140 H&E WSIs from biopsies of colonic mucosa of
active and inactive IBD with pixel-level annotation of the epithelium. “Active” is defined
as the presence of intraepithelial granulocytes in one or more locations in the biopsies. Still,
the changes may be focal, hence the majority of the epithelium may still lack intraepithelial
granulocytes or other signs of active disease (crypt abscesses, granulation tissue, etc.). For
external validation, we use 132 H&E slides (8 were excluded due to insufficient tissue area),
with a prevalence of 41% for positive (active disease) samples. No information is provided
regarding categorization of samples into UC vs CD. IBDColEpi is publicly available1.

4. Experimental setup.

Chowder implementation. For the MIL model, a multi-channel Chowder model with 5
channels was implemented. The number of selected extreme tiles per channel is 50, 25 with
maximal scores and 25 with minimal scores, resulting in 250 extreme tiles. A final MLP with
2 hidden layers maps the tiles scores to the final prediction. The model is trained on the
SPARC IBD dataset with a 5-fold cross-validation, using the Adam optimizer, and dropout
is applied to the linear layers with probability 0.5. At inference, on the external validation
cohorts, the 5 models are ensembled by averaging their predictions (including for the min
and max tile scores). We provide in Appendix A an extensive list of the hyperparameters
used in the training process.

For each cohort, two subsets of 1000 tiles, one with maximal and the other with min-
imal scores, are selected and processed by the two interpretability models, EpiSeg and
HistoPLUS.

1. https://www.kaggle.com/datasets/henrikpe/251-he-cd3-wsis-annotated-epithelium-ibdcolepi
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EpiSeg training. We leverage the epithelium annotations in IBDColEpi, and start from
images and their corresponding pixel-level segmentation masks of epithelium of the same
size. We note that the 224×224 tiles used to train the MIL model are too small to correctly
predict the presence of epithelium, therefore, and to increase the context, we trained EpiSeg
on tiles of size 1022× 1022, which simply corresponds to resampling the images available in
the dataset to a spatial resolution of 0.5 micrometer per pixel (mpp). H0-mini operates by
dividing images into small patches of constant size 14 × 14. Following the forward pass in
H0-mini, each patch is associated with an embedding xp of dimension d = 768. To obtain
lower resolution segmentation masks, we simply apply a 14 x 14 convolution filter with
stride 14 and constant weights (and produce the equivalent of an average-pooling layer over
patches). At this stage, each patch is associated with a continuous label yp which can be
interpreted as the area of epithelium within this patch. A logistic regression is finally trained
on pairs (xp, yp). A 3-fold cross-validation is performed to optimize the L2-regularization
parameter C in the model, which yields an optimal value C = 10−2 used to train the final
model. We use the train / test split provided by the authors of the dataset to train and
evaluate our model. Illustrating samples can be found in Figure 2.

EpiSeg inference on extreme tiles. At inference time, for consistency in the patches
representations by H0-mini, we ensure images have the same size 1022 × 1022 as was used
during the training of EpiSeg. We thus extract expanded versions of the minimal and
maximal tiles to match this size, with the tile at its center. The expanded image is used
for EpiSeg inference and the final epithelium mask for the tile of interest is obtained by
cropping the center of the EpiSeg’s output mask.

Interpretable features computation. For each max and min tiles, HistoPLUS and
EpiSeg were used to generate cell masks (one for each cell type) and epithelium masks,
respectively. They are further combined to compute the density ρc of several cell types c
within the epithelium region, as:

ρc :=

∑Nc

k=0E(ck)∑H
j=0

∑W
i=0E(xi, yj) × mppx × mppy

(1)

where, for a pixel location (x, y), E(x, y) is one if (x, y) falls within the predicted epithelium
region; N c is the total number of instances for the cell type c, H and W are the height and
width of the epithelium mask, ck := (ck,x, ck,y) is the centroid of the k-th cell instance, and
(mppx,mppy) is the pixel size.

5. Results

IMILIA shows strong cross-validation and transfer performance on the three
cohorts. IMILIA’s classification module (Chowder model) shows a ROC-AUC of 0.83 in
cross-validation in the discovery dataset SPARC IBD. It shows a great transferability in
external datasets, reaching an AUC of 0.84 on FINBB. Remarkably, the model achieved
near-perfect classification on the IBDColEpi dataset, with an AUC of 0.99. We attribute
this to the curated nature of the dataset, which likely represents distinct inflammatory
phenotypes with minimal “grey-zone” cases.
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HistoPLUS demonstrates robust transfer performance in a new therapeutic
area, beyond oncology. To assess the generalizability of HistoPLUS beyond oncology,
and its suitability for IBD, we validated it in 90 tiles extracted from the SPARC IBD dataset,
annotated with 13291 cells overall. Originally developed for oncology applications, the dis-
crimination between cancer and healthy epithelial cells was part of HistoPLUS’ training.
However, its training dataset may not adequately represent the full spectrum of epithelial
morphologies, in particular in the heavily immune-infiltrated setting characteristic of IBD
where epithelial cells frequently exhibit morphological irregularities that can resemble neo-
plastic features. Given these considerations, we elected to remap all predicted cancer cells
to the epithelial class.

We use the same notation as in the HistoPLUS original paper, and denote by HistoVAL
(N = 530) the validation set of HistoPLUS in the oncology setting. Table 1 and Table 3
summarize the model’s performances, providing a direct comparison between SPARC IBD
and HistoVAL. HistoPLUS exhibited consistent validation performances on IBD, achiev-
ing a detection quality score of 0.774 (95%CI, [0.760; 0.789]) on the IBD samples, and a
segmentation quality score of 0.755 (95%CI, [0.749; 0.761]). For cell classification, Histo-
PLUS demonstrated good capabilities on epithelial cells, immune cells, endothelial cells
and fibroblasts with no significant performance drop between oncology and IBD.

Table 1: Cell classification performance of HistoPLUS in HistoVAL (oncology) and SPARC
IBD. We report mean values of F1 scores and confidence intervals at 95% level,
obtained by bootstrapping with 1000 repeats.

Dataset Epith. Lymph. Plasm. Eosin. Neutro. Endoth. Fibro.

HistoVAL
0.42

(0.28;0.54)

0.42

(0.28;0.54)

0.48

(0.43;0.53)

0.46

(0.37;0.52)

0.24

(0.18;0.31)

0.33

(0.29;0.38)

0.38

(0.35;0.40)

IBD
0.70

(0.67;0.73)

0.53

(0.48;0.57)

0.52

(0.46;0.57)

0.45

(0.40;0.51)

0.36

(0.29;0.42)

0.44

(0.36;0.51)

0.33

(0.27;0.39)

EpiSeg, a logistic regression trained on top of H0-mini’s representations can
efficiently predict the presence of epithelium. We use the test set of IBDColEPI
to evaluate the logistic regression. It reaches an average precision score (defined as the
area under the precision-recall curve) of 0.98 to predict the presence of epithelium at patch
level. Qualitative examples of EpiSeg’s predictions are displayed on Figure 2, and the full
precision-recall curve can be found in Appendix C.

As an additional validation of EpiSeg, we found that HistoPLUS and EpiSeg show a
strong agreement regarding the prediction of epithelium. The pearson correlation between
the number of epithelial cells identified by HistoPLUS in a tile and the epithelium area from
EpiSeg’s predictions in the same tile is 0.85 (p < 10−8) for SPARC IBD, 0.74 (p < 10−8)
for FINBB and 0.83 (p < 10−8) for IBDColEpi.

We also note that EpiSeg’s performance provides strong evidence of the quality of H0-
mini’s representations in the context of IBD, since a simple logistic regression model is able
to learn how to discriminate patches corresponding to epithelium zones.
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Figure 2: Visualizations of EpiSeg’s predictions for the presence of epithelium at patch level
(size 14×14 at a spatial resolution of 0.5 mpp). First row (in green), is the ground
truth, and second row (in red) is the model’s predictions.

The interpretability modules of IMILIA provide consistent tile-level patterns
across cohorts. Tile scores were computed for all slides, allowing to extract max and
min tiles for each dataset. Interpretable features were then computed for each extreme tile,
including cell type counts (from HistoPLUS predictions) and density of several immune cell
types in epithelium (through a combination of HistoPLUS and EpiSeg). Figure 3 illustrates
extreme tiles sampled randomly within the min and max subgroups in the SPARC IBD
cohort, with the predictions of HistoPLUS and EpiSeg. Additional visualization examples
for the external validation cohorts FINBB and IBDColEPI can be found in Appendix D.

Figure 4 shows the average composition of minimal and maximal tiles in terms of cell
types counts. Minimal tiles are richer in epithelial cells, while maximal tiles have a higher
concentration of immune cells (lymphocytes, plasmocytes, eosinophils, neutrophils) and en-
dothelial cells. These patterns were consistent across all three datasets, indicating consistent
interpretability of IMILIA. Visual examination of the minimal and maximal tile samples
by an expert pathologist corroborated the quantitative findings derived from HistoPLUS
predictions. To avoid bias, the pathologist was blinded to the model-predicted cell counts
during the assessment. Minimal tiles predominantly represented non-inflamed tissue, char-
acterized by epithelial areas with crypts and collagen-rich stroma (primarily dense collagen
with occasional myxoid areas). In contrast, maximal tiles exhibited dense lymphocytic and
plasmacytic inflammation, with scattered eosinophils and neutrophils and minimal epithe-
lial tissue.

The combination of HistoPLUS and EpiSeg allows to derive refined markers of the pres-
ence of immune cells in the epithelium, expressed as the number of cells per unit surface
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Figure 3: Examples of max (top two rows) and min (bottom two rows) tiles from the SPARC
IBD cohort, with overlays of the predictions from HistoPLUS (cell contours) and
EpiSeg (epithelium zones in green).

Figure 4: Violin plots of the distribution of cell types within min and max tiles, as analyzed
by HistoPLUS, and by cohort.
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area of epithelium, integrating a location awareness dimension. Comparison between ex-
treme tiles shows that the difference is most significant for the density of neutrophils in
the epithelium, as illustrated in Figure 5, and in line with known clinical indicators of the
presence of inflammation in IBD.

Figure 5: Violin plots of the distribution of immune cells in the epithelium.

6. Conclusion

In this study, we introduced IMILIA, an interpretable Multiple Instance Learning frame-
work for the automated assessment of histological inflammation in IBD. Our results demon-
strate that the pipeline not only achieves robust classification performance across diverse
datasets but also, and crucially, provides transparent biological justifications for its pre-
dictions through quantitative cell and tissue-level analysis. One limitation of standard
MIL approaches is the reliance on visual attention heatmaps for interpretability, which
can lead to confirmation bias from the observer. IMILIA overcomes this by coupling the
MIL attention mechanism with the HistoPLUS and EpiSeg modules, automatically deriv-
ing interpretable markers for the presence of inflammation, a first step towards automated
biomarker discovery in IBD.

We also note the following limitations of our study. First, the interpretability module,
fully automated, depends on the intrinsic performance of its two blocks, HistoPLUS and
EpiSeg. While their performance can be estimated, inaccurate predictions can be a source
of uncertainty in the full model, which would require some further validation in view of clin-
ical usability. Second, all our models relied on a foundation model (H0-mini) developed on
oncology WSIs. While it shows the strong transferability of such FMs to a new therapeutic
area, future research could help assess the need for FMs tailored to IBD or inflammatory
conditions in general. Finally, and as a line of future research, we note that the label “in-
flamed” used in this study can hide various histological patterns (e.g., ulcers, architectural
distorsion, immune infiltration, crypt abscess, granulomas, etc.), and extending the model
to these various categories is a natural perspective.
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Appendix A. Hyperparameters

We report in Table 2 a more complete list of hyperparameters used to train the various
models.

Table 2: Hyperparameters used to train the various models.

Chowder model EpiSeg

Tile size 224 × 224 Tile size 1022 × 1022

Batch size 256 Patch size 14

Number of folds 5 Number of folds 3

Number of channels (K) 5 C 10−2

r 25

Learning rate 0.01

Max number of tiles 1000

MLP hidden layers’ neurons [128, 64]

MLP hidden layers’ dropout [0.5, 0.5]
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Appendix B. Detailed HistoPLUS transfer performance

We report in Table 3 detailed segmentation metrics for HistoPLUS, comparing its perfor-
mance on the oncology validation dataset and on the SPARC IBD dataset. We refer to the
original HistoPLUS paper for a precise definition of the metrics.

Table 3: Performance of HistoPLUS in cell detection and segmentation for HistoVAL (on-
cology) and SPARC IBD. We report mean values and confidence intervals at 95%
level, obtained by bootstrapping with 1000 repeats.

Dataset Panoptic Quality Detection Quality Segmentation Quality

HistoVAL 0.605 (0.595; 0.613) 0.753 (0.742; 0.763) 0.801 (0.799; 0.804)

SPARC IBD 0.586 (0.572; 0.599) 0.774 (0.760; 0.789) 0.755 (0.749; 0.761)

Appendix C. EpiSeg precision-recall curve

Figure 6: Precision-recall curve for the patch-level prediction of presence of epithelium by
EpiSeg. The average precision metric is defined as the area under the precision-
recall curve.
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Appendix D. Min and Max tiles visualization on the external validation
cohorts

Figure 7: Max (top two rows) and min (bottom two rows) tiles within the FINBB cohort,
with overlays of the predictions from HistoPLUS and EpiSeg. Interestingly, one
can notice the staining distribution shift compared to discovery cohort.
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Figure 8: Max (top two rows) and min (bottom two rows) tiles within the IBDColEpi
cohort, with overlays of the predictions from HistoPLUS and EpiSeg.
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