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Background

» Microsatellite instability (MSI) is a state of genetic hypermutation
caused by defects in the mismatch repair system. It occurs in roughly
15% of all colorectal cancers [1]. It is clinically relevant as tumors o (=7
expressing this pattern have shown the highest response rates to Rittertioneat-nistwork
immunotherapies as well as improved overall survival [2]. MSI is
determined using genetic analyses; however, these analyses are
often limited to larger tertiary care centers and may add additional
time and cost during diagnosis.
Histology whole-slide images (WSIs) are routinely collected and are
a rich source of data for extracting tumor characteristics, including
MSI. Given their size, they first are tiled into smaller image patches
to be analyzed. However, due to intra-tumor heterogeneity, not every
region of the slide is relevant to the outcome.
Fully-supervised image analysis models have limitations, as they
treat each region of the slide as informative to outcome. Additionally,
many are pretrained on natural images and therefore do not map
medical images to informative embeddings.
In this project, | propose to use a multiple instance learning
framework with the additional use of self-supervised learning in order  *
to overcome intra-tumor heterogeneity and improve representation
learning.
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Figure 2. Heatmap showing tile attention scores for a
well-predicted MSI patient, darker colors show higher
attention weights assigned to those regions. Example
top ranked tiles show features associated with MSI.

Conclusion

* In this study, we applied multiple instance and self-

Figure 1. Proposed model overview. The tumor regions of WSIs are segmented into tiles and placed
into bags as model input. The model consists of a feature extraction network, an attention sub-
network, attention-weighted aggregation f, and a classifier network.

The two datasets in this study include an internal and external dataset. The internal
dataset is divided into training and testing subsets. The external dataset is used as
external validation.

The proposed model consists of a feature extraction network, an
attention sub-network, attention-weighted pooling, and a classifier
network (Fig. 1). It learns on a bag of tiles at a time. The learnable
attention scores a and feature maps f are associated with each tile
in the bag, and are then aggregated into a single representation, f,
by summing the attention-weighted feature maps. This is passed into
a classifier to predict the outcome for the entire bag.

In addition to the binary cross-entropy loss, we include a contrastive
learning loss: exp(sim( 1.7 /T)
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which urges the model to learn representative embedding mapping.
The model is trained and validated in two datasets.
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The results are validated with five-fold cross-validation, in which the training subset was
split into five folds. The model is trained on four folds, with one used as a validation set
for hyperparameter tuning. The results shown in Table 1 are the performance metrics
from the internal test set (not used in model training or tuning).
We retrained the model on the full training dataset and examined the performance on the
external validation set (PAIP) shown in Table 2.
In both scenarios, we see improvement in model performance when adding the attention-
based pooling (‘Attention’) and the contrastive loss function (‘Contrastive’).
The learned attention weights are able to provide visual interpretation of model decisions
(Fig 2.). We see that the tiles with the highest attentions are of known pathologic markers

of MSI.

TABLE L

FIVE-FOLD CROSS-VALIDATION PERFORMANCE

TABLE II.

EXTERNAL DATASET PERFORMANCE

Model

AUC

AUPRC

Data

Model

AUC

AUPRC

VGG19 Baseline

0.822 (0.02)

0.624 (0.05)

PAIP

ResNet18 Baseline

0.828 (0.01)

0.689 (0.01)

VGG19 + Attention

0.861 (0.01)

0.729 (0.02)

VGG19 + Attention + Contrastive

0.864 (0.01)

0.690 (0.04)

VGG19 Baseline

0.770

0.512

ResNetl18 Baseline
VGGI19 + Attention

0.686
0.795

0.434
0.629

VGGI19 + Attention + Contrastive

0.876

0.793

supervised learning techniques to predict MSI from
WSIs. We found that our proposed method
performed better than fully-supervised benchmark
models.

Additionally, we are able to visualize model
decisions through attention scores. Our model was
able to identify known features relevant to MSI
including tumor infiltrating lymphocytes and the
presence of excess mucin.
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