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INTRODUCTION AIM

The lack of interpretability of deep learning reduces A healthy vs pathological images classification model should rely on radiological sighs and not on some training dataset biases. We
understanding of what happens when a network does propose to build, train and constrain a monotonic classifier, which has some intrinsic explicability properties, such that its decision
not work as expected and hinders its use in critical fields is based on relevant radiological structures in an unsupervised way. The trained network can be used for interpretable classification
like medicine, which require transparency of decisions. consistent with high-level clinical knowledge but also as weakly-supervised pathology segmentation network.
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We design the architecture described in Figure 1. The interpretable features space benefits from several  \we show that using positive weights strongly \
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Figure 1: Overall architecture Monotonic: 3a > 0 - Classification healthy (0) / pathological (1)
Figure 2: Counterfactual difference generation - Negative heathy features f; <0
* Building - Similar distribution of the negative characteristics of the two classes D(fy neg) = D(f1_neg)
For the M network, weights are parameterized to be positive, we remove biases, use convex activations  _ s o dient regularization for healthy class : 9o
(r(x)) on half of the features and concave (-r(-x)) on the other half and remove normalization layers. 9fo
RESUITS: TRAINING  ° Variance preservation after initialization Task e T o e o
The proposed initialization allows a unit variance in the whole network Healt.hy v$ tumors 1.00 1.00 0.98 1.00
o T whereas, with Kaiming [1] initialization, the variance increases with the layers Single Cell / / 0.83 0.92
7/ A i , ’ : o o, MedNIST 1.00 1.00 NaN 0.98
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. 6 10.0 the variance tends towards infinity with Kaiming.
%_1 ﬁ - e Classification Table 1: Classification accuracy.
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2 - With obtain similar classification performances on various tasks with both initialization for
§ \wm W | Figure 4: Features standard deviation standard networks (Table 1). For monotonic networks, only small architectures can be
5 0 0 150 o5 1 15 2 2 gs g function of the depth in a trained with Kaiming initialization due to the variance issue. Replacing a network by its
(a) Non-monotonic (b) Monotonic ResNet152. monotonic counterpart does not degrade the classification performances.

RESULTS: SEGMENTATION

* More readable counterfactual examples

We use the counterfactual difference a of Figure 2 to interpret our network
(Figure 5). The experiments shows that the difference is focused on the tumor
even if it is not the case for the features. With the non-negative network, this
difference is more readable as it is positive, compared to a standard network
(Baseline in Figure 6) or standard constrained network (BaselineC).

Ross Baseline BaselineC

MRI

Silva-Rodriguez Wargnier-Dau.

E0DAsEC Figure 5: Interpretable features (top) and corresponding counterfactual difference a (bottom) for
the proposed method. Tumor is in green.

* Interpretable classification and anomaly detection

Our proposition outperforms both interpretable classification (Ross [2], Wargnier-
Dauchelle [3]) and anomaly detection (Silva-Rodriguez [4], AE [5]) state-of-the-art methods
in terms of Dice and AUPRC for tumors segmentation. It reaches perfect classification
performances (Figure 6) .

Dice 0.37 =0.17 0.26 1-0.11 0.48 = 0.20 0.51 +£0.16 0.04 = 0.03 0.04 £+ 0.03 0.56 £ 0.19

AUROC 0.92 0.90 0.80 0.73 0.60 0.66 0.91 Figure 6: State-of-the-art comparison: segmentation maps and metrics. Tumor is in green. Blue
ARs 0'/32 0'}6 (1)'33 (1)'3(5) (1)'(5)(3) (1"83 ‘l"gg represents negative attributions/counterfactual difference and red positive ones. For
TNR / / 1.00 0.95 1.00 1.00 1.00 reconstruction methods, reconstruction error scale is from black to yellow.
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