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Abstract

Explainable Al aims to render model behavior understandable by humans, which can be
seen as an intermediate step in extracting causal relations from correlative patterns. Due
to the high risk of possible fatal decisions in image-based clinical diagnostics, it is nec-
essary to integrate explainable Al into these safety-critical systems. Current explanatory
methods typically assign attribution scores to pixel regions in the input image, indicating
their importance for a model’s decision. However, they fall short when explaining why a
visual feature is used. We propose a framework that utilizes interpretable disentangled
representations for downstream-task prediction. Through visualizing the disentangled rep-
resentations, we enable experts to investigate possible causation effects by leveraging their
domain knowledge. Additionally, we deploy a multi-path attribution mapping for enrich-
ing and validating explanations. We demonstrate the effectiveness of our approach on a
synthetic benchmark suite and two medical datasets. We show that the framework not
only acts as a catalyst for causal relation extraction but also enhances model robustness
by enabling shortcut detection without the need for testing under distribution shifts.
Code available at github.com/IML-DKFZ/m-pax_lib.
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1. Introduction

Deep learning achieved tremendous progress, even in complex areas like medicine. However,
current approaches are prone to over-interpreting statistical correlations as causal relations,
which can lead to fatal decision-making (Holzinger and Miiller, 2021). A common issue is
the over-reliance on correlations. When a model learns spurious correlation to exploit a
shortcut, it elicits a loss of generalization (Geirhos et al., 2020). This has a negative impact
on the performance under distribution-shifts. Particularly in medical image analysis, it is
essential for models to be robust to changes in acquisition protocol, device, or population
distribution, thus test sets containing distribution-shifts are required to evaluate a model
prior to application. In practice, however, potential distribution shifts are often either
unknown or comprehensive test data is missing.
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Explainable AT (XAI) can enable domain experts to detect and prevent shortcut learning
without the need for additional test data. Specifically, XAl is applied to make predictions
human-understandable, enabling manual extraction of causal relations from correlative pat-
terns (Scholkopf, 2019). Since directly modeling causal relations is still in a preliminary
stage, XAl serves currently as an intermediate step. By applying explanatory methods,
one can qualitatively investigate whether the underlying model relies on medically relevant
features rather than shortcuts, and is therefore capable of generalizing beyond the training
data. To give an example, DeGrave et al. (2021) used explanatory methods to demonstrate
that recent deep learning systems detecting COVID-19 from chest radiographs rely on spu-
rious correlation, rendering a well-performing model in the lab useless for application in the
field. However, current explanatory methods typically provide explanations by means of
visual heatmaps as overlays to the input image but lack the important information of why a
pixel region in the image is used. Causal statements about semantically meaningful features
in the image are hard to discriminate simply in the pixel space, e.g. “color” and “size” of a
red circle, and thus need to be separated to extract the distinctive effects into the prediction.

Our Approach — We propose a framework that improves interpretability through learning
disentangled latent representations (Locatello et al., 2019), capturing semantically mean-
ingful features. We enable the exploratory analysis of the disentangled representations
through visual explanations that can be assessed based on expert domain knowledge. The
captured information is validated and enriched through the application of attribution-based
explanatory methods, not only to the original image but also to the disentangled represen-
tation. This greatly increases model interpretability but also allows for both the detection
of shortcuts that are disentangled in the latent feature space and their use in downstream
task prediction. Based on experiments with synthetic and medical datasets, we demon-
strate that the proposed framework (1) catalyzes more informative causality statements
than classical saliency-maps, (2) facilitates qualitative detection of shortcut learning, and
(3) enables verification of model generalization, all combined and in an interactive setting.

Related Work — In disentangled representation learning in the medical domain, Sarhan
et al. (2019) applied adversarial autoencoders to skin lesion images, successfully capturing
the size, eccentricity, and skin color as latent features. Further, Chartsias et al. (2019)
applied a spatial decomposition network (SDNet), encoding spatial anatomical factors and
non-spatial modality factors in cardiac images successfully and improving downstream task
performance to a level that matches supervised models. Attribution methods have been
used to visually inspect the pixel importance in the inference stage to detect shortcut fea-
tures in medical images (DeGrave et al., 2021), but the use of attribution methods in latent
representations in this setting has not been studied. Recently, Creager et al. (2019) have
proposed that these should be explicitly modeled, but an inherent drawback is it requires
a highly curated dataset that has labels for these biased variables, when these biases may
not even be clear before model deployment.
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Figure 1: Framework map with all three attribution paths. The maximum-a-posteriori
estimate (here since all latent distributions are normal) of the latent features is used for
downstream prediction and all attribution computations.
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2. Methodology

Our framework is based on an architecture containing an unsupervised trained encoder,
producing disentangled representations, and a multilayer perceptron (MLP) head for su-
pervised downstream task prediction. By visually inspecting samples generated through
traversing the individual dimensions of the latent space and decoding them, we can identify
their captured effect and consistency across the data. The simple, yet effective framework
provides an innovative extension of interpretability of image-based decision-making by com-
bining the following three attribution paths (see Figure 1): (1) The classical attribution of
the original image into the prediction (Image-into-Prediction: Arp). However, this path
does not always explain why or how a certain feature was used. (2) We aim to reveal
this hidden information through computing the attribution of the latent features into the
prediction (Latent-into-Prediction: Arp). (3) Finally, by computing the attribution of the
original image into the latent features (Image-into-Latent: Ajr), it is possible to verify that
the interpreted captured effect of a latent feature overlaps with its anticipated feature in the
original image. Ultimately, by enabling expert knowledge integration it is possible to make
use of the disentangled structure in the latent representation and the multipath-attribution
mappings, to identify shortcut features.

Disentangled Representation — The encoder of the framework is based on a Varia-
tional Autoencoder (VAE) related method (Kingma and Welling, 2014), which models a set
of latent generative features, z 2 RM, with the intent of approximating the true data gener-
ating distribution P( jv) through a modeled distribution parameterized by . In particular,
an encoder that achieves a disentangled representation can be defined as one that models
0g(2zjx), with x 2 R as an input image, such that every single latent feature z; is sensitive
to changes from a single generative factor, whilst preserving its invariance to changes in
the other generative factors (Locatello et al., 2019). The ground truth latent factors v are
known only for synthetic datasets, excluding the quantitative assessment of disentanglement
for real-world datasets. To better approximate a disentangled representation, the -VAE
(Higgins et al., 2017) modifies the original VAE-loss:

LG 5 5 ) = Eq oy [log (Po (X§2))] KL(g (2]X) kp (2)); (1)
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where the rst term corresponds to a \reconstruction loss" and the second term to how well
g (zjx) approximates the prior p(z). Larger values of the hyperparameter promote better
approximations. In particular, by choosing the prior as an iéotropic multimodal Gaussian,
p(z) = N(;I ), the KL-divergence becomesKL (g (zjx)k ", p(z)) and increasing en-
couragesz (zjx) to take the form of disentangled codes (Higgins et al., 2017). Our
methodology for optimizing this loss then follows Chen et al. (2018), which shows that the
KL-term can be decomposed into the index-code mutual information between the original
data and the latent variables under the empirical data distribution q (z;x), the total cor-
relation of z, and the dimension-wise KL-Divergence. They isolated the total correlation
as the source responsible for disentangled representations, without the side e ect of greatly
decreasing the reconstruction performance:

B [KL (a (zjx) kp(2))] = )M
KL(q (zx)ka (z)p(x))+ KL(q (20k g (z))+  KL(q (z)kp(z): (2

i i
Attribution Methods { Sundararajan et al. (2017) de ned attribution methods as

function to be explained, in our case a neural network. For each of thé dimensions, there
is an attribution & measuring the contribution of x; into the prediction based onf (). In
particular, we use Shapley value approximating methods and perturbation-based methods,
to compare the explanations and failure modes of the two. Shapley values are based on
cooperative game theory notion, and they ful Il a desirable set of axioms for attribution
methods (Lundberg and Lee, 2017). Perturbation methods perturb the input and measure
its e ect on the prediction output. We tested several methods and subsequently settled
on expected gradients (EG) (Erion et al., 2019) and occlusion maps (OM) (Zeiler and Fer-
gus, 2013). While EG approximates Shapley values through pixel-based attribution with
the advantage of not requiring a baseline value, OM uses perturbations and kernel-based
attribution with a dataset-dependent baseline value (see Appendix A for more details).

3. Experiments

In this section, we will qualitatively evaluate the proposed framework on one synthetic
dataset based on MNIST as a proof-of-concept (POC) and two medical imaging datasets.
The synthetic dataset is generated by the diagnostic vision benchmark suite (DiagViB-6)
(Eulig et al., 2021), introducing a shortcut with three di erent levels of generalization op-
portunities. For the POC, we will rst prove on the original MNIST that we can produce
and validate an interpretable latent space. Second, we use the synthetic dataset to show
how the framework utilizes the latent space to reveal model behavior, generalization oppor-
tunities, and learned shortcuts. For every dataset, we compare the classical attribution to
the multipath-attribution-based interpretation. Positive-negative attribution is visualized

in red-blue and absolute in purple. We refer to Appendix A for the detailed con gurations
of each experiment.
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Figure 2: Original Image with A;p, disentangled latent features and selected,_ (for all
AL see Appendix H). For visualization reasons in two cases Integrated Gradient (IG) was
chosen.

Synthetic Benchmark Suite with Handwritten Digits { We use DiagViB-6 to gen-
erate three datasets with 100% correlation between the hue and the three prediction target
numbers. Then we introduce for each dataset a di erent amount of generalization opportu-
nities containing respectively 0% (ZGO), 5% (FGO.05), and 20% (FGO_20) correlation with
the remaining features, including the other hue levels. The discrete data-generating feature
that controls the position was removed, since it contradicts the continuity assumption of
the latent dimension in  -VAE settings and prevents the disentangling of this feature.
Using MNIST, Figure 2 shows on the left the attribution A;p of the original image
into the predicted output. From the attribution map, we gather that the model not only
captures shape but also uses the space left and right to the center of the number to classify it.
The narrow midsection is almost unique to the \eight" digit and is an informative feature
to distinguish it from similar-looking digits, like \zero" or \nine". More well-informed
interpretations based on this classical attribution map are limited since it is impossible to
reason why a feature is used, e.g., a line could be used due to its curvature or its thickness.
To make these interpretations we rst encode and then sample from the disentangled
latent features (Figure 2, center). This allows to visually identify the independent latent
features, e.g.,zo controlling the thickness, z4 distinguishing between round and line, andz;g
changing the tilt from left to right-leaning. The semantic content encoded in these features
is consistent across all images. Features; and zg are collapsed and control nothing. Other
latent features depend on the input image. Then, the semantic content of the independent
features can bevalidated by using attribution A, (Figure 2, right). For example, in latent
feature z,, controlling the thickness, the encoder gives positive attribution to all white parts
of the number and negative attribution to empty areas around it. For feature z4, the encoder
gives positive attribution to white pixels laying in the center vertical line and negative to
the surrounding area. And for feature z;o, the encoder attributes an \X" shaped mask,
with positive attribution from white pixels laying on the inclining line going from the lower
left to the top right and negative attribution from the other. All these attributions are
consistent with the latent features: larger values inz, result in increased thickness, inz, in
a line-like, and in z19 in a right-leaning number.
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We can also gather insights from the disentangled latent space to reveal the presence of
shortcuts and how the model learns to generalize. In Figure 6 (Appendix C) on the left,
we visualize the original image together with the attribution into the prediction A;p . Here
the model detects the digit or hue. Figure 6 on the right shows the encoded latent features
of the original image from the ZGO data. Since no other feature correlates with the digit,
the model disentangled it together with the hue in z;. Only z; and z, capture to a small
extent the di erence between the digits zero and two. All other dimensions are to a large
extent collapsed.

Figure 6 shows in the center the attribution of the latent features into the predictions
(ALp ). The concept of the plot is explained in Appendix B. Indeed, we observe for ZGO that
the model only usesz;, and to a minimal extent z; and z,, to make a prediction. Thus, the
model is not capable of generalizing, since it acts fully based on the shortcut. When increas-
ing the amount of generalization opportunities in the data, the encoder captures them in the
latent features and the head is able to use them for prediction. In summary, we showed that
the multi-path attributions rst verify the interpretable representations and second utilize
them to reveal that the model not only exclusively relies on the shortcut, but also learns
to generalize when given the opportunities. Quantitative evaluation is given in Appendix G.

OCT Retina Scans{  The University of California San Diego (UCSD) OCT retina dataset

by Kermany et al. (2018) contains healthy and ill patients with one of three diseases: DME,
Drusen, or CNV. When observing the vertical cuts of the retina, e.g., in Figure 3, multi-

layered tissues can be identi ed. At the top are the inner retinal layers, in the middle are
the white outer retinal layers, and blurry at the bottom is the choroid layer.

Figure 3 on the left shows the retina cross-section of a healthy patient. In both attribu-
tion maps below (Ap ), it is noticeable that the model is focusing on the outer retina layer.
But EG also attributes to the top and bottom of the image, indicating that the missing-
ness of a feature at these positions is also important to the model. Many OCT scans have
trimcuts that can be used to identify the patient and act as ashortcut (see Appendix F).
The latent features in the center show that the trimcuts were disentangled in featurezs
(connected to the rotation) and less prominently in z1, which captures many other features
in the image besides the trimcut.

Following the A p attribution plot at the right of Figure 3, the most important latent
features for the head arez, and z3. While z, controls the saturation of the outer retinal
layer, transversing from blurry gray to sharp white, z3 controls the curvature of the retina
transversing from downwards to upwards bend. The outer retinal layer plays an important
role in determining a healthy patient, as already observed in the classical attribution map
Ap , but we can now assume that it is due to its saturation and curvature. Verifying these
interpretations, the OM for A, in Figure 3 to the right shows that for latent feature z,
the model indeed focuses on the outer retinal layer, allocating positive attribution, and
indicating a saturated outer retinal layer. In the OM for feature zz, the positive attribution
occurs as an upward bend and the negative as a downward bend. Since negative and positive
attribution is present to the same extent, it can be assumed that both cancel out and the
encoder is detecting it is a at retina. The A p attribution plot in Figure 3 shows that
the at retina gives positive attribution to the normal and DME state, distinguishing both
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Figure 3: From left to right: Original image with Ap, latent feature traversals, A;. and
A|_p .

from Drusen and CNV. In fact, CNV is mainly characterized by occlusions and Drusen by
small hardenings in the outer retinal layer, both leading to a misshaped retina.

In summary, the framework not only disentangles a possible shortcut and enhances in-
terpretability by explaining why the outer retinal layer is used for prediction. But also
corrects a wrong interpretation based on the classical attribution map, indicating that the
trimcuts are used as shortcuts, although they are not used in downstream task prediction.
Such a misinterpretation could lead to wrong data preprocessing through, e.g., center crop-
ping the images and impacting model performance, possibly resulting in a wrong diagnosis.

Skin Lesion Images {  The International Skin Imaging Collaboration (ISIC) 2019 dataset
(Tschandl et al., 2018; Codella et al., 2017; Combalia et al., 2019) contains dermoscopic
images with nine di erent diagnostic categories. Figure 4 on the left shows a melanocytic
nevus (NV) diagnosed image, commonly known as a mole. When observing both attribu-
tion maps for A;p below, the attribution is almost equally distributed across the image.
Concentrations on exact locations can only be observed weakly. Based on this classical
attribution map, very limited interpretation can be made, as the model focuses on global
information in the image.

When visualizing the latent features, features of the skin lesion such as sizezy() or
color (z7) and skin-related features such as its brightnesszs) are disentangled. The OM
AL attribution maps for zs and zy1g reveal relatively large areas of negative attribution into
both features, validating that the mole in the image is comparatively large and on light skin.
However, the A p attribution plot on the right exposes that the model is totally o with
its prediction. Skin brightness and size are the two features misleading the model most,
resulting in a wrong prediction of melanoma (MEL). Both types are closely related since
MEL can grow from an individual NV mole. While NV is a harmless skin lesion, MEL is a
skin cancer and has to be removed. If one of them is a shortcut has to be determined by
an expert. In summary, the framework enables interpretability where classical attribution
maps are uninformative, disentangles possible shortcuts, and explains why a model fails. It
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