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A B S T R A C T

We present a novel technique to discover and exploit weak causal signals directly from images via neural
networks for classification purposes. This way, we model how the presence of a feature in one part of the
image affects the appearance of another feature in a different part of the image. Our method consists of a
convolutional neural network backbone and a causality-factors extractor module, which computes weights to
enhance each feature map according to its causal influence in the scene. We develop different architecture
variants and empirically evaluate all the models on two public datasets of prostate MRI images and breast
histopathology slides for cancer diagnosis. We study the effectiveness of our module both in fully-supervised
and few-shot learning, we assess its addition to existing attention-based solutions, we conduct ablation
studies, and investigate the explainability of our models via class activation maps. Our findings show that
our lightweight block extracts meaningful information and improves the overall classification, together with
producing more robust predictions that focus on relevant parts of the image. That is crucial in medical imaging,
where accurate and reliable classifications are essential for effective diagnosis and treatment planning.
1. Introduction

Automatic diagnosis models from medical data can potentially
transform how patients are treated, especially in oncology. They could
reduce the need for invasive tests and increase the likelihood of
successful outcomes for the most severe cases. In this regard, some
successful examples of machine learning (ML) systems for medical
diagnosis exist, such as colon cancer diagnosis from gene expression
profiling data (Su et al., 2022), diagnosis of neurological diseases using
voice data (Wroge et al., 2018), and identification of patients with
pulmonary hypertension using electronic health records (Kogan et al.,
2023).

In recent years, the concepts of causal inference and causal reason-
ing have received increasing attention across the Artificial Intelligence
(AI) community. This trend began with the very first work of the com-
puter scientist Judea Pearl on Bayesian networks and the mathematical
formalization of causality, which enabled the creation of computational
systems that can automatically model causality (Pearl, 1985, 2009;
Pearl & Mackenzie, 2018). Today, we have inspiring examples of the
integration of causality into the ML community (Luo, Peng, & Ma, 2020;
Schölkopf, 2022) and the deep learning research (Berrevoets, Kacprzyk,
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Qian, & van der Schaar, 2023), with extensions to causal representa-
tion learning (Schölkopf, Locatello, Bauer, Ke, Kalchbrenner, Goyal,
& Bengio, 2021), causal discovery under distribution shifts (Perry,
Von Kügelgen, & Schölkopf, 2022) and with incomplete data (Wang,
Menkovski, Wang, Du, & Pechenizkiy, 2020). Unfortunately, this line
of research has always had in common the fact that the processed data
are tabular, structured, not always real but simulated, and very often
accompanied by a priori information about the process that generated
them.

Unlike tabular data, when it comes to images, their representation
does not include any explicit indications regarding objects or patterns.
Instead, individual pixels are used to convey a particular scene visu-
ally, and image datasets do not usually provide labels describing the
objects’ dispositions. Additionally, unlike video frames, a single image
cannot reveal the dynamics of the appearance and change of objects
in a scene. These critical issues could explain why images have been
neglected by research on the tabular causal discovery, where instead,
there are established algorithms (Chickering, 2002; Spirtes & Glymour,
1991; Spirtes, Glymour, & Scheines, 2000). A particular case would
be discovering hidden causalities among objects in an image dataset,
as suggested by Terziyan and Vitko (2023), who conceive a way to
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compute possible causal relationships within images. Although the idea
is compelling, that work is preliminary, and a thorough investigation
of the effectiveness of their method is lacking.

In our work, we intervene in this lack and propose a way to discover
and exploit weak causal signals within images without requiring prior
knowledge and use them to enhance convolutional neural network
(CNN) classifiers. By combining a regular CNN with the proposed
causality-factors extraction module, we present a new scheme based
on feature map enhancement to enable ‘‘causality-driven’’ CNNs. This
way, we weight each feature map according to its causal influence in
the scene, in an attention-inspired fashion. We frame our system as
an automatic diagnosis model from medical images since we study the
efficacy of the proposed methods with extensive empirical evaluations
on publicly available datasets of MRI images and histopathology slides.
We study the effectiveness of our module both in fully-supervised
and few-shot learning regimes, investigate its integration with exist-
ing attention-based solutions, and conduct ablation studies. Besides
investigating the quantitative aspect, we also explored the concept of
explainability of AI in our evaluation. The results on class activation
maps demonstrate that our method improves classification and pro-
duces more robust predictions by focusing on the relevant parts of the
image, thus enhancing reliability, trustworthiness, and user confidence.

Our paper is structured as follows. First, in Section 2, we provide
the concepts behind the causal signals’ interpretation in images. Then,
we start Section 3 by describing the novelty of our work, namely the
methodological framework and the causality-factors extractor module
we introduced. We also illustrate the datasets, the training scheme, and
the evaluation details. Later, we present our main results in Section 4,
explore the significance of our findings in the general discussion in
Section 5, and pull the threads in Section 6.

2. Causality signals in images

Lopez-Paz, Nishihara, Chintala, Scholkopf, and Bottou (2017) pro-
pose the idea of ‘‘causal disposition’’ as a simple way to understand the
hidden causes in images instead of using the methods of do-calculus and
causal graphs from Pearl’s framework (Pearl, 2009; Pearl & Mackenzie,
2018). In their view, by counting the number 𝐶(𝐴,𝐵) of images in
which the causal dispositions of artifacts 𝐴 and 𝐵 are such that 𝐵
isappears if one removes 𝐴, one can assume that artifact 𝐴 causes
he presence of artifact 𝐵 when 𝐶(𝐴,𝐵) is greater than the converse
𝐶(𝐵,𝐴). For instance, they argue that the presence of a car causes the
presence of a wheel, but not the other way around, because removing
the car would make the wheel disappear, but removing the wheel
would not make the car disappear. By studying such asymmetries, the
authors find the causal direction between pairs of random variables
representing features of objects and their contexts in images. Although
the causal disposition concept is more primitive than the interventional
approach, it could be the only way to proceed with limited a priori
information. This concept leads to the intuition that any causal dis-
position induces a set of asymmetric causal relationships between the
artifacts from an image (features, object categories, etc.) that represent
(weak) causality signals regarding the real-world scene. A point of
contact with machine vision systems would be to automatically infer
such asymmetries from an observed image dataset.

Terziyan and Vitko (2023) suggest a way to compute estimates for
possible causal relationships within images via CNNs. CNNs obtain the
essential features required for classification not directly from the pixel
representation of the input image but through a series of convolution
and pooling operations designed to capture meaningful features from
the image. Convolution layers are responsible for summarizing the
presence of specific features in the image and generating a set of feature
maps accordingly. Pooling consolidates the presence of particular fea-
tures within groups of neighboring pixels in square-shaped sub-regions
of the feature map. When a feature map 𝐹 𝑖 contains only non-negative
numbers (e.g., thanks to ReLU functions) and is normalized in the
2
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interval [0, 1], we can interpret its values as probabilities of that feature
to be present in a specific location. For instance, 𝐹 𝑖

𝑟,𝑐 is the probability
that the feature 𝑖 is recognized at coordinates 𝑟, 𝑐. By assuming that the
last convolutional layer outputs and localizes to some extent the object-
like features, we may modify the architecture of a CNN such that the
𝑛× 𝑛 feature maps (𝐹 1, 𝐹 2,…𝐹 𝑘) obtained from that layer got fed into
a new module that computes pairwise conditional probabilities of the
feature maps. The resulting 𝑘 × 𝑘 map would represent the causality
estimates for the features and be called causality map. Given a pair of
feature maps 𝐹 𝑖 and 𝐹 𝑗 and the formulation that connects conditional
probability with joint probability, 𝑃 (𝐹 𝑖

|𝐹 𝑗 ) = 𝑃 (𝐹 𝑖 ,𝐹 𝑗 )
𝑃 (𝐹 𝑗 ) , Terziyan and

Vitko (2023) suggest to heuristically estimate this quantity by adopting
two possible methods, namely Max and Lehmer. The Max method
considers the joint probability to be the maximal presence of both
features in the image (each one in its location):

𝑃 (𝐹 𝑖
|𝐹 𝑗 ) =

(max𝑟,𝑐 𝐹 𝑖
𝑟,𝑐 ) ⋅ (max𝑟,𝑐 𝐹

𝑗
𝑟,𝑐 )

∑

𝑟,𝑐 𝐹
𝑗
𝑟,𝑐

(1)

On the other hand, the Lehmer method entails computing

(𝐹 𝑖
|𝐹 𝑗 )𝑝 =

𝐿𝑀𝑝(𝐹 𝑖 × 𝐹 𝑗 )
𝐿𝑀𝑝(𝐹 𝑗 )

(2)

where 𝐹 𝑖 × 𝐹 𝑗 is a vector of 𝑛4 pairwise multiplications between each
lement of the two 𝑛 × 𝑛 feature maps, while 𝐿𝑀𝑝 is the generalized

Lehmer mean function (Bullen, 2003) with parameter 𝑝, which is an
alternative to power means for interpolating between minimum and
maximum of a vector 𝑥 via harmonic mean (𝑝 = −1), arithmetic mean
(𝑝 = 0), and contraharmonic mean (𝑝 = 1): 𝐿𝑀𝑝(𝑥) =

∑𝑛
𝑘=1 𝑥

𝑝+1
𝑘

∑𝑛
𝑘=1 𝑥

𝑝
𝑘

. Eqs. (1)
and (2) could be used to estimate asymmetric causal relationships
between features 𝐹 𝑖 and 𝐹 𝑗 , since, in general, 𝑃 (𝐹 𝑖

|𝐹 𝑗 ) ≠ 𝑃 (𝐹 𝑗
|𝐹 𝑖).

y computing these quantities for every pair 𝑖 and 𝑗 of the 𝑘 feature
aps, the 𝑘×𝑘 causality map is obtained. We interpret asymmetries in

uch probability estimates as weak causality signals between features,
s they provide some information on the cause–effect of the appearance
f a feature in one place of the image, given the presence of another
eature within some other places of the image. Accordingly, a feature
ay be deemed to be the reason for another feature when 𝑃 (𝐹 𝑖

|𝐹 𝑗 ) >
(𝐹 𝑗

|𝐹 𝑖), that is (𝐹 𝑖 → 𝐹 𝑗), and vice versa. As an example, Fig. 1
epicts a causality map to give a visual interpretation of this concept.

In this work, we integrate a regular CNN with a new causality-
xtraction module to explore the features and causal relationships
etween them extracted during training. The previous work that in-
pired us (Terziyan & Vitko, 2023) is preliminary, and we introduce

novel attention-like scheme based on feature maps enhancement
o enable ‘‘causality-driven’’ CNNs, providing an extensive empirical
valuation of the impact of this new introduction on real data. We
ypothesize that it would be possible and reasonable to get some weak
ausality signals from the individual images of some medical datasets
ithout adding primary expert knowledge and leverage them to better
uide the learning phase. Ultimately, a model trained in such a manner
ould exploit weak causal dispositions of objects in the image scene to
istinguish the tumor status of a medical image.

. Material and methods

.1. Embedding causality into CNNs

Usually, a CNN performs image classification based on the final set
f (flattened) 𝑛 × 𝑛 × 𝑘 feature maps obtained just before the dense
ayers that constitute the classifier. In the following, we describe how
he architecture of such a regular CNN (baseline) might be modified to
ake the classifier consider the information entailed in the estimated

ausality map.
Feature concatenation is a basic (yet popular) way to embed ad-
itional information in CNNs. Indeed, by concatenating the flattened
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Fig. 1. Zoomed-in visualizations of a sample causality map computed with Eq. (1) on 512 feature maps extracted from an input image. (a) 512 × 512 original causality map; (b)
256 × 256 zoom-in of (a); (c) 64 × 64 zoom-in of (b), where dashed circles indicate exemplar elements and their corresponding elements opposite the main diagonal, representing
conditional asymmetries of the type 𝑃 (𝐹 𝑖

|𝐹 𝑗 ) ≠ 𝑃 (𝐹 𝑗
|𝐹 𝑖). We can see that, for instance, 𝑃 (𝐹 25

|𝐹 13) > 𝑃 (𝐹 13
|𝐹 25), that is 𝐹 25 → 𝐹 13, and 𝑃 (𝐹 45

|𝐹 40) > 𝑃 (𝐹 40
|𝐹 45), that is 𝐹 45 → 𝐹 40.
Fig. 2. Overview of the different settings investigated in this work: Baseline, Cat, and the proposed Mulcat. Assuming 𝑘 = 6 feature maps as an example, the tensor F of feature
maps that are obtained from a CNN just before the classifier can be either flattened and used as they are (Option baseline) or can be leveraged to compute the causality map C
via the Max or Lehmer method. Once obtained, C can be flattened as well and concatenated to the feature maps (Option Cat) or fed to our proposed causality factors extractor
(see Fig. 3) to implement the Option Mulcat. The latter produces a vector of causality factors that weighs the feature maps obtaining a causality-driven version of them, which is
then concatenated to the original ones and fed to the classifier. Weighing mode m and causality direction d are two external signals used to tune the functioning of the system.
causality map to the flattened set of feature maps just before the classi-
fier, Terziyan and Vitko (2023) let the CNN learn how these causality
estimates influence image classification. That means that in addition to
the 𝑛×𝑛×𝑘 features, the fully connected layers of the classifier will now
have a 𝑘 × 𝑘 input, and the weights for the corresponding connections
(i.e., actual causality influences) will be learned by back-propagation
the same way as other neural network parameters. We will call this
method the Cat (concatenate) option (see the magenta box in Fig. 2).

Alternatively, one could enhance or penalize parts of the existing
information according to the newly gained one. Our proposition here
is a new way to exploit the causality map: this time, it is used to
3

compute a vector of causality factors that multiply (i.e., weighs) the
feature maps so that each feature map is strengthened according to
its causal influence within the image’s scene. After multiplication, the
obtained causality-driven version of the feature maps is flattened and
concatenated to the flattened original ones, producing a 2 × 𝑛 × 𝑛 × 𝑘
input to the classifier. We will call this method the Mulcat (multiply
and concatenate) option (see the green box in Fig. 2).

At the core of the Mulcat option stands our causality factors extractor
module, which yields the vector of weights needed to multiply the
feature maps (see Fig. 3). The main idea here is to look for asymmetries
between elements opposite the main diagonal of the causality map,
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Fig. 3. The internals of the proposed causality factors extractor block of Fig. 2 given an example causality map. Cyan squares in the causality map indicate whether the probability
value of one element is greater than its element opposite the main diagonal. The causes box shows how the causality map is processed row-wise for each feature map: the number
of times that feature is a cause of another feature is registered. Similarly, the effects box shows how the causality map is processed column-wise for each feature map. Before
being summed element-wise, those two vectors are either passed as they are or the sign of their elements is reversed according to the causality direction d. The obtained vector
is rectified and then returned as it is or passed through boolean filtering depending on the weighing mode m.
as they represent conditional asymmetries entailing possible cause–
effect relationships (e.g., Fig. 1). Indeed, some features may be more
often found on the left side of the arrow (i.e., 𝐹 →) than on the right
side (i.e., → 𝐹 ). Accordingly, the 2D causality map is processed row-
wise and column-wise. In the former case, we register the number of
times each feature map 𝐹 𝑖 was found to cause another feature map 𝐹 𝑗 ,
that is, 𝑃 (𝐹 𝑖

|𝐹 𝑗 ) > 𝑃 (𝐹 𝑗
|𝐹 𝑖). This way, we obtain a vector of values

that quantify how much those feature maps can be called "causes’’.
Conversely, in the column-wise processing, we register the number of
times each feature map 𝐹 𝑗 was found to be caused by another feature
map 𝐹 𝑖, obtaining a vector of values that quantify how much the
feature maps can be deemed "effects’’.

At this point, we propose two variants to the model’s functioning.
We allow an external signal 𝐝 to represent the causality direction of
analysis, which can be either causes or effects. When d = causes, the
vector of causes (obtained row-wise) is not altered, while the sign is
changed to the elements of the effects vector (obtained column-wise).
Hence, as those two vectors enter a summation point, the difference
between causes and effects is obtained as the weight vector. On the
other hand, when d = effects, the vector of effects is not altered, while
it is to the vector of causes that the sign is changed. Therefore, the
difference between effects and causes is obtained at the summation
point. As a result, the obtained weight vector is rectified to set any
negative elements to zero.

In addition, we conceive two variants of the model controlled by
another external signal m, that represents the weighing mode and can
be one of:

• full. The vector of non-negative causality factors is left at its
full count, being returned as it is. As a result of this choice, the
model weighs features more according to their causal importance
(a feature that is cause 10 times more than another receives 10
times more weight).

• bool. The factors undergo boolean thresholding where all the
non-zero factors are assigned a new weight of 1 and 0 otherwise.
As a result, this choice is more conservative and assigns all
features that are most often causes the same weight.
4

In the following sections, we describe the data used for our empirical
evaluations, the different types of model architectures we utilized, and
the implementation details of the training process.

3.2. Datasets

To validate our proposed methods, we utilized multiple publicly
available medical imaging datasets. To begin with, we exploited the
Breast cancer Histopathological Image (BreakHis) dataset (Spanhol,
Oliveira, Petitjean, & Heutte, 2015). On the other hand, we used
the dataset from the PI-CAI challenge (Saha et al., 2023), comprising
multi-parametric MRI (mpMRI) acquisitions of the prostate.

3.2.1. BreakHis dataset
The dataset has 7909 microscopic images of breast tumor tissues

aggregated from 82 subjects at magnification levels of 40, 100, 200, and
400. There are eight classes in this dataset, namely adenosis, tubular
adenoma, fibroadenoma, phyllodes tumor, papillary carcinoma, lobular
carcinoma, mucinous carcinoma, and ductal carcinoma. In addition,
a binary classification was provided, namely, benign and malignant
lesions. In particular, the first four classes represent benign lesions,
while the last four represent malignant lesions. We considered the
images with a magnification level of 400 for a total of 1819 images. We
split this dataset into training (1235 images), validation (218 images),
and test (366 images) sets, ensuring class balancing according to the
binary classification, i.e., benign and malignant.

In this study, we utilize the processed version of the BreakHis
dataset, curated by Pereira (2023) to be used in ML tasks. Indeed,
the original images were resized to 224 × 224 pixels and organized
according to binary and multiclass classification tasks. We further resize
the images to a consistent 128 × 128 pixel matrix. Some samples from
the utilized dataset are presented in Fig. 4.

3.2.2. PI-CAI dataset
From the available 1500 acquisitions, we only selected T2-weighted

(T2w) images. Within this cohort of patients and respective scans, some
cases did not have any tumors (i.e., they had no biopsy examination),
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Fig. 4. Some benign and malignant samples from the utilized BreakHis dataset.
while others had cancer lesions. For each of the latter, the dataset
contained biopsy reports expressing the severity as Gleason Score (GS).
In anatomopathology, a GS of 1 to 5 is assigned to the two most
common patterns in the biopsy specimen based on the cancer severity.
The two grades are then added together to determine the GS, which can
assume all the combinations of scores from ‘‘1+1’’ to ‘‘5+5’’. Addition-
ally, the dataset included the assigned GS’s group affiliation, defined
by the International Society of Urological Pathology (ISUP) (Egevad,
Delahunt, Srigley, & Samaratunga, 2016), ranging from 1 to 5, which
provides the tumor severity information at a higher granularity level.
In this study, we included both cancerous and no-tumor patients. From
the former case, we only considered lesions with GS ≥ 3+ 4 (ISUP ≥ 2)
and selected only the slices containing lesions by exploiting the expert
annotations of the disease provided in the dataset. For the latter case,
we considered all the available slices. In the end, we obtained a total
number of 4159 images (from 545 patients), with a balanced distribution
over the two classes: 2079 tumor images vs. 2080 no-tumor images. To
constitute our subsets, we divided the available images into training
(2830), validation (515), and testing (814) subsets. During the splitting
process, we ensured patient stratification (i.e., images of the same
patient were grouped to prevent data leakage) and class balancing.

We utilized the provided whole prostate segmentation to extract
the mask centroid for each slice. We then standardized the field of
view (FOV) at 100 mm in both 𝑥 (𝐹𝑂𝑉𝑥) and 𝑦 (𝐹𝑂𝑉𝑦) directions to
ensure consistency across all acquisitions and subsequently cropped
each image based on this value around its centroid. To determine the
number of rows (𝑁𝑟𝑜𝑤𝑠) and columns (𝑁𝑐𝑜𝑙𝑠) corresponding to the fixed
FOV, we utilized the pixel spacing in millimeters along the 𝑥-axis (𝑝𝑥)
and the 𝑦-axis (𝑝𝑦). The relationships used to derive the number of
columns and rows are 𝑁𝑐𝑜𝑙𝑠 = 𝐹𝑂𝑉𝑥

𝑝𝑥 and 𝑁𝑟𝑜𝑤𝑠 = 𝐹𝑂𝑉𝑦
𝑝𝑦 , respectively.

Furthermore, we resized all the images to a uniform matrix size of
96 × 96 pixels to maintain consistent pixel counts. Finally, we per-
formed image normalization using an in-volume method. That involved
calculating the mean and standard deviation of all pixels within the
volume acquisition and normalizing each image based on these values
using the z-score technique. Some samples from the utilized dataset are
presented in Fig. 5.

3.3. Architecture and training

For each dataset, we built different CNN models to automatically
classify input images in the two classes according to their diagnosis
labels under full supervision. As for the architectures, we used the
popular ResNet18 as the backbone for all the causality-driven models.
To handle images of different sizes in image recognition, many common
architectures use an adaptive average pooling layer that outputs a 1 × 1
5

shape before the classifier. It does this by adjusting its parameters (such
as kernel size, stride, and padding) based on the input size. However,
this reduces the dimensionality of the feature maps and ignores their
2D structure, which is needed for finding causalities. Therefore, we
replaced the AdaptiveAvgPool2D layer of the ResNet18 with an identity
layer in our experiments.

As described in Section 3.1, we could integrate the information
of the causality map into the CNN classification in different man-
ners. In this work, we developed six types of models for each dataset
and trained them to test the efficacy of the newly proposed Mulcat
architectures on medical image classification, namely:

• ResNet18. This model is a regular ResNet18 architecture to serve
as a baseline, where we replaced its AdaptiveAvgPool2D layer with
an identity layer. See Fig. 2 (blue box) for a visual representation.

• ResNet18 + Cat. This is a ResNet18 model we modified to embed
the causal information via concatenation as in Terziyan and Vitko
(2023). See Fig. 2 (magenta box) for a visual representation.

• ResNet18 + Mulcat (full, causes). This variant exploits our
causality factors extractor to obtain weights for the feature maps.
In this model, we set the causality direction d = causes and the
weighing mode m = full.

• ResNet18 + Mulcat (bool, causes). It is similar to the previous,
but we set the weighing mode to m = bool.

• ResNet18 + Mulcat (full, effects). This variant turns the way
the set of causality factors is obtained within our causality factors
extractor by setting the causality direction d = causes. We use m
= full in this model.

• ResNet18 + Mulcat (bool, effects). It is analogous to the previ-
ous, but setting the weighing mode to m = bool.

As shown in Fig. 2, the different types of models we investigated
expose the classifier to a different number of input features. Therefore,
the classifier is modified for each type according to the number of new
neurons entering the fully-connected layer.

We optimized the way we computed the causality maps (using
either the Max option (Eq. (1)) or the Lehmer (Eq. (2))) and, for
the Lehmer option, we tried six different values of its parameter
p: [−100,−2,−1, 0, 1, 100]. Consequently, for each dataset, we trained
seven models for each of the five types of causality-driven models,
resulting in 35 causality-driven models plus one baseline model. We
provide the pseudo-code for the algorithms utilized to compute the
causality maps and the proposed causality factors in Algorithm 1 and
Algorithm 2, respectively.

Regarding the training phase, we utilized the cross-entropy loss as
the criterion and Adam as the optimizer, as well as performed data
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Fig. 5. Some no-tumor and cancerous samples from the utilized PI-CAI dataset.
Algorithm 1 Causality map computation
Require: x ← feature maps [𝑘,𝑛,𝑛], 𝐶𝑀 ← computation method,

𝑙𝑒ℎ𝑚𝑒𝑟_𝑝 ← Lehmer mean power.
1: x ← x∕𝑚𝑎𝑥(x) ⊳ Normalize in range [0 − 1] by max activation
2: cmap← 0 ⊳ Size of cmap: [𝑘,𝑘]
3: if 𝐶𝑀 == Max then ⊳ Eq. (1)
4: sumValues← 𝑠𝑢𝑚(𝑓𝑙𝑎𝑡𝑡𝑒𝑛(x), 𝑑𝑖𝑚 = 1) ⊳ Sum values by feature
5: maxValues← 𝑚𝑎𝑥(𝑓𝑙𝑎𝑡𝑡𝑒𝑛(x), 𝑑𝑖𝑚 = 1) ⊳ Max values by feature
6: prod← 𝑜𝑢𝑡𝑒𝑟𝑃 𝑟𝑜𝑑𝑢𝑐𝑡(maxValues,maxValues) ⊳ Numerator of

Eq. (1) for each 𝑖,𝑗
7: cmap← prod∕sumValues
8: else
9: if 𝐶𝑀 == Lehmer then ⊳ Eq. (2)

10: x ← 𝑓𝑙𝑎𝑡𝑡𝑒𝑛(x)
11: crossMat ← 𝑜𝑢𝑡𝑒𝑟𝑃 𝑟𝑜𝑑𝑢𝑐𝑡(x, x) ⊳ Multiply features pairwise
12: num_a ← 𝑠𝑢𝑚(𝑒𝑥𝑝(crossMat, 𝑙𝑒ℎ𝑚𝑒𝑟_𝑝 + 1))
13: num_b ← 𝑠𝑢𝑚(𝑒𝑥𝑝(crossMat, 𝑙𝑒ℎ𝑚𝑒𝑟_𝑝))
14: num ← num_a∕num_b ⊳ Numerator of Eq. (2)
15: den_a ← 𝑠𝑢𝑚(𝑒𝑥𝑝(x, 𝑙𝑒ℎ𝑚𝑒𝑟_𝑝 + 1))
16: den_b ← 𝑠𝑢𝑚(𝑒𝑥𝑝(x, 𝑙𝑒ℎ𝑚𝑒𝑟_𝑝))
17: den← den_a∕den_b ⊳ Denominator of Eq. (2)
18: cmap← num∕den
19: end if
20: end if
21: return cmap

augmentation (random horizontal flip) at training time. We trained the
models for 200 epochs and set up a learning rate (LR) scheduler to
decrease the LR during training. Specifically, the scheduler starts by
multiplying the LR by 1.0 after the first epoch, and then this factor
linearly decreases to 0.1 at epoch 200. As for models’ hyperparameters,
we investigated different values of initial LR (0.01 and 0.001) and of
weight decay (0.01, 0.001, and 0.0001). Accordingly, for each dataset,
we trained the 36 models for each of the six combinations of hyperpa-
rameters and chose the best-performing model on the validation set. To
prevent our results from being biased due to the random processes of
the algorithms, we repeated the entire analysis (216 experiments) four
times with different starting seeds that govern the random processes of
the scripts.

3.4. Quantitative evaluation

During training, we utilized the loss and accuracy obtained by the
models on the validation set to track their evolution during epochs,
selecting the best-performing one once the training phase ended. Then,
we evaluated such selected models on the external never-before-seen
test set and reported their accuracy value. This way, we obtain a quan-
titative metric to compare the baseline architecture, the Cat model, and
our proposed Mulcat architectures.
6

Algorithm 2 Causality factors extraction
Require: x ← feature maps [𝑘,𝑛,𝑛], cmap← causality map [𝑘,𝑘], 𝑑 ←

causality direction, 𝑚 ← weighing mode.
1: triu ← 𝑡𝑟𝑖𝑢(cmap, 𝑑𝑖𝑎𝑔 = 1) ⊳ Upper triangular matrix
2: tril ← 𝑡𝑟𝑖𝑙(cmap, 𝑑𝑖𝑎𝑔 = −1).𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒() ⊳ Lower triangular matrix
3: bool_ij = (𝑡𝑟𝑖𝑙 > 𝑡𝑟𝑖𝑢).𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒()
4: bool_ji = (𝑡𝑟𝑖𝑢 > 𝑡𝑟𝑖𝑙)
5: bool_matrix = bool_ij + bool_ji ⊳ Sum of booleans (OR logic)
6: by_col = 𝑠𝑢𝑚(bool_matrix, 𝑑𝑖𝑚 = 1) ⊳ Obtain the causes view
7: by_row = 𝑠𝑢𝑚(bool_matrix, 𝑑𝑖𝑚 = 0) ⊳ Obtain the effects view
8: if 𝑑 == causes then
9: factors = 𝑅𝑒𝐿𝑈 (by_col − by_row) ⊳ causes minus effects

10: if 𝑚 == full then
11: return factors
12: else
13: if 𝑚 == bool then
14: factors = 1 ∗ (factors > 0) ⊳ Boolean threshold
15: return factors
16: end if
17: end if
18: else
19: if 𝑑 == effects then
20: factors = 𝑅𝑒𝐿𝑈 (by_row − by_col) ⊳ effects minus causes
21: if 𝑚 == full then
22: return factors
23: else
24: if 𝑚 == bool then
25: factors = 1 ∗ (factors > 0) ⊳ Boolean thresholding
26: return factors
27: end if
28: end if
29: end if
30: end if

Ablation studies remove or damage specific components in a con-
trolled setting to investigate all possible outcomes of system failure,
thus understanding the contribution of a component to the overall
system. The ResNet18 (baseline) models already act as the ablation
models for the remaining five types of models. Nevertheless, we wanted
to do more than solely remove components. To gauge the significance
of the values contained in causality maps and causality factors, we
performed an additional test where we distort (i.e., damage) their
information. We call these partially ablated versions of the networks
damaged. Concerning the ResNet18 + Cat option, the only contribu-
tion of the causality map to the classification resides in the flattened
elements that are concatenated to the actual (flattened) feature maps.
Therefore, a natural damaged network for such a setting would be
to create a fictitious causality map filled with random probability
values. We called this model the ResNet18 + Damaged-Cat. On the
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other hand, when it comes to the ResNet18 + Mulcat option, the key
functionality is to extract a vector of meaningful causality factors that
serve as weights to the feature maps. Hence, we created the ResNet18
+ Damaged-Mulcat model, where we modify that vector to weigh
features randomly rather than based on a principled way. This model
comes in two variants according to the possible values of the causality
factors mode, m. Indeed, when m = full, the 1 × 𝑘 vector of causality
factors (i.e., weights) is replaced with a random vector of the same size
with integer values ranging from 0 (a feature map is never cause of
another feature) to 𝑘 − 1 (it is cause of every other feature). Whereas,
when m = bool, the values of the weights are randomly assigned to
either 0 or 1. Since, in this setting, weights are hand-crafted, there is
no need to consider the causality direction used; therefore, the damaged
study we performed is valid for both d = causes and d = effects.

To observe how the different architectures differ in terms of memory
requirements, we track the size of the trained models (in megabytes)
and the number of corresponding parameters (in millions). To compute
the former, we do not want to rely on the file size of the saved models
(e.g., .pth files from PyTorch), as the file might be compressed. In fact,
we calculate the number of parameters and buffers, multiply them by
the element size, and accumulate these numbers.

3.5. Qualitative evaluation

To further investigate the possible benefits of integrating causality
into CNNs for medical image classification, we performed explainable
AI (XAI) experiments on the best-performing model for each type.
Specifically, we aimed to obtain class activation maps (CAM) for the
networks’ decisions in all six types of models in our investigation:
Baseline model, Cat model, Mulcat-full-causes model, Mulcat-bool-
causes model, Mulcat-full-effects model, and Mulcat-bool-effects
model. In all these models we assume ResNet18 as the backbone.
Since investigating the variability of the visual output when changing
the XAI method used is outside the scope of our work, we chose the
popular Grad-CAM method (Selvaraju et al., 2017), implemented in
the pytorch-grad-cam library (Gildenblat & Contributors, 2021). For
the same reason, we selected the last convolutional layer of our ar-
chitectures as the target layer for which we computed the CAM and
performed the analysis with standard parameters. A more systematic
analysis would require investigating the CAM output on all layers of
the CNN and optimizing the smoothing parameters.

To evaluate the quality and robustness of the produced CAMs, we
followed the following criteria for the two datasets:

• BreakHis dataset. To differentiate benign from malignant tu-
mors, pathologists examine breast tissues at different magnifica-
tion levels. Specifically, at 400× magnification level, as the one
used for our experiments, they analyze cytological features, such
as shape and size of the nuclei, hyperchromatic nuclei, mitotic
cells, and prominent nuclei (Young, O’Dowd, & Woodford, 2013).
To highlight cell nuclei, they employ Hematoxylin and Eosin
stains, which make the nuclei appear dark purple or blue, while
the other structures appear in shades of pink, red, and orange (He,
Long, Antani, & Thoma, 2012). For these reasons, we considered
good explanations, the ones that focus on regions containing the
dark purple/blue structures assumed as the nuclei of the cells.

• PI-CAI dataset. Based on the classification task, we consid-
ered explanations focusing on discriminative regions of the MRI
(e.g., prostate gland area) to be better. In contrast, we considered
explanations focusing on other structures, such as the rectum,
bladder, or lateral muscle bundles, to be of lower quality and
robustness.
7

3.6. Additional experiments

We conducted additional experiments on two very common appli-
cation fronts to further test the effectiveness of our method. On the
one hand, we proved that our module is easy to fit into existing con-
volutional models using other forms of visual attention, thus creating
synergy. On the other, we verified its functioning in low-data scenarios,
extending its applicability to Few-Shot Learning (FSL) (Fei-Fei, Fergus,
& Perona, 2006; Fink, 2004).

3.6.1. Integrating bottleneck attention modules
The bottleneck attention module (BAM) (Park, Woo, Lee, & Kweon,

2020; Woo, Park, Lee, & Kweon, 2018) is a popular attention-based
mechanism that, given a feature map, learns the attention map along
two factorized axes, channel and spatial, to strengthen the representa-
tional power of CNNs. We thus investigated the addition of our module
to models that already leveraged BAM. We used the same backbone
as above (ResNet18) and placed multiple BAMs located after its layers
1, 2, and 3, to build hierarchical attention. After training with the
ame strategy as the main study, we compared the performance of
AM-based regular models (ResNet18 + BAM), BAM-based models

ntegrating the Cat method (ResNet18 + BAM + Cat), and BAM-based
odels that integrate our Mulcat module (ResNet18 + BAM +Mulcat).

.6.2. Few-shot experiments
In addition to fully-supervised studies, in this paper, we extended

ur recent investigation into causality-driven one-shot learning (OSL)
Carloni, Pachetti, & Colantonio, 2023) to the new BreakHis dataset,
o understand how our Mulcat methods worked under the shortage of
nnotated data in the medical imaging domain. To make the analyses
onsistent, we only considered the causes direction in our Mulcat mod-
ls. We adopted the meta-learning strategy and formulated each task
i.e., episode) of the training process as an N-way 1-shot classification
roblem, that is, to classify N classes using only 1 support image per
lass.

Regarding the PI-CAI dataset, we utilized a subset of the data con-
aining lesions and the clinical question was tumor grading (i.e., predict
ggressiveness). From a higher-level perspective than that of GS scores
nd ISUP groups, prostate lesions with GS ≤ 3 + 3 (ISUP = 1) and with

GS = 3+4 (ISUP = 2) are considered low-grade (LG) tumors, while those
with GS > 3+4 (ISUP > 2) are high-grade (HG) tumors. We considered
only lesions whose GS was ≥ 3 + 4 (ISUP ≥ 2). As a result, we had
eight classes of GS and four classes of ISUP in our dataset. The total
number of images was 2049 (from 382 patients), which we divided into
training (1611), validation (200), and testing (238) subsets, and resized
o 128 × 128. We experimented with two classification scenarios on this
ataset. In the first scenario (2-way), the meta-training data are labeled
o the four ISUP classes, and the model is meta-trained by randomly
icking two of the four classes in each task while distinguishing between
G and HG lesions during meta-testing. In the second scenario (4-way),
e label meta-training data on the GS, and the model randomly picks

our of the eight GS classes in each task while distinguishing between
our ISUP classes in meta-testing.

Regarding the BreakHis dataset, we used the same subsets as for
he main study and considered two scenarios: in the 2-way scenario,
he meta-training is performed by randomly picking two of the eight
lasses of aggressiveness in each task, and meta-testing is done on the
wo high-level classes benign-vs-malignant ; in the 4-way scenario, the
eta-training is done on four out of eight random classes and the
eta-testing is performed on four most prevalent classes (i.e., ductal

arcinoma, fibroadenoma, phyllodes tumor, and tubular adenoma).
To increase the models’ robustness to different data selections, we

erformed 600 meta-training tasks, 600 meta-validation tasks, and 600
eta-testing tasks for each experiment. To cope with the dataset unbal-

ncing, we employed the AUC margin loss (AUCM) (Yang, 2022) and
he proximal epoch stochastic method (PESG) (Guo, Yan, Yuan, & Yang,
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Table 1
Results of the main study and the ablation study for the best-performing models w.r.t the causality setting, the mode of
computing the causality factors, and the direction used to encode the causality factors. We report accuracy results on the test
set as the mean and standard deviation (in lower script) over four repetitions of the experiments with different seeds. The
top half of the table refers to the BreakHis dataset, while the bottom half of it refers to the PI-CAI dataset.
Architecture Causality factors mode Causality direction Test set accuracy [↑]

BreakHis dataset (main study)

ResNet18 – – 88.480.77
ResNet18 + Cat (Terziyan & Vitko, 2023) – – 85.773.16

ResNet18 + Mulcat (ours)

Full Causes 91.321.63
Bool Causes 91.061.32
Full Effects 90.651.14
Bool Effects 91.590.83

BreakHis dataset (ablation study)

ResNet18 + Damaged-Cat – – 50.661.93

ResNet18 + Damaged-Mulcat Full Causes/Effects 81.570.50
Bool Causes/Effects 82.242.15

PI-CAI dataset (main study)

ResNet18 – – 68.381.50
ResNet18 + Cat (Terziyan & Vitko, 2023) – – 70.071.86

ResNet18 + Mulcat (ours)

Full Causes 71.821.00
Bool Causes 70.311.63
Full Effects 69.960.55
Bool Effects 71.130.36

PI-CAI dataset (ablation study)

ResNet18 + Damaged-Cat – – 52.080.93

ResNet18 + Damaged-Mulcat Full Causes/Effects 49.630.88
Bool Causes/Effects 67.180.99
2020), maximizing the Area Under the ROC curve (AUROC), which
we used as our training and evaluation metric. Specifically, in 2-way
experiments, we computed the binary AUROC, while we calculated the
AUROC using the One-vs-rest setting in 4-way experiments. Moreover,

e evaluated the binary classification performance of the 4-way models
by computing the AUROC of one significant class versus all the rest
(i.e., 1-vs-3): malignant (ductal carcinoma) versus benign (fibroadenoma,
phyllodes tumor, tubular adenoma) for the BreakHis dataset, and LG
(ISUP=2) versus HG (ISUP=3, ISUP=4, ISUP=5). As with the main
study, we performed ablation studies by repeating the OSL experiments
with the damaged version of our Mulcat method.

3.7. Implementation details

All the experiments in this study ran on an NVIDIA A100 40 GB Ten-
sor Core of the AI@Edge cluster of our Institute. We used Python 3.8.15
and back-end libraries of PyTorch (version 1.13.0, cuda 11.1), together
with other libraries such as scikit-learn 1.2.0, grad-cam 1.4.8, pydicom
2.3.1, and pillow 9.4.0. Docker version 20.10.11 (build dea9396) was
installed in the machine. To make results reproducible for each battery
of experiments, we set a common seed for the random sequence gen-
erator of all the random processes and PyTorch functions. We release
the codebase for our framework at https://github.com/gianlucarloni/
causality_conv_nets.

4. Results

4.1. Main study

Table 1 shows the results of our main study for both datasets. We
report the accuracy metric of the best-performing models on the exter-
nal test set as the mean and standard deviation over four repetitions of
the experiments with different seeds. Regarding the BreakHis dataset,
8

the baseline models (ResNet18) achieved an accuracy of 88.48, while
the competing method Cat performed worse than the baseline, with an
accuracy of 85.77. On the other hand, our proposed Mulcat models,
where the causality factors are ultimately computed in different ways
depending on the mode m and the direction d, demonstrate higher
performance than both previous choices. For instance, the full-causes
models achieved 91.32 accuracy, while their bool version achieved an
accuracy of 91.06. On the other hand, the full-effects and bool-effects
models reached accuracies of 90.65 and 91.59, respectively. Regarding
the PI-CAI dataset, while the baseline models achieved an accuracy of
68.38, embedding causality in different forms improved performance.
For instance, when the causality map was used with the Cat version, the
models achieved an accuracy of 70.07. As for the Mulcat models, they
all ranked above baseline, with the full-causes models that achieved
71.82 accuracy and the bool version achieving an accuracy of 70.31. On
the other hand, the full-effects models achieved 69.96 accuracy, while
using the bool version led the models to reach an accuracy of 71.13.

4.2. Ablation study

Table 1 also shows the results of purposely damaging the infor-
mation contained in the causality maps and causality factors. These
partial ablation studies for the two datasets reveal that, on BreakHis
data, the Damaged-Cat models obtained an accuracy of 50.66, and
the Damaged-Mulcat models obtained accuracy values of 81.57 and
82.24 when using full and bool mode, respectively. As for the PI-CAI
dataset, the Damaged-Cat models achieved an accuracy of 52.08, and
the Damaged-Mulcat models obtained accuracy values of 49.63 and
67.18 when using full and bool mode, respectively.

4.3. Memory requirements

The size of the trained models and the number of corresponding
parameters for both experiments are given in Table 2. While our Mul-
cat models increase memory demand by a negligible amount compared
to their baseline counterparts (+0.8%), using Cat models results in an

overhead of up to approximately +4.7%.

https://github.com/gianlucarloni/causality_conv_nets
https://github.com/gianlucarloni/causality_conv_nets
https://github.com/gianlucarloni/causality_conv_nets
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Table 2
Memory requirements in terms of model size (in megabytes) and number of parameters (in millions) of the ResNet18 baseline
models, the ResNet18 backbone with the addition of the Cat option, and the ResNet18 backbone with our Mulcat module.
Lower is better.
Architecture Model size (MB) [↓] Number of parameters (×106) [↓]

BreakHis dataset (image size: 3 × 128 × 128)

ResNet18 42.73 11.19

ResNet18 + Cat (Terziyan & Vitko, 2023) 44.73 11.72

ResNet18 + Mulcat (ours) 42.80 11.21

PI-CAI dataset (image size: 1 × 96 × 96)

ResNet18 42.68 11.18

ResNet18 + Cat (Terziyan & Vitko, 2023) 44.68 11.70

ResNet18 + Mulcat (ours) 42.72 11.19
Fig. 6. Visual assessment of class activation maps for different malignant cases of the BreakHis dataset. Each row represents a different biopsy slide, and the columns represent
the Grad-CAM outputs for the baseline model, the Cat option, and all the proposed Mulcat variants. ResNet18 is assumed as the backbone architecture in all models.
4.4. XAI evaluations

In addition to the quantitative experiments, we obtained qualitative
results for the six models for each dataset by comparison of their CAMs
given the same input test images. As an example, Fig. 6 shows the
results for some BreakHis malignant cases for which all the models
yielded the same correct prediction. Rows regard different bioptic
slides, while columns represent from left to right the original input
image, the CAM of the baseline (non-causality-driven) model, the CAM
of the Cat models, and the CAMs of our proposed Mulcat models with
their specific settings (i.e., direction d and mode m).

Similarly, Figs. 7 and 8 show results for the PI-CAI dataset on differ-
ent cancerous and no-tumor cases, respectively. Again, rows represent
9

several scans, while columns represent, from left to right, the original
T2w input image and the CAMs of each configuration.

4.5. Integration with BAMs

In Table 3, we show the result of integrating our Mulcat module
to convolutional networks that utilize BAM attention. Regarding the
BreakHis dataset, the regular BAM-based models achieved an accuracy
of 89.63, and utilizing a Cat option worsened performance (85.77).
Conversely, almost all the models that integrated our Mulcat modules
performed better with a maximum accuracy of 92.07. We obtained
similar results for the PI-CAI dataset (max accuracy: 71.93).
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Fig. 7. Visual assessment of class activation maps for cancerous cases of the PI-CAI dataset. Each row represents a different scan, and the columns represent the Grad-CAM
outputs for the baseline model, the Cat option, and all the proposed Mulcat variants. ResNet18 is assumed as the backbone architecture in all models.
Table 3
The effect of integrating our Mulcat method to models that utilize BAM modules, compared to baseline and competing models.
We report accuracy results on the test set as the mean and standard deviation (in lower script) over four repetitions of the
experiments with different seeds. The top half of the table refers to the BreakHis dataset, while the bottom half of it refers
to the PI-CAI dataset.
Architecture Causality factors mode Causality direction Test set accuracy [↑]

BreakHis dataset

ResNet18 + BAM (Park et al., 2020) – – 89.631.15
ResNet18 + BAM + Cat (Terziyan & Vitko, 2023) – – 85.771.72

ResNet18 + BAM + Mulcat (ours)

Full Causes 84.752.01
Bool Causes 90.652.01
Full Effects 91.871.15
Bool Effects 92.070.86

PI-CAI dataset

ResNet18 + BAM (Park et al., 2020) – – 68.000.61
ResNet18 + BAM + Cat (Terziyan & Vitko, 2023) – – 66.090.41

ResNet18 + BAM + Mulcat (ours)

Full Causes 67.751.99
Bool Causes 71.250.87
Full Effects 71.930.37
Bool Effects 66.521.67
10
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Fig. 8. Visual assessment of class activation maps for no-tumor cases of the PI-CAI dataset. Each row represents a different scan, and the columns represent the Grad-CAM outputs
for the baseline model, the Cat option, and all the proposed Mulcat variants. ResNet18 is assumed as the backbone architecture in all models.
4.6. One-shot tasks

The main results of our OSL analysis are reported in Table 4 for
both datasets. We report all values as mean and standard deviation
AUROC across all the 600 meta-test tasks. Regarding the BreakHis
dataset, the 2-way experiment was where our Mulcat module improved
the models the most. Indeed, while the baseline achieved 0.51 AUROC,
we achieved up to 0.69 AUROC with the ResNet18+ Mulcat-Bool. In
contrast, we found this improvement to be lower in the case of 4-
way experiments. Table 4 also shows the results for damaged Mulcat
models, which consistently performed worse than their Mulcat coun-
terparts. Concerning the PI-CAI dataset, embedding our Mulcat module
improved the models in all scenarios, with a more pronounced improve-
ment in the 4-way 1-shot*, where the models are trained to distinguish
four classes (ISUP 2 − 5), but the AUROC is computed between ISUP 2
versus rest.

5. Discussion

In this work, we presented a new method for automatically clas-
sifying medical images that uses weak causal signals in the image to
model how the presence of a feature in one part of the image affects
the appearance of another feature in a different part of the image. Our
plug-and-play Mulcat module leverages causality maps in a new way
and extracts multiplicative factors that eventually weight feature maps
according to their causal influence in the scene. Our results seem to
indicate that this lightweight, attention-inspired mechanism makes it
possible to exploit weak causality signals in medical images to improve
neural classifiers without any additional supervision signal.
11
In our main study, we assessed the effectiveness of our method
under a fully-supervised learning scheme. In general, all the models ob-
tained with our Mulcat implementation achieved higher performance
than the baseline (ResNet18) on the test set with both datasets (see
Table 1). This superiority ranged from a minimum of +2.31% to a
maximum of +5.03%. On the other hand, utilizing the Cat option
from Terziyan and Vitko (2023) resulted in worse performance than
most of our Mulcat model and, with BreakHis data, even of the baseline.
We found that most best-performing models used the Lehmer method
to get the causality map. Nevertheless, this choice comes with the
drawback of necessitating more memory than the Max method. We
experimented with six different integer values for the parameter p to
sample the range of possible values. A possible improvement would
be to let the network itself learn the parameter p by back-propagation
instead of giving it a fixed value beforehand.

To further confirm the numerical results of our studies, we con-
ducted partially ablating studies on the actual influence of the causality
factors on generating useful causality-driven feature maps. As antic-
ipated, when we damage the causal weights by replacing them with
random vectors, the accuracy of the final model is lower than its main
study counterpart (see Table 1).

The Damaged Cat performed worse than the None (baseline) because
the network was likely to be confused by the large number of random
values that were concatenated to the actual extracted features. We
expected that concatenating a random vector, not trained in back-
propagation, would be worse than concatenating nothing at all. In the
Damaged Mulcat, the weights multiplying the features maps are random,
and, being untrained, they are re-computed at each iteration without
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Table 4
Results of the best-performing models under One-Shot Learning (OSL) settings in terms of AUROC values across all the 600
meta-test tasks as the mean and standard deviation (in lower script). The top half of the table refers to the BreakHis dataset,
while the bottom half of it refers to the PI-CAI dataset. *: Trained to distinguish four classes, but the AUROC is computed
with One-vs-rest.
Architecture Causality factors mode 2-way 1-shot [↑] 4-way 1-shot [↑] 4-way 1-shot* [↑]

BreakHis dataset (OSL study)

ResNet18 – 0.510.15 0.590.06 0.580.20

ResNet18 + Mulcat Full 0.660.24 0.590.08 0.590.15
Bool 0.690.25 0.570.09 0.570.15

BreakHis dataset (OSL ablation study)

ResNet18 + Damaged-Mulcat Full 0.510.12 0.520.06 0.520.12
Bool 0.660.25 0.500.05 0.560.13

PI-CAI dataset (OSL study)

ResNet18 – 0.540.14 0.580.07 0.590.12

ResNet18 + Mulcat Full 0.550.14 0.610.07 0.710.12
Bool 0.560.14 0.610.07 0.710.12

PI-CAI dataset (OSL ablation study)

ResNet18 + Damaged-Mulcat Full 0.530.14 0.550.06 0.550.11
Bool 0.540.14 0.570.07 0.610.12
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any optimization from previous iterations. This results in scenarios
where depending on the multiplication factors, irrelevant features are
amplified while important ones are suppressed. When Damaged Mulcat
is used with the full option, this behavior is more pronounced (random
weights can have very high values, up to 𝑘−1), and performance is low
(even lower than baseline for PI-CAI data) because the network assigns
a lot of importance to these potentially incorrect features. In contrast,
when the bool option is used, this behavior is mitigated (random
weights have a maximum value of 1), so the degree of confusion of
the network is reduced, and performance is higher. Experiencing re-
duced performance when the causality maps and factors are completely
ablated or partially corrupted suggests that our module is computing
something significant. This observation indicates that, even if weak, the
causality signals learned during training assist the network to perform
better.

Although we notice the improvement of our Mulcat models over the
baseline from a quantitative point of view, it seems that the different
combinations of mode m and direction d behaved roughly the same
way. Thus, we wanted to investigate the potential benefits of our
proposition on a different level. We deepened the analysis and found
that significant differences can emerge on the XAI side, supporting the
role of causality in explainability. On BreakHis data, the Mulcat-full
and Mulcat-bool models manage to focus on regions densely populated
by nuclei, which is what pathologists do at this magnification level.
Instead, Baseline models often pay attention to lateral zones or regions
less critical for the malignancy classification. The latter behavior is
also observed in the Cat models, which frequently focus on lateral,
small, and/or irrelevant portions for classification purposes (see Fig. 6).
As for the PI-CAI dataset, where the field of view is larger and com-
prises many different anatomic structures other than the prostate, we
noticed a trend that Mulcat-full-causes and Mulcat-bool-causes are
consistently more focused on the discriminative parts of the image
(e.g., prostate gland area). Conversely, the other options led to models
that often looked at the rectum, bladder, or lateral muscle bundles (see
Figs. 7 and 8). This fact confirms our hypothesis that using causes and
not effects allows the network to obtain more faithful results.

Among the methods that exploit the information of causality maps,
Cat proves to be one of the worst. That is evident both quantitatively
and qualitatively. The reason for this behavior could be the consider-
able complexity added to the model to account for all the combinations
of feature maps. In fact, on the classifier, the number of input neurons
goes from 𝑛 × 𝑛 × 𝑘 to 𝑛 × 𝑛 × 𝑘 + 𝑘 × 𝑘, which with high 𝑘 results
12

in thousands of additional connections (e.g., 512 × 512 = 262144 new
neurons for a ResNet18). The overhead induced by the Cat method is
uantitatively confirmed by the memory requirements summarized in
able 2. Instead, our Mulcat method increases the memory demand by a
egligible amount compared to the baseline, promoting it as a low-cost
mprovement of regular architectures.

We conducted additional experiments to further add evidence of
mproved performance through our method. First, we showed that our
ulcat module can be easily integrated into existing architectures, such

s attention-based BAM networks, and can create synergy in improving
erformance (see Table 3). Indeed, utilizing Mulcat led to an increase
f up to +2.72% over the regular BAM-ResNet18 and of +7.34% over
he BAM-ResNet18 that used Cat, for the BreakHis dataset. Similarly,
AM-ResNet18 which utilized our Mulcat option on the PI-CAI dataset
chieved up to +5.78% and +8.83% w.r.t regular BAM-ResNet18 and Cat
AM-ResNet18, respectively.

Second, to tend towards a more generalized demonstration of clas-
ification problems, it was interesting to understand how our Mulcat
ethod worked in practical application situations, such as the shortage

f annotated data in the medical imaging domain. Thus, we performed
ne-Shot Learning (OSL) experiments, both in 2-way and 4-way set-

ings (see Table 4). Our findings suggest that using Mulcat can be an
ffective choice even in low-data scenarios. Indeed, when performing
inary classification over the BreakHis data (i.e., benign-vs-malignant),
esNet18+ Mulcat achieved an accuracy up to +35.2% compared to the
aseline, while this improvement was broadly reduced when perform-
ng 4-way experiments. On the other hand, it is on the 4-way scenarios

with PI-CAI data that ResNet18+ Mulcat outperformed the baseline the
most, with an increase of 20.3% accuracy for the 4-way 1-shot* setting.

One of the limitations of our work is that we used only ResNet18
as the backbone architecture to extract latent representations for the
different implementations, although this is consistent with the pilot
nature of our study. Moreover, we acknowledge that our methods
consider potential causal relationships in pairs rather than among more
than two features. That, of course, can lead to suboptimal results,
given the impossibility of excluding confounders. In future experiments,
we would be interested in extending the operation to more variables
and devising variations inspired by the classic PC algorithms of the
literature on causal discovery in tabular data (Spirtes & Glymour,
1991).

There could be other directions to explore from our work, both on
the application and architectural level. It would be interesting to draw
inspiration from the multi-depth, visual attention (Jetley, Lord, Lee,

& Torr, 2018; Schlemper et al., 2019; Yan, Kawahara, & Hamarneh,
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2019), which extracts information from the convolutional encoder at
different depths (local and global features). In this regard, one could
extract the causality map from the internal layers of the network (not
only from the last one). Our work could also be expanded by proposing
new methods to combine causal information besides concatenation and
weighting of feature maps and by experimenting with ensemble meth-
ods. Additionally, visualizations such as that in Fig. 1 suggest one could
potentially conceive a low-cost self-supervised feature pruning based on
similarities of features across rows and columns of causality maps. That
could help to disregard redundant features and consequently lower
model complexity in a data-driven way. In the end, we foresee a
possible integration of our methods within the convolutional block of
generative models such as GANs (Goodfellow et al., 2020) and diffusion
models (Ho, Jain, & Abbeel, 2020; Rombach, Blattmann, Lorenz, Esser,
& Ommer, 2022), to guide the generation of more realistic images.

6. Conclusions

In this work, we introduced a novel technique to discover and
exploit weak causal signals directly from medical images via neural
networks for classification purposes. Our method consists of a CNN
backbone and a causality-factors extractor module, which computes
weights for the feature maps to enhance each feature map according
to its causal influence in the image’s scene in an attention-inspired
fashion. We developed different architecture variants and empirically
evaluated all of our models on two public datasets of medical images
for cancer diagnosis. Moreover, we verified that our module can create
synergies when introduced in existing attention-based architectures,
and we verified its applicability to few-shot learning settings.

Our findings demonstrate how minor modifications to traditional
models can enhance them. Indeed, our lightweight module can be
easily integrated into regular CNN classification systems and produce
better models without requiring additional trainable parameters. It
enhances the overall classification results and makes the model focus
more precisely on the critical regions of the image, leading to more
accurate and robust predictions. This aspect is crucial in medical imag-
ing, where accurate and reliable classification is essential for effective
diagnosis and treatment planning. Nevertheless, what we propose in
this paper may have a broader significance, such as non-medical tasks
or application to other data types, such as videos. We believe that
the new elements we introduce with our work are a way to connect
machine vision and causal reasoning in a novel way, especially when
no prior knowledge of the data is available, adding a unique dimension
to the framework.
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