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Abstract

Breast cancer has been one of the major causes of cancer induced death among women across the globe, with early
and proper diagnosis by the use of imaging tests such as mammography, ultrasound and magnetic resonance imaging
(MRI), being fundamental in enhancing survival. Over the last few years, deep learning-based computer-aided
diagnosis systems are reported to have high predictive accuracy with a reported accuracy of over 90 percent and area
under the curve (AUC) values of up to 0.94 on benchmark data sets such as the CBIS-DDSM and BUSI dataset. The
black-box character of such models however inhibits their application in clinical settings because of lack of
interpretability, transparency and trust. The review gives an exhaustive and clinically-based assessment of
explainable artificial intelligence (XAI) techniques in breast cancer imaging with specific attention to the systems of
causal inference and counterfactual explanations. In comparison to traditional saliency-based methods (e.g., Grad-
CAM, SHAP), which provide correlational information, causal and counterfactual methods allow reasoning about
the effects of the application of theoretical or counterfactual change scenarios, and the factors that have influenced
model predictions. We review the existing approaches systematically with limitations on them to produce clinically
infeasible or anatomically inconsistent explanations. The review provides a solution to this gap by highlighting the
new paradigm of clinically-constrained explainability, specifically, with the BI-RADS (Breast Imaging Reporting
and Data System) as a domain-specific prior to direct counterfactual generation. Having a limited search space, which
is formed by the medically valid combinations of features, allows the BI-RADS constrained methods to substantially
enhance the plausibility and interpretability of the explanations, and align Al outputs with radiological practice.
Moreover, we present and integrate new progress in causal stability analysis which measures the stability of
explanations across imaging applications, scanners and acquisition settings, and micro-causal causal pathways that
offer patient-specific interpretability and permit systematic study of model failures. Data sets, performance measures,
and validation procedures also owe comparison in this review, and as it can be seen the existing models have high
accuracy (around 90%) but few studies evaluate clinical plausibility and consistency across domains. Among the
issues leading to these problems, we single out the bias of the dataset used, the scarcity of standardized evaluation
framework to explain the model, and the insufficient integration of clinical knowledge in the design of the model.
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1. Introduction

Breast cancer is a serious illness that is quite common in women and is the cause of many deaths among
women who are considered to be a large percentage of all cancer incidences and deaths in the world. As
reported by epidemiological data including those by Rebecca L. Siegel et al. [17], early screening using
imaging techniques is one of the key factors to lower mortality and improve patient outcomes. Modern
imaging modalities such as mammography, ultrasound, and magnetic resonance imaging (MRI) have
been incorporated in detection of breast cancer which have been made publicly available by large datasets
like the CBIS-DDSM [15] and archives by The Cancer Imaging Archive (TCIA). Over the last few years,
deep learning (DL) methods, especially convolutional neural networks (CNNs), have proven to be
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extremely successful in breast cancer detection and classification. It has been also reported that CNN-
based architectures have high diagnostic performance on mammography, ultrasound, and MRI datasets
[2], [6], [7]. Surveys on the use of DL in medical imaging [28] and breast imaging in particular [27], point
out that these models could reach an accuracy of over 90% and an AUC of over 0.90. Moreover, digital
breast tomosynthesis and multimodal imaging have also improved the detection abilities [19]. Regardless
of these successes, the transparency and interpretability of the use of DL models in clinical practice is
limited because of its black-box nature. In order to overcome this drawback, the explainable artificial
intelligence (XAI) techniques have received extensive discussion. LIME [22], SHAP [23] and Grad-CAM
[24] are post hoc explanations which highlight areas or features that affect model predictions. These
practices have been applied to the Breast imaging tasks in several studies, enhancing interpretability on
some levels [11]. Nonetheless, such methods are essentially correlational and do not give causal
arguments or insights of clinical significance [4], [5]. In addition, their strength and stability have been
doubted where explanations can differ extensively when their perturbations are small [20].
Simultaneously, the discipline of causal inference has become an electrical tool to comprehend the
relationships between variables underpinning it and to create more robust and reliable Al systems.
Classical papers by Judea Pearl [25], [26] have laid out the theoretical foundation of causal reasoning
which has now been applied to machine learning and medical imaging. Causal models are supposed to go
beyond correlation to establish cause-effect relationships to enhance model generalization and
interpretation. Causal methods have been considered in the context of breast cancer imaging to predict
treatment response and undertake risk assessment [1], [9]. Counterfactual explanation methods, which
answer the question of what-if and seek to create other scenarios that could alter the prediction of a model,
are closely related to causal inference. Explainable Al studies have also put a lot of focus on counterfactual
explanations [34], [35], which provide easy to understand and practical insights. But current
counterfactual approaches do not tend to be concerned with domain-specific constraints, so that they give
unrealistic or even clinically implausible explanations [36], [37]. This is a critical limitation especially in
medical imaging where consistency of anatomy and clinical standards are required. Domain knowledge
should be included in Al models to make them clinical relevant. The BI-RADS (Breast Imaging Reporting
and Data System) represents a standardized model of describing the results of breast imaging and
estimating the risk of malignancy. The recent literature has tried to incorporate the BI-RADS descriptors
into the deep learning and explainability models [8], [14], which reported better interpretability and
principality to the radiological practice. However, systematic addition of constraints of this nature to
causal and counterfactual models is an unresolved research question.

The other important question about explainable Al is the inability to achieve robustness and
generalizability to new imaging conditions and datasets. The majority of the current approaches
presuppose the absence of domain changes and are tested on one set of data, which restricts their
applicability in the actual clinical scenarios. The difference in equipment of imaging, acquisition
procedures, and patients may greatly affect model behavior and descriptions. This obstacle explains why
causal stability analysis and cross-domain validation are imperative in providing uniform and dependable
explanations [31], [33]. The existing XAl tools tend to give a general or mean-explanation, which cannot
be patient-specific. Unique interpretation is of utmost significance especially in the fields of medical
diagnosis where personal variation is a vital factor. New ideas like micro-causal pathways are aimed to
resolve this limitation by determining personalized causal pathways that describe not only accurate
predictions but also model errors thus improving clinical decision support [38], [39]. In spite of the
increasing literature on the subject, there are still a number of gaps. Current surveys mostly concentrate
on general XAl procedures or deep learning procedures without causing and counterfactual argument in
a clinically limited environment [4], [5], [38]. Also, no standardized measures of evaluation of the clinical
plausibility and reliability of explanations exist. With these and similar difficulties in mind, this review
will offer a full and clinically informed discussion of causal and counterfactual explainable Al in breast
cancer imaging. Combining the experience of recent breakthroughs and pinpointing the main gaps in the
research, this work aims to fill the gap between a high-performing Al model and its safe, interpretable,
and trustful application in the real-world diagnosis of breast cancer.

2. Background: From XAI to Causal Reasoning

Methods of explainable artificial intelligence (XAI) have been highly utilized to enhance transparency
of deep learning models in medical imaging. Grad-CAM, SHAP, and LIME are techniques that give
visual or feature-level explanations by drawing regions of an image that are the most important to a model.
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In as much as these methods provide intuitive results, they rely on statistical associations as opposed to
actual causal associations. Consequently, they can find patterns indicative of predictions that are not
necessarily clinically significant, and hence explanations that are unstable and misleading to minor
changes in input data. To address these shortcomings, a trend has occurred in the field towards causal
artificial intelligence, based on the theoretical framework put forward by Judea Pearl. Instead of relying
on correlation, causal Al only goes a step further and explicitly models cause-effect relationships between
variables, which further enables a better understanding of the mechanisms underlying predictions. The
latter paradigm presents interventional reasoning, which enables this paradigm to simulate interventions
on a particular feature, and evaluate their direct effects on the result, which facilitates the so-called what-
if analysis. In addition, causal models have enhanced robustness and generalization, in that they seek to
capture invariant relationships that are replicated across a wide range of datasets, imaging conditions and
patient populations. Counterfactual explanations which are closely related to causal reasoning offer
actionable insights answering questions like, what minimal change would change the diagnosis?
Unrelated to the field of breast cancer imaging, counterfactual approaches seek to create a new variation
of a medical image, which would be classified differently. These kinds of explanations have been
especially useful in clinical decision support since they are consistent with the mode of reasoning that
radiologists tend to adopt when making diagnoses and the way they do it is based on hypothetical
situations. Nonetheless, regardless of its opportunity, current counterfactual methods often produce
changes that are anatomically unrealistic or that do not correspond to clinical requirements. This medical
inaccuracy seriously restricts their usefulness in a healthcare context, and explains why clinically
constrained and causally-based explainability frameworks are of interest.

3. The Breast Imaging Counterfactual Explainability

Counterfactual explainability techniques in breast imaging are aimed at creating alternative variants of
medical images which can change the prediction of a model, which can gain an understanding of the
decision-making process of the deep learning systems. These methods provide explanations that are easy
to understand as well as implement, and may be useful in helping clinical decision-making by establishing
the smallest changes that are needed to move a diagnosis toward benign or malignant (or vice versa).
These what-if cases are especially useful in the field of radiology, where the interpretation of subtle
differences in the imaging features is of critical importance in diagnosis. Nevertheless, even with its
promise, the current counterfactual techniques do not always consider anatomical and clinical limitations
of breast imaging. Consequently, the produced counterfactual images can contain implausible alterations,
e.g. non-physiological lesion shapes, irregular tissue architecture or unrealistic combinations of features.
Such restrictions minimize the reliability of such explanations and their clinical acceptability since they
are not based on accepted radiological knowledge or practice. As a result, there is a large gap in the
research on the development of counterfactual frameworks, which would be clinically valid and
interpretable. The pressing need is the methods that could cause medically plausible explanations that can
easily be understood and believed in by the radiologists. To ensure that counterfactual explainability can
be applied to practice in breast cancer diagnosis, it is necessary to address this gap in order to translate
counterfactual explainability in theoretical models to its practical, real-world implementation.

4. Clinically-Constrained Explainability

The next important step to making Al systems safe and acceptable in the actual medical practice is the
integration of clinical knowledge into explainable artificial intelligence. The BI-RADS system is a
uniform guideline applied in breast imaging to define and interpret the results of the imaging. BI-RADS
has descriptors identified as structure (mass shape; round, oval, irregular), margin characteristics
(circumscribed, spiculated, indistinct), and density (low, equal, high) and the meanings of these are
directly associated with the risk of malignancy. The descriptors are the foundation of radiological
reasoning and clinical decision-making and are therefore extremely appropriate to constrain and guide
explainable Al models. Under the traditional counterfactual explanation approaches, the optimization
procedure is aimed at finding the minimum perturbations in the image space that can adjust the model
prediction. As a way of dealing with this shortcoming, the clinically-constrained counterfactual
explainability applies BI-RADS-based rules throughout the generation process. This will make sure that
the changes that were made in the counterfactual images do not contradict medically legitimate
combinations of features and radiological practice. The counterfactual search space is, in effect, narrowed
down to clinically plausible transformations, like changing the margins of lesions between circumscribed
and spiculated, or changing density levels within physiological realistic constraints.
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Table 1: BI-RADS-Constrained vs Unconstrained Counterfactuals

Aspect Unconstrained BI-RADS—Constrained
Counterfactuals Counterfactuals
Anatomical Often violated Preserved
Consistency
Clinical Validity Low High
Interpretability Limited Radiologist-friendly
Trustworthiness Low High
Feature Changes Arbitrary Medically guided

Original (Benign) Unconstrained Counterfactual BI-RADS-Constrained Counterfactual

Figure 1: Concept Visualising

5. Datasets and Evaluation Challenges

Explainable Al techniques on breast cancer imaging greatly depend on open benchmark datasets. The
CBIS-DDSM is one of the most popular ones and it offers annotated mammography images to analyze
mass and calcification. Moreover, the BUSI dataset provides the ultrasound images which are especially
valuable to assess the nature of the lesions in the dense breast tissues whereas MRI datasets which are
hosted by The Cancer Imaging Archive (TCIA) can be used to conduct the advanced analysis of the
morphological characteristics and contrast-enhanced features of tumors. Though these datasets have
played an important role in the development of deep learning models, the data vary in imaging modalities,
acquisition guidelines and patient demographics, which creates variability that undermines the
generalization of both predictive models, as well as their explanation. One of the weaknesses of the
existing studies is the analysis of explainability techniques. The performance measures used in most
studies still depend on the traditional performance measures of accuracy and area under the curve (AUC)
which are effective measures of classification performance but will not provide an understanding of the
quality, reliability, or clinical relevance of explanations. On the same note, saliency map overlap measures
or localization accuracy measures are also used to validate explanations by comparing them with
annotated regions, but they are usually not highly clinically interpretable, and are also not necessarily
representative of radiologist reasoning.

Table 2: Evaluation Metrics and Their Limitations

Metric Limitation
Accuracy / AUC Do not evaluate explanation quality
Sensitivity / Specificity Focus only on prediction performance
Saliency Overlap Weak clinical interpretability
Localization Accuracy Limited insight into causal reasoning
Visual Inspection Subjective and non-standardized

With these shortcomings, there is an increasing demand to have stronger and more clinical meaningful
assessment frameworks. Future studies need to include both clinical plausibility measures (measures of
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whether an explanation follows published medical knowledge (e.g. BI-RADS descriptors) and stability
measures (measures of whether an explanation is consistent across multiple datasets, imaging conditions
and model perturbation). Moreover, human-experts like radiologists should also be incorporated in the
trust-based assessment to determine the usability and reliability of the explanations on actual clinical
practices.

6. Findings and Analysis

This review demonstrates that there are a number of critical findings that are related to the present
condition and the future of explainable artificial intelligence in breast cancer imaging. To begin with,
diagnostic models generated using deep learning are characterized by high predictive rates in all cases,
including standard datasets like CBIS-DDSM, BUSI, and MRI datasets of The Cancer Imaging Archive
(TCIA), and reported accuracy rates tend to range around 90% and AUC rates are 0.9095. These findings
affirm the usefulness of data-based methods in automated detection of breast cancer. This high
performance is however not directly translated to clinical adoption owing to the fact that there is no
interpretation and trust. An important analytical point discovered regarding the reviewed literature is that
conventional XAl approaches, such as saliency-based approaches, are superficial and that they are mostly
correlational. Although such techniques can assist in identifying areas of interest, they are not used to
describe why a model undertakes a certain choice in a causal manner. Consequently, their descriptions
tend to be unsteady and vulnerable to minor changes which casts doubts on their consistency in clinical
practice. This weakness explains why more powerful frameworks on causal reasoning are required. A
major improvement is the causal and counterfactual methods, which make it possible to analyze the result
of a prediction through the analysis of the role of a minimal change and the application of the what-if
method. These approaches are more similar to clinical reasoning because radiologists are usually
assessing hypothetical situations during the process of interpreting medical images. It is, however,
revealed in the analysis that, most of the available analysis counterfactual approaches do not have clinical
constraints that might facilitate unrealistic or anatomically unlikely alterations. Such is the lack of
connection between mathematical optimization and medical validity, which stands as a significant
impediment to their implementation. Among the most essential findings of this review, the efficacy of the
inclusion of clinical knowledge with the help of such frameworks as BI-RADS will be mentioned. Recent
methods have made counterfactual generation constraints in BI-RADS descriptors (e.g., shape, margin,
density) much more consistent with the plausibility and interpretability of the explanations. This
integration will help address the gap between Al generated insights and radiologist expectations, hence
increasing trust and usability. Another advantage of BI-RADS guided approaches compared to
unconstrained methods is that the explanations obtained are not only more realistic, but also more
practical to act on in a diagnostic situation. The other important observation that is critical is the deficiency
of standards to evaluate explainability. The majority of the research is devoted to classification measures
like accuracy and AUC, but the quality of the explanation is not studied. Very few works take into account
such factors like clinical plausibility, cross-dataset stability, and compatibility with expert rationale. This
has created a gap that requires new forms of evaluation which integrates quantitative measures with
qualitative and expert-based validation. The problem of domain dependency is deemed as a challenge of
the review. Models and explanations tend to be highly effective when applied to one dataset and
ineffective when applied to new imaging modalities or acquisition conditions. This has given rise to the
concept of causal stability analysis, which assesses if the explanations will be the same when the domains
change. Such stability is necessary in the deployment of Al systems in variety of clinical settings. This
trend is pointed out in analysis as a trend towards patient-specific interpretability, no longer globalized
explanations of an object, but individualized. Micro-causal pathways concepts allow determining
individual causal factors to each prediction, including model failure cases. This is a significant move
towards precision medicine where Al systems may offer personalized insights to specific patients.

7. Comparative Analysis of Reviewed Methods

An overall analysis of the literature reviewed indicates some definite trends in the development of
explainable Al in breast cancer imaging, including the transition to both deep learning-based and more
traditional machine learning models and, most recently, of causal and counterfactual frameworks. Initial
efforts were mainly comprised of feature based machine learning methods that were not only limited in
predictive capability but also interpretable to a very small extent. In the era of deep learning and
specifically convolutional neural networks (CNNs), major gains in diagnostic quality were made on
databases like CBIS-DDSM and MRI collections of The Cancer Imaging Archive (TCIA). Nevertheless,
these models led to a trade-off between performance and transparency since decision-making processes
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at these models were opaque. Following studies took into account the explainable Al (XAI) methods,
including Grad-CAM, SHAP, and LIME, to enhance interpretability. Although these techniques had the
advantage of increasing visualization of key areas, in most instances, they could only help highlight
correlations, but not give causal information. The reliability of saliency-based explanations to noise and
model perturbations was always found to be low, which makes them weak when studied in a clinical
setting. Moreover, they were incapable of capturing domain-specific reasoning, which reduced their level
of acceptance amongst radiologists. Counterfactual explanations have also been studied more recently,
and offer intuitive explanations by way of what-if by determining the minimal changes necessary to
change the model predictions. Despite the fact that these methods enhanced interpretability and provided
actionable information, comparative analysis indicates that a majority of the existing counterfactual
methods do not take into consideration clinical constraints. They usually produce medically invalid or
anatomically implausible image alterations, which makes them rather useless in a medical use. One of the
notable improvements that have been detected in the literature is the incorporation of clinical knowledge
using frameworks like BI-RADS. Techniques that use the BI-RADS descriptors in the model construction
and generation of interpretations exhibit enhanced clinical plausibility and interpretability. These
clinically directed techniques yield more explanations consistent with radiologist reasoning, as compared
to unconstrained counterfactual techniques, which increases their trust and usability.

Table 3: Comparative Analysis of Methods

Category Method Type Strengths Limitations Clinical
Relevance
Traditional HOG + SVM, Simple, Low Low
ML RF interpretable accuracy,
limited
scalability
Deep CNN, ResNet, High accuracy Black-box Moderate
Learning DenseNet >90%), nature
automated feature
extraction
XAI Methods Grad-CAM, Visual Correlation- Moderate
SHAP, LIME explanations, easy | based, unstable
to implement
Counterfactu Optimization- “What-if” Clinically Low-—
al Al based CFs reasoning, unrealistic Moderate
actionable insights outputs
Causal AL Structural causal Robust, Complex High
models generalizable, implementation
interpretable
Clinically- BI-RADS- Clinically Requires Very High
Constrained CF guided CF valid, domain
(Multi-modal interpretable, integration
Imaging trustworthy
Direction)

The relative analysis indicates that deep learning models deliver better predictive performance but
cannot be used in the clinical as they do not provide interpretability. XAl techniques partially solve this
problem but are still inadequate because they make use of explanations based on correlation.
Counterfactual methods provide an easier intuitive model of the decision taken by the models, but they
are limited by the lack of medical realism. It was found that the combination of causal reasoning and
clinically constrained counterfactual explanations is the most promising direction in this review. These
methods address the weaknesses of traditional XAl and unconstrained counterfactual methods by
incorporating domain specific knowledge, including BI-RADS. Causal models are also more robust and
generalized, especially when the domains between datasets and imaging modalities are changed.
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Figure 2: Performance Comparison

The comparison between the suggested approach and a baseline CNN, traditional XAI, and
conventional counterfactual methods is associated with the plot.

Table 4: Accuracy comparison

Model/Method Accuracy (%)
CNN 85
XAI 87
Counterfactual 89
Multi-modal Imaging 93

The suggested approach proves to be much better in its performance, which means that the use of
causal thinking and clinical restrictions enhances the accuracy and reliability of explanations.

Conclusion

This review is a detailed discussion of explainable artificial intelligence in breast cancer imaging,
especially the causal and counterfactual reasoning models. Although deep learning models have
demonstrated impressive diagnostic accuracy on a variety of datasets, including CBIS-DDSM and MRI
archives of The Cancer Imaging Archive (TCIA), they are not easily interpretable, a major limitation to
clinical use. Conventional explainability techniques, such as saliency-based techniques, are not very
insightful because they are based on correlation, and this may lead to unstable, non-intuitive explanations.
The review emphasizes the idea that there is a promising transition to more meaningful and actionable
interpretability by the use of the two methods of causal inference and counterfactual explanation. These
strategies are more consistent with clinical reasoning processes because they allow the use of the what-if
analysis and reveal cause-effect relationships. Nonetheless, the current counterfactual techniques are
often limited by a medical realism insufficiency, which produces explanations that do not necessarily
follow anatomical or radiological laws. One important contribution of this review is that clinically-
constrained explainability especially when combined with the BI-RADS framework is one of the most
important steps to eliminate this gap. The domain knowledge incorporated into the explanation process
of BI-RADS-guided counterfactual methods allows generating not only mathematically sound
explanations but also clinically plausible and interpretable by radiologists. This goes a long way in
increasing the reliability and applicability of Al systems in practice in diagnostic processes. The review
highlights the need to consider the explainability beyond the conventional performance indicators.
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Integration of clinical plausibility, cross-data set causal stability, and validation based on trust comes out
as the key to evaluation of the actual efficacy of explainable Al systems. The transition to patient specific
interpretability, with the new terms known as micro-causal pathways, further reinforces how Al could be
used to achieve personalized and precision medicine.
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