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Abstract

Background: Breast cancer is one of the top causes of death for women
worldwide with an incidence rate of about one in eight women. Mammographic
screening allows earlier detection and offers the best chance of cure. The
advances in artificial intelligence through Explainable Al, Machine Learning
and Deep Learning have bettered diagnostic capacities but mammography
remains the primary method for screening. Objectives: To introduce a
structured comparative framework mapping XAl methods against datasets,
model architectures, and reported performance which is absent in prior
studies. Furthermore, the study incorporates emerging paradigms such
as curriculum learning, federated learning, and case-based reasoning in
mammography interpretation, which have not been jointly reviewed before.
Method: This systematic scoping review examines the use of XAl in breast
cancer identification and risk estimation. We performed systematic searches
on Scopus, |IEEE Explore, PubMed, Springer nature and Google Scholar
following a systematic search strategy. The search was conducted through
2019 to early 2025, in peer-reviewed studies of XAl methods in datasets of
breast cancer. Findings: The implementation of Federated learning with hybrid
ML methods enhances accuracy while preserving data privacy, while SHAP
and LIME provide feature-based interpretability. Deep learning models like
XGBoost and CNNs achieve high classification performance, and Grad-CAM
aids radiologists by visually localizing tumours for better decision-making.
Novelty: This review offers a comparative, metric-driven synthesis of XAl
methods in mammography. It summarizes the comparison of datasets, model
performance, and interpretability of the models. It also introduces emerging
trends such as federated learning, curriculum learning, and human-centric Al,
providing new perspectives on connecting algorithmic breakthroughs to clinical
needs. Significance: XAl enhances the transparency, interpretability, fairness,
and trustworthiness of the Al-enabled health system and medical devices, and
more importantly, quality of care and health outcomes.
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1 Introduction

Breast cancer stands as the most common cancer among female patients across the world while developing into one of the
significant causes of mortality through cancer. The disease begins in breast duct or lobule epithelial cells before being detected
through physical examination or imaging methods. The timely recognition of breast cancer proves vital because it leads to better
treatment success rates together with longer patient survival expectations (). New diagnostic technologies have shown progress,
but the ongoing detection problems demand better performance from and intelligence in screening methods.

Mammography remained essential for breast cancer screening due to its capability to find breast cancer indicators including
micro-calcifications and architectural distortion patterns in early stages. Interpretation of mammograms is influenced by
inconsistent viewing styles among radiologists which produces incorrect diagnosis results leading to delayed treatment or
superfluous biopsy procedures?. New computational diagnostic tools currently develop to enhance radiologists ability in
providing both precise and uniform interpretation of medical images.

Over the past couple of decades, mammography has made great strides in machine learning (ML) which determines
meaningful properties from large datasets. Machine learning algorithms, including support vector machines, random forests
and logistic regression, have been employed to classify lesions, estimate the risk of malignancy and rank cases for review .
Through pattern recognition and probabilistic reasoning, these data-driven models help to reduce diagnostic errors and improve
clinical decision-making.

Recent progress in computer aided detection (CAD) in mammography has been made possible by the ability of deep learning
(DL) especially convolutional neural networks (CNNGs), to automatically extract as well as classify feature directly from raw
image. Whereas traditional ML approaches perform poorly on tasks like lesion detection and breast detection, DL models
outperform them ). However, the trade-off of these models for large annotated datasets produces good generalizability and
robustness in clinical practice.

More specifically, artificial intelligence (AI) can be viewed as the converged techniques of machine learning (ML) and deep
learning (DL) and also offers a holistic basis with which to characterise a medical informatics system using artificial intelligence,
that manages the automated, intelligent interpretation of data, and carrying out automated tasks in medical imaging. Al systems
assist in pre-processing the mammograms, anomaly detection and technical support in diagnostic decisions in mammography.
ML and DL have been integrated within AI pipelines to scalable, high throughput screening solutions with reduced workload
and increase of diagnostic efficiency®.

Even though AI models perform exceedingly well, their nature as “black boxes” has raised questions about how much
clinicians can really trust them and whether we can hold anyone accountable for the decisions they make. As a potential remedy,
the field of Explainable AI (XAI) has developed to enhance the transparency of these models and thus their trustworthiness,
providing solutions that allow human users to better understand the reason behind the predictions made by the models. XAl
methods like SHAP (SHapley Additive Explanations), LIME (Local Interpretable Model-Agnostic Explanations), and plain old
case-based reasoning are now in common use to interpret the outputs of these models(©.

The medical domain easily integrates data-driven investigations when it comes to Al applied to mammography, with
the healthcare industry incorporating XAI methods actively in their AI workflows which help generate trustworthy and
explainable explanations. Research results introduce hybrid models integrating ML algorithms and XAI methods to enhance
explaining the clinical support™. Time distributed model training between institutes can be performed though Federated
XAI frameworks that also preserves data privacy among entities®. Grad-CAM with remarkable maps shows the image areas
that influence predictions by providing visual explanations that are in line with radiological logic®. Curriculum learning
methods combined with patch-based techniques which reduce label data set requirements, strive to achieve explainer and

interpretability standards %)

1.1 Research Contributions:

This research work presents a comprehensive review on the research contributions related to mammography-based breast
cancer detection and ensures explainability contributed through XAI By synthesising a wide range of current studies (2019-
2025) it offers an in-depth survey over methodological trends, datasets and architectures as well as explainability tools. This
paper showcases the fusion of state-of-the-art deep learning models like Inception-ResNetV2, VGG along with hybrid ensemble
frameworks elucidated by explainability techniques SHAP, LIME, Grad-CAM and Deep Taylor Decomposition to improve
interpretability which in turn increases diagnostic confidence.
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1.2 Research Gaps:

Research in Explainable AT (XAI) as it pertains to breast cancer detection remains an emerging topic but highlights a number
of important gaps. Extend XAI methods for better interpretability of models, especially in combination with the positive
and negative image classes; In addition to that tackle limited interpretable data problem in spatial data. The major problem
is the data, which is still a serious bottleneck when it needs extensive pre-processing and augmentation to form large and
diverse well-annotated dataset with multiple mammographic views of different races or age groups, from various hospitals and
radiologists. To achieve this accuracy, we can further explore innovative deep learning approaches that leverage curriculum
learning strategies as well as some of the most advanced algorithmic breakthroughs like neural networks.

1.3 Research Questions:

Some of the possible research questions which raised during the study are as follows:

o What improvements can be made in Explainable AI techniques to increase interpretability, clinical trust and decision
transparency for breast cancer detection?

« How does greater diversity in datasets will improve model generalizability, fairness, and robustness?

« How federated Learning can be used along with other strategies to tackle productivity, data imbalance & bias challenges
in medical Al apps?

o Towhat extent can standardized interpretability metrics and the latest XAl tools assist to better facilitate such collaboration
between clinicians and Al for improved diagnostic outcomes?

o How can advanced deep learning architectures, curriculum learning, and hybrid ensemble models be optimized for
mammographic analysis?

2 Review Methodology

This review was conducted using systematic approach through extraction of literature from databases like PubMed, Scopus,
IEEE Xplore, ScienceDirect, MDPI, Web of Science, DOAJ, ACM Digital Library, DBLP, Google Scholar, and SpringerLink
along with additional references included from conference proceedings, arXiv preprints and official health organization reports.

Records Identified from the
Database: 76

l

Records after duplicates removed:
58

:

Records Screened (Title &
Abstract): 58

|

Records Excluded: 21

|

Full-text articles accessed for
eligibility: 37

|

Full-text articles ex cluded (with
reasons): 19

|

Studies included in qualitative
synthesis: 18

Fig 1. PRISMA workflow for study selection
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The study was conducted with a total of 76 papers, after deleting 18 duplicate papers 58 papers were screened by referring
abstract and title of the paper. Later 21 papers were excluded due to inapplicability to the current research. Remaining 37
eligible articles full texts was used for based on exclusion and inclusion criteria. After that 19 papers were excluded due to the
following reasons: lack of XAI aspects (4), papers without experimental results — review papers (4), insufficient methodology
and dataset (3), studies focused on image data not related to breast tumour (3), robust evaluation metrics (1), validation by
peers in the form of a publication (2) and studies not focused on image dataset (2). Finally, 18 papers were selected which
is relevant to my study by applying the inclusion criteria and using the keywords: “Breast Cancer”, “Explainable Artificial
Intelligence”, “XAIL” “Mammography”, “Deep Learning’, “SHAP”, “LIME”, and “GradCAM”. The search spanned the years from
2019 to 2025. The inclusion criteria for the original research studies that applied XAI methods to assist in breast cancer
diagnosis with mammography and established interpretable machine learning or deep learning models along with metrics
for performance measurement and visualisation output relevant to clinic. Main parameters taken into account for concept
development were related to dataset attributes, model architectures and eXplainable AT (XAI) methods, performance standards
and clinical applicability.

3 Overview

The utilization of machine learning (ML) in combination with deep learning (DL) characteristics has significantly enhanced
the reliability as well as the accuracy and effectiveness of mammography breast cancer screening techniques. Standard readings
of mammograms cause radiologists to have inconsistency of readings that may cause false positive findings and a negative
diagnosis. Mammography is a well-known application where support vector machine combined with random forests or logistic
regression models has been successfully applied to analyse mammography images and detect the suspicious lesions and
their potential malignancy®). Some researchers have achieved mammographic image analysis transition from DL with the
assistance of CNN’s modules, the automated feature detection and the enhancement of breast-unrelated identification tasks .
These models also exhibit potential for the discovery of ambiguous visual patterns that human radiologists cannot directly see
for the radiologists to make confident decision-support .

XAl is an important part of the diagnostic tool on breast cancer in mammography by making Al predictions available for
medical experts through a transparent explanation. Science has utilized some of these XAI techniques such as SHAP, LIME,
Grad-CAM, as well as case-based reasoning to produce explanations for ML/DL model predictions Table 1.

Table 1. Different XAI Techniques used in Mammography

ReferencesDataset XAI + ML & DL Objective Key Findings / Results  Limitations / Remarks
Method

© WBC, WDBC SHAP, PDP, Permuta- Classify and inter- WBC: KNN - 97.7% Use of Model-agnostic
tion Importance ML - pret breast cancer accuracy & 982% tools will enhance
SVM, ANN, and RF are  using model-agnostic  precision usability and trans-
utilized. methods WDBC: ANN - 98.6% parency in clinical

accuracy &  94.4%  workflows.

precision Key fea-
tures identified for
malignancy prediction

Getting scalability issue
for large datasets with
SHAP methods.

Feature importance
analysis is a constraint
in using X AI technique.

Continued on next page
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Table 1 continued

@)

(5)

Public dataset
(ADMANI dataset
of 1,048,345 exami-
nations and 629,863
patients.The  training
set consists of 11,913
examinations, with

486 cancer cases.The
dataset includes 28,911
instances of  breast
cancer)

Multiple (review paper)

Real clinical data with
4050 cases and Three
public datasets:

BCW with 683 cases.
MM with 830 cases.

BC with cases.

CAM and Bounding
boxes.CNN Architec-
tures:VGG19, VGGI6,
and AlexNet

Grad-CAM, ML, & DL

Case-Based  Reason-
ing (CBR) method
for visual reasoning.

(scatter plot + rainbow
boxes)

The paper illustrates the
importance of augmen-
tation techniques and
data pre-processing for
attaining high classifi-
cation performance.
Enhance classification
using DL + synthetic
data

Review of DL and XAI
methods for breast
imaging

ML for lesion detection
and classification.

DL methods for breast
cancer risk prediction.

Provide visual analogi-
cal explanations

Applying synthetic aug-
mentation will improve
model  performance
with CAM provided
insights

Summary of strengths
and limitations of ML,
DL, data augmentation,
and XAI

Competitive accuracy
with k-NN of 80.3%.
User study confirms
clarity.

Augmentation will
boost DL reliability.
Interpretability ~ tools
support visualization.
Future  investigation
could explore using
both positive and nega-
tive image classes.
Limited  classification
performance due to low
image resolution.

Need for improved
data  pre-processing
and augmentation
techniques.

One limitation  of
the study is that the
images were scaled to a
resolution of 256*256
and 512*512 pixels,
which may have lim-
ited the classification
performance.

Comprehensive survey.

Useful in analysing
trends in breast imag-
ing using XAIL

Search across multiple
datasets on  breast
anatomy.

Emphasis on over-

coming data challenge

using augmentation
techniques.
Augment deep

learning-based
approaches with more
annotated databases.
Bridges XAI and user-
friendly visualization.
Useful for clinical adop-
tion.

Treatment is difficult to
distinguishing because
of small sample size.
Need for larger datasets
to increase the classifi-
cation accuracy.

Continued on next page
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Table 1 continued

@)

(10)

(€3]

(12)

Public data  from
Indonesian women
with 200 and with-
out 200 breast cancer
patients.

WBC Dataset - 568
WDBC Dataset - 699

CBIS-DDSM & DDSM

Internal -1976
External - 4276 images

CBIS-DDSM

Breast-XD (791 solid
mass lesions from 752
different patients.)

SHAP + ML
ML Methods
XGBoots,
Logistic
Regression,
Random Forest
SVM

Federated Learning.
ML Algorithms — SVM,
RE, and XGBoost.
SHAP (local computa-
tion in FL)

Grad-CAM.
3D Inception-ResNet
V2

Grad-CAM for explain-

able artificial intelli-
gence.

Patch-based (curricu-
lum 20, curriculum
40, and curriculum
100 models) deep

learning model for
mammogram analysis.
Deep Taylor Decompo-
sition method.
LRP-Epsilon technique.

Guided
method.
LRP  Preset
method.
De-ConvNet method.
SHAP and LIME
Classifiers:

SVM, K-NN, RE DT,
LR, XGBoost.

Backprop

A-Flat

Decision support tool
with interpretability for
early detection.

Enhance privacy-
preserving explainabil-
ity in diagnosis using
XAL

Privacy risks in Feder-
ated Learning.

Increase  the inter-
pretability and trans-
parency of the model
Integrate explainability
into 3D CNN for classi-
fication

Decrease  annotation
requirements  under
preserving of XAI in
mammography

Early detection & Clas-
sification.
Enhance trust and
understanding of
CNN models for DCIS
detection

Compare XAI model vs
radiologist in diagnosis

XGBoost
best;
Accuracy
Train Data - 81.3%

Test Data - 81% SHAP
- Helped identify key
features

performed

Achieved 97% accu-
racy in both datasets
for ANN as well as
XGBoost within Feder-
ated Learning.
Maintained privacy.

High
mance;Accuracy
- 98.53%Recall -
98.53%,Precision -
98.40%,F1-score -
98.43%,AUROC -
0.9933,Efficacy of 3D
visual explanations
through  Grad-CAM
emphasizing the effi-
ciency of distinction
between benign and
malignant scenarios.

F1 is

perfor-

increased by

curriculum  learning
from 80.55 to 83.95%.
Grad-CAM  explains
predictions

LRP and Deep Tay-
lor more effective for
neuron-level interpre-
tations.

X2GAI model achieved
an accuracy of 94.34%
accuracy with few
errors; better than the
radiologists in in some
significant areas.

Effective at individual-
izing risk factors.
Supports early inter-
vention.

Analysing the imbal-
ance of cases observed
in healthy patients and
those with breast cancer
in the real world

Shows high potential
for federated settings
without compromising
model interpretability

Introduction of 3D
CNN-based XAI in
breast MRI.

Further research will be
directed at model vali-
dation and expansion.
Address  issues  of
interpretability,  data
imbalance, and gener-
alisation.

Lack of interpretabil-
ity in deep learning
models.

Strong  Generalization
and Scaling with Dis-
tillation and Limited
Supervision.

Shows clinical valida-
tion with experts.
Limited to small test set.

Emphasis on the role of
XAI toward avoiding
unnecessary  biopsies,
errors.

Include a variety of
races and age groups in
future studies.

Continued on next page
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Table 1 continued

(13)

(14)

15)

(16)

WBC

WDBC (The dataset
was sourced from
Kaggle, containing 569
items with 33 features)

WDBC -

569 images with

212 malignant, 357
benign.

The study wused a
sample of 164 female
patients  undergoing
Core Biopsy.

Grad-CAM
LRP
Attention Maps

SHAP and LIME

ML Methods:
XGBoost, DT, AB,
SVM, GB, and KNN.

SHAP & LIME.
Ensemble model with
DT & SVM

SHAP, LIME, PDP, and
ICE.
ANN

Multi-class  classifica-
tion with heatmap-
based localization

Interpret ~ ML-based
predictions for classifi-
cation.

Reduce features while
retaining accuracy and
interpretability.

SHAP, LIME, and Skope
Rules improved inter-
pretability significantly.

Model interpretation in
neural networks, Risk
prediction and classifi-
cation

Achieved 92% accu-
racy; LRP  added
interpretability for

model transparency

LIME/SHAP offers
clear local/global expla-
nations.

XGBoost: Accuracy -
99.30% in breast cancer
classification.

Ensemble methods
outperformed decision
trees in feature impor-
tance.

DT: Precision - 0.882
Accuracy - 0.9033
F1-Score - 0.8718
Ensemble DT & SVM:
Precision -  0.9858
Accuracy - 0.9561 F1-
Score - 0.9436 SHAP -
revealed critical vari-
ables. LIME - Benign
tumor output predicted
with 0.99 probability
Enhanced model inter-
pretability.

LIME explanations
aligned with clinical
judgment

Localizes lesions
through attention visu-
alization.

The network needs to
be validated on larger
datasets.

Explore different
deep learning models
to improve model
accuracy

Transparent models.
Identifies most influen-
tial features.

Lacking interpretability
with currently used
machine learning
techniques applied in
spatial data.

Need to Train model
with more data.
Simpler model without
damaging performance.

Study example-based
XAI methods com-
pared to SHAP and
LIME.

Investigate more com-
plex machine learning
methods such as Neural
Networks  for  fur-
ther improvement in
performance ratios.

Enhances transparency
in deep models

Continued on next page
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Table 1 continued

17)

(18)

Clinical dataset from
Bangladesh of 500
patients collected from
Dhaka Medical College
& Hospital with 254
noncancerous and 246
cancerous cases

Mini-MIAS dataset
with 322 mammograms
from 161 patients.

SHA + MLML Meth-
ods -DT, RE, LR, NB,
XGBoost

Decision Tree, Random
Forest

Cultural-context ML
with  XAI, Regional
data-specific diagnosis
Five machine learning
methods were evalu-
ated for classification
accuracy.

Fully automated inter-
pretable CAD system.
It employs interpretable
methods for breast can-
cer detection and diag-
nosis.

SHAP analysis was
applied to interpret
XGBoost model predic-
tions.

XGBoost achieved the
highest accuracy of
97%.

Random Forest accu-
racy was 96%.
Decision Tree accuracy
was 91%.

Naive Bayes accuracy
was 94%.

Logistic Regression
accuracy was 93%.

95% accuracy; 100%
precision/specificity on
mini-MIAS

Tackles data bias and
advocates for XAI in
underprivileged areas.
Model adaptation for
demographics of inter-
est.

Lack of a large and
diverse dataset hinders
generalization.
Investigate newer
machine learning and
deep learning algo-
rithms.

ML for early detection
of breast cancer.

SHAP analysis inter-
preted model predic-
tions and understand
feature effects.

Visual descriptions, at
each stage.

Novel TbGC segmenta-
tion used.

Absence of common
metrics to evaluate
interpretability on
real-world data.
Absolutely no mam-
mogram  dataset is
available for thorough
evaluation.

The model will be
validated on  other
datasets.

The authors are able to preserve their patient privacy as well as for localized explanations® and the system yields a higher

prediction accuracy and is more interpretable which is ideal for early diagnosis, decision support ") with the adoption of hybrid
ML-XAI systems. Such case-based reasoning allows health practitioners to compare new cases to previously encountered ones
and provides interpretability through developing an acceptable conceptual understanding of why decisions were made by Al
systems (©).

The fusion of deep learning models specifically convolutional neural networks (CNNs) with explanation techniques Grad-
CAM and attention maps enables the localization of the crucial regions in mammogram that influenced model prediction
outcomes®),1,(13) The image content will also help radiologists more confidence of the AI deductions and has educational
value in medical environment. Curriculum-based learning allows patch-level explanation to reduce annotation workloads,
as well as offering accurate and easy-to-interpret diagnosing results!?), XAl-augmented systems output clinically meaningful
explanations for their diagnoses at performance levels comparable to human radiologists based on direct comparisons between
human and XAl-augmented systems output ')

However, the interpretable ML models have been being tried with the goal of reducing for clinical use the input features in
the classification process to make the diagnostic process open !> (19 Specific research on Bangladeshi community may inform
on how XAI methods being used elsewhere can be adapted to address particular health requirements of a local population 7).
Joint APIs provide the Input APIs an ML/DL/Detection model which uses a computational system like XAI to maintain the
quality of a medical diagnosis but without a trust-breaking problem like that medical AI of AI in Medicine. These findings
collaborate to develop better breast cancer screening systems that are safer, better and open.

Explainable AI models have become integral elements of the mammography approach to breast cancer diagnosis not only to
increase model explainability, but also to gain clinician trust. There are presently two of extremely used interpretation methods

https://www.indjst.org/ 3682
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in the community, SHAP (SHapley Additive Explanations) and LIME (Local Interpretable Model-agnostic Explanations).
These approaches provide visual explanations as well as analysis of individual features, enabling predictions to be easily
understood by radiologists. The actual application of XAI allows gaining trust, transparency and ensuring traceability, as well
as improved decision-making by breast cancer patients during diagnosis Table 2.

Table 2. Different Methods & Modalities of XAI

XAI Method Model Type Purpose / Output

SHAP (SHapley Additive Explanations) ML (Random Forest, XGBoost) /  Feature-attribution to prediction; explainable risk

(7),(®) (14) (15) (17) Federated Learning scores

LIME (Local Interpretable Model-Agnostic =~ ML models (SVM, Logistic Local decision explanation with surrogate models

Explanations) Regression)

) (14) (16)

Grad-CAM (Gradient-weighted Class CNN /3D Inception-ResNet V2 Visual heatmaps to indicate relevant regions in

Activation Mapping) mammograms

©) (1) (13)

Attention Mechanisms (1), (13) Deep Learning / Patch-based Spatial localization and visual description of
CNNs region of interest

Case-Based Reasoning (©) Visual Case Retrieval System Interprets Al predictions by analogical past cases

Curriculum Learning + Patch-based DL with reduced annotation Interpretable patch-level decisions with efficient

XA1(19) effort training

Feature Selection for Minimal XAI (1> ML models (Decision Trees, Simplified by translating them into input variables
SVM) for transparent decision rules.

Federated Learning + XAI (SHAP) ® Distributed ML across Allows users to ensure privacy-preserving
institutions explainability in multicenter settings

Rule-Based Logic + XAl Visualization (8) Hybrid ML-XALI pipelines Produces interpretable decisions based on clinical

reasoning
Model Performance Comparison (XAI vs Explainable AI vs Human Assess diagnostic performance and interpretability
Radiologists) 12) Experts

SHAP allows a clinician to visually perceive the specific contribution of the input variables in the classification decision
through feature-level attributions and can operate within federated learning settings for secure inter-institutional data sharing
initiatives ", ®, 1Y) The LIME feature do partitioning of the black box models to simpler surrogate models for individual
prediction explanation in clinical work 7,1, (16),

The interpretability in deep learning-based mammography analysis provides an efficient visual explanation through
integrating Grad-CAM (Gradient-weighted Class Activation Mapping) and attentional mechanisms in its interpretative
approaches. Fine-grained level data from Grad-CAM creates visual heatmaps, which visually indicates where influences
the prediction in classification and localization tasks®,*),(13) The large number of convolutional mappings and attention
mechanisms in CNN structures focus on significant diagnostic regions through the patch-format structures !9, ¥, Curriculum
learning methods are another major development that reduces the dependence on annotations and generate interpretable
recommendations using patch-based visual output 1%,

Reasoning methods are not only visual explanation tools, but also robust diagnostic prediction methods, because the latest
Al models are now incorporating case-based reasoning methods with little feature selection and rule-based logic systems. The
CBR technique is helpful for medical diagnosis by allowing the doctor to see old cases, that are similar to the new ones, and
it, therefore, helps improving both his understanding and his acceptance®. The quality of the predictive model depends on
the use of important variables and as well as on retaining significant prediction ability based on feature selection methods ',
XAI techniques integrated with rule-based logic resulted in successful models that simulate clinical decision making based on
the findings in'®). Research has shown that XAI - based models produce similar diagnostic outcomes as radiologists due to
the existing evidence that interpretable outputs in XAl have the potential to help expert radiologists’ decision in breast cancer
screening 12

3.1 Results and Findings

This review work outline, based on the necessity of transparent Al clinical systems that adhere to accountability expectations,
we find the increasing adoption of XAI technologies in mammography-based breast cancer diagnosis® (). Some works used

https://www.indjst.org/ 3683
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SHAP and LIME to interpret as Random Forest, XGBoost and SVM machine learning classifiers”) ® (12 (19) These techniques
have demonstrated their capability of generating meaningful explanations ranging on the local and global description level.
When applying SHAP and Permutation Importance Saliency Maps, it reached a classification accuracy of 97.7% (KNN) and
98.6% (ANN) matched with important features towards each Malignancy Prediction®. The diagnosis tools can prove highly
beneficial for AI diagnostic trust and transparency but are plagued by issues of runtime efficiency and scalability across large
datasets.) The study showed that data augmentation combined with VGG16 and AlexNet deep learning were successful
in obtaining high-effective mammography detection results. Image resolution restriction in addition to the problem of class
imbalance were considered as significant challenges toward this direction. The work by © followed a visual case-based reasoning
approach to yield users the benefit of analogical interpretability that was empirically demonstrated in-user in line with a new
way for clinicians/Al collaboration.

A study that could carry this out is the Federated Learning technology that allows both high privacy and accuracy during
the construction of secure diagnostic networks as the work in® illustrates. Inception-ResNet V2 is a key 3D deep learning
model that has® been used to study MRI scans because it can identify both diagnostic indicator as well as regional anatomical
structures through Grad-CAM visualization. Two other approaches to improve annotation efficiency and control feature
selection, namely patch-based curriculum learning that shares favourable results in ' and hybrid system construction shown
in?). Three key bottlenecks that still hinder DL model deployment are the difficult model interpretability pattern, imbalanced
data and the lack of a unified interpretability criterion. The results of !? confirm the critical necessity of XAI model evaluation
within real world clinical practice by showing better diagnosis results than radiologists in some cases. The ability of the
XGBoost algorithm stands out as most superior with 99.30% accuracy in breast cancer classification, and SHAP analysis to
explain and interpret model predictions generated by the XGBoost model predictions Y. Combining SHAP into LIME based
evaluation method, we achieved a significant improvement of model interpretability and made transparent decision more
powerful Table 3.

The study discussed obstacles like imbalanced data, small datasets, interpretability, generalisation, and collaboration gap
between Al-Radiologist. These obstacles will make it difficulty of adopting XAI methods in diagnosing breast cancer for real
world. But the study listed the outcomes by integrating quantitative metrics like F1 score, accuracy, precision, recall and AUC
curve across different studies to reveal the trade-off between interpretability and performance prediction to make the readers
to understand where and how the present XAI methods improve in clinical workflows.

3.2 Ethical, Legal and Regulatory Considerations

The ethical and regulatory challenges of implementing XAI in mammography range from bias reduction, data governance,
accountability to clinical acceptance.

o Bias Mitigation: Bias in datasets needs to be examined through fairness audits, subgroup performance reports and
mitigation techniques. The study suggests conducting regular bias audits with subgroup performance measures like
sensitivity, and specificity across age, ethnicity and imaging device, data augmentation and re-sampling where appropriate,
and prospective testing on representative cohorts.

o Data Governance: Data privacy and security demand solutions like enforcing regulations such as GDPR and HIPAA,
federated learning, differential privacy, and transparent data-use agreements. Provide dataset provenance records such as
Datasheets or DAIR-style metadata, enforce requirements for informed consent or ethical waivers, and have clear data
access rules. This paper discusses federated learning as well as secure enclaves in terms of privacy-preserving schemes but
considering the risks due to communication and aggregation.

o Accountability & Transparency: Accountability requires clear documentation in Model Cards, Dataset Datasheets and
incident response procedures, and relevant regulation requires clarification of liability as well as certification and safety
measures.

o Clinical Governance & Risk Management: Ultimately, human factors including clinicians training, trustworthiness and
actionable explanations are needed to facilitate its real-world adoption to maintain iteratively transparent, ethical and
reliable XAl systems for the clinic. A governance framework like multidisciplinary Al oversight committee is suggested
for the pre-deployment clinical trials in order to access the domain-specific tasks and risk classification.

o Regulatory & Legal Context: The study briefly covers effects of data protection laws, medical device regulation, and
emerging Al-specific regulation. It is emphasized that regulators will usually require that any such explainability is
proportional to the risk involved, and there are growing calls for evidence of post market surveillance regarding
performance drift.
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Table 3. Summary of comparing performance metrics, interpretability, and clinical utility XAI techniques

XAI Performance Metrics Interpretability Clinical Utility Limitations

Technique  (Accuracy/AUC) Strength

SHAP High Accuracy - up to Global + Local Explains Feature High Computational Cost, Scalability

99% Explanations Importance, Trusted in Issues
Diagnostics
LIME Moderate Accuracy with  Local Explanations  Quick, Lightweight Less Stable on Complex Data
90-95% Explanations for
Radiologists
Grad- Preserve resolution in Visual Heatmaps 1. Tackles resolution loss 1. Test approaches on diverse medical
CAM tumour segmentation (Region-Specific) and pixel imbalance. image datasets.
and Provide visual Grad-CAM aids 2. Promotes visualization 2. Address elevated false positive rates
explanations with high interpretability of deep models via in CAD systems.
accuracy Heatmaps

Deep Strong Performance on Feature-wise 1. Detailed Attribution for ~ Limited to small test set. Requires Large

Taylor CNN Models Relevance Neural Networks. Training Data

Decompo- Mapping 2. Demonstrates clinical

sition validation with experts.

Curricu- Improved Learning Adaptive Learning ~ Optimized Training for Needs Broader Validation Across

lum Efficiency for Complex Data Diverse Mammography Datasets

Learning Views

Attention  Achieved 92% accuracy Visual attention Aids radiologists in 1. The proposed network requires

Mecha- on lesion localization maps highlighting  focusing on critical testing on larger datasets for validation.

nisms tasks (AUC up to 0.96) tumour regions regions 2. Investigate various deep learning

architectures to enhance model
accuracy

Case- The best classification Visual analogical Supports clinical Difficulty in distinguishing treatments

Based accuracy achieved was explanations + decision-making with case  due to small sample size.

Reasoning  80.3% using kNN Case-based analogies. Useful for Need for larger datasets to improve
reasoning for clinical adoption. classification accuracy.
interpretability

Curricu- Curriculum learning Adaptive learning Improves efficiency for 1. Patch diversity and computational

lum improves F1 from 80.55 with localized mammography with cost constraints

Learning to 83.95% with heatmaps diverse views 2. Strong generalization and scalability

+ Patch- patch-based models with limited strong supervision

based

XAI

Federated  Achieved 97% accuracy =~ SHAP values Enables cross-institutional ~ Federated setup complexity and

Learning while preserving privacy ~ ensuring Enhance  collaboration without communication costs

+ XAI using Federated model sharing raw data

(SHAP) Learning interpretability and
transparency

4 Conclusion

XAI plays a major role in improving the transparency and interpretability of machine learning and deep learning models that are
used to detect breast cancer from mammograms. XAI makes these algorithms more clinically acceptable. SHAP, together with
LIME and Grad-CAM, which couple with attention mechanisms, have proved very effective at providing clear interpretations
along the lines of clinical decision-making which help make sense of the model’s predictions. Their use in the diagnostic process
is often coupled with maintaining excellent accuracy levels. The clinical practice of XAI has yet to reach its full potential due
to a number of continuing gaps that are waiting to be resolved. Current models aren’t very generalizable because the datasets
they use are so narrow, which causes problems when you try to apply them to different populations or when you use different
imaging modalities. There are no standardized metrics in the present analysis for evaluating the clinical value of the explanations
produced by XAI systems. Experienced physicians with clinical expertise cannot be matched by feature-based or visual XAl
strategies. Thus, when creating better systems like human-in-the-loop (HITL), XAI should rely on feedback from medical
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professionals. Requirement for immediate and thorough examination of ethical and regulatory challenges of consents from
patients and AI decision accountability in order to address them properly. These challenges could lead to confuse for the Al
decision makers, both human and computer, and ultimately for our society. They could also lead to significant and negative
costs on our healthcare system.

Future research should focus and struggle to gain performance benefits as well as access for clinical use with explainable

functionalities, for mixed population and mixed scanner fully automatic computer-aided diagnosis. The study identified the
opportunities like using federated learning, curriculum learning, XAI in multimodal pipelines, and human-centric Al will
provide new perspectives on connecting algorithmic breakthroughs to clinical needs.
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