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In the search of precision medicine for breast cancer, the integration of
artificial intelligence (AI) offers unprecedented opportunities to improve
diagnosis, prognosis, and treatment strategies. This paper discovers the
prospective of explainable artificial intelligence (XAI) to demystify the
black-box landscape of Al, fostering both transparency and trust. We
introduce an XAl-based approach, anchored by the anchors explanation
method, to provide interpretable predictions for breast cancer treatment. Our
results demonstrate that while anchors improve the interpretability of model
predictions, the precision and coverage of these explanations vary,
highlighting the challenges of achieving high-fidelity explanations in
complex clinical scenarios. Our findings underscore the importance of
balancing the trade-off between model complexity and explainability. They
advocate for the iterative development of Al systems with iterative feedback
loops from clinicians to align the model's logic with clinical reasoning. We
propose a framework for the clinical deployment of XAl in breast cancer.
Ultimately, XAl, equipped with techniques like Anchors, holds the promise
of enhancing precision medicine by making Al-assisted decisions more
transparent and trustworthy, empowering clinicians and enabling patients to
engage in informed discussions about their treatment options. However,
anchors lag in the accuracy of rules and remains a challenge to the Al
developers.

This is an open access article under the CC BY-SA license.

©00

Corresponding Author:

Reena Lokare

Department of Information Technology, Faculty of Information Technology
K. J. Somaiya Institute of Information Technology

Mumbai, Maharashtra, India
Email: reena.l@somaiya.edu

1. INTRODUCTION

Precision medicine for breast cancer studies various approaches to find and recommend suitable
treatment to the individual patient based on clinical and genomic observations of breast cancer tumor samples
[1]. This includes using advanced technologies such as genomic profiling, pharmacogenomics, biomarker
discovery, and artificial intelligence (AI) to understand the underlying biology of the disease to an individual
patient and recommend suitable medicine termed as precision medicine accordingly. While these innovations
are showing great promise and flexibility, there is an increasing need for ensuring transparency and trust in
the decision-making process in order to increase acceptance and adoption of precision medicine approaches.
This study mainly focuses on the use of explainable artificial intelligence (XAI) techniques, such as the
anchors method. Explainable Al, or XAlI, aims to make the model internals and prediction done by Al models
more interpretable and understandable to humans. The anchors method identifies the most important
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features or "anchors" that contribute to an Al model's prediction, providing clinicians and patients with clear

and useful explanations for the model's decisions. This allows for greater transparency and trust in the

application of Al-powered precision medicine tools for breast cancer [2], [3]. By leveraging XAl techniques
like anchors, healthcare providers and patients can better comprehend the rationale behind Al-driven
predictions and treatment recommendations, facilitating more informed and collaborative decision-making

approach [4]-[6].

The use of XAI methods in precision medicine for breast cancer can have several key benefits:

—  Improved transparency: XAI techniques like anchors provide clear and interpretable explanations for
Al-based predictions and recommendations, allowing clinicians and patients to understand the reason
behind the model's outputs.

—  Enhanced trust and acceptance: transparent explanations build greater trust in Al-powered precision
medicine tools, increasing the likelihood of their adoption and integration into clinical practice [7].

—  Precision and personalization: by identifying the key factors driving Al predictions, anchors can help
tailor treatment strategies to the characteristics of an individual and needs of each breast cancer patient.

—  Validation and verification: XAl methods enable the validation and verification of Al models, ensuring
their reliability and alignment with medical expertise and best practices.

Overall, the integration of XAl techniques, such as the anchors method, into precision medicine
frameworks for breast cancer can play a vital role in attractive transparency, trust, and the personalization of
care, ultimately improving patient outcomes and the overall acceptance of these transformative technologies
in clinical practice [8]. Breast cancer disease is a complex and varied disease, with various factors
contributing to its progression, evolution, and response to treatment. Healthcare providers must have a deeper
understanding of the underlying biological and clinical characteristics of each patient's tumor in order to
provide personalized and precise care. Al-powered predictive models have shown great potential in this
domain, leveraging large datasets and advanced algorithms to uncover hidden patterns and make accurate
predictions about prognosis, disease risk and treatment response. However, for these models to be widely
adopted in clinical practice, it is essential to ensure their transparency and interpretability. This is where XAl
techniques, such as the anchors method, come into picture [9].

The anchors method identifies the most important features or "anchors" that contribute to an Al
model's predictions. Thus, providing clear and actionable explanations for its decision-making process [10].
Clinicians and patients can gain insights into the key factors driving the model's outputs by applying anchors
to breast cancer prediction models, such as specific molecular or genomic biomarkers those are most
predictive of disease risk, treatment response, or prognosis. Also, clinical and demographic characteristics
(e.g., age, tumor stage, and comorbidities) that meaningfully influence the model's predictions. Interactions
between various factors that collectively contribute to the decision-making of Al model. This level of
interpretability and transparency is crucial for building trust in Al-powered precision medicine tools, as it
allows healthcare providers and patients to better understand the justification behind the model's
commendations and make more informed decisions about treatment options [11].

A complex approach is required that addresses both technical and organizational challenges for
the successful integration of XAI techniques, like the anchors method, into precision medicine for breast
cancer [12]. First, from a technical perspective, Al model developers must work closely with domain
experts, like pathologists and oncologists, to ensure that the explanations provided by the anchors method
are clinically meaningful and aligned with medical best practices. This may involve iterative model
refinement and feature engineering, and the incorporation of domain-specific knowledge to enhance the
interpretability and clinical relevance of the Al-based predictions. Second, healthcare organizations have
to decide evaluation criteria and clear instructions for the assessment of XAl systems in a clinical context.
These strategies should address the timeliness of the clinical task and the ability of the explanations to
truthfully reflect the model's decision-making process the computational resources required to generate
explanations [13], [14]. Finally, patients and healthcare providers must be cultured on how to interpret the
explanations provided by tools like anchors and the principles of XAI. This will foster greater trust and
acceptance of these technologies, ultimately leading to their more extensive adoption in precision
medicine for breast cancer [15].

2. RELATED WORK

The ground of precision medicine has seen a significant change with the beginning of machine
learning (ML) and Al techniques [16]. In case of breast cancer, these progresses have enabled more adapted
and targeted approaches to prognosis, diagnosis, and treatment. However, the complexity of these Al models
can often lead to a lack of transparency, making it thought-provoking for clinicians and patients to appreciate
and trust the conclusion-making process [17]. Specifically, the application of XAI and anchor-based methods
in the context of breast cancer diagnosis and treatment has garnered substantial attention from the research
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community. This literature review aims to synthesize the current state of the art in this domain, highlighting
the key advancements, challenges, and opportunities for further exploration [18].

XAI has appeared as a fruitful approach in facilitating the transparency and interpretability and of
complex ML models, particularly in impact-creating fields such as healthcare. By providing interpretable
explanations for Al-based decisions, XAl can bridge the gap between the black-box nature of these models
and the need for healthcare professionals and patients to understand the reasoning behind treatment
recommendations [19]. The anchors explanation method, in particular, has been leveraged to offer a succinct
and intuitive rationale for Al predictions in breast cancer management. Anchors identify the most salient
features—such as genetic markers and clinical indicators—that "anchor" a model's predictions, thus offering
a clear and concise justification for its outcomes [20].

This approach has been active in enhancing the trustworthiness and transparency of precision
medicine policies in breast cancer, as it allows healthcare providers and patients to better understand the
decision-making process and make informed choices [21]. Moreover, the integration of XAl and anchors
has the potential to rationalize the clinical adoption of Al-powered tools, as healthcare professionals and
patients can more readily understand and trust the underlying logic behind the Al's recommendations [22].
As the field of precision medicine continues to grow, the exploration of XAl and anchor-based methods
will likely play a crucial role in advancing the development of trustworthy and transparent Al-driven
solutions for breast cancer prognosis, diagnosis and treatment [23], [24]. Previous research on XAI in
breast cancer quantification underlines the need for interpretable models to improve clinical decision-
making and trust. Studies indicate that XAI improves diagnostic accuracy by making Al predictions
transparent and understandable for healthcare professionals. In Saudi Arabia, XAl's application is
particularly valuable for addressing region-specific demographic and genetic factors. Overall, XAl
facilitates personalized treatment plans and supports the adoption of precision medicine in breast cancer
management [25].

The effectiveness of combining convolutional neural networks (CNNs) with XAl techniques for
the breast cancer diagnosis is discussed in [24]. The research focuses on CNNs and making them
more interpretable with the integration of XAI, thus increasing their effectiveness in clinical use. By
providing clear and understandable explanations for model predictions, this integration aims to improve
clinician trust and accuracy, and also support for more informed decision-making in fields such as
mammography. The study highlights various XAI methods to identify the most effective approaches for
elucidating CNN decisions, thus highlighting the potential for these advanced Al tools to transform breast
cancer detection and treatment.

Kothari et al. [25] explores the implementation and development of a web-based application that
leverages XAl to predict the value of cancer drugs. The application integrates advanced ML algorithms with
XAI techniques to provide transparent and interpretable predictions regarding drug efficacy and value. This
transparency is critical for healthcare providers, researchers and patients to understand the rationale behind
Al-driven recommendations, ensuring trust and facilitating informed decision-making. Kothari et al. [25]
work highlights the importance of user-friendly interfaces and the practical application of XAl in real-world
healthcare scenarios. Thus, demonstrates how such technologies can improve drug selection processes and
personalized treatment strategies in oncology.

Ali et al. [26] examines the growing importance of XAl across various medical and healthcare
applications. The review associates’ findings from numerous studies, highlighting how XAI enhances the
interpretability and transparency of Al models, which is essential for gaining the trust of healthcare
professionals and patients. The work debates the benefits of XAl in improving treatment planning, diagnostic
accuracy and patient outcomes by making Al predictions more understandable. Also, the review identifies
key XAI techniques and their applications in different healthcare settings, emphasizing the potential of XAl
to bridge the hole between compound AI models and reliable, practical medical practices. Ali et al. [26]
inclusive analysis underscores the transformative impact of XAl in promoting more effective and responsible
Al-driven healthcare solutions.

3. METHOD

To provide a comprehensive overview, this research paper will examine the role of XAl, particularly
the anchors method, in improving the transparency, trust, and acceptance of Al-driven precision medicine for
breast cancer. Anchors, a technique introduced by Sawangarreerak et al. [27], is a model-agnostic method
that identifies the most important features contributing to a model's predictions. By highlighting the "anchor"
features that are sufficient to explain a prediction, anchors allows users to understand the underlying logic
and rationale behind Al-generated recommendations.
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In the context of breast cancer, anchors can be leveraged to provide physicians and patients with
interpretable insights into Al-powered diagnostic and prognostic models. For example, an anchors analysis
might reveal that a model's prediction of a patient's risk of developing breast cancer is primarily driven by
factors such as family history, age, and mammographic breast density. This level of transparency can help
build trust in the AI system, as clinicians can verify that the model's decision-making aligns with their
medical expertise. Patients can be empowered to make more informed decisions about their care, as they can
understand the rationale behind the Al's recommendations.

3.1. Dataset used

The dataset used in the study is taken from cBioPortal. The cBioPortal for cancer genomics is an
open-access reserve for the communicating exploration of multidimensional cancer genomics datasets.
It provides visualization, analysis, and download of large-scale cancer genomics data sets. The description
and specifics of a particular dataset used in an existing study would depend on the scope of that study, but
generally, cBioPortal datasets can include: i) genomic information like mutations, copy-number alterations,
and structural variants from sequencing data; ii) gene expression profiles which measure the movement of
thousands of genes at once to create a global image of cellular function; iii) proteomics data which may
include levels of proteins and their modifications, if available; iv) clinical data such as patient demographics,
treatment histories, survival details, and clinical outcomes; and v) biomarker data indicating the presence or
absence of certain biological markers linked to cancer pathology or treatment response.

These datasets are often derived from large cohorts of patients and are used to perform
comprehensive analyses that identify genetic alterations that drive cancer progression. They also correlate
genomic changes with clinical outcomes, and support the development of targeted cancer therapies.
Researchers accessing cBioPortal datasets for studies are expected to carefully consider the source, context,
and relevance of the data they extract, as well as any potential limitations, such as sample size or
completeness of the clinical annotations [28], [29].

3.2. Machine learning model

In order to find out important features or biomarkers, a random forest classifier is trained with the
dataset mentioned in sub-section 3.1. The classifier with 50 estimators is giving an accuracy of 93.26% as
shown in Figure 1. This random forest classifier is giving an accuracy of 93.26%.

- RandomForestClassifier

RandomForestcl955ifier(n_eStimatDPs=5@)é

Figure 1. Structure of random forest classifier

3.3. Biomarkers derived from feature importance of machine learning models

ML models trained on cancer genomics datasets can identify important features or biomarkers that
contribute to their predictive performance. The cBioPortal for cancer genomics is an open-access resource for
the interactive exploration of multidimensional cancer genomics datasets [30], [31]. It provides visualization,
analysis, and download of large-scale cancer genomics data sets. The description and specifics of a particular
dataset used in an existing study would depend on the scope of that study, but generally, cBioPortal datasets
can include: i) genomic information like mutations, copy-number alterations, and structural variants from
sequencing data; ii) gene expression profiles which measure the activity of thousands of genes at once to
create a global picture of cellular function; iii) proteomics data which may include levels of proteins and their
modifications, if available; iv) clinical data such as patient demographics, treatment histories, survival
details, and clinical outcomes; and v) biomarker data indicating the presence or absence of certain biological
markers linked to cancer pathology or treatment response.

These datasets are often derived from large cohorts of patients and are used to perform
comprehensive analyses that identify genetic alterations that drive cancer progression, correlate genomic
changes with clinical outcomes, and support the development of targeted cancer therapies. Researchers
accessing cBioPortal datasets for studies are expected to carefully consider the source, context, and relevance
of the data they extract, as well as any potential limitations, such as sample size or completeness of the data.
The dataset used in the study contains 1,198 breast cancer tumor samples. This dataset contains clinical,
treatment and genomic details of the patient. Figure 2 shows biomarkers discovered from the feature
importance of random forest classifier. The features listed are both clinical and genomic.
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index 9.221152
Denova_MBC @.2a87167
Age 8.179149
Mutations_Count ©.898578
Overall Tumor_Grade B8.e45214
Triple Negative B9.834988
LuminalA 9.821854
PIKICA a.alssa7
Metastatic_Dz g.als4ed
TP53 g.el71a4
GATA3 8.816823
FGFR1 6.e14534
CChD1 6.e12738
CDH1 @.e11766
Prior_Breast_Primary B8.e11572
ESR1 8.el115a3
FOXAL 8.e11137
ERBE2 8.e188738
HER2+ 8.ee2787
PTEN 8.ee8166
Prior_Local_Recurrence 9.ea5882
LuminalB 9.8a5565
NF1 9.ea48a9
Altered 9.ea3423

dtype: floats4d

Figure 2. Feature importance of random forest classifier

4. RESULTS AND DISCUSSION

The aim of this research work is to predict and explain suitable therapy for breast cancer patients
based on clinical and genomic details. The therapies used in this study are chemotherapy, hormone single
therapy, Anti HER2 therapy and HormoneCDK46i therapy. The results of anchor method for
recommendation of suitable therapy based on discovered clinical and genomic biomarkers are discussed.

4.1. Prediction: chemotherapy

Chemotherapy is one of the treatments on breast cancer. In order to predict suitable treatment as
chemotherapy, attributes and their values used for the prediction by the anchor method of explainability are
explained in the anchor text.
Anchor text: ['GATA3 <=0.00", '42.00 <Age <=50.00", '2.00 <Overall Tumor Grade <=3.00',
'HER2+ <=0.00', 'Denovo_MBC <=0.00', 'ESR1 <=0.00", 'FGFR1 <=0.00", 'Altered <=1.00', 'NF1 <=0.00",
'Metastatic Dz <=1.00', 'FOXA1 <=0.00', 'TP53 <=1.00', 'LuminalA <=1.00', 'LuminalB <=0.00',
'PTEN <=0.00", 'Prior Breast Primary <=0.00', 'CCND1 <=0.00', 'Mutations Count <=4.00',
'PIK3CA <=0.00', 'ERBB2 <=0.00', '"CDH1 <=0.00", 'Prior_Local Recurrence <=0.00"]
Precision: 0.15847665847665848
Coverage: 0.0084
Prediction explanation: anchor method is used to explain the prediction. The important features for
predicting chemotherapy:
GATA3 expression level: age between 42 and 50, tumor grade between 2 and 3, HER2 status (positive or
negative), and prior occurrence of metastatic disease. The model achieved a precision of 0.1585 with a
coverage of 0.0084.

4.2. Prediction: hormone single therapy

Hormone single therapy is one of the treatments on breast cancer. In order to predict suitable
treatment as hormone single therapy, attributes and their values used for the prediction by the anchor method
of explainability are explained in the anchor text.
Anchor text: ['LuminalA <=0.00', 'Age <=50.00", 'CCND1 <=0.00', 'FOXA1 <=0.00", '"HER2+ <=0.00'",
'Denovo MBC  <=0.00", 'Prior Breast Primary <=0.00', 'ESR1 <=0.00', 'ERBB2 <=0.00',
'Overall_ Tumor_Grade >2.00', 'Mutations Count <=4.00', 'CDHl <=0.00', 'LuminalB <=0.00',
'PTEN <=0.00', 'NF1 <=0.00'", 'PIK3CA <=1.00'", 'Metastatic Dz <=1.00", '"GATA3 <=0.00', 'TP53 <=1.00"]
Precision: 0.11004784688995216
Coverage: 0.0193
Prediction explanation: the model predicts the effectiveness of hormone single therapy for a specific case
based on several features such as: LuminalA status, age, CCND1 expression level, FOXAT1 status, HER2+
status, De novo MBC occurrence, prior breast primary condition, ESR1 and ERBB2 levels, overall tumor
grade, mutations count in the genes CDH1, PTEN NF1, and PIK3CA, and metastatic disease involvement
is also taken into account alongside GATA3 and TP53 gene statuses. The model achieved a precision of
0.110 and coverage of 0.019.
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4.3. Prediction: Anti HER?2 therapy

Anti HER2 therapy is one of the treatments on breast cancer. In order to predict suitable treatment
as anti HER2 therapy, attributes and their values used for the prediction by the anchor method of
explainability are explained in the anchor text.
Anchor text: ['GATA3 <=0.00", '42.00 <Age <=50.00", "2.00 <Overall Tumor Grade <=3.00',
'HER2+ <=0.00', 'Denovo MBC <=0.00', 'ESR1 <=0.00', 'FGFR1 <=0.00', 'Altered <=1.00', 'NF1 <=0.00',
'Metastatic Dz <=1.00', 'FOXA1 <=0.00', 'TP53 <=1.00', 'LuminalA <=1.00', 'LuminalB <=0.00',
'PTEN <=0.00", 'Prior Breast Primary <=0.00', 'CCNDI <=0.00', 'Mutations Count <=4.00',
'PIK3CA <=0.00", 'ERBB2 <=0.00", '"CDH1 <=0.00', 'Prior Local Recurrence <=0.00']
Precision: 0.15847665847665848
Coverage: 0.0084
Prediction explanation: the prediction for Anti-HER2 therapy is based on the following criteria: GATA3
score, age range between 42 and 50, overall tumor grade between 2 and 3, absence of HER2 amplification,
non-de novo metastatic breast cancer status, low ESR1 expression level, lack of FGFRI1 alteration,
presence of genetic alterations in at least one gene among altered genes list (NF1 exclusion), limited
metastatic disease burden (Metastatic Dz <=1.00), absence of FOXA1 overexpression, TP53 mutation
presence but with luminal a subtype predominance. It is with as low PTEN score as well as never
experiencing local recurrence before. The model's precision for this prediction is approximately 0.1585
with a coverage rate of about 0.0084.

4.4. Prediction: HormoneCDK46i therapy

HormoneCDK46i therapy is one of the treatments on breast cancer. In order to predict suitable
treatment as HormoneCDKA46i therapy, attributes and their values used for the prediction by the anchor
method of explainability are explained in the anchor text.
Anchor text: ['GATA3 <=0.00', '42.00 <Age <=50.00', '2.00 <Overall Tumor Grade <=3.00,
'HER2+ <=0.00', 'Denovo_MBC <=0.00', 'ESR1 <=0.00'", 'FGFR1 <=0.00', 'Altered <=1.00', 'NF1 <=0.00',
'Metastatic Dz <=1.00', 'FOXA1 <=0.00', 'TP53 <=1.00', 'LuminalA <=1.00', 'LuminalB <=0.00',
'PTEN <=0.00", 'Prior Breast Primary <=0.00', 'CCND1 <=0.00', 'Mutations Count <=4.00',
'PIK3CA <=0.00", 'ERBB2 <=0.00", '"CDH1 <=0.00", 'Prior Local Recurrence <= 0.00']
Precision: 0.15847665847665848
Coverage: 0.0084
Prediction explanation: HormoneCDK46i therapy will be effective for patients who have the following
characteristics: GATA3 <=0.00 age between 42 and 50¢- overall tumor grade between 2 and 3 HER2+
status <=0.00. Denovo MBC status <=0.00. ESR1 expression level <=0.00<and more factors as per anchor
text. Precision of this prediction is approximately at 15.85% with a coverage of only 0.84%.

5. CONCLUSION

The development of XAI and anchor-based approaches holds immense promise for enhancing the
transparency and trustworthiness of precision medicine in breast cancer. By providing interpretable and
understandable insights into the decision-making process of Al models, these techniques can empower
clinicians and patients to make more informed decisions, leading to improved treatment outcomes and
increased patient trust in the healthcare system. The role of explainability in creating trustworthy Al for
healthcare cannot be overstated, as the lack of transparency has been identified as a key barrier to the wider
adoption of these technologies. The ability to explain the reasoning behind Al predictions, as demonstrated
by the anchors method, can foster a deeper understanding of the underlying factors that drive treatment
decisions, thereby enabling more informed and collaborative decision-making between healthcare providers
and patients. So, the integration of clinically relevant features, such as genetic markers and clinical
indicators, into the explanation process can enhance the relevance and utility of the XAl-based approach,
aligning it with the clinical reasoning patterns of healthcare professionals. As the field of precision medicine
in breast cancer continues to evolve, the synergistic integration of XAl and anchor-based techniques can pave
the way for more transparent, trustworthy, and personalized treatment strategies. Ongoing research and
collaboration between Al researchers, clinicians, and regulatory bodies will be crucial in ensuring the
responsible and ethical development of these technologies, ultimately leading to improved patient outcomes
and a stronger bond of trust between patients and the healthcare system.
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