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Abstract  

Breast cancer is a highly heterogeneous disease consisting of distinct molecular subtypes and differential response to treatment. The major 

challenge associated with predicting treatment responses and overcoming resistance mechanisms in tumor heterogeneity (genetic, phenotypic, and 

molecular diversity of a single tumor) remains yet to be overcome. Now artificial intelligence (AI) and machine learning (ML) promise to help us 

address these challenges by modelling complex interactions within the tumor. Using large-scale genomic, transcriptomic, imaging and clinical 

data, AI can incorporate cancer heterogeneity by characterizing and identifying key drivers for cancer heterogeneity and predicting resistance 

mechanisms. They help to generate more accurate prediction of chemotherapy, targeted therapy, and immunotherapy treatment responses and it 

can pave the way for more personalized treatment strategy. But AI is also capable of monitoring tumor evolution over time, and uncovering real-

time insights about how effective treatment is and if relapse is starting, early. While promising, practitioners have been slow to adopt AI models 

for clinical work, due to data quality, model interpretability and compatibility in the current healthcare workflow. In translating AI based tools for 

practice, these challenges will need to be addressed. In this paper, we discuss how AI may be used to target tumor heterogeneity, model resistance 

mechanisms and optimize treatment responses in breast cancer as well as presenting obstacles to clinical implementation of such methods. 

Key words: Heterogeneity, Artificial Intelligence, Machine Learning, Treatment Resistance, Personalized Treatment, Genomic Data, Breast 

cancer.  

 

 

  

 

 

 

 

 

 

 

 

 

    

 

 

 

 

 

 

Introduction  

One of the highly prevalent and fatal cancers in the world today is breast cancer, which still impacts 

millions of people each year. Although breast cancer is extensively detected and treated in early 

stages, it remains a major problem because of its inherent biological and molecular complexity. 

This level of intratumorally heterogeneity is one of the primary reasons why breast cancer is 

difficult to treat [1]. The variations can be due to genetic mutations, the effect of environment, or 
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cells within the tumor microenvironment. Therapies also fail partly due to the presence of intra 

tumorally heterogeneity, whereby some tumor cells are resistant to conventional treatments and 

are therefore later resistant to recidivism or metastasis. However, this complexity not only impedes 

effective treatment, but empirical prediction of patient outcome based on their tumors also 

difficult: no two breast cancer tumor are alike [2].  

Overcoming tumor heterogeneity, therefore, is essential to enhancing therapeutic strategies and 

advancing personalized treatment of breast cancer patients. Personalized medicine is critical for 

improving the treatment of breast cancer and recent advances in artificial intelligence (AI) and 

machine learning (ML) technologies hold potential in overcoming breast cancer tumor 

heterogeneity [3]. AI and ML have also significantly advanced cancer research by supplying 

methods for data processing and information processing from large, complex disease datasets that 

may contain genomic, transcriptomics and clinical information. 

 These technologies help identify patterns and relationships within the data, where previously these 

were not easily observed — leading to a more accurate understanding of the tumor’s molecular, 

treatment response, and resistance mechanisms. Today, thanks to leveraging large scale data found 

using high throughput sequencing, imaging techniques and patient clinical records, AI models are 

being used to attempt to model and predict how breast cancer tumordevelop and might respond to 

various treatments [4]. Investing in understanding and modelling those treatment failure 

mechanisms is one of the areas in which AI and ML could do the most really powerful things. A 

common type of breast cancer can become resistant to the drugs used to treat it — chemotherapy, 

hormone therapy, and even targeted treatments [5]. Indeed, often this resistance is caused by the 

presence of subpopulations of cells in the tumor which carry unique mutations or have different 

gene expression profiles such that they can survive treatment. In time, these subpopulations can 

become more dominant and create relapse or metastasis [6].  

Currently, these resistant cells are traditionally identified and targeted by techniques that typically 

cannot detect minor subpopulations or their behavior over time. But AI comes with the ability to 

bring together genomic data, and longitudinal treatment response data, creating predictive models 
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that can tell us, for example, how tumor will evolve, and what treatment interventions will be best. 

In addition, the use of AI and ML can personalize treatment strategies [7]. These technologies can 

feed on a trove of patient data and customize treatment plans to address the particular 

characteristics of a patient’s tumor. As an example, AI models can help determine the most likely 

effective treatment regimen for an individual patient, by integrating genomic sequencing data 

together with information about the tumor’s response to a previous therapy. Using this approach, 

we can get more targeted therapies that do not require the use of generalized treatment strategies 

that may fit not everyone [8].  

AI’s ability to predict the optimal treatment for each specific subtype — such as HER 2 positive, 

triple negative or hormone receptor positive (for example) — would dramatically improve patient 

outcomes in breast cancer, where the disease can be highly varied [9]. Another promising way to 

augment our knowledge of tumor heterogeneity is the coupling of AI to imaging data. A growing 

discipline that has been recently enabled by the use of AI is radionics, which uses quantitative 

features produced from medical images to analyses tumor characteristics at a deeper level. Say for 

example, that AI models can analyses texture, shape, and size tumor in information gathered from 

images such as MRI, CT scans, and PET scans [10]. Yet, these features are often overlooked by 

the human eye and can provide information into the heterogeneity of the tumor and its 

microenvironment.  

By enabling the use of radionics features along with genomic data, AI is able to make more precise 

and accurate predictions of how a tumor will behave — will it spread? Will it become resistant to 

treatment? By integrating multi-modal data, these data have potential to lead to more precise and 

earlier detection of treatment resistance so clinicians can change therapy before relapse. With the 

possibilities of AI and ML being so great, there are several hurdles that need to be overcome before 

such technology can be completely across into clinical practice [11]. Something that is very 

complex and large in terms of the amount of data needed to train these models is one of the key 

challenges. Millions of data points are involved in genomic data and imaging data and medical 

history combined together creates the datasets to be managed and understood [12].  
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Additionally, since data quality is variable (particularly when your patients are coming from 

different medical institutions and across the entire patient population) the results can be biased for 

data that are fed to an AI model [13]. To ensure an AI model’s accuracy and generalizability it’s 

important to ensure that the AI model is trained on high quality representative data. And, as is 

often the case with AI models, their decision making is black box (not transparent). This lack of 

explain ability could prevent clinicians who need to understand how and why this or that treatment 

advice is given, from embracing AI tools [14]. The second challenge is the incorporation of AI 

driven tools into current healthcare workflows.  

However, it must be fused into the daily practices of clinicians who are already busy trying to 

manage complicated cases and treatment regimens [15]. It means platforms that are user friendly, 

and communication is clear about what AI recommendations can and cannot do. In addition, 

clinicians must be properly trained to use these tools effectively and interpret the results into the 

particular care of an individual patient. They will also have to assure that any AI driven 

therapeutics are correctly validated through the clinical trials to ensure their safety and efficacy 

before use [16]. However, despite all of these challenges, the integration of AI and ML to breast 

cancer, care promise is huge. AI can by providing new insights into tumor heterogeneity, resistance 

mechanisms and treatment responses may personalize treatment plans, might help predict chances 

of patients to survive, and ultimately improve survival rates [17].  

We expect there will be continued research and collaboration with data scientists, clinicians, and 

regulatory agencies needed to make full use of AI in breast cancer treatment. These technologies 

may go on to be inevitable weapons in the arsenal against breast cancer, offering more precise, 

targeted and efficient therapies for patients around the world [18]. 

Research findings 

Tumour Heterogeneity in Breast Cancer: Breast cancer is a heterogenous disease, with tumor 

containing a diverse mixture of cell populations. The center of overall tumor heterogeneity is the 

lack of genetic, epigenetic, and phenotypic heterogeneity of the subpopulations of the tumor, 

which express distinct genetic mutations, epigenetic changes, and phenotypic traits [19]. Several 
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cause for tumor heterogeneity, including genetic mutations, chromosomal instability, epigenetic 

alterations and tumor microenvironment, are receiving increasing attention. Treatment efforts are 

further complicated by the diversity of genes and proteins in a single tumor that, within a single 

tumor, make some subpopulations more responsive to therapeutic interventions than other 

subpopulations. An example is the subset of tumor cells that are sensitive to chemotherapy, but 

the majority is resistant due to the mutations that confer resistance against chemotherapy [20]. 

Genetic and Phenotypic Diversity 

Genetic Mutations and Variability: One of several ways breast cancer tumor are diverse is with 

genetic mutations. These mutations lead to mutations to the genes involved in cell growth, 

apoptosis and DNA repair mechanisms [21]. For instance, nearly all cases of breast cancer harbor 

mutations in the TP53 gene, a gene that acts as a tumor suppressor, with genetic instability resulting 

from a loss of order in the genome and the growth of subpopulations that have different genetic 

makeup. In addition, genes like BRCA1 and BRCA2 that predispose to cancer can hamper DNA 

repair mechanisms leading to additional genetic alterations and heterogeneity in the tumor [22]. 

Epigenetic Changes: Moreover, epigenetic changes, including DNA methylation, histone 

modification, and noncoding RNA expression, have major roles in tumor heterogeneity. Changes 

in these settings result in changed gene expression, which influences how breast cancer cells act 

and interact with the tumor microenvironment. Epigenetic alterations can lead to the silencing of 

cancer suppressor genes or their activation, which might lead to the progression of tumor as well 

as drug resistance [23]. 

Phenotypic Diversity and Tumour Microenvironment: Genetically, tumor are not only diverse 

but also phenotypically diverse. This means differences in the size, shape and metabolic activity 

of tumor cells. Phenotypic diversity also results from contributions of the tumor microenvironment, 

consisting of stromal cells, immune cells and extracellular matrix components [24]. Although 

tumor cells can adapt to their microenvironment by changing their phenotype to enable immune 

escape and resistance to therapeutic interventions, complete elimination of the phenotype can be 

achieved by incorporating antibodies into the microenvironment [25]. For example, some cells of 
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which tumor cell populations are composed may be more mesenchymal in form, invading further 

and more easily metastasizing to additional organs, whereas some may have more retained an 

epithelial form with less aggressiveness [26]. 

Mechanisms of Resistance 

Breast cancer treatment resistance is a major impediment to long term remission, and improved 

survival rates. Resistance to treatment develops through multiple different paths, and there isn’t a 

one solution fits all treatment strategy for all breast cancer patients. And these resistance 

mechanisms, intrinsic meaning, that they were there at the beginning of treatment, or acquired, as 

the tumor adapts to the therapy [27]. 

Drug Efflux Pumps and Reduced Drug Sensitivity: Overexpression of drug efflux pumps is one 

of the most common resistance mechanisms. One example of these pumps — known as P-

glycoprotein — actively drives chemotherapeutic drugs out of cancer cells, thereby decreasing the 

drug's effectiveness [28]. Mutation of or epigenetic modification of these pumps can result in over 

expression of these pumps and reduction of intracellular drug concentrations, thus preventing the 

therapeutic agent from exerting its intended effect. This mechanism is seen preferentially in chemo 

resistant subpopulations of tumor cells following exposure to chemotherapy over long periods of 

time [29]. 

Genetic Mutations in Key Drug Targets: Along with drug efflux, mutations in genes important 

for drug metabolism and DNA repair pathways also result in treatment resistance. Some mutations, 

such as those in the BRCA1 and BRCA2 genes (which repair damaged DNA) make breast cancer 

cells resistant to some therapies, including platinum-based chemotherapies and PARP inhibitors 

[30]. Cancer cells can continue to grow and divide when they are exposed to treatment, even 

though the treatments can damage DNA and make cells more likely to die or be killed by the 

therapy, because these mutations prevent cells from repairing DNA damage [31]. 

Activation of Alternate Signalling Pathways: Another major mechanism of resistance is 

stimulus activation or bypass of critical signaling pathways required for cell survival and 
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proliferation. For one example, the PI3K-AKT-mTOR pathway, a crucial pathway of cell 

metabolism and survival, may be evoked in breast cancer cells due to genetic mutations or 

augmenting the signaling of upstream signaling molecules [32]. It is frequently invoked as a 

pathway committed to resistance to targeted therapies, since it facilitates tumor cell survival under 

otherwise inhibitory signals involved in other pathways. Similarly, other pathways, such as the 

MAPK pathway, can get around a blocked signaling and be responsible for treatment resistance 

[33]. 

Role of AI in Modelling Tumour Heterogeneity and Resistance Mechanisms 

AI for Data Integration: Due to the advent of artificial intelligence (AI) and machine learning 

(ML) technologies, researchers can now process and analyses large and complex datasets, 

spanning from genomic, transcriptomic, imaging, and clinical data [34]. These technologies are 

particularly positioned to contribute to systems modelling of tumor heterogeneity and elucidation 

of mechanisms of resistance in breast cancer. 

Genomic Data Analysiss: Deep learning algorithms, in particular, can analyses large-scale 

genomic data including next generation sequencing (NGS) data to identify mutations and genetic 

variations that are driving tumor heterogeneity. AI can process massive datasets to identify novel 

driver mutations and genetic alterations possibly involved in resistance mechanisms [35]. Genomic 

data can also be combined with clinical data in AI models to predict how certain mutations may 

affect the response to treatment, so that clinicians can give a better handle in tailoring a therapy 

because the molecular profile of the patient tumor [36]. 

Imaging Data Integration and Radionics: MRI, CT scans and PET scans together create value 

in terms of tumor morphology and heterogeneity. These images can be processed by AI algorithms 

which, in turn, can extract quantitative features from them, a field called radionics [37]. Using 

genomic data, AI models uniquely lend an integrated perspective on how the physical and 

molecular properties of the tumor can be independently and collectively used to predict the tumor 

behavior and treatment response better. For instance, tumor texture, shape, and size have been 
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correlated to genetic mutations to predict specific tumor subpopulations with distinct resistance 

profiles [38]. 

Modelling Resistance Mechanisms Using AI: By simulating how tumor evolve in response to 

treatment, AI may be able to model the complex resistance mechanisms in breast cancer. They can 

predict which subpopulations of tumor cells are most likely to survive and proliferate even in the 

face of therapy, offering insights into how resistance occurs and how it may be overcome [39]. 

Evolutionary Modelling of Tumour Resistance: By simulating how tumor cells evolve under 

varying treatment pressures, it enables predictions of how cancer cells might adapt, become 

resistant and progress, in the case of breast cancer for example. Evolutionary model consists of a 

set of data that includes genetic mutations, drug response and treatment regimen data to simulate 

how tumor sub populations evolve time [40]. In addition, AI can forecast what gene mutations or 

changes in gene expression may enable a particular cell to become resistant to chemotherapy or 

targeted therapies, enabling researchers to discover potential new treatment targets before 

resistance develops in the clinic [41]. 

Challenges and Future Directions 

Despite the tremendous potential for AI and machine learning (ML) to enhance breast cancer 

treatment, there remain many critical hurdles that need to be cleared before these technologies are 

fielded in clinical use. However, the diversity of treatment response in breast cancer and across 

different patients and tumor types alike make it important to think about many factors when 

developing AI models for breast cancer. For AI driven solutions for breast cancer care to work, 

the following challenges must be addressed [42]. 

Need for High-Quality, Well-Annotated Datasets: Getting these datasets is one of the biggest 

challenges in developing AI models for breast cancer treatments. Large amounts of data are 

required for AI and ML algorithms to find patterns, train models, and make accurate predictions. 

Despite this, acquiring large enough sets of genomic, clinical and imaging data that is both high 

quality and well annotated is still a big problem [43]. 
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Genomic and Clinical Data Integration: An effective relation (predictive) model is built by 

integrating various data types – e.g. genomic data (mutations, gene expression profiles) and 

clinical data (patient histories, treatment regimens, and outcomes). For instance, their 

dependencies on large, comprehensive datasets with genetic variations, tumor phenotypes and 

treatment responses, are an example of that [44]. Eventually, these datasets need to be extremely 

carefully annotated to make sure that the data is precise, complete and consistent. But the 

combination of genomic data complexity, and the variability seen in clinical settings, result in 

many datasets being fragmented or incomplete, making the use of AI models less effective. If AI 

models can’t generalize across different patient populations and clinical environments then data 

consistency and quality control is paramount [45]. 

Standardization of Data across Institutions: Additionally, when datasets need to be 

standardized so that AI models can make reliable predictions across different healthcare 

institutions. Inconsistent diagnostic methods, imaging protocols, the patient rolled in can lead to 

instability in the model dynamics. To bring these models to a clinical setting, we will need to 

develop standardized protocols for data collection, annotation and sharing [46]. 

Model Interpretability and Trust in AI-Driven Decisions 

AI models have become very good at predicting outcomes and treatment responses, but with their 

'black box' nature being a challenge. Taken literally, the "black-box" problem means that many 

machine learning algorithms, but especially those reminiscent of deep learning, aren’t transparent 

as to how they make decisions. In doing so, its interpretability is lacking, which prevents a clinician 

from understanding why the AI model’s recommendation came about, which can be a barrier to 

clinical adoption [47]. 

The Need for Explainable AI (XAI): An explainable AI model is necessary to trusted by 

clinicians. XAI, or explainable AI, is a field that tries to make machine learning models more 

transparent and understandable, so that a user can see how an input maps to an output. In breast 

cancer, XAI could be used by clinicians to interpret the genetic mutations, biomarkers or imaging 

features that influence an AI model’s predictions [48]. It is this transparency that is necessary, 
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because healthcare providers must trust the AI system’s recommendations when it informs 

treatment decisions. 

Ensuring Clinical Accountability: In healthcare, decisions must be discernible, justifiable and 

traceable, more so when the decisions are made using AI. If an AI model suggests an option or 

recommends a line of action, clinicians will want the rationale for why it is suggested; clinicians 

still will need to know the underlying rationale to ensure that the decision is in their clinical 

judgment, aligns with the patient’s preferences and its safety. Adding interpretability gives 

clinicians confidence to trust AI’s recommendations—especially on life-or-death decisions like 

cancer treatment [49]. 

Integration of AI into Clinical Practice 

There are great challenges of integrating AI tools into clinical practice. To empower AI to be truly 

transformative, it must seamlessly support the existing healthcare workflow and support clinicians 

as they make daily decisions in their everyday clinical workflow [50]. 

Collaboration between Data Scientists and Clinicians: Collaboration between data scientists, 

clinicians and healthcare IT experts is necessary to develop user friendly platforms. It is important 

for AI driven systems to be designed with the users — clinicians — in mind. That means you’ve 

got to have a deep knowledge of clinical workflows and the techno capabilities of AI. This means 

clinicians should be able to interact with these AI tools in a way that enables their decision making, 

not bury them in a jungle of complex data [51]. It all comes down to making the recommendations 

actionable in real time, making the results of the communications of the AI generated results easy 

to understand by the user, and facilitating the more simplified communication. 

Real-Time Data Processing and Decision Support: Real time data processing and analysis have 

to happen with AI tools as well. For breast cancer treatment, especially, decisions made quickly 

can make a big difference in patients' outcomes. This means that clinicians need to have access to 

up to date patient data, such as imaging results or the genomic information, to enable patient data 

fed into AI models that can return current insights which in turn feed into treatment decisions. A 
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critical challenge is to develop AI driven platforms that can offer real time decision support while 

fitting to existing clinical workflows [52]. 

Training Healthcare Providers: As AI technologies continue to spread, healthcare providers 

have to understand how to safely utilize these tools. The AI models are strengths and limitations 

that clinicians must understand and incorporate AI recommendations from models in practice. 

Continuing medical education programs should include this training so that healthcare providers 

will be able to interpret the AI result and make an informed decision relying on the best clinical 

practices for that [53]. 

Clinical Validation and Regulatory Challenges: The clinical validation of AI models for breast 

cancer treatment is another major hurdle for the widespread adoption of AI in cancer treatment. 

AI models may be quite strong in the well-controlled offices of a research environment, but they 

need to be properly tested in real world clinical practice [54]. 

Validation through Clinical Trials: If AI tools will be trusted in clinical practice they will need 

to be validated through extensive clinical trials. The model should be first evaluated on these trials 

in terms of prediction accuracy, clinical utility and the net effect on patient outcomes. In order for 

AI tools to be reliable and consistent across widely diversified patient populations and clinical 

environments, they must be continuously tested in these environments. If the models aren’t 

clinically validated, they won’t get accepted by regulatory bodies or the broader medical 

community [55]. 

Regulatory Approval and Safety Standards: However, as AI tools are becoming part of clinical 

practice, it has to have meet strict set of safety and efficacy standards set by regulation agencies 

like the U.S. Food and Drug Administration (FDA), or the European Medicines Agency (EMA). 

The systems have to be evaluated by regulatory bodies to see if they meet the required standards 

for clinical use and don't it result to increase risk to patient safety. To realize the potential of AI 

for breast cancer care, these regulatory requirements must be met [56]. 
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Conclusion 

AI and machine learning have great potential to radically change breast cancer treatment from 

insights into tumor heterogeneity, prediction of resistance mechanisms, to personalized therapeutic 

strategies. These technologies promise to overcome the limiting nature of cancer treatment with 

technologies that deliver more precise and targeted approaches. Although such challenges need to 

be addressed to fully realize their potential, we will demonstrate that they are printable. These are 

the obstacles we will need to solve and will require collaboration between data scientists, clinicians, 

regulatory bodies and healthcare IT experts to accomplish. As AI technology continues to evolve, 

and with the development of proper implementation of AI, AI has the potential to revolutionise 

breast cancer care by it improving on patient outcomes and reducing breast cancer treatment 

failures. While these technologies are evolving, they will be a critical part to solving one of, if not 

the most, complex and prevalent disease in oncology. 
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