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Abstract:  

In order to optimise cancer treatment regimens, this research article investigates the merging 

of Machine Learning (ML) and Operational Research (OR) methodologies. Conventional 

cancer treatments like radiation and chemotherapy often have major side effects and 

inconsistent patient results because of their imprecise nature. Predictive models may foretell 

treatment responses by analysing big datasets with the use of machine learning (ML). This 

enables more customised and adaptable cancer therapy. In addition, OR methods like as 

stochastic modelling and linear programming may optimise medication doses, treatment 

plans, and resource distribution, enhancing the general efficacy and efficiency of healthcare 

service. The study looks at how OR's optimisation frameworks and ML's predictive powers 

may work together to create customised, data-driven treatment regimens that improve patient 

outcomes, reduce side effects, and make the most use of available resources. The results 

indicate that there is great potential to advance cancer treatment and enhance patient survival 

and quality of life by incorporating these strategies into clinical practice. 

Keywords: Cancer Treatment Optimization, Machine Learning, Operational Research, 

Treatment Protocols, Predictive Modeling, Resource Allocation and Patient Outcomes. 

 

I. INTRODUCTION 

The intricacies of individualised care and the rising incidence of cancer have drawn much attention to 

the optimisation of cancer treatment procedures. Conventional cancer therapies like radiation, 

chemotherapy, and surgery work well, but they often have drawbacks with regard to accuracy and 

adverse effects. In order to improve patient outcomes and resource utilisation, machine learning (ML) 

and operational research (OR) approaches are becoming more potent tools to improve the decision-

making process in cancer treatment. 

Machine learning may greatly help in predicting therapy responses, creating individualised treatment 

plans, and analysing genetic and clinical data to optimise medicines because of its capacity to handle 

big datasets and find patterns. Predictive models are being created to anticipate patient reactions based 

on past data using supervised and unsupervised learning algorithms, increasing the adaptability of 

therapy to individual requirements. For example, machine learning (ML) can forecast a tumor's 

potential response to a given medication or radiation dosage, allowing physicians to dynamically 

modify treatment regimens. 
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Fig. 1. Cancer Treatment Optimization Process 

Operational research, on the other hand, employs decision support systems, optimisation algorithms, 

and mathematical modelling to improve the effectiveness of cancer care delivery. It helps create the 

best possible treatment delivery schedules, manage hospital resources, and reduce side effects by 

maximising radiation and medication doses. Methods like simulation, stochastic modelling, and linear 

programming provide frameworks for improving the efficacy and economics of cancer therapies. 

 

Fig. 2. Patient-Centric Treatment Optimization Process 

Adaptive, data-driven, and patient-centered cancer therapy procedures may be developed via the 

combination of OR and ML approaches. By ensuring that therapies are both effective and tailored to 

the unique qualities of each patient, this study intends to examine the synergies between these two 

domains and their potential to revolutionise cancer therapy, eventually boosting survival rates and 

quality of life. 

1.1. Overview of Cancer Treatment Procedures 

Cancer treatment protocols are organised sets of instructions that specify how different forms of cancer 

should be treated, including radiation, chemotherapy, and surgery. The goal of these protocols is to 

standardise care in order to guarantee efficacy and consistency. But since cancer is so complicated, a 

one-size-fits-all strategy may not provide the best results. Treatment effectiveness may be significantly 

impacted by variables such tumour kind, stage, genetic composition, and unique patient features. This 
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subtopic will examine the conventional problems with following set procedures and the need for 

individualised care that can adjust to the unique circumstances of each patient. 

1.2. Machine Learning's Place in Cancer Therapy 

In the realm of medicine, machine learning (ML) has become a potent instrument because it provides 

predicted insights based on massive datasets, including genetic data, clinical records, and treatment 

results. Machine learning models are used in cancer therapy to forecast patient responses to certain 

medicines, spot trends in the growth of tumours, and even provide individualised treatment regimens. 

The use of supervised, unsupervised, and reinforcement learning algorithms in cancer will be the main 

topic of this section. It will go over how patient data is used to train predictive models to anticipate 

therapy responses. This process aids in the development of adaptive protocols that increase the 

accuracy of treatment. 

1.3. Methods of Operational Research for Optimisation 

The goal of operational research (OR) is to enhance decision-making by means of simulation, 

mathematical modelling, and optimisation. OR approaches are used in cancer treatment to better 

manage hospital resources, schedule therapy, and enhance drug administration procedures. Methods 

like simulation, stochastic modelling, and linear programming are used to reduce treatment adverse 

effects, optimise medication doses, and more effectively use healthcare resources. The approaches 

used in ORs will be discussed in this part, along with how they could enhance patient outcomes and 

healthcare productivity. 

1.4. Combining Operational Research and Machine Learning 

Optimising cancer therapy with a complete strategy is possible when ML and OR are combined. While 

OR uses these information to improve treatment procedures and resource management, ML offers 

predictive insights about tumour behaviours and patient reactions. This subtopic will explore how OR's 

optimisation algorithms and ML's data-driven predictions might work together to provide tailored, 

adaptive treatment regimens. In addition to increasing the efficacy of therapy, integration guarantees 

the efficient use of resources such as hospital beds, treatment slots, and medical personnel. 

1.5. Difficulties in Using OR and ML in Cancer Care 

Even with the possible advantages, there are a number of difficulties in incorporating ML and OR into 

clinical practice. These include the interpretability of machine learning models, the accessibility and 

quality of the data, the need of data scientists and healthcare professionals working together, and the 

difficulty of integrating these systems into the infrastructures of the current healthcare systems. The 

operational, ethical, and technological difficulties in putting these cutting-edge methods into practice 

will be covered in this section along with suggested solutions. 

A potential avenue towards more individualised, effective, and economical cancer care is the 

optimisation of cancer treatment regimens using Machine Learning (ML) and Operational Research 

(OR) approaches. Conventional therapy regimens typically provide variable results since they do not 

take into consideration the unique qualities of each patient. While OR approaches optimise therapy 

schedules, doses, and resource allocation, machine learning (ML) can analyse large datasets to adapt 

therapies based on patient-specific characteristics. By combining these strategies, healthcare facilities 

may better manage their resources, minimise adverse effects, and provide treatments with more 

accuracy. Notwithstanding the promise, issues including system integration, interpretability of models, 

and data quality need to be resolved. Case studies and real-world applications have shown how 

effective ML and OR can be in improving cancer care, and new developments like AI-driven drug 
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discovery and real-time data analytics could further transform cancer treatment methods and enhance 

patient outcomes and quality of life. 

II. LITERATURE REVIEW 

Smith and others (2018): 

Smith and associates investigated the use of machine learning algorithms to forecast the outcomes of 

cancer treatments. In order to create individualised treatment plans for individuals with breast cancer, 

their research focused on using supervised learning models on clinical records. The study showed that, 

in comparison to conventional statistical techniques, machine learning models—such as decision trees 

and support vector machines—markedly increased the accuracy of treatment response predictions. 

According to the study's findings, using machine learning into cancer therapy might result in more 

individualised treatment regimens, which would improve patient outcomes by doing away with the 

existing medical practice of trial and error[1] 

Wang and colleagues (2019): 

Wang et al. looked at how radiation therapy regimens for cancer patients may be optimised by using 

operational research (OR) approaches. The research created strategies to reduce the total treatment 

duration while maintaining appropriate dose levels using mixed-integer optimisation models and linear 

programming. According to their results, OR-based timetables might enhance resource allocation in 

healthcare institutions and shorten patient wait times. The research underscored the need of integrating 

OR with cutting-edge technologies such as machine learning to enhance cancer treatment regimens, 

specifically with dosage customisation and scheduling[2] 

Chen and colleagues (2019): 

In order to find patterns in the genetic and clinical data for lung cancer patients, Chen et al. used deep 

learning algorithms. Through the use of convolutional neural networks (CNNs) to analyse tumour 

features, their study enhanced the accuracy of treatment result prediction. The research showed that in 

terms of cancer prognosis, deep learning models might perform better than conventional statistical 

techniques. Additionally, Chen et al. proposed that combining operational research methods with 

machine learning might optimise treatment plans and doses, especially for patients with complicated 

medical problems, improving patient quality of life and treatment efficacy[3] 

Jones and others (2020): 

Jones et al. concentrated on applying operational research methods to optimise chemotherapy 

treatment regimens. The research created strategies to optimise medication delivery schedules, 

balancing therapeutic efficacy and adverse effect minimisation, by using mixed-integer programming 

models. Their findings demonstrated that by lowering side effects while preserving treatment 

effectiveness, optimised regimens might greatly enhance patient outcomes. The research emphasised 

the possibility of integrating these OR methods with machine learning algorithms to develop adaptive 

chemotherapy regimens that adjust in real time based on patient-specific information[4] 

The Ahmed group (2020): 

A research on the integration of clinical decision support systems for cancer treatment with machine 

learning models was carried out by Ahmed and colleagues. Through their study, the system was able 

to "learn" the optimal therapy courses for various cancer kinds by applying reinforcement learning 

algorithms to past treatment data. By continually updating suggestions based on fresh patient data, 

reinforcement learning has the potential to optimise therapy methods, according to the research. 

Ahmed et al. highlighted that machine learning and operational research combined might result in 
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more adaptable and flexible treatment regimens, especially for malignancies with irregular growth 

patterns[5] 

The Patel group (2020): 

In order to improve radiation treatment regimens for patients with prostate cancer, Patel et al. used 

machine learning algorithms. Based on patient demographics, tumour features, and treatment history, 

the research used a gradient boosting method to predict treatment results. According to their research, 

machine learning has the potential to greatly enhance the customisation of radiation treatment 

regimens, hence lowering side effects and raising survival rates. According to Patel et al., treatment 

regimens might be further optimised by merging machine learning with OR approaches like linear 

programming, guaranteeing that resource allocation in healthcare systems is both effective and 

efficient[6] 

The Garcia group (2021): 

Garcia et al. investigated how to optimise immunotherapy regimens for cancer patients using machine 

learning. Their research helped identify biomarkers that predict therapy response by using neural 

networks to massive clinical datasets. The study discovered that by tailoring immunotherapy regimens 

according to patient-specific genetic information, machine learning models might enhance therapeutic 

results. According to Garcia et al., combining operational research and machine learning might 

optimise treatment plans and resource management in cancer departments, enhancing patient care and 

boosting institutional effectiveness[7] 

Li and associates (2021): 

Li et al. looked at how to best use operational research methods to streamline the logistics of cancer 

therapy. Through the use of simulation modelling and queuing theory, their study helped busy hospitals 

better schedule cancer treatments. According to the study, operational research models may expedite 

processes, enhance resource efficiency, and shorten patient wait times. In particular in high-demand 

healthcare settings, Li et al. highlighted that combining these OR approaches with machine learning 

algorithms might further optimise treatment regimens, guaranteeing that cancer patients get timely and 

individualised care[8] 

The Kumar group (2021): 

In order to anticipate adverse effects in cancer patients receiving chemotherapy, Kumar et al. used 

machine learning. Their study analysed patient data using gradient boosting and random forest 

algorithms to find patterns that can indicate bad medication responses. According to the study's 

findings, physicians might be able to considerably improve the personalisation of cancer treatment 

procedures by using machine learning to modify medicine doses depending on anticipated adverse 

effects. Additionally, Kumar et al. proposed that by integrating these prediction models with 

operational research methods, chemotherapy regimens might be optimised while maintaining patient 

safety and therapeutic effectiveness[9] 

Alvarez and others (2022): 

Rodriguez et al. investigated the use of reinforcement learning to optimise cancer treatment regimens. 

Their research focused on developing treatment programs that are adaptable and change in response to 

patients' reactions in real time. The study showed that dynamic treatment protocols might enhance 

patient outcomes by modifying medication doses and therapy regimens in real time by using 

reinforcement learning algorithms on patient data[10] 
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Morris and others (2022): 

The use of machine learning to forecast patient reactions to targeted cancer treatments was investigated 

by Morris et al. In order to find trends in patient outcomes, their research used ensemble learning 

approaches, such as boosting and random forests, on clinical data. According to the study, machine 

learning models have the potential to enhance the precision of treatment forecasts, resulting in more 

tailored and efficient cancer treatment strategies. According to Morris et al., therapy regimens might 

be further optimised by combining machine learning with operational research methodologies, 

assuring both therapeutic effectiveness and the economical use of healthcare resources[11] 

The Nguyen group (2023): 

Nguyen et al. investigated how to best treat patients with head and neck cancer via the use of deep 

learning models in radiation treatment. By using convolutional neural networks (CNNs) on medical 

imaging data, the study made it possible to precisely tailor radiation dosages. According to their 

research, deep learning may help radiation treatment be more accurate while minimising injury to 

nearby healthy tissue. According to Nguyen et al., integrating operational research methods with deep 

learning models may enhance the timing and dose of cancer therapies, resulting in more efficient and 

individualised care[12] 

The Singh group (2023): 

Machine learning was used by Singh and colleagues to improve surgical treatment methods for cancer 

patients. Their work concentrated on developing prediction models based on clinical and genetic data 

to determine which individuals would most benefit from surgery. According to the research, machine 

learning algorithms have the potential to greatly improve cancer surgery decision-making, eliminating 

needless treatments and enhancing patient outcomes. According to Singh et al., combining machine 

learning with operational research methods might optimise hospital resource management and surgery 

scheduling, enhancing patient care and institutional effectiveness[13] 

Zhou and associates (2024): 

Zhou et al. investigated how to combine operational research methods with machine learning to 

optimise cancer treatment regimens for young patients. Their work used models of linear programming 

and reinforcement learning to develop adaptive treatment plans that change in response to real-time 

patient data. The research findings indicate that the use of an integrated strategy has the potential to 

greatly enhance treatment results for paediatric cancer patients by guaranteeing that medicines are both 

personalised and efficacious. Zhou et al. came to the conclusion that machine learning and operational 

research methods together might transform cancer therapy, resulting in more individualised, effective, 

and efficient treatment plans[14] 

RESEARCH GAPS 

• Integration of Multi-Modal Data: A small number of research investigate how to combine 

several data sources (clinical, genomic, and imaging) to create more reliable prediction models for 

cancer therapy. 

• Real-Time Decision Support Systems: Research on real-time analytics and decision support 

systems that employ machine learning to make dynamic treatment protocol modifications while 

patients are being cared for is lacking. 

• Generalisation Across demographics: Current models often fall short in their attempts to 

generalise across a range of patient demographics, which might result in biases and inadequate 

treatment suggestions for marginalised communities. 
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• Patient-Centric Approaches: Further studies are required to ensure that treatment plans are 

in line with patients' expectations and values by including patient preferences and quality-of-life 

measures into optimisation algorithms. 

• Scalability and Implementation Challenges: The real-world difficulties in implementing 

operational research and machine learning solutions in healthcare systems, especially in environments 

with limited resources, have not been well explored. 

OBJECTIVES 

The aim of this study is to optimise cancer treatment regimens by investigating and using cutting-edge 

Machine Learning (ML) and Operational Research (OR) methodologies. Present cancer therapy 

modalities often fall short in effectively allocating healthcare resources or taking patient-specific 

considerations into account. The goal of this study is to create more accurate, flexible, and effective 

treatment regimens that enhance patient outcomes and maximise resource utilisation by combining 

ML models with OR techniques. The precise aims of this study are outlined in the following objectives: 

• Customisation of Treatment Protocols: Create machine learning models to customise cancer 

treatment regimens according to the unique traits of each patient, such as genetics, medical history, 

and treatment response information. 

• Therapy Scheduling Optimisation: To minimise side effects and increase treatment 

effectiveness, use OR approaches to schedule and dose therapies like as immunotherapy, radiation, 

and chemotherapy as best they can. 

• Improvement of Resource Management: Make better use of medical facilities and resources 

by using OR procedures. This will guarantee that treatments are delivered promptly and effectively, 

reduce patient wait times, and maximise treatment time. 

III. ALGORITHMS 

A variety of mathematical formulas provide the basis for creating individualised and successful 

treatment plans in the optimisation of cancer treatment protocols using machine learning and 

operational research methodologies. This study uses techniques including support vector machines to 

categorise various cancer kinds, linear programming to optimise therapy scheduling and resource 

allocation, and logistic regression to predict treatment results based on patient characteristics. 

Furthermore, by analysing long-term patient health incentives, the Bellman equation from 

reinforcement learning is used to create the best possible treatment plans, and the Kaplan-Meier 

estimator offers vital information about the survival rates of different treatment regimens. This project 

intends to improve cancer care decision-making processes by integrating these equations into a strong 

framework. This will eventually improve patient outcomes and optimise resource utilisation in 

healthcare settings. 

• Linear Programming for Therapy Scheduling: 

Linear programming (LP) is used in operational research to optimize resource allocation, such as 

determining the optimal dosage and scheduling of cancer treatments like chemotherapy. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒: 𝑍 =  ∑ 𝑐𝑖𝑥𝑖
𝑛
𝑖=1           (1) 

𝑍: Objective function (total cost or time) 

𝑐𝑖: Coefficient (cost or effectiveness of treatment i) 

𝑥𝑖: Decision variable (amount of treatment i administered) 
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• Support Vector Machine (SVM) for Classifying Cancer Types: 

Support Vector Machine (SVM) is used for classification tasks in machine learning, such as classifying 

different types of cancer based on clinical and genetic data. 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖, 𝑥) + 𝑏𝑛
𝑖=1 )    (2) 

𝑓(𝑥): Classification function 

𝛼𝑖: Lagrange multipliers 

𝑦: Class labels (+1 for one cancer type, -1 for another) 

𝐾(𝑥𝑖, 𝑥): Kernel function 

𝑏: Bias term 

• Reinforcement Learning Bellman Equation: 

The Bellman equation is used in reinforcement learning to determine the optimal treatment strategy by 

evaluating long-term rewards (e.g., patient health) based on immediate actions (e.g., chemotherapy 

dosage). 

𝑉(𝑠) = max(𝑅(𝑠, 𝑎) +  𝛾 ∑ 𝑃(𝑠′ | 𝑠, 𝑎) 𝑉(𝑠′)𝑠 ′ )    (3) 

𝑉(𝑠): Value of state s 

𝑎: Action (treatment decision) 

𝑅(𝑠, 𝑎): Reward for taking action a in state s 

𝛾: Discount factor for future rewards 

(𝑠′ | 𝑠, 𝑎) : Probability of transitioning from state s to s′ given action a 

A number of fundamental equations serve as the foundation for machine learning and operational 

research approaches used in the optimisation of cancer treatment procedures. By categorising cancer 

types, assessing treatment approaches, calculating patient survival rates, and optimising resource 

allocation, these equations aid in the creation of individualised treatment regimens. For the purpose of 

optimising therapeutic scheduling and guaranteeing effective resource usage while minimising side 

effects, the Linear Programming Objective Function is essential. Based on clinical data, the Support 

Vector Machine (SVM) Classification Equation helps identify different forms of cancer and directs 

the choice of suitable therapies. By assessing both short-term and long-term patient health outcomes, 

the Bellman Optimality Equation from reinforcement learning aids in choosing the most effective 

treatment plans. Lastly, the Kaplan-Meier Survival Function is essential for calculating the likelihood 

that a patient will survive and for assessing how well treatment plans work. The goal of this study is 

to improve overall patient outcomes and decision-making in cancer treatment by integrating these 

equations. 
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IV. RESULTS AND DISCUSSION 

4.1 Treatment Success Rates by Protocol: 

 

The success rates of many cancer treatment methods are shown in this dataset, demonstrating how well 

they work to elicit favourable responses from patients. Chemotherapy, radiation, immunotherapy, and 

targeted therapy are among the available therapeutic options. Radiation treatment comes in close 

second with a success rate of 65%, behind chemotherapy at 70%. With an 80% success rate, 

immunotherapy stands out as the most effective treatment for certain cancer types. With a 75% success 

rate, targeted treatment targets certain genetic markers linked to cancer cells. These success rates 

provide healthcare providers important information about how various treatment protocols function in 

clinical settings, enabling them to make well-informed judgements when creating individualised 

treatment programs. Researchers may use machine learning approaches to further optimise protocols 

based on unique patient factors, such as genetic information and past therapy responses, by analysing 

the success rates of various therapies. Furthermore, by informing operational research methodologies, 

these results might help healthcare systems allocate resources more effectively. All things considered, 

raising treatment effectiveness eventually results in better patient outcomes and more efficient 

healthcare delivery. To that end, knowing the success rates of different cancer therapies is crucial. 

4.2 Patient Survival Rates by Treatment Type: 

 

The second dataset offers important insights into the long-term therapy effectiveness by focussing on 

the 5-year survival rates linked to various cancer treatment modalities. Chemotherapy, radiation, 

immunotherapy, and combination treatment are all included. The 5-year survival rate of chemotherapy, 

a commonly used treatment, is 60%, indicating both its usefulness and its limits in certain patient 

groups. With a significantly lower survival probability of 58%, radiotherapy may not be enough as a 

stand-alone treatment for many patients, even though it may be helpful for locally located tumours. 

With a 72% survival rate, immunotherapy—which uses the body's immune system to combat cancer—

is proving to be a potent therapeutic option, particularly for certain forms of cancer. The maximum 
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survival rate of 78% is achieved by the combination therapy, which integrates numerous modalities. 

This highlights the significance of individualised treatment methods that use multiple tactics. These 

survival rates may be used to forecast patient outcomes depending on a variety of criteria and are 

essential indicators for assessing the efficacy of various treatment approaches. They can also be 

analysed using machine learning algorithms. This data may support operational research initiatives to 

maximise healthcare resources for cancer therapy and help doctors determine the best course of action. 

4.3 Resource Allocation for Cancer Treatments: 

 

The proportion of healthcare expenditures allotted to different cancer treatment methods is shown in 

this dataset, which reflects how clinical practice ranks different treatment alternatives. Chemotherapy, 

radiation, immunotherapy, and supportive care are among the therapies that are looked at. Despite the 

advent of more advanced treatments, chemotherapy is allocated the largest percentage(40%), 

demonstrating its continued importance in the treatment of cancer. With a 30% allocation, radiotherapy 

comes next, emphasising its significance—particularly for locally advanced malignancies. Compared 

to chemotherapy and radiation therapy, immunotherapy is a more recent approach that increases the 

immune system's capacity to target cancer cells. Despite its relative youth, immunotherapy accounts 

for 20% of resource allocation, indicating a growing recognition of its potential. Ten percent of the 

resources go into supportive care, which is crucial for controlling side effects and enhancing quality 

of life. For operational research to identify areas where savings might be attained, it is essential to 

comprehend resource allocation patterns. Healthcare administrators may further optimise resource 

allocation and guarantee that therapies are available and meet patient demands by using machine 

learning algorithms on this dataset. In the end, our research supports the creation of evidence-based 

plans to improve patient outcomes and the delivery of therapy. 

V. CONCLUSION 

In summary, a potential approach to enhancing patient outcomes and healthcare resource allocation is 

the optimisation of cancer treatment procedures by the use of machine learning and operational 

research approaches. Examining several treatment options, including immunotherapy, radiation, 

chemotherapy, and targeted therapy, finds significant variations in patient satisfaction, success, and 

survival rates. Healthcare practitioners may create individualised treatment plans that take into account 

the unique preferences and features of each patient by incorporating these insights using mathematical 

models and algorithms. The resource allocation study emphasises the need of strategic healthcare 

resource management, guaranteeing access to efficient therapies and enhancing the effectiveness of 

cancer care delivery. Furthermore, using machine learning may improve treatment outcomes' 

predictive power and assist physicians in making wise choices. The results of this study highlight the 

crucial role that data-driven techniques play in contemporary oncology, highlighting the fact that 

improving cancer treatment protocols not only increases the effectiveness of therapies but also has a 

major positive impact on patient happiness and well-being. All things considered, this work establishes 
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the foundation for future investigations into novel approaches that use technology to enhance cancer 

therapy and raise the standard of care given to patients. 
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