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Abstract : Reinforcement learning has been applied in situations where an
appropriate algorithm is lacking to address an issue. It highlights how a
person learns via interactions with their surroundings. Reinforcement
learning has been applied in the machine learning field to handle a wide range
of challenging problems that are typically regarded as highly cognitive. The
goal of this work is to demonstrate how well the reinforcement learning
approach can identify and categorise cancer from a variety of medical image
types, including CT (Computerised Tomography), MRI (Magnetic Resonance
Imaging), USG (Ultra Sound SonoGraphy), and others. These days, a wide
range of results in learning policies across numerous domains can be
attributed to the combination of reinforcement learning and neural networks.
It has made it possible to complete a task with complete impartiality by doing
away with human interpretation and prejudice. In this article, we've
concentrated on the state of reinforcement learning algorithms as they apply
to a variety of domains, including gaming, robotics, skin, organ, and lesion
detection, as well as the identification of cancer in different organs. This
review study has addressed the essential features and theoretical perspective
of the present algorithms, as well as the primary concerns that limit the uses
of reinforcement learning algorithms in the health sector, particularly in the
area of cancer diagnosis. Our aim is to investigate a select few current cancer
detection approach algorithms.

Introduction:

Early detection and diagnosis play a crucial role in improving the outcomes of cancer
treatment. Cancer, when detected at an early stage, often allows for more effective
treatment options and better chances of survival. Here are a few reasons why early
detection is essential:
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1. Increased Treatment Options: Detecting cancer at an early stage provides a
wider range of treatment options. Early-stage tumors may be eligible for
surgical removal, and the chances of successful treatment are generally higher.

2. Better Prognosis: Early detection can lead to a more favorable prognosis. The
size and stage of the tumor at the time of diagnosis are critical factors in
determining the success of treatment.

3. Improved Survival Rates: Early-stage cancer generally has higher survival rates
compared to advanced stages. Timely intervention can lead to better outcomes
and a higher likelihood of long-term survival.

4. Less Invasive Treatments: Early detection may allow for less invasive treatment
options, such as targeted therapies or minimally invasive surgeries, which can
contribute to a faster recovery and improved quality of life for the patient.

5. Reduced Treatment Costs: Early detection can potentially reduce the overall
cost of treatment. Treatment at later stages often involves more extensive
interventions and may require a combination of therapies, leading to increased
healthcare costs.

The integration of reinforcement learning (RL) with medical image analysis,
specifically in the context of cancer detection, represents a promising avenue for
advancing diagnostic capabilities. Reinforcement learning, which is inspired by the
way humans learn through interactions with their environment, has shown success in
various domains and is increasingly being applied to complex problems in the medical
field[1-4] In the realm of cancer detection, medical imaging modalities such as CT,
MRI, and USG provide valuable data for analysis. The objective is to leverage RL
algorithms to autonomously identify and categorize cancerous lesions from these
diverse medical image types. This approach aims to reduce reliance on human
interpretation, potentially improving diagnostic accuracy and efficiency. The
combination of reinforcement learning and neural networks has been particularly
impactful, enabling the development of sophisticated models capable of learning
complex patterns and representations from diverse datasets[s5]. This synergy has
facilitated advancements in policy learning across various domains, including gaming,
robotics, and medical image analysis. This article focuses on the state of RL algorithms
as they pertain to cancer detection, emphasizing their application in different medical
imaging domains. The mentioned domains include skin, organ, and lesion detection,
with a specific focus on cancer identification in various organs. The study reviews
existing algorithms, addressing their essential features, theoretical perspectives, and
limitations.

By investigating current cancer detection approach algorithms, the aim is to
contribute to the ongoing efforts to enhance diagnostic capabilities in the healthcare
sector[6,7]. The integration of RL into medical image analysis has the potential to
improve the objectivity and impartiality of cancer diagnosis, ultimately leading to
more accurate and timely interventions. However, this review article acknowledges

1635 | www.scope-journal.com



Scope
Volume 14 Number o1 March 2024

and discusses the primary concerns and limitations associated with the application of
RL algorithms in the health sector, particularly in cancer diagnosis. Addressing these
concerns is crucial for ensuring the reliability, interpretability, and ethical use of RL-
based systems in medical applications[8-10]. In summary, the article provides a
comprehensive overview of the current state of reinforcement learning in cancer
detection, highlighting its potential benefits, challenges, and areas for future research.
This research aims to contribute to the ongoing advancements in leveraging artificial
intelligence for improving healthcare outcomes, particularly in the crucial task of
cancer diagnosis.

In the context of robotic manipulation, reinforcement learning (RL) provides a
framework and a collection of tools to learn dexterous manipulation from raw pixels
all the way through to the finish. Although the field's early accomplishments were
encouraging, they also highlighted certain inherent difficulties in using RL to address
real-world robotic concerns. This review article present an in depth study on
application of RL to cancer detection[11-13] . The authors want to discuss relevant
background information, intriguing research findings, unsolved issues, and offer some
recommendations for future paths. There are two types of algorithm model which are
model- based and model-free. In the model-based algorithm, the model will learn the
transition probability T(s1|(s0,a)). The “so” represents the current state, “a” represents
the action taken, and “s1” represents the next state. The agent will know how to enter a
specific state given the current state and action if the transition probability is
successfully learned. As the state space and action space grows, the model-based
algorithm will become more impractical[14]. The model-free algorithm updates its
knowledge by relying on the trial and error method. Therefore, the combination of
states and actions does not need to be stored in another space. Examples of the model-
free algorithm are Q-learning and SARSA[15].

Relevant Literature

This research aims to explore the best and suitable RL algorithm that suits specific
games. The data for this research study is analyzed from various English academic
journals and articles. The journals are retrieved from online databases such as
Institute of Electrical and Electronics Engineers (IEEE).

This research process involved a meticulous selection and review of literature to
identify articles relevant to the research topic. Initially, eighteen journals and articles
were chosen for potential relevance, and subsequent screening led to the inclusion of
nineteen papers from thirty journals that were deemed pertinent to the subject of the
study. The focus of the study centered on articles utilizing SARSA or Q-learning as
their fundamental algorithm, particularly in the context of cancer detection and lesion
detection. This emphasis on SARSA and Q-learning prompted the selection of only
those articles where these algorithms were integral to the research. Despite SARSA
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and Q-learning being present in other journals, they were excluded if significant
modifications to the algorithms were observed.

Recognizing the challenges in locating suitable articles, the study prioritized
algorithms classified as Reinforcement Learning (RL), discarding both supervised and
unsupervised learning algorithms. The determination of the most appropriate
algorithm for the research was identified as the initial task. To ensure relevance, a
targeted search strategy employed a combination of terms such as games, Q-learning,
SARSA, DQN, DDPG, and RL. Furthermore, specific attention was given to searching
for articles related to DDPG and DQN algorithms. In summary, the research design
involved a strategic selection process to curate a set of articles focusing on SARSA and
Q-learning in the context of cancer and lesion detection. The study's exclusions and
emphasis on RL algorithms, coupled with a refined search strategy, aimed to ensure
the relevance of the chosen literature to the research objectives.

Derhami et al.(2010) in their paper presents a fuzzy balance management scheme
designed to address the exploration-exploitation trade-off in reinforcement learning,
particularly in the context of continuous reinforcement learning methods. The focus is
on a newly developed method called fuzzy Sarsa learning (FSL) due to its perceived
advantages. The key challenge addressed in the paper is the overfitting problem in
approximating the action value function in continuous reinforcement learning
algorithms[16].

Wender & Watson(2012) in their empirical study reveals that an Al agent utilizing
reinforcement learning (RL) successfully learns a strategy outperforming the built-in
game Al in a selected small-scale combat scenario with an impressive win rate of
approximately 100%. All evaluated RL algorithms demonstrate this high success rate,
highlighting the extensive possibilities of the RL agent. However, the study also
considers the efficiency of the algorithms, particularly the time it takes for the agent to
develop a usable strategy. Given the importance of a quick learning process without
significant drops in performance for potential application in commercial games, the
experiment indicates that a faster learning curve is achievable at the cost of a decrease
in obtained reward. Notably, the best-performing one-step Q-learning exhibits a
nearly 40% performance drop when shortening the learning phase. Consequently, the
study emphasizes the need for further research before establishing RL as a standard
for game Al in commercial games like SC:BW. Despite this, the results are promising
in terms of overall performance, suggesting potential avenues for advancing RL agents
capable of playing entire games of SC:BW/[17].

Wang et al.(2013) introduce a novel approach termed "backward Q-learning,” which
integrates the Sarsa algorithm with the Q-learning method. The study focuses on the
simulation of the cliff-walk problem. The results indicate that the Sarsa algorithm
exhibits faster convergence compared to Q-learning. However, the Sarsa algorithm
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alone struggles to identify the optimal path planning. The proposed solution involves
combining the backward Q-learning approach with the Sarsa algorithm. This
combination not only accelerates the learning speed but also enhances the final
performance, addressing the limitations observed when using the Sarsa algorithm in
isolation. The findings suggest that the backward Q-learning method can effectively
improve both the efficiency and effectiveness of the learning process in solving
complex problems like path planning[18].

Shamshirband et. Al(2014) proposed a model that introduces a cooperative defense
counter-attack strategy for the sink node and base station, employing game theory to
make rational decisions. The performance evaluation was conducted by simulating the
Low Energy Adaptive Clustering Hierarchy (LEACH) using the NS-2 simulator. The
model was compared with other soft computing methods like fuzzy logic controller,
Q-learning, and fuzzy Q-learning across various metrics, including detection accuracy,
counter-defense, network lifetime, and energy consumption. Results indicate that the
proposed model outperforms existing machine learning methods in terms of attack
detection and defense accuracy, demonstrating greater efficiency. Notably, compared
to the Markovian game theoretic approach, the proposed model excels in achieving a
higher successful defense rate[19].

Zhao et al.(2016) introduce a new deep reinforcement learning method called deep
SARSA, which combines SARSA, an on-policy reinforcement learning approach, with
deep learning techniques. The goal is to address video game control problems. The
proposed method employs a deep convolutional neural network to estimate the state-
action value and utilizes SARSA learning to update this estimation. Additionally,
experience replay is incorporated into the training process to enhance scalability in
machine learning applications.The deep SARSA approach is designed to tackle
complex control problems, specifically those involving imitating human behavior in
playing video games. Experimental results suggest that deep SARSA learning
outperforms deep Q learning in certain aspects. This research highlights the
effectiveness of integrating SARSA with deep learning and experience replay for
improved performance in solving challenging control problems[20].

El et al.(2016) in their research findings suggest that Reinforcement Learning (RL)
approaches offer a promising framework for sequential clinical decision-making in the
context of adaptive radiotherapy. Notably, the inclusion of biological metrics appears
to enhance the goodness of fit, indicating that incorporating relevant biological data
improves the model's performance. Furthermore, their team is actively exploring
advanced Q-learning techniques coupled with nonlinear models. This research
direction is aimed at potentially accelerating the clinical adoption of RL for optimal
decision-selection in adaptive radiotherapy. The mention of "advanced Q-learning"
implies a focus on sophisticated algorithms, and the consideration of nonlinear
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models suggests a nuanced approach to capturing the complexities of the decision-
making process in this medical application. Their research emphasizes the potential
benefits of RL in adaptive radiotherapy decision-making, highlights the positive
impact of incorporating biological metrics, and signals a commitment to advancing
the field through the exploration of advanced Q-learning with nonlinear models. This
work could contribute to improving the efficiency and efficacy of clinical decisions in
adaptive radiotherapyl[21].

Forester et al.(2016) address the challenge of multiple agents operating in
environments where they aim to maximize shared utility. In such scenarios, agents
need to develop communication protocols to effectively share information for task-
solving. They leverage deep neural networks to achieve end-to-end learning of
protocols in complex environments resembling communication puzzles and multi-
agent computer vision problems with partial observability. The authors propose two
learning approaches: Reinforced Inter-Agent Learning (RIAL) using deep Q-learning,
and Differentiable Inter-Agent Learning (DIAL), which utilizes the ability of agents to
backpropagate error derivatives through noisy communication channels. DIAL
combines centralized learning with decentralized execution. The experiments include
novel environments for studying communication protocol learning, along with
engineering innovations crucial for success in these domains[22].

Tseng et al.(2017) introduced a deep reinforcement learning (RL) approach for
response-adaptive clinical decision-making. This approach involves combining three
deep learning components: Generative Adversarial Network (GAN), Transition Deep
Neural Network (DNN), and Deep Q-Network (DQN) to create an automated dose
adaptation framework. The combination of these three components suggests a
comprehensive approach for an automated dose adaptation framework in clinical
decision-making. The GAN might generate realistic patient data, the Transition DNN
models the dynamics of patient responses, and the DQN optimizes dose adaptation
decisions based on the expected rewards[23].

Plappert et al.(2018) highlights the capability of contemporary deep reinforcement
learning (RL) algorithms in addressing complex real-world robotics problems,
challenging the common belief that non-learning-based approaches are the only viable
solutions. This suggests that deep RL methods have proven effective in tackling
intricate tasks in the field of robotics that were previously considered inaccessible or
too difficult for traditional, non-learning-based methods. This article also demonstrate
that advancements in deep RL for robotics have likely been driven by improvements in
algorithms, computational power, and the availability of large-scale datasets. The
ability to apply deep RL to real-world problems showcases the potential for these
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techniques to contribute to the development of more intelligent and autonomous
robotic systems[24].

Ali et. al(2018) in their study aims to contribute to the field of medical imaging by
developing and validating an innovative reinforcement learning model for early
detection of lung nodules. Early results show promise in addressing the issue of false
positives in CT screening of lung nodules. This may help in saving unnecessary follow-
up tests and reducing expenditures.The focus on addressing false positives can have
practical implications in terms of healthcare efficiency, cost savings, and improved
patient care[25].

Ali et al.(2018) conducted a study on a robust non-invasive method for predicting the
presence of lung nodules from lung CT scans using a reinforcement learning (RL)
approach. It presents a promising non-invasive method for predicting lung nodules
with high accuracy, leveraging reinforcement learning on CT scans. The consistency of
results across different datasets and trials adds credibility to the reproducibility of the
approach[26].

Liu et al.(2019) in their research explores the application of deep reinforcement
learning for lung cancer detection. Deep reinforcement learning is a subset of machine
learning that involves training algorithms to make sequential decisions through a
process of trial and error. Deep reinforcement learning, as mentioned in this article
could potentially contribute to the improvement of lung cancer detection methods.
The ability of machine learning algorithms to analyze complex patterns in medical
imaging data may aid in the early identification of abnormalities indicative of lung
tumors[27].

Balaprakash et al.(2019) applied reinforcement-learning-based neural architecture
search (RL-NAS) to automate the development of deep-learning-based predictive
models for cancer data. Authors focus on custom building blocks that enable domain
experts to incorporate specific characteristics of cancer data is particularly interesting.
They showcases the integration of cutting-edge techniques in reinforcement learning
and neural network architecture search with domain expertise to address the
complexities of cancer data. The scalability to a high-performance computing
environment further emphasizes the practical viability of their approach in handling
substantial datasets and computational demands[28].

Samsuden et al.(2019) in their research delves into Q-learning and State-Action-
Reward-State-Action (SARSA) methods, emphasizing their similarities and differences,
with Q-learning being an off-policy algorithm and SARSA an on-policy one. The
primary focus is on presenting a compilation of results from previous research
regarding the application of Q-learning and SARSA in various test fields or settings.
Additionally, the paper outlines a proposed reinforcement learning methodology,
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encompassing aspects such as data understanding, problem categorization, algorithm
identification, and algorithm implementation[29].

Simin et al.(2020) outlines a study focused on the diagnosis and classification of skin
cancers, specifically melanoma, basal-cell carcinoma, and squamous-cell carcinoma.
The study compares the results obtained using the Q-learning algorithm with those
from test networks. This comparison likely assesses the effectiveness and efficiency of
the RL approach in contrast to other methods.

They employ a combination of Artificial Neural Networks and Reinforcement
Learning, specifically the Q-learning algorithm, to effectively diagnose and classify
melanoma, basal-cell carcinoma, and squamous-cell carcinoma. The Reinforcement
Learning approach also demonstrates its utility in determining the optimal number of
neurons in hidden layers for improved performance[30].

Usmani et al.(2021) proposes an effective multi-step approach for skin lesion
segmentation using a deep reinforcement-learning algorithm. this paper leverages the
principles of reinforcement learning, particularly in the context of a Markov decision
process, to address the challenging task of skin lesion segmentation. The introduction
of continuous action parameters, enhanced replay memory, and action bundles as
hyperparameters contribute to the effectiveness of the proposed approach. The
positive experimental results suggest the potential practical applicability of this
method in medical image analysis[31].

Zou et al.(2022) in their research paper provides a comprehensive examination of
significant studies on the application of deep learning for stock market prediction. The
authors introduce a classification system to categorize and organize related works,
facilitating understanding of previous research. The paper also offers an overview of
prevailing methods, evaluation metrics, and datasets used in stock market prediction.
Exploring open questions and suggesting promising future directions for machine
learning research in this domain, the survey aims to furnish readers with a thorough
understanding of the role of deep learning in stock market prediction[32].

The rotary slosh dynamics model presented in the paper(Shakya et al.,, 2023 is
innovative and involves representing the sloshing behavior of a partially filled liquid
container on a moving cart in a 2-D plane. The model employs a spherical pendulum
on a cart to simulate this rotary slosh. To enhance the control strategy, the authors
suggest the use of a deep reinforcement learning (DRL)-based adaptation of
Proportional Derivative (PD) controller parameters. The PD controller is a classic
control method that combines proportional and derivative control actions to regulate
a system. The adaptation using DRL aims to optimize the PD controller parameters for
near-optimal performance, even when faced with unknown perturbations in the
system model[33].
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Skin cancer has become a significant global health concern, primarily attributed to the
rapid growth of skin cells and excessive exposure to UV rays. Early detection is crucial
in mitigating health and financial burdens, and Al-based automated systems have
emerged as valuable tools for efficient identification. Dahdouh et al.(2023) in their
study introduces a model merging Deep Learning and Reinforcement Learning to
expedite skin cancer detection, leveraging their success in image classification,
particularly in the medical field. The research involves pre-processing techniques on a
dataset from the HAM1oooo database, segmentation using the watershed algorithm,
and classification into seven skin cancer types using a deep convolutional neural
network (CNN). The Deep Q-Learning algorithm is employed for reinforcement
learning, contributing to the training and refinement of the model. The proposed
method achieves a notable accuracy of 80%, showcasing the effectiveness of
combining reinforcement learning with deep learning for skin cancer classification.
The results suggest potential advancements in early diagnosis and prevention of skin
cancer[34].

In this research paper, the focus is on the increasing prevalence of cancer diseases and
the growing need for accurate prediction methods. Many existing machine learning
algorithms have been proposed for predicting cancer based on trained and test data.
However, there is still room for further exploration in this field. The paper introduces
a novel approach by examining different types of cancer through the analysis,
classification, and processing of multi-omics datasets in a fog cloud network.

Mohammed et al.(2023) in their study employs SARSA (State-Action-Reward-State-
Action) on-policy and multi-omics workload learning, facilitated by reinforcement
learning, to develop hybrid cancer detection schemes. The proposed system involves
various layers, including clinical data collection through laboratories and tool
processes (such as biopsy, colonoscopy, and mammography) at distributed omics-
based clinics within the network. The research specifically addresses different cancer
classes such as carcinomas, sarcomas, leukemias, and lymphomas, processing them
using multi-omics distributed clinics.

To address the challenge of processing multiple cancer classes efficiently, the study
introduces the Omics Cancer Workload Reinforcement Learning State Action Reward
State Action (OCWLS) schemes. These schemes are built on an on-policy learning
approach, considering different parameters like states, actions, timestamps, reward,
accuracy, and processing time constraints. The primary objective is to enhance the
processing of multiple cancer classes and workload feature matching while
minimizing the time required for processing in distributed clinical hospitals.
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Simulation results indicate that OCWLS outperforms other machine learning methods
in terms of processing time, feature extraction from multiple cancer classes, and
system matching. The proposed approach demonstrates its efficacy in addressing the
complexities of cancer prediction and processing in a distributed healthcare

setting[35].

Tseng et al.(2024) in their study presents deep reinforcement learning (RL) as a
promising solution for response-adaptive clinical decision-making. The proposed
framework combines three deep learning components—Generative Adversarial
Network (GAN), transition Deep Neural Network (DNN), and Deep Q-Network
(DQN)—to create an automated dose adaptation system. These components
synergistically contribute to various aspects, from generating training data to learning
transition probabilities and optimizing actions. The use of deep Q-networks, a modern
reinforcement learning technique, enables potential applications in complex clinical
settings like radiotherapy. The authors utilized historical treatment plans to
approximate transition probabilities via independent DNNs and GAN, generating
synthetic patient data for training. The method was successfully demonstrated in a
dose escalation study with empirical reward functions at an institutional level.
However, further development and validation on larger multi-institutional datasets
are essential for establishing an autonomous clinical decision support system for
response-based adaptive radiotherapy[36]. This paper analyzes various data analysis
methods employed by scientific researchers or clinicians for a successful diagnosis of
cancer disease as demonstrated in Tables 1 and Fig. 1.

Table 1. Comprehensive analysis of reinforcement learning (RL) methods for
diagnosing cancer disease

Author | Technique(s) Used Accuracy Sensitivity Specificity

& Year

[25] Lung Nodule Detection | Training - 0.99 Training - | Training -
via Deep Reinforcement | Testing - 0.64 0.99 0.99

Learning

Testing - 0.60

Testing - 0.55

[30]

Cancer Diagnosis Based
on Combination of
Artificial
Networks and

Neural

Reinforcement Learning

0.94

A Reinforcement
Learning Algorithm for
Automated Detection of
Skin Lesions

0.95
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A New Approach using
Deep Learning and
Reinforcement Learning
in HealthCare: Skin
Cancer Classification

0.80

(351

A hybrid cancer
prediction based on
multi-omics data and
reinforcement learning
state action reward state
action (SARSA)

0.95

(36]

Automated Skin Cancer
Diagnosis and
Localization Using Deep
Reinforcement Learning

0.99

0.75

0.5

0.25

%
S
S

Research Methodology

Fig. 1. Accuracies of Various ML Methods for Diagnosing Heart Disease

Reinforcement Learning (RL) is a subfield of machine learning that deals with how

agents should take actions in an environment to maximize some notion of cumulative

reward. The key idea is to learn by trial and error, where an agent interacts with an

environment, observes the outcomes of its actions, and adjusts its behavior to achieve

better performance over time[37-41].

Here's an in-depth description of the main components and concepts in reinforcement

learning:
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Agent: The entity that learns and makes decisions. It interacts with the environment,
observes the state of the environment, and takes actions to influence the state.

Environment: The external system with which the agent interacts. It is the context in
which the agent operates and receives feedback in the form of rewards or
punishments.

State: A representation of the current situation of the environment. The state provides
relevant information for the agent to make decisions about what action to take next.
States can be fully observable or partially observable.

Action: The set of possible moves or decisions that the agent can make. The agent
chooses an action based on its current state, and this action affects the environment.

Reward: A numerical signal provided by the environment to the agent after it takes an
action. The goal of the agent is to learn a policy that maximizes the cumulative reward
over time. Rewards can be immediate or delayed, and they guide the learning process.

Policy: The strategy or mapping from states to actions that the agent employs to make
decisions. The objective is to learn an optimal policy that leads to the highest
cumulative reward.

Figure 1. Components and flow of a reinforcement learning model

AGENT

POLICY I

OBSERVATION ACTION

(STATE) POLICY
UPDATE

REINFORCEMENT LEARNING
ALGORITHMS

A

REWARD

ENVIRONMENT

This diagram shown above illustrates the basic components and flow of a
reinforcement learning model, where the agent interacts with the environment,
receives rewards, updates its policy, and refines its value function over time through
learning.
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Value Function: A function that estimates the expected cumulative reward an agent
can obtain from a given state or state-action pair. Value functions help the agent
evaluate the desirability of different states or actions.

Exploration vs. Exploitation: A fundamental trade-off in RL. The agent needs to
balance between exploring new actions to discover their effects and exploiting known
actions to maximize immediate rewards.

Markov Decision Process (MDP): A formal framework used to model sequential
decision-making problems in RL. It consists of states, actions, a transition probability
function, a reward function, and, optionally, discount factor.

Q-Learning: A popular off-policy reinforcement learning algorithm that estimates the
value of taking a particular action in a given state. It aims to learn the optimal action-
value function (Q-function).

Policy Gradient Methods: On-policy algorithms that directly optimize the policy.
These methods aim to maximize the expected cumulative reward by adjusting the
parameters of the policy.

Deep Reinforcement Learning (DRL): The integration of deep neural networks
with RL. Deep learning models, such as deep neural networks, are used to represent
complex policies or value functions, enabling RL to handle high-dimensional input
spaces.

Temporal Difference (TD) Learning: A learning method that updates the value
estimates based on the difference between the predicted and observed values,
providing a balance between Monte Carlo and dynamic programming methods.

Reinforcement learning has found applications in various domains, including robotics,
game playing, finance, healthcare, and more. It has demonstrated success in solving
complex problems where traditional rule-based or supervised learning approaches
may be impractical.

Reinforcement learning (RL) in cancer detection involves utilizing RL algorithms to
optimize decision-making processes in the context of diagnosing and treating cancer.
The application of RL in this domain is part of a broader effort to enhance the
capabilities of medical systems and improve patient outcomes. Here is an in-depth
description of how reinforcement learning is applied in cancer detection:
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Data Representation and State Space:

Patient Data: The RL system considers various data types such as medical imaging
(e.g., CT scans, MRI), patient history, genetic information, and laboratory test results.

State Representation: Each patient's current health condition, represented by a
combination of these data sources, forms the state space. The goal is to accurately
represent the complexity of the patient's condition.

Action Space:

Diagnostic Actions: Actions could include recommending additional tests, biopsies,
or imaging procedures based on the current state. The agent decides which diagnostic
steps are most informative for accurate cancer detection.

Treatment Recommendations: If cancer is detected, the agent may suggest
treatment options, considering factors such as the cancer type, stage, and patient-
specific characteristics.

Reward System:

Accurate Diagnosis: The RL agent receives positive rewards for accurately identifying
cancerous conditions. The reward system encourages the agent to make decisions that
lead to correct diagnoses.

Timely Treatment: Timely detection and intervention may result in higher rewards,
reflecting the importance of early diagnosis in improving patient outcomes.

Training the RL Agent:

Expert Demonstrations: RL agents can be trained using expert demonstrations,
where the model learns from historical data provided by experienced oncologists. This
data helps the agent understand the mapping between states, actions, and outcomes.

Simulation Environments: Simulated environments can be used to train RL agents
without directly affecting patients. These simulations mimic the dynamics of cancer
progression and the effects of diagnostic and treatment decisions.

Adaptability and Personalization:

Adaptive Decision-Making: RL models can adapt their strategies over time based on
feedback from real-world outcomes. This adaptability is crucial as the patient's
condition may evolve or new information becomes available.
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Personalized Medicine: RL can contribute to personalized treatment plans by
considering individual patient characteristics, such as genetics and response to
previous treatments.

Uncertainty Handling:

Probabilistic Inference: RL models can handle uncertainty in diagnosis by providing
probabilistic estimates. This is particularly useful when dealing with ambiguous cases
or situations where not all relevant information is available.

Ethical Considerations:

Transparency and Explainability: The decisions made by RL models in cancer
detection must be interpretable and explainable to healthcare professionals and
patients. This transparency is crucial for building trust in the Al system.

Integration with Clinical Workflow:

Collaboration with Healthcare Professionals: RL systems need to seamlessly
integrate into the existing clinical workflow, ensuring collaboration between Al
algorithms and healthcare professionals for informed decision-making.

Reinforcement learning in cancer detection is a promising avenue for improving
diagnostic accuracy, optimizing treatment decisions, and ultimately contributing to
better patient outcomes in the field of oncology. It is important to note that the
deployment of such systems should follow rigorous validation processes and adhere to
ethical and regulatory standards in the healthcare domain.

The Deep Q Network (DQN)

The Deep Q Network (DQN) is a significant advancement in reinforcement learning
that addresses some of the limitations of traditional Q-learning, particularly its lack of
generality when dealing with large or continuous state spaces. The primary issue with
Q-learning arises from its use of a two-dimensional array to store Q-values for each
combination of action and state, making it impractical for tasks with extensive or
continuous state spaces. To overcome this limitation, DQN introduces a neural
network to approximate the Q-value function. The neural network takes the current
state as input and outputs the Q-values for each possible action. This neural network
parameterizes the Q-function, allowing the agent to generalize its knowledge across a
broader range of states.

The key components and features of DQN include:

Experience Replay: DQN employs an experience replay mechanism to store and
randomly sample experiences from the agent's past interactions. This helps break the

1648 | www.scope-journal.com



Scope
Volume 14 Number o1 March 2024

temporal correlation between consecutive experiences, making the training process
more stable and efficient.

Target Network: To stabilize the training of the Q-network, DQN introduces a
separate target network that has its parameters frozen for a certain number of steps
before being updated. This helps prevent the Q-values from oscillating during

training.

Loss Function: The loss function used in DQN is derived from the temporal difference
(TD) error, which represents the difference between the predicted Q-values and the
target Q-values. The network is trained to minimize this error.

By using a neural network, DQN can approximate Q-values for unseen states,
providing a more versatile and generalizable approach to reinforcement learning. This
makes DQN suitable for tasks with complex and high-dimensional state spaces, such
as image-based inputs from cameras or sensors. The integration of deep learning
techniques in DQN allows the agent to learn and adapt to intricate patterns and
representations in the environment, enabling it to make more informed decisions in a
wide range of situations. The success of DQN has paved the way for further
advancements in deep reinforcement learning, influencing the development of
algorithms for various applications, including playing games, robotic control, and
complex decision-making scenarios.

Deep Q Network (DQN)

Q-learning weakness is its lack of generality. Q-learning updates number in a two-
dimensional array (Action space * State space). This indicates that the Q-learning
agent does not have the ability to estimate the value for unseen states as it has no clue
which action is suitable to take for the new seen state. In order to deal with this
problem, DQN introduces the neural network to replace the two-dimensional

array[42].

DQN uses a neural network to estimate the Q-value function. The input for the
network is the current while the output is the corresponding Q-value for each

action[43,44].

Conclusion:

This research article outlines a comprehensive survey of literature on the application
of deep reinforcement learning, specifically using Q-learning and SARSA, in various
domains, including healthcare (cancer detection from MRI, CT, and X-ray images),
robotics, and gaming. The text highlights the significant potential of reinforcement
learning (RL) in these domains and emphasizes several advantages of RL frameworks
over traditional supervised learning approaches.

The advantages mentioned include:
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1. Computational Efficiency: RL is deemed more computationally efficient in
inference tasks compared to traditional supervised learning methods.

2. Smaller Memory Footprint: RL is suggested to have a smaller memory
footprint, which can be beneficial for resource-efficient implementations.

1. Scalability to Large Image Resolutions: RL is described as better scaling up to
large image resolutions, which is crucial for tasks involving high-resolution
medical imaging.

3. Optimal Balancing between Time Efficiency and Accuracy: RL frameworks are
said to offer optimal trade-offs between time efficiency and accuracy,
addressing the challenges associated with real-time applications.

The paper reveals that existing reinforcement learning algorithms have been
effectively utilized for analyzing cancer and lesion detection in various organs of the
human body, among other domains. Notably, the paper points out discrepancies in
results when contrasting convolutional neural networks (CNN) with other deep
learning models, despite the application of diverse methods for forecasting various
malignancies and lesion types. The conclusion emphasizes the considerable potential
for more effective reinforcement learning models, particularly in achieving optimal
prediction outcomes for the identification and categorization of malignancies from
MRI and CT SCAN images.

Future Scope:

The future directions in the field of cancer and lesion detection, as highlighted in the
paper, suggest a growing interest in leveraging reinforcement learning (RL)
algorithms for more effective analysis. Here are some potential directions and
advancements that could be explored:

Enhanced Reinforcement Learning Models:

Develop and refine reinforcement learning models tailored specifically for medical
image analysis. This could involve creating models that are more adept at handling
the complexity and nuances of medical images, improving accuracy, and reducing
false positives/negatives.

Hybrid Models:

Investigate the potential of combining reinforcement learning with other deep
learning architectures, such as hybrid models that integrate convolutional neural
networks (CNNs) with reinforcement learning. This fusion may harness the strengths
of both approaches, providing more robust and accurate predictions.

Transfer Learning and Pre-training:

Explore transfer learning techniques to leverage knowledge gained from one medical
imaging domain to another. Pre-training RL models on a large dataset from one
domain (e.g., one type of cancer) and fine-tuning on a smaller dataset from another
related domain could enhance model performance.
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Multi-Modal Imaging:

Extend the scope to include multi-modal imaging, where RL models can be trained on
a combination of MRI and CT SCAN images. Integrating information from different
imaging modalities may provide a more comprehensive understanding of
malignancies and lesions.

Addressing Data Imbalance:

Investigate techniques to handle data imbalance, as medical datasets often have a
scarcity of positive cases (malignancies) compared to negative cases. Strategies such
as data augmentation, oversampling, or designing loss functions to address class
imbalance can be explored.

Explainability and Interpretability:

Focus on making RL models more interpretable and explainable in a medical context.
Understanding the decision-making process of these models is crucial for gaining
trust from healthcare professionals and facilitating the adoption of these technologies
in clinical settings.

Real-Time Applications:

Shift towards real-time applications, where reinforcement learning models can assist
radiologists in diagnosing and categorizing malignancies on the fly during medical
imaging procedures. This could significantly impact timely decision-making and
patient care.

Clinical Validation:

Conduct extensive clinical validation studies to assess the reliability and effectiveness
of RL models in real-world healthcare settings. Collaborate with medical professionals
to ensure that these models align with clinical standards and contribute meaningfully
to patient outcomes.

Ethical Considerations:

Address ethical considerations related to the deployment of RL models in healthcare.
Ensure patient privacy, data security, and establish guidelines for responsible and
ethical use of Al technologies in medical diagnosis.

Open Collaboration and Benchmarking:

Encourage open collaboration and benchmarking efforts in the research community.
Sharing datasets, methodologies, and results will facilitate the comparison of different
approaches and drive the collective advancement of reinforcement learning in
medical image analysis.

By exploring these directions, the field can continue to evolve, leading to more

accurate, reliable, and ethically deployed reinforcement learning models for cancer
and lesion detection in medical imaging.
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