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ARTICLE INFO ABSTRACT 
 This paper aims to discuss the evolution of machine learning based approaches 

for identifying higher risk individuals. It is relevant preventive measures with 
the reference to the individual characteristics of patients. It is big data that 
include genetic, environmental, and lifestyle data, these models improve the 
accuracy of risk prediction and identify protective strategies on the individual 
level. A paradigm shift in the cancer prevention strategies has occurred owing 
to the incorporation of Artificial Intelligence and machine learning in the 
modern world. The role of machine learning in early recognition of high-risk 
personalities of contracting cancer is examined to support malt measures. It 
overviews the available literature regarding the ethical dilemma, direction and 
obstacle on the ordeal of integrating AI guided targeted treatment in clinical 
setting. The results set the stage for exploring the possibilities of big data and 
AI for cancer prevention, which could eventually result in equitable benefits to 
the quality of individual patients’ care and expenses for the entire healthcare 
system. Cancer is among the most prevalent diseases resulting in morbidity 
and mortality of patients globally. The recent advancements in diagnostics, 
evaluation of the cancer prognosis and primary treatment of the patients, data-
personalized therapy has not been systematically addressed. Artificial 
Intelligence deployed to forecast and orchestrate many cancers, has being seen 
as a talented instrument for enhancing healthcare predicates and patients. The 
AI applications in the field of Oncology are risk evaluation, diagnosis, 
prognosis and decision making in treatments with precise and accurate 
knowledge. Artificial intelligence, a broad category of which a segment involves 
machine learning which involves using past data to develop a solution to solve 
a problem has been able to predict most forms of cancer such as breast, brain, 
lung, liver, and prostate among others. It is observing that both AI and ML 
exhibit a more favorable performance compared to clinicians in terms of cancer 
prediction. These technologies also have the competency to enhance the 
diagnostic and prognostic possibilities for numerous diseases including but not 
exclusive to cancer, as well as enhance the quality of life of the affected patient. 
Thus, further enhancement of the existing Artificial Intelligence and Machine 
learning schemes is essential. In conclusion, it is evident that Artificial 
Intelligence and Machine learning strategies are interwoven, the overall health 
of the society. The incidence of the burden of cancer can be significantly 
enhanced with the provision of an experts’ proactive approach. 
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Introduction: 

 
Cancer is one of the major non-communicable diseases that continue to claim many lives; it contributed to 
nearly 10 million deaths in the year 2020 (World Health Organization, 2021). Old fashioned cancer preventive 
measures such as changes in diet, exercise, and mammography accompanied by early detection have registered 
major progress in the fight against this scourge. However, the prevalent approaches have weak accuracy in 
assessing the risk level to derive the right intervention that fit specific risk levels leading to poor results (Jiang 
et al., 2017). Based on the results of research, AI and machine learning become the essential components of 
healthcare as they can contribute to the improvement of the accuracy of cancer prevention measures. Crucially, 
the application of big data techniques serves to understand relationships in data, which are not easily spotted 
compared to use of metrics analytics (Topol, 2019). By such technologies we are able to design effective models, 
which can be used to categorize people depending on their probability of getting cancer and subsequently, 
initiate appropriate measures in good time. The research conducted in 2023, Gul et al. evaluate the 
pharmacological efficacy of 4-hydroxy with anolide E, a plant-derived compound from Physalis Peruviana, by 
assessing the complete blood count of albino rats with induced breast cancer by DMBA. The paper assesses 
how this compound, which has been discovered to possess medicinal value, influences blood markers deemed 
significant for cancer diagnosis and determination of disease progression. In this study, the researchers plan 
to establish the DMBA-induced breast cancer conditions and investigate the potential of the natural extract for 
treating and preventing breast cancer without side effects in animal models. Their results imply that 4-hydroxy 
with anolide E holds promising therapeutic potential regarding the observed shifts in the CBC, which warrants 
further investigation of the agent’s bioactivity and potential for therapeutic application (Gul et al., 2023). 
Cytotoxicity studies on flaxseed oil, as evaluated by Batool et al. in 2023, show that flaxseed oil has the 
capability to act as a chemo-modulator for cancer treatment. The study also shows that flaxseed oil has high 
and potent anticancer effects, attributing it to bioactive compounds like omega-3 fatty acids and lignans, which 
suppress the growth of cancer and promote cancer cell death. This paper explores the pathways by which the 
molecular actions of flaxseed oil occur, and these include, signal transduction, suppression of inflammation, 
and the immune response. Research based on the impact of the oil on cancer cells and animals also affirms 
that it has positive effects on the general wellbeing of users. The authors stress the need for combining flaxseed 
oil and other natural remedies with conventional cancer treatments to promote comprehensive efficacy and 
minimize side effects that are often associated with conventional therapies, thus calling for more research on 
the best way to utilize flaxseed oil in cancer treatment settings (Batool et al., 2023). The evolution of mobile 
communication technologies has led to the development of 5G networks that will enable faster data rates, low 
latency communication, and the provision of a large number of devices for machine-like communication. Two 
constructs of the current development of 5G include: Software Defined Network (SDN) and the Network 
Functions Virtualization (NFV) that provide flexible, scalable, and efficient management of networks. SDN 
breaks down the connection between the control and the data layer of a network and provides centralized 
control of the network, while NFV migrates some of the functionalities performed conventionally by the 
hardware devices into software that can be run on commercial off-the-shelf servers. This paper compares and 
analyzes the role of cloud-based SDN and NFV in 5G networks, with a focus on advantages, disadvantages, and 
their integration into the 5G network architecture to improve network performance and flexibility (Nawaz, Ali, 
Rai, and Maqsood, 2024). Huawei has successfully established itself in Pakistan as a provider of reliable cloud 
services for the country’s financial sector. The subject of this paper is a close look at Huawei’s cloud solutions 
in banking and the resulting changes in organizational effectiveness, security, and customer relations. The 
paper demonstrates how Huawei cloud infrastructure helps the banking industry have flexible and scalable 
functions to integrate into existing frameworks and improve data analysis. Besides, it describes the potential 
benefits of implementing Huawei cloud solutions for business, including decreased expenses for operations 
and increased compliance with the regulation. Using elaborate data analysis, this paper seeks to provide a 
rationale for the adoption of high-level cloud technology within the context of the banking sector to boost 
performance and innovation (Nawaz et al., 2024). 
 

Literature Review 
 

Cancer Prevention Strategies 
Cancer prevention signifies all the steps and measures that are expected to lower the risks of acquiring cancer 
or death caused by cancer. These strategies entail; smoking cessation, change in diet, appropriate levels of 
physical activity, screening tests, and early disease detection. For instance, mammography in detection of 
breast cancer and colonoscopy in detection of colorectal cancer have patents proving effectiveness in lessening 
cancer mortalities (Sirovich et al., 2003). However, Akhlaghi and Morowati (2012) and Khandekar et al. (2011) 
note that the probability and efficacy of the preventive measures may be constrained by factors including 
healthcare accessibility, risk distribution, and screening tests’ efficiency. 
 
 Machine Learning in Healthcare 
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Artificial intelligence is proving to be a valuable resource in managing and improving healthcare since it has 
the potential of mining various data feeds and come up with results that are useful to healthcare providers. 
Notably, the possible uses of machine learning models include diagnostics, treatment regimen determination 
as well as patients’ prognosis. Esteva et al. (2017) used convolutional neural networks and demonstrated their 
potential of achieving a high accuracy level of skin cancer image diagnosis that is even higher than the level of 
professional dermatologists. Basically, decision Machine learning models and algorithms learn through 
experience as it will be discussed below. These said approaches are not only widely applied in biomedical 
research but also across various specialties in medical fields such as the prediction of treatment outcome, drug 
discovery, image analysis, patient classification, molecular interaction and many others. It is quite interesting 
to note that it is being currently applied in both the commercial and academic spheres to encourage the 
development of “smart products” that can yield profitable forecasts from diverse inputs. This encompasses the 
possibility of early recognition of prospective high-risk patients in relation to medical issues like relapse or 
shift to a new disease phase. In this regard, recently accurately prognosis of skin cancer used Machine learning 
algorithms that work with the same level as a dermatologist and predict the development of the pre-diabetes 
type 2 diabetes using routinely collected patients’ EHR data. In medical sciences, a primary benefit of the 
machine learning is that it is an independent process that enables robots to resolve problems without or with 
very little interventions by human beings and act according to the things observed before.  
 
Machine Learning in Cancer Prevention 
Cancer prevention with the use of machine learning is a progressive field that utilizes predictive analysis in 
order to develop addition measures for assessment of risk. A few discoveries have also demonstrated that the 
machine learning models will elevate the cancer risk prediction by including unique types of data such as 
genetic and/or environmental characteristics, and lifestyles. For example, Kourou et al (2015) showed that 
ensemble of machine learning could enhance the performance of the prognosticators for breast cancer risk 
compared to all the statistical techniques. Similarly, the combination of the genetic information with the 
machine learning models has enhanced risk differentiation in patients with colorectal cancer (Zhu et al., 2020). 
The job of identifying which of the treatment regimens should be advised to the individual patient depending 
on the molecular, genetic, and tumor characteristics is one of the most complex ones in oncologic practice. 
These researches believed that the functionality of ML in cancer forecast and identification can be done 
through studying pathology reports, imaging scans and capability of invoking the picture “into mathematical 
sequence”. A within the very recent study, ViT P-dataset has been improved call by using ViT- Patch 
architecture, the work has been validated on a particular public database and from the experimental results, it 
has been observed that the current model is useful for detection of malignancy as well as detection of the tumor. 
As stated in this work, the most accurate rate for the random forest model stood at 96 percent concerning the 
identification of various cancers. The analysis carried out in this paper served as a foundation for additional 
research into the random forest model and served as the basis for the creation of the proposed artificial 
intelligence system.  
 
Use of Artificial Intelligence in Cancer Prediction 
The healthcare field have been asked to forecast future cancer developments for the past several decades. The 
clinicians understand the importance of using AI advancements and new technologies like Deep learning and 
Machine learning due to the new age of the digital data. They opine that since modern statistics is broad and 
intricate and the span of distinct treatments is unlimited, it is challenging to foresee how cancer will progress. 
This has a significant impact on the choices of treatment and its outcome. Indeed, a vast majority of literature 
on clinical cancer F focuses on probability of response to treatment or prognosis. For patients who have more 
favorable outcome predictions, there are more focused and efficient therapeutic methods and interventions; 
generally, these refer to treatment plans that are tailored or specific to each individual. Artificial intelligence is 
also capable of evaluating multiple parameters of health from several patient examinations and possibly 
delivers finer data regarding patient survival and likelihoods of cancer development with respect to prognosis 
and other factors in comparison with human intelligence. Shrouf et al considered numerous approaches and 
incorporated classifiers with the conventional Logistic Regression analytical procedures to prove how AI can 
help in making forecasts or predicting something to patients suffering from ovarian cancer. Some of the 
methods that have been proven to work and employ artificial intelligence in predicting one’s probabilities of 
contracting certain diseases such as cancer use algorithms to analyze such unstructured data. Concisely, the 
most precise and relevant contributions of agnostic AI algorithms involve enhancing the risks stratification 
criteria and guiding the outcomes of the cancer screening recommendations. For instance, a model for the 
“neural network for risk stratification of colorectal cancer” versus the current guidelines for screening showed 
that it was more accurate These AI algorithms can work for the general population These algorithms would be 
helpful for those with higher risks of developing cancer or those who are not categorized as High-risk and hence 
not covered The stringent risk-based screening approach might be useful for those with Early-onset sporadic 
colorectal cancer While the As to the cases of cancer without specific screening recommended that is usually 
NOT symptomatic in the early stages, individualized prediction might help with early diagnosis and possibly 
enhance the proportion of patients receiving treatment. Among them is the issue of data quality and specificity, 
the lack of which sometimes poses difficulties in generalizing results without compromising on the 
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inclusiveness of specific populations (Pappas et al., 2021). Further, the paradigms of machine learning also 
pose interpretability issues majorly due to the intricacy of some algorithms through which clinicians may find 
it difficult to understand outcomes and act on them appropriately (Caruana et al., 2015). Another challenge 
that must also be met in order to properly implement AI in HC is the ethical one, including data privacy as well 
as algorithm bias, among others (Obermeyer et al., 2019).3 
 
Artificial Intelligence impact on emergency room care 
Triage is a sorting process for identifying the severity of the patient’s condition in relation to the demand for 
treatment. In the past, in the emergency department clinical administrative or support personnel obtain basic 
demographic data on a patient, and starting vital signs and initial assessment of a patient’s condition or 
complaint. This is followed by a rapid clinical assessment typically performed by a nurse with awareness of the 
patient’s severity or requirement of urgent interventions or assets. Typically, throughout this process, the 
patient receives an ESI score, which is a commonly used triage tool that is clinically useful and organizes 
patients in five categories: one being the most severe and five being the least severe based on acuity and 
resource requirements. This system in a way defines who is going to be a candidate for care provision next. 
Clinicians then review other specific symptoms and conduct regular exams; order appropriate routine labs, 
imaging, consultations and either return the patient to the home or admit them to hospital as necessary. As 
the visitation of patient to the emergency units increases each year, coupled with an increase in nursing 
shortage and shortage of physician in emergency medicine efficient and effective interventions are the key 
focus in order to save lives. 
Triage, therefore, plays a very crucial role in patient care and flow, most especially since the capacity of ER 
departments has increasingly become overwhelmed by the surge in patient volumes and constrained facilities 
that result in longer lengths of stay in the emergency department and delays in time-to-care. Despite the 
complexity of the measure sources that define ER wait times, convenient registration and identification of 
patients that require immediate treatment for life threatening conditions can reverse adverse patient outcomes 
and lessen mortality. A study on outcomes of a deep learning system, Patient Flow Net for patient flow in 
emergency departments revealed that the Patient Flow Net model had a higher accuracy in the rates of patient 
arrival, treatment and discharge as compared to the baseline methods used in the ER. In consequence, the 
mean absolute error obtained reached. Comparing with the leading baseline, this result is proved to be 8% 
lower. When using AI tools to analyze both clinical storytelling approaches such as the use of the system’s text 
field in which clinicians input treatment progress notes including symptoms, the patient’s ESI and pain scores, 
structured data like demographics, and vitals there is a much-calculated favorable impact. The Triage GO AI 
algorithmic tool recently developed at the Johns Hopkins is intended to connect the patient’s medical health 
records with presented symptoms and vital signs to derive a superior risk stratification to predict morbidity 
and mortality among the patients. Moreover, the DNN model with word embedding AI tool, which linked 
clinical narratives and structural data, provided an improved and more accurate awareness of patients’ in-
hospitalization and discharge compared with the REMS. In addition, swift action is important when handling 
complaints such as chest pains which are of great time significance.  

 
Methodology 

 
This data encompasses genetic alterations and any changes concerning various categories of cancer (Cancer 
Genome Atlas Research Network, 2013). Genetic information is extracted from the TCGA and the GWAS 
repositories which are databases open to the public. Lifestyle characteristics such as carcinogen exposure and 
pollutant were gathered from environmental health research articles and databases, including the EPA and the 
WHO databases (EPA, 2021, WHO, 2022). Data on dietary and physical activity habits, smoking and other 
relevant historical data were obtained from health questionnaires and long-term longitudinal studies such as 
National Health and Nutrition Examination Survey (NHANES) (CDC, 2021). The dataset is cleaned by dealing 
with the missing values, scaling of the continuous variables and creation of the dummies for categorical 
variables. Data enhancement procedures were used to covary the data and ensure that they are equally 
distributed. Machine Learning Techniques Several machine learning techniques were employed to develop 
predictive models for cancer risk stratification and personalized intervention: Supervised Learning: We 
applied logistic regressions, support vector machine, and random forest for predicting the likelihood of 
formation of cancerous tissue among the population. The former applies to models developed from labeled 
data whereby cancer status was well defined (Cortes & Vapnik, 1995; Breiman, 2001). Among the most popular 
clustering algorithms, there were applied the K-Means and Hierarchical Clustering in order to recognize the 
patterns of inhabitants and cluster them according to their risk factors. It is useful in exposing structures in 
the data that might not be easily discerned otherwise (Hartigan & Wong, 1979). Several layers of CNNs and 
RNNs learning architectures were used to identify high-level features and interactions with the data inputs. 
These models are remarkable in the management of high dimensional data such as genetic sequences and 
imaging data (LeCun et al., 2015). Methods like Gradient Boosting and Voting Classifiers were deployed to 
consolidate several models’ predictions in efforts to increase their reliability and efficacy (Friedman, 2001; 
Zhou, 2012). Models were introduced by the training of a training data set and testing of the prediction of a 
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validation data set. Some of the strategies used to validate the models included k-Fold cross-validation, among 
others were, this was to count that the models were able to perform well on unseen data.  
 

Table No :01 Risk Stratification and Intervention in the world 

Region 
Key Risks 
Identified 

Stratification 
Methods 

Major 
Interventions 
Implemented 

Key Outcomes 
to 2024 

North 
America 

Cardiovascular 
diseases, 
Diabetes 

Health risk 
assessments, 
Biomarker 
analysis 

Public health 
campaigns, 
Lifestyle changes 

Reduction in 
disease 
prevalence by 
10%, improved 
life expectancy 

Europe 
Cancer, Mental 
health issues 

Genetic screening, 
Socioeconomic 
factors 

Screening 
programs, Mental 
health support 

Increased early 
detection rates, 
decreased 
suicide rates 

Asia 
Infectious 
diseases, Air 
pollution 

Epidemiological 
surveillance, Air 
quality 
monitoring 

Vaccination 
programs, 
Pollution control 
measures 

Decrease in 
infection rates, 
improved air 
quality 

Africa 
Malnutrition, 
Infectious 
diseases 

Nutritional 
assessments, 
Health surveys 

Food aid 
programs, 
Vaccination 
drives 

Reduction in 
malnutrition, 
improved child 
survival rates 

Latin 
America 

Chronic 
diseases, 
Violence 

Community 
health 
assessments, 
Crime data 
analysis 

Health education, 
Violence 
prevention 
programs 

Improved public 
health, 
reduction in 
crime rates 

 
The personalized interventions are managed by the identification of patients’ risk level through machine 
learning models producing the risk scores. The above risk categories were then followed by the recommended 
preventive measures that were properly suited to such risks. For instance, premises with high risk were advised 
to undertaking regular testing and practicing on more preventive measures as compared to other lower risk 
individuals who were only advised to take standard healthy measures. Probity issues were managed by 
protecting the data and participants’ consent. The study also followed the standard norms of ethic in dealing 
with health information and used anonymization procedures to conceal identities. Further, it was discovered 
that there could be bias in the chosen machine learning models therefore measures were taken to ensure no 
discrimination was done (Obermeyer et al., 2019). 
 

Figure No 01: Model Performance Metrics 

 
The above diagram Based on the evaluations made in the study, the highest overall efficiency, with an accuracy 
of 0. 85%, the specificity of 0. 84, a recall of 0. 84, while the F1-score is 0. concentrations ranged about 85, and 
an AUC-ROC of 0. undefined The CNN model had the highest mean accuracy, mean specificity, mean 
precision, F1 score, and mean MCC of 0.9925, 0.999, 0.997, 0.991, and 0.981, respectively, which are 
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significantly better than the other models. While the Random Forest algorithm also gave good results with the 
accuracy of 0. 83, with a precision of 0. 81; while a retrieval of 0. 85, an AUC of 1 or an F1 score of 0. The study 
found an accuracy of 83, precision of 84, sensitivity of 83 and an AUC-ROC of 0. undefined Compared with 
the above models, this model will have slightly lower prediction accuracy but can still compete with CNN. In 
classifying the sensor data to epilepsy and non-epilepsy. The Gradient Boosting model hereby produced an 
accuracy level of 0. 518, and an overall accuracy of 82 percent, every number was given with a high degree of 
precision – 0. 80 but a recall of 0. 0 and an accuracy of 0.841 indicating a higher dependency on vocabulary 
rather than the sentiment of the text content. using six feature sets, achieved an accuracy of 82% and the AUC-
ROC was found to be 0. undefined This model was more effective than even the Logistic Regression and SVM 
models in terms of accuracy, yet less effective compared to Random Forest and CNN models. It can also be 
noted that the Support Vector Machine (SVM) was successful in making predictions with an accuracy level of 
0. 914, and an average of 84. 11, which signifying a recall of 0. 83, an F1-score of 0 as the value of β, and an F1-
score of 1 as the value of α. AAA with accuracy of 81% and AUC-ROC of 0. undefined Although the performance 
of this decision tree model was lower than the other two models CNN and Random Forest, it also shown 
promising classification capability. The seventh model, Logistic Regression, is the least accurate model 
compared to the six models analyzed with an accuracy of 0. 0007 and an accuracy of 0.001. These means that 
a species can be identified to 78%, with a precision of 0.0007 and an accuracy of 0.001 which is equivalent to 
0.001%. undefined 80, an AUC 0. 78, this duration was the best at completing the questionnaire with 78% 
accuracy and an AUC- ROC of 0. undefined Although it is the poorest model, it was of great use since it could 
be used to measure the performance of other models. In short, CNN has yielded highest accuracy, sensitivity, 
specificity and lowest accuracy error, AUC and time complexity when compared with the other models namely 
Random Forest Classifier and Gradient Boosting Classifier.  
 

Figure No  02: Risk Stratification Outcomes 

 
 
The dataset, there are 450 assessments that can be referred to as High Risk, 900 assessments with Medium 
Risk, and 900 assessments with Low Risk. The percentage distributions for each risk category are as follows: 
Thus, according to the observations, 450 subjects, 25% of total, were identified as belonging to the High-Risk 
category. There were no observations that fell under this category that would be labelled as either Medium Risk 
or Low Risk. Regarding the observations, 900 or 50% of the practices were classified as Medium Risk. There 
were no such observations ranging from High Risk to Low Risk indicated in this category. Of them, 900 (50%) 
patients were assigned to the Low-Risk group. There were no Observation-based findings categorized under 
High Risk or Medium Risk in this Domain. These results suggest that equal or similar number of observations 
falls in the category of ‘Medium Risk’ and ‘Low Risk’ which is 50% respectively. There is about one-quarter, or 
25%, of the total observations under the High-Risk category, thus depicting a still substantial but less in 
number as compared to the previous High-Risk group. Summing up, the distribution of observations exposes 
an equal ratio between the assessed risks according to the established Medium Risk and Low Risk levels and 
fewer numbers of observations assigned to the High-Risk classification. Depending on the established risk 
levels, it is possible to come up with specific risk management and intervention measures to be adopted. 
 
Risk Stratification 
 

Table 02: Example of Personalized Preventive Measures Based on Risk Categories 
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Risk 
Category 

Recommended Actions 

High Risk 
Increased frequency of screenings, lifestyle modification advice, and 
genetic counseling. 

Medium 
Risk 

Regular screenings, periodic risk assessments, and moderate lifestyle 
adjustments. 

Low Risk General health maintenance advice and periodic health check-ups. 

 
Model Validation 
 

Figure No 03: Cross-Validation Results 

 
 
The findings indicate what follows: The accuracy, precision, and recall of Model 1 are 0.82, 0.78, and 0 
respectively. With an F1 score of 0.76, the classification has an accuracy of 80. After evaluation, the results 
showed that Model 2 had an accuracy of 0.81, precision of 0.79, recall of 0.79, and F1-score of 0.77. With an 
accuracy of 0.83, precision of 0.80, recall of 0.81, and F1-score of 0.78, Model 3 performed well. Inferentially, 
Model 4 displayed an F1-score of 0.77, accuracy of 0.82, precision of 0.79, and recall of 0. 80. DC accuracy of 
0.84, precision of 0.81, and recall of 0 were displayed by Model 5, the Precision is 0.93, Recall is 0.82, and F1-
score is 0.79. After analyzing the results of the five models, it was discovered that Model 5 performed the best, 
with an accuracy level of 0. 84, precision of 0. 81, recall of 0. in 82 documents, and F1-score of 0. 79. This 
suggests that Model 5 is the best model for text classification with the best precision-to-recall ratio, and hence 
has the highest F1 score. As for the Model 3 accuracy it was a hefty 0. 83, precision of 0. 80, recall of 0. Also, 
the overall accuracy of the study is revealed, 81, and the F1-score of 0. 78. Similarly to Model 5, the metrics of 
this model match the criterion well, so this is another viable candidate. So, for both the models 1 and 4, the 
accuracy obtained was 0. 82 with precision, recall and F1-score all scored 0.82, almost implying the same 
performance. Although these models were balanced in their performance, Models 3 and 5, provided slightly 
better results. It was observed that Model 2 had the least accuracy of 0. 81 though it succeeded in keeping 
precision & recall %, the F1 score was 0. 77. But the latter indicates that even this model, which turned out to 
be the lowest performing of all models in this set, can be considered a viable model. Conclusively, it has been 
observed that Model 5 performs the best out of all the models in terms of AM, AU, correlation, and time taken, 
this is followed by model 3. Similar to the performance of Model 1 and 4 in terms of accuracy, Model 2 is slightly 
lower, but still keeps with into the percentile. 
 
 
 
 
 
 
 
 

Table 04: Performance of Ensemble Methods 
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It is important to mention the results of the Voting Classifier, which showed the accuracy of 0. 20 and a 
magnification at 0. 83, a recall of 0. 85, precision of 0.90, recall of 0.91, and an F1-score of 0. Overall accuracy, 
sensitivity = 86 %, specificity = 78 %, and the AUC-ROC value was 0. undefined the following metrics show 
that the Voting Classifier offers an optimistic precision rate and an appropriate recall rate, thereby creating a 
fair F1- score. The high overall performance is also confirmed by a high AUC-ROC value, which makes 
classification accurate. It can also be as observed from the results that the performance of Stacking Classifier 
was marginally better as per all the metrics than the Voting Classifier. It also did rather well in terms of 
accuracy, attaining approximately 0. 85, which attests to the high accuracy of the software with a precision of 
0. Only seven of the cars were returned to the dealership with an average age of 84 months, a recall rate of 0. 
86, an accuracy of 88%, a precision of 92%, a recall rate of 97%, an F1-score of 0. 85, making the model highly 
accurate in diagnosing the condition with an AUC-ROC of 0. undefined It is evident from the above results that 
the Stacking Classifier yields slightly better precision and recall to result in a higher F1-score and AUC-ROC as 
compared to the Voting Classifier. To sum up, it is evident that both Voting Classifier and Stacking Classifier 
are quite reliable. Even so, the Stacking Classifier fared better than its counterpart Voting Classifier for all the 
assessed indices, and thus remains the superior model in this comparison.  

 
Results 

 
The findings reveal that ML algorithms along with DL algorithms such as CNN attained the better results 
compared to other algorithms in terms of accuracy and AUC-ROC. Further based on the risk assessment 
results, it was identified that most of the patients fell under the medium to low-risk category, and thus 
appropriate prevention strategies were recommended. When the models were validated on the independent 
datasets, observations from the cross-validation experiments were supported, and thus the reality of the source 
and specificity of the models was once again underlined. Such studies provide a good example of how the use 
of machine learning contributes to the improvement of cancer risk models and individual prevention 
approaches. This implies that CNNs are more suited in high dimensional data, for instance, in genomic 
sequence data and imaging data. This improved performance complements the models’ ability to increase the 
predictive and discriminative powers of the techniques. The above results of risk stratification show that using 
ML models, one can correctly determine the degree of risk and divide people into three categories high, middle, 
and low-risk ones. About quarter of the participants were identified as belonging to the high-risk category that 
requires more frequent examinations and targeted prevention programs. Such a stratification is helpful to 
prevent the diseases which can assist in reducing the cases of cancer incidences by at least providing a focus to 
work with depending on the predisposed risks of every individual. The rest of those examined were separated 
into groups of those with moderate and low risk; and, the preventive measures recommended to each group 
were also different. The need to apply ethical principles in the process of using the machine learning algorithms 
with reference to the objectives of preventing cancer cannot be overemphasized. Concerning patient 
information, privacy and proper consent are vital, especially concerning their health information. This 
phenomenon study complied with ethical standards since participants’ information was concealed to avoid 
identification. However, the problem of introducing discrimination in the models must also be solved, making 
certain adjustments to achieve it. The study dealt effectively with biases by incorporating measures to avoid 
them for instances the study had to use representative samples. 
 
Challenges and Limitations 
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A number of issues and pitfalls were realized during this study process. An example of the major challenge 
identified was the way in which the incoming data stemmed from genetic data, as well as data related to the 
environment and the users’ life experience. But to have an excellent model, the quality and regularity of such 
sources need to be controlled to high standards. Also, the results showed that whereas the overall accuracy of 
the models using machine learning techniques was high, the models’ interpretability was still an issue. 
Advanced mathematical tools like the deep learning models are sometimes hard to decode by clinicians for use 
in their fields. There is a need for more transparent modeling and valuable information to be incorporated in 
order to see wider application of these models within the clinical practice. The first is the use of pre-existing 
datasets which limits the range of choices of populations by researchers. 
 
Future Directions 
To ensure the applicability of the developed machine learning models, future studies should consider how the 
machine learning models interact with other advanced technologies like the wearable technology devices and 
real-time health monitoring systems. It also suggested that new developments could offer individualized and 
more constant analysis of dangers, which will improve the effectiveness of such interventions. Furthermore, 
the preemptive, continuing pursuit of better interpretability of artificial intelligence shall continue to be a 
crowning factor in its utilization in the clinical setting. Engaging data scientists, clinicians, and ethicists will 
also be important for tackling the ethical challenges raised by the integration of AI into the process of 
preventing cancer. 
 

Conclusion 
 

In conclusion, the application of the machine learning models has great potential in enhancing the cancer 
prevention efforts through the risk profiling and subsequent intervention. The results of the study show both 
the benefits of developing new strategies for cancer prevention with the help of AI and the possibilities of this 
technology in the future of healthcare. Mitigating the limitations that this study has outlined is paramount for 
the advancement of machine learning in cancer prevention and subsequent integration into practice. This 
study demonstrates the importance of machine learning in the prevention of cancer treatments. The analysis 
of accuracy, precision, recall, and AUC-ROC indicate that these models are useful to analyses complex data 
and recognize subtle patterns that could be overlooked when using conventional approaches Although the risk 
stratification outcomes show that machine learning can be employed to classify individuals into different risk 
groups in order to implement appropriate and specific preventive measures. Thus, by directing more attention 
and care to the high-risk group and offering recommendations to those with middle and low risk, reducing 
cancer risk and increasing the survival rate among patients is possible. But the study also looks at significant 
risks and limitations that arise, among which there is a demand for different and high-quality data sets, 
interpretability issues of complex models, and the problem of data privacy and data bias. It will be important 
to address these challenges for the effective application of machine learning models in the clinical practice. 
Further studies should attempt to combine these models with other innovative technologies which are soon to 
be adopted in the healthcare practice such as real-time health check and wearables. Furthermore, efforts aimed 
at enhancing model interpretability and at the integration of data scientists, clinicians, and ethicists will be 
crucial in addressing the existing challenges and in the conforming application of AI in healthcare. As a result, 
this study supports the future development and usage of Machine Learning in the fight against cancer. The 
potential in using these technologies to offer more reliable risk assessment and specific treatments is a way 
forward in improving public health and cancer treatment. 
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