A Optimized Lung Cancer Prediction System using Machine Learning
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ABSTRACT
The lungs are the centre of breath control and ensure that every cell in the body receives oxygen. At the same time, they filter the air to prevent the entry of useless substances and germs into the body. The human body has specially designed defence mechanisms that protect the lungs. However, they are not enough to completely eliminate the risk of various diseases that affect the lungs. Infections, inflammation or even more serious complications, such as the growth of a cancerous tumour, can affect the lungs. Lung cancer generally occurs in both male and female due to uncontrollable growth of cells in the lungs. This causes a serious breathing problem in both inhale and exhale part of chest. Cigarette smoking and passive smoking are the principal contributor for the cause of lung cancer as per world health organization. The mortality rate due to lung cancer is increasing day by day in youths as well as in old persons as compared to other cancers. Even though the availability of high-tech medical facility for careful diagnosis and effective medical treatment, the mortality rate is not yet controlled up to a good extent. Therefore, it is highly necessary to take early precautions at the initial stage such that its symptoms and effect can be found at early stage for better diagnosis. Machine learning now days has a great influence to health care sector because of its high computational capability for early prediction of the diseases with accurate data analysis. The lungs are the centre of breath control and ensure that every cell in the body receives oxygen. At the same time, they filter the air to prevent the entry of useless substances and germs into the body. The human body has specially designed defence mechanisms that protect the lungs. However, they are not enough to completely eliminate the risk of various diseases that affect the lungs. Infections, inflammation or even more serious complications, such as the growth of a cancerous tumour, can affect the lungs. In this work, we used machine learning (ML) methods to build efficient models for identifying high-risk individuals for incurring lung cancer and, thus, making earlier interventions to avoid long-term complications. The suggestion of this article is the Rotation Forest that achieves high performance and is evaluated by well-known metrics, such as precision, recall, F-Measure, accuracy and area under the curve (AUC). More specifically, the evaluation of the experiments showed that the proposed model prevailed with an AUC of 99.3%, F-Measure, precision, recall and accuracy of 97.1%.
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I. INTRODUCTION

When bodily cells proliferate unchecked, a condition named as cancer outcomes. When cancer develops in the lungs, it is referred to as lung cancer. Other bodily parts, such as lymph nodes, organs including the brain, the lungs can also be the site of the start of lung cancer. Lung cancer has the potential to spreading out to further organs. The term "cancer cells" refers to cells which have spread from one organ to another. The two main groups into which they are commonly separated are tiny cell and non-tiny cell lung malignancies, which include adenocarcinoma and squamous cell carcinoma. These numerous types of lung cancer have distinctive patterns of development and therapeutic responses [1]. While small cell lung cancer is more common, non-small cell lung cancer is more common. Lung cancer, which is also the worst disease, is thought to be the main factor in high mortality in the modern world. Compared to other cancers, lung cancer has a greater impact on people, and as expected, it currently occupies position seven in the fatality rate index, contributing 1.6% of world death [2]. The brain is affected by lung cancer after it has spread to the lung. There are two primary classifications of lung cancer. The two forms of lung cancer are tiny cell and non-tiny cell. Acute chest hurt, a dry wheeze, shortness of  inhalation, body weight loss, and other symptoms are possible in patients [3]. Doctors who study the causes and progression of cancer emphasise the role of smoking and passive lung cancer is primarily caused by smoking. Lung cancer is treated with abscission, chemo, diffraction, immune remedy, and other procedures. Despite this, doctors can only diagnose lung cancer once it has advanced, making the diagnosis relatively weak [4]. To quickly and effectively lower the mortality rate with effective control, early prediction prior to the last phase is essential. Even with the right treatment and diagnosis, the prediction for lung cancer is quite encouraging[5]. The prognosis for lung cancer varies depending on the patient's age and gender, and race are all factors, as well as health status. The American Cancer Society calculates that a patient's likelihood of surviving lung cancer is 47% if it is identified at a young stage. It is extremely improbable that lung cancer in its early stages will be accidently discovered on an X-ray image [6]. 
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Figure1: CT Scan image for lung Cancer

Figure 1 shows, During the study piece, several machine learning (ML) models were employed for the topic at hand in order to compare how well they performed against one another. More particular, we examined the Support Vector Machine (SVM), a widely used kernel-based classifier [6]. Additionally, a linear classifier was trained using stochastic gradient descent (SGD) [5] under an SVM convex loss function. [7] were taken advantage of from the ensemble random forest (RF). Finally, a straightforward artificial neural network and a distance-based classifier called K-nearest neighbours (K-NN) [7] were assessed.

II. Risk Factors of Cancer

Multiple Risks elements have been recognized through means of studies that could increase your chance of spreading lung cancer. Lung cancer chance is primarily increased by smoking. For 80% to 90% of lung cancer fatalities in the US, smoking cigarettes is to blame. Smoking tobacco, including cigarettes, cigars, and pipes, raises the chance of lung cancer developing. There are about 7,000 compounds in tobacco smoke, Consequently, it is very poisonous. Lots of them are lethal. One way or another, minimum 70 of them have been joined to either human or animal cancer [9]. Smokers have a 15–30-fold higher danger of non-smokers to acquire lung cancer or die from it. Even light or infrequent cigarette usage raises the chance of lung cancer. Smoking more frequently and for longer periods of time raises the chance. Smokers who left smoking have a lower chance of lung cancer compare to they would have otherwise, but they still have a higher risk than non-smokers [10]. Smoking cessation can lower the danger of lung cancer at any age. In practically each and every bodily part, smoulder increases the chance of cancer. Smoking shoots up the risk of grow a number of cancers, including those of the voice box (larynx), trachea, stomach, colon, rectal, liver, pancreas, mouth, throat, oesophageal, stomach, colon, and bronchial. Lung cancer risk is also increased by second hand smoke, which includes tobacco, cigar, and pipe smoke. Anyone who inhales second hand smoke is doing the same thing as someone who smokes [11]. One in four non-smokers and 14 million children in the United States during 2013 and 2014 were exposed to second hand smoke. In the US, smoking and radon are the two leading causes of lung cancer. Water, soil, and rocks can all be the source of the radon-filled natural gas. It has no flavour or smell and is translucent. Radon may become trapped and start to build up in the air when it enters homes or other buildings through cracks or holes [12]. Those People occupy or are employed by these residences, businesses are exposed to high amounts of radon. Lung cancer can develop after a long duration due to radon exposure. The Environmental Protection Agency (EPA) in the United States estimates that Radon is a factor in the annual death toll from lung cancer of 21,000 persons. Lung cancer is more likely to develop if you are exposed to radon in smokers compared to non-smokers [13]. However, the EPA claims probably greater than 10% of deaths from lung cancer associated with radon occur in smokers who have never smoked cigarettes. Nearly one in every fifteen homes in the US have excessive radon levels. Find out how to radon test your home and how help reduce radon levels if they are excessive.Cancer in the lung is most prevalent category of cancer, consider for one in six fatalities annually and accounting for 1.76 million deaths as of 2016. A patient's life can be saved or extended with the right early cancer diagnosis and therapy, which raises the survival rate.

Table 1. The order of features in the balanced data
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A neural network, a form of artificial intelligence, is used to train the input dataspecimen and then test them. At the start of the procedure, the weights of the neural network are generated randomly from the input data. The same dataset that was utilised for training the neural networks serves as the basis for their evaluation. To determine the frequency of errors or error rates that occur during classification process, data is weighted. Errors are then corrected by reweighting the dataset. We then calculated the importance score of each feature that was involved inthe features analysis for the target class. Two feature ranking techniques—gain ratio and random forest—were taken into consideration for this purpose. In order to evaluate a feature's capacity to best distinguish between instances in the two classes, Random Forest computes the Gini impurity [9]. Table 1 displays the ranking scores in downward-sloping. We can observe that five out of fourteen features were placed in the same sequence as significance by both approaches based on the calculated scores, while some of the other features were arranged in proximal or reverse order. Values that are close to 0 and/or negative indicate characteristics that are of low or no importance. All of the qualities will be taken into account while training and validating the models because they are necessory predictors of lung cancer development and medical professionals' guidance of it.
III. Machine Learning Principles Design
The number of occurrences from all of the data that were correctly predicted is measured and used to evaluate the presentation of the classification job. We also looked at recall, which measures a model's sensitivity to distinguish between patients who genuinely had lung cancer and were rightly classified as productive in comparison to all deserving contributors. Table 1 displays the apparent of the traits in every class. Men and women are almostuniformly likely to be given a lung cancer diagnosis based on their gender.Additionally, based on this table, we can consequently, each of the characteristics weexamined is turned on in lung cancer patients by 27% to 36%, despite the fact that asignificant number of patients reported these symptoms even before receiving a lungcancer diagnosis. Even though the illness hadn't formed, keeping an eye on riskfactors, warning signs, and subsequent clinical checks may assist to shut out ordecrease the disease's unfavourable outcome. 
IV. Results and Discussion

The Weka [6] environment was used to evaluating the ML models' performance since it given a number of athenaeum for data preparation, classification, clustering, forecast, and visualisation. A computer system with the following characteristics wasused to conduct the experiments as well: an x64 CPU, Windows 11 Home, a 64-bitoperating system, and an 11th generation Intel(R) Core(TM) i7-1165G7 processor operating at 2.81 GHz with 15.9 GB of RAM. We utilised SMOTE and 10-fold cross authenticate to evaluate the models' performance on the balanced dataset of 541 cases. The best parameter choices for the suggested ML models are finally listed in Table 2. 

Table 2. Machine learning models’ settings
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Numerous machine learning models, including SVM, KNN, and RF, are assessed in the framework of this study work to be able to identify utilising the model, greatest predictive result in relation to accuracy, precision, recall, F-Measure, and AUC. Our presentation evaluation of the models following SMOTE with 11-fold cross-evidence is provided in Table 2. Percentages greater than 93.4% (RT) are shown by all of our suggested models. With an AUC of 99.4%, it has 97.2% accuracy, precision, recall, and F-Measure. The fact that RF, with 99.2%, and AdaBoostM1, with 98.6%, whichuses RF as its basis classifier, both obtain high percentages of AUC should also be noticed. The proposed machine learning models' AUC ROC curve is finally plotted in Figure 2 for reference.
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                           Figure 2. Distribution of participants among the age groups in the balanced data


             CONCLUSION AND FUTURE USE

The primary respiratory organs are the lungs. Due to the lungs' ability to feed their blood with oxygen, that is necessary for human existence, humans never cease breathing until they pass away the most typical cancer-causing factor-related death in people of both genders is lung cancer. The advanced phase of the cancer determines the patient's life expectancy. The life expectancy increases with the timing of the diagnosis. In this work, we make use of supervised learning to create models for determining whether a person has lung cancer manifestation based on a variety of features-symptoms. To evaluate the AUC, F-Measure, and recall of various machine learning models, such as SVM, KNN, and RF. Based on the results of the experiment and utilising SMOTE with 10-fold cross-validation, the RF outperformed the other models, achieving an accuracy, precision, recall, F-Measure, and AUC of 97.2% and 99.4%, respectively. The current inquiry will eventually be expanded in two different directions. First, the machine learning framework will be enhanced by applying deep learning techniques, particularly long short-term memory (LSTM) and convolutional neural networks (CNN), and by assessing the correctness of the results against related studies. For the evaluation of classification models in the same dataset, a separate data-splitting technique termed bootstrapping will be utilised in addition to the present 10-fold cross-validation. This technique applies resampling with replacement in the original data.
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