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Abstract 

Predicting the number of cancer patients in the future is of great interest to society. Classical approach Age-period-cohort 

modeling should be used to generate cancer incidence projections. The number of predicted cases was calculated for these 160 

combinations of gender and country. Averages vary from 10.4 percent to 15.3 percent for projections 10 years ahead, and from 

15.1 percent to 32.0 percent for 20-year projections. Most cancer genes are physiologically inactive background of disease 

development. Tumors are the source of similar non-point mutations that are immunogenic and protected by tumors. Immunity. 

Cancer is classified as a heterogeneous disease with various subtypes. Early research - Cancer type and prognosis has become 

essential in cancer research because of the subsequent.  
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1. Introduction 

In the field of oncology, their use can identify different expression of genes in the outcome of different tumors. 1–9 these gene 

expression profiles or molecular signatures are expected to help select optimal treatment strategies by allowing treatment to be 

tailored to disease severity. The number of breast cancer patients receiving chemotherapy used in clinical trials. Such tests are 

initiated. A major challenge of massive data output in DNA microarray technology analysis is the need to account for multiple 

sources of variation arising from biological samples, hybridization. The nearest central projection evaluate the accuracy of a 

classification system. According to a multifactorial cellular disorder in which many interacting cellular pathways produce 

tumorigenesis and growth.  

Cancer therapy: Increased vascular permeability in tumors is a rapid characteristic and impaired angiogenesis (formation of 

existing blood vessels). Furthermore, impaired lymphatic drainage can retain nanocarriers that accumulate in tumors, allowing 

drug release close to tumor cells. Experiments using liposome’s of different mean sizes indicate a threshold vesicle size of ∼400 

nm (ref. 8) for release into tumors, but other studies have shown that particles <200 nm in diameter are more effective. It is 15-

20% 1-2 annual incidence of all cases of leukemia per 100 000 persons per year. Medically, disease It progresses in three 

different stages. The chronic or stable phase of the disease is characterized by excessive numbers of normally differentiating 

myeloid cells over an average of 4–6 years. Acute leukemia where the disease goes through an 'accelerated phase', also known as 

blast crisis. The disease progresses with the accumulation of molecular abnormalities. In addition, 5% of all patients are Ph-

positive in childhood, and 80% of them present with the p185 Bcr-Abl product. Fusion of p230 results in site cleavage of 

downstream c-abl sequences in bcr.  

Cancer incidence: The authors used strict criteria for inclusion of data from cancer registries. These standards apply to the 

collection of census data relating to a defined geographical area: Good medical facilities; Includes some basic materials and 

appropriate coding systems for cancer reporting. The reliability of each registry is that of cancer. Assessed depending on 

histological verification; Proportion of cases registered only from death certificate; and the number of deaths expressed as a 

percentage of incident cases. This is 89% higher than in 1980. Population changes account for nearly half of that increase. The 

rest is mostly explained by the increase in prostate cancer and the incidence of breast cancer in men and women. The relative 

increase in the global age-adjusted incidence rate was 39%. The number of cancer deaths increased from 130,000 to 146,000. 

This 13% increase is much lower than expected based on population changes (37%). Meanwhile, the incidence of breast cancer 

has continued to rise, and the death rate has slowly declined since the late 1990s. 

 

2. Cancer prognosis 
The tumor microenvironment is a spatially organized landscape of T lymphocytes and macrophages. In the center and 

penetrating edges. Classification of malignancy by tissue origin is the first step in predicting survival and treatment choice. 

Anatomy of the tumor location is rarely required as it usually indicates the tissue of its molecular markers. Two electronic 

databases, PubMed and Scopus, were accessed. Papers that focused on using techniques for tumor classification or identification 

of prognostic factors, predicting cancer progression by conventional statistical methods (eg chi-square, Cox regression) were 

excluded. Well-known limitations of this approach are the determination of the population size classifier (training set), which 

should be a large binding validation in sufficient representation, and the independent dataset(s) (testing set).  
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3. Weight Product Method 

Weighted Product Model (WPM) is a well known Multi-Criteria Decision Making (MCDM)/ Multi-Criteria Decision Analysis 

(MCDA) method. AHP is combined with the Weight Product Method (WPM). The complexity of these methods does not 

increase with the AHP rate as the number of alternative websites increases. The weight Product Method (WPM) uses linguistic 

terms that are easy for users to understand and therefore, methods are considered easy to implement. Also, in the case of an 

evaluation involving several evaluators with no experience in implementation, the Weight Product Method (WPM) seems to be 

more appropriate. However, the Weight Product Method (WPM) as AHP does To calculate the weights of criteria Does not 

provide a specific route. Taking all this information into account, AHP can be successfully incorporated with the Weight Product 

Method (WPM). Weighted Product Method (WPM). WPM is similar to WSM. The main difference is that the Model instead of 

addition Includes multiplication. Each substitution is by multiplying multiple ratios Compared to others, one for each criterion. 

to the relative weight of each ration, the corresponding quantity is raised to an equivalent power. Therefore, one-dimensional and 

In both multidimensional MCDM WPM can be used. These studies discuss UtUV under the Structure of age-specific WPMs. No 

research has been conducted on UtUV. Considering the UtUV factor Age- and state-specific WPMs Based on the general 

structure WPM Designed to describe UtUV, Describe the variation in this in degradation rates between different units. The 

WPM method is most widely used in MCDM One of the methods. then other methods of problem-solving This method is more 

efficient because it takes less computation time. WPM is simple and easy to use in highly subjective cases. optimal route 

selection, Web activities like evaluation, production, and selection of project manager WPM is used in many areas. Between 

WSM and WPM the maximum mean correlation is observed, Also between WPM and TOPSIS Very little correlation is 

observed. The average of all these coefficients WSM, WPM, ELECTRE, and TOPSIS respectively indicates that there is a 

strong mean correlation. 

 

TABLE 1. Prediction of cancer 

 

       Male      Female 

Lip, oral cavity, and pharynx 2363.00 873.00 

Esophagus 2137.00 198.00 

Stomach 23355.00 10976.00 

Colon and rectum 23406.00 14562.00 

Liver 11558.00 4456.00 

Gallbladder 3,029 2,802 

Pancreas 3,428 3,003 

Larynx 1,000 33 

Lung 16,903 8,149 

Breast 73 20,356 

Cervix uteri 1 3,013 

Corpus uteri 1 2,565 

Ovary 1 2,450 

Prostate 11,062 1 

Testis 269 1 

Kidney 3,456 1,505 

Bladder 3,051 773 

Brain and CNS 1,026 903 

Thyroid 11,219 34,255 

Hodgkin lymphoma 199 109 

Non-Hodgkin lymphoma 3,027 2,511 

Multiple myeloma 833 722 

Leukemia 1,822 1,401 

Other and ill defined 8,008 8,123 

 

Table 1 show that prediction of cancer in Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, 

Testis Bladder, Thyroid, Non-Hodgkin lymphoma, Leukemia are affect from the body, for male and female.   
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FIGURE 1. Prediction of cancer 

 

FIGURE 1 show that prediction of cancer in Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, 

Testis, Bladder, Thyroid, Non-Hodgkin lymphoma, Leukemia are affect from the body, for male and female.  

                                                      

TABLE 2. Performance Value 

Performance value 

Lip, oral cavity, and 

pharynx 0.10096 0.05995 

Esophagus 0.09130 0.01360 

Stomach 0.99782 0.75374 

Colon and rectum 1.00000 1.00000 

Liver 0.49381 0.30600 

Gallbladder 0.12941 0.19242 

Pancreas 0.14646 0.20622 

Larynx 0.04272 0.00227 

Lung 0.72217 0.55961 

Breast 0.00312 1.39788 

Cervix uteri 0.00004 0.20691 

Corpus uteri 0.00004 0.17614 

Ovary 0.00004 0.16825 

Prostate 0.47261 0.00007 

Testis 0.01149 0.00007 

Kidney 0.14765 0.10335 

Bladder 0.13035 0.05308 

Brain and CNS 0.04383 0.06201 

Thyroid 0.47932 2.35236 

Hodgkin lymphoma 0.00850 0.00749 

Non-Hodgkin lymphoma 0.12933 0.17244 

Multiple myeloma 0.03559 0.04958 

Leukemia 0.07784 0.09621 

Other and ill defined 0.34213 0.55782 

 

TABLE 2 Performance value in Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, Testis, 

Bladder, Thyroid, Non-Hodgkin lymphoma, Leukemia obtained to gave a values. These values are calculated using by formula                                                              

                                                           

TABLE 3. Weight 

Weight 

Lip, oral cavity, and pharynx 0.25 0.25 

Esophagus 0.25 0.25 

Stomach 0.25 0.25 

Colon and rectum 0.25 0.25 

Liver 0.25 0.25 

Gallbladder 0.25 0.25 

Pancreas 0.25 0.25 
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Larynx 0.25 0.25 

Lung 0.25 0.25 

Breast 0.25 0.25 

Cervix uteri 0.25 0.25 

Corpus uteri 0.25 0.25 

Ovary 0.25 0.25 

Prostate 0.25 0.25 

Testis 0.25 0.25 

Kidney 0.25 0.25 

Bladder 0.25 0.25 

Brain and CNS 0.25 0.25 

Thyroid 0.25 0.25 

Hodgkin lymphoma 0.25 0.25 

Non-Hodgkin lymphoma 0.25 0.25 

Multiple myeloma 0.25 0.25 

Leukemia 0.25 0.25 

Other and ill defined 0.25 0.25 

 

TABLE 3 Weight in Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, Testis, Bladder, 

Thyroid, Non-Hodgkin lymphoma, Leukemia are same weight. 

 

TABLE.4 Weighted normalized decision matrix 

Weighted normalized decision matrix 

Lip, oral cavity, and pharynx 0.563682 0.494821 

Esophagus 0.5496919 0.341477 

Stomach 0.9994548 0.931764 

Colon and rectum 1 1 

Liver 0.8382796 0.743757 

Gallbladder 0.5997814 0.662311 

Pancreas 0.6186263 0.673882 

Larynx 0.4546406 0.218184 

Lung 0.9218476 0.86491 

Breast 0.2363191 1.087346 

Cervix uteri 0.0808478 0.674442 

Corpus uteri 0.0808478 0.647838 

Ovary 0.0808478 0.640452 

Prostate 0.8291376 0.091032 

Testis 0.3274208 0.091032 

Kidney 0.6198857 0.566995 

Bladder 0.6008676 0.479998 

Brain and CNS 0.4575674 0.499019 

Thyroid 0.832064 1.238442 

Hodgkin lymphoma 0.3036557 0.294138 

Non-Hodgkin lymphoma 0.5996824 0.644401 

Multiple myeloma 0.4343396 0.471877 

Leukemia 0.5282084 0.556935 

Other and ill defined 0.7648024 0.864219 

 

TABLE 4 shown that the value about the Weighted normalized decision matrix for given data set, these values are calculated 

using by the various methods of formulas, and then the values are shown in the tabulation. 

 

TABLE  5.  Preference Score 

Preference Score 

Lip, oral cavity, and pharynx 0.27892 

Esophagus 0.18771 

Stomach 0.93126 

Colon and rectum 1.00000 

Liver 0.62348 

Gallbladder 0.39724 

Pancreas 0.41688 
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Larynx 0.09920 

Lung 0.79732 

Breast 0.25696 

Cervix uteri 0.05453 

Corpus uteri 0.05238 

Ovary 0.05178 

Prostate 0.07548 

Testis 0.02981 

Kidney 0.35147 

Bladder 0.28842 

Brain and CNS 0.22833 

Thyroid 1.03046 

Hodgkin lymphoma 0.08932 

Non-Hodgkin lymphoma 0.38644 

Multiple myeloma 0.20495 

Leukemia 0.29418 

Other and ill defined 0.66096 

 

TABLE 5 Preference score in Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, Testis, 

Bladder, Thyroid, Non-Hodgkin lymphoma, Leukemia.  

 

 
 

FIGURE 2. Preference Score 

FIGURE 2  show that preference score in Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, 

Testis, Bladder, Thyroid, Non-Hodgkin lymphoma, Leukemia. 

 

TABLE 6.  Rank 

Rank 

Lip, oral cavity, and pharynx 13 

Esophagus 17 

Stomach 3 

Colon and rectum 2 

Liver 6 

Gallbladder 8 

Pancreas 7 

Larynx 18 

Lung 4 

Breast 14 

Cervix uteri 21 

Corpus uteri 22 

Ovary 23 

Prostate 20 
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Testis 24 

Kidney 10 

Bladder 12 

Brain and CNS 15 

Thyroid 1 

Hodgkin lymphoma 19 

Non-Hodgkin lymphoma 9 

Multiple myeloma 16 

Leukemia 11 

Other and ill defined 5 

TABLE 6 Lip, oral cavity and pharynx, Stomach, Liver, Pancreas, Lung, Cervix uteri, Ovary, Testis, Bladder, Thyroid, Non-

Hodgkin lymphoma, Leukemia shows that ranks 

 

 
FIGURE 3. Rank 

FIGURE 3 graphs is shows in ranking 

 

4. Conclusions 

Some of the early literature defines neoepitopes through the idea of assisted genetic technology. Most of the studies proposed in 

the past years have focused on the development of prognostic models aimed at predicting exact disease outcomes. We have tried 

to explain, compare and evaluate different performance machine learning is applied to cancer prediction and prognosis. In 

particular, the machine learning methods we use, aggregated training data types, Endpoint predictions of categories, identified 

several relevant trends in how these methods predict cancer risk or outcomes. 
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