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Abstract—

Cancer kills a disproportionate number of people in India compared to other countries. Using supervised machine
learning techniques, this study aims to forecast cancer death rates in India. Using data from the Global Burden of
Disease Study, we can see the cancer death rates in India from 1990 to 2017 broken down by gender, age group, and
location. Following the completion of data pretreatment procedures such as feature engineering and missing value
imputation, we use three separate supervised learning algorithms: random forest regression, decision tree regression,
and linear regression. We compare the three models' performance using a number of metrics and find that the
random forest regression model is the best. In order to aid the health department in their efforts, the study aims to
use the best model to offer a long-term forecast of cancer mortality in India. Policymakers and healthcare
professionals in India may use our study to influence their efforts to enhance cancer care and decrease cancer
incidence.

Subjects—Cancer in India, Cancer Deaths, Prediction, ML with Supervision, Linear and Decision Tree Regression,
RF and Polynomial Regression, and Measures for Success.

L. INTRODUCTION

Cancer is a major killer in India, just as it is elsewhere. Cancer rates are on the rise in India due to a combination of
causes including an aging population, changes in diet and lifestyle, and pollution. The number of new cancer
diagnoses in India is projected to reach 1.39 million in 2025, up from an anticipated 1.16 million in 2018, according
to the National Cancer Registry Program. Forecasting cancer deaths in India is essential for allocating funds for
cancer screenings, prevention, and treatment. In recent years, machine learning has shown encouraging
advancements in a number of fields, including cancer prediction and detection. There has been substantial use of
supervised machine learning techniques for illness incidence, mortality, and morbidity prediction. We introduce a
supervised machine learning approach to cancer mortality prediction in India. The Global Burden of Disease Study
provides cancer death statistics in India from 1990 to 2017, broken down by gender, age group, and location.
The goal of this study is to compare and contrast three different supervised learning algorithms—Ilinear regression,
decision tree regression, and random forest regression—in terms of their ability to forecast cancer mortality rates in
India. We analyze each model using a range of measures, including accuracy, precision, recall, and F1 score, to see
which one performs the best in predicting cancer death in India over the following five years. Researchers hope
these findings would help Indian policymakers and medical professionals find better ways to "prevent and cure"
cancer. The "what follows is an organization of the paper's remaining sections: We review the research on medical
ML and cancer prognostic prediction in Section 2. The methods utilized is detailed in Section 3. The techniques of
polynomial regression that are used in the proposed framework are described in Section 4. In Section 5, we provide
the findings of our investigation, including the outcomes of our model assessment and our predictions. At the
conclusion of the paper, the authors address the work's limitations and suggest directions for further research.

II. LITERATURE STUDY

Cancer is a big public health problem since the rates of new cases and fatalities from it are predicted to climb in the
coming years. The impact of cancer has been the subject of much study, with many studies attempting to predict
cancer rates of occurrence and mortality via the use of statistical models and machine learning algorithms. The goal
of this literature review is to compile the most recent findings from studies that have addressed the challenge of
predicting cancer rates of incidence and mortality across different regions and different scientific perspectives.
In their analysis of data from India's National Cancer Registry Programme, K. Sathishkumar et.al. [1] projected
cancer incidence rates for the years 2022 and 2025. Based on the study, it is projected that the number of new cases
of cancer in India would increase from an estimated 1.4 million in 2022 to 1.7 million in 2025.
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Romanian researchers C. Tudor et al. came up with a game-changing approach to cancer risk assessment and
prediction in [2]. The study's findings, based on Google Trends data, showed a strong correlation between online
searches and cancer and mortality rates. From 2015-2025, the model projected an increase in cancer rates and
fatalities in Romania. Predicting future car prices was done using regression models in [3] by R. Gupta et.al. While
the findings may not be directly relevant to cancer rate estimation, they do demonstrate the potential use of
regression models in this setting. With a focus on ovarian cancer, M. Dalmartello et.al. investigated the anticipated
cancer mortality rates throughout Europe in 2022 [4]. The need of early detection and adequate treatment is
highlighted by the study's forecast of an increase in ovarian cancer mortality in 2022 compared to 2021.
Research based on data from a cancer registry indicated that both the incidence and death rate of cancer were
projected to climb by 2025, according to [5] B. Tréichsel et.al. The importance of cancer preventive programs in
Switzerland for reducing the country's cancer incidence was also highlighted by the study.
Through the application of a statistical model, K. W. Jung et.al. [6] were able to predict the cancer incidence and
mortality rates in Korea up to 2022. The poll found that cancer rates are projected to climb sharply compared to the
prior year. The importance of effective cancer control strategies in Korea was also highlighted by the study results.
Predicting cancer rates throughout Europe was the goal of B. Sekeroglu, K. Tuncal, and colleagues in [7]. The study
used data from the World Health Organization and found that machine learning models were very good in predicting
cancer incidence rates. The study's findings suggest that machine learning models might be useful in the fight
against and treatment of cancer. In their analysis and prediction of COVID-19, Shaikh et al. [8] used regression
models and time series forecasting. Arima and Prophet, two time series forecasting methods, and linear, ridge, and
Lasso, three regression models, were used to predict the number of COVID-19 cases. Based on the results, it was
clear that the Prophet algorithm produced the most precise forecasts of the bunch. Research by Rahib et al. [9] used
data from the National Cancer Institute's Surveillance, Epidemiology, and End Results (SEER) program to model
and forecast cancer incidence and death rates. An increasing tendency was seen in the incidence rates of many
cancers, the most frequent of  them being breast cancer and lung cancer.
The authors Jain et al. Four distinct ML algorithms—support vector machine, logistic regression, decision tree, and
K-NN—were used to forecast the occurrence of breast cancer. Among the models evaluated, the results showed that
the SVM algorithm produced the most precise predictions. In [11] J & Jakka et.al.'s use of ML models [11]. The
study used a number of machine learning models, such as support vector machine (SVM), decision tree (DT), and
random forest (RF), to forecast the COVID-19 cases. When compared to the other models, the results showed that
the SVM model produced the most accurate predictions. According to Xie et al. and E.-D. J. Med. Discovery, in
[12] Using the Box-Jenkins ARIMA model, the study examined and forecasted cancer incidence rates. Using the
ARIMA model, the incidence rates of several cancer kinds may be accurately predicted.
In their study, Ai et al. [13] used a support vector machine (SVM) model to predict the occurrence of certain
malignancies in individuals. The results show that the SVM model was able to accurately forecast the presence of
several malignancies. The authors Dong and Taslimitehrani used a pattern-aided regression model in their work
[14]. Using a regression model, this study examined disease incidence rates in relation to several demographic
variables. The results proved that the regression model could accurately predict the onset of different diseases.
The present status of cancer in India was discussed and recommendations for future cancer research were made by
Ali et al. in [15]. The current status and future prospects of cancer research in India were the subjects of the study.
The authors have put out a number of recommendations that they think may improve cancer research and control
initiatives in India. Finally, these studies demonstrate the potential application of several methods, including
statistical models and machine learning algorithms, to predict cancer rates and incidences in different regions. A
growing cancer burden is suggested by the data in most regions, highlighting the need of effective cancer control
and preventive initiatives. The study shows that there is potential for improving the accuracy of cancer predictions
by integrating internet questions with machine learning algorithms.

III. METHODOLOGY
A. Dataset

Data collection including details on fatalities caused by cancer on a global scale from 1990 to 2019. Cancer rates,
fatalities, and other disease-related factors are estimated globally using this data set. Anyone interested in studying
patterns and trends in cancer throughout the world may use this data, which is sourced from the Worldwide Burden
of Disease project. Dataset components contain a number of files that record variables such as risk factors, cancer
rates, mortality, years lost to illness, years lost to disability adjusted for disability, and years lived with disability.
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The 02 total-cancer-deaths-bytype.csv file includes the total number of individuals who died from each type of
cancer from 1990 to 2019. Geographical region, gender, and age are the three main classification criteria used to sort
the data. The global cancer burden and trends in cancer mortality may be better understood with the use of this
dataset. Check out this link: https://www .kaggle.com/datasets/belayethossainds/cancerand-deaths-dataset-19902019-
globally. One prominent usage of the popular statistical approach known as regression analysis is to model the
relationship between a dependent variable and a collection of independent variables. This is shown in B. Regression
Model. Predicting a continuous numerical number, such a product's future sales volume or price, is its intended use.
Among the several types of regression models that are accessible are linear, decision tree, random forest, and
polynomial regression. When it comes to regression methods, linear regression is by far the most popular and user-
friendly. It takes for granted that there is a straight line connecting the two sets of explanatory variables.
That is, a change in one variable will have an equivalent effect on another. By simulating the relationship between
the two variables along a "straight" line, linear regression seeks to identify the value at which the actual value
deviates least from the predicted value. A non-parametric choice tree regression is a regression analysis that uses
decision trees. By further subdividing the data according to the independent components, a decision about the
dependent variable may be achieved. Iteratively partitioning the data into subgroups based on a set of criteria that
aim to make each subset more homogeneous is how the decision tree is built. The ultimate result is shaped like a
tree, with each branch standing for a projected value of the dependent variable according to the model.
To improve the accuracy of its predictions, random forest regression employs an ensemble approach that combines
many decision trees. A large number of decision trees are generated by the method, with each tree randomly using a
different subset of the data and independent variables. Once every decision tree has made its prognosis, an average
prediction is determined. In polynomial regression, the "link" between the dependent and independent variables is
represented as a polynomial of degree n. It comes in handy when the relationship between the variables isn't straight
forward. Polynomial regression does not overlook complex data patterns, although linear regression could. This
approach increases the likelihood of overfitting, which might provide erroneous predictions when used with new
data. C. Criteria for Assessment By modifying the regression parameters, one may determine how well a regression
model performs. Here are a few of the most common regression parameters and what they mean: « "R2 Score
(Coefficient of Determination): The R2 score measures how well the data fits into the regression model. It reveals to
what extent the independent variable (or variables) can explain the variance in the dependent variable. When the R2
score is perfect, it means that the model fits the data perfectly. A variable's "Explained Variance Score," or "EVS"
(s), is the proportion of its fluctuation that can be explained by the independent variable. Also in the range of 0 to 1,
where 1 signifies that the model adequately accounts for all variations in the dependent variable. You may see how
far your estimations are from the target numbers by looking at the Mean Squared Error (MSE). It seems that the
model is more in line with the data when the MSE is lower. « The MAE is a statistical metric that indicates the
degree to which the actual value of a variable deviates from its predicted value. Being less prone to outliers than
MSE, it provides a respectable indicator of the accuracy of the model. * Since RMSE is equal to the square root of
MSE, it is equivalent to the dependent variable in units of Root Mean Squared (RMSE). "Calculating the root-mean-
squared errors (RMSEs)" is a typical way to evaluate multiple regression models. Section IV: Indian Cancer
Screening Procedures The following is a detailed description of each "block diagram component" for forecasting the
number of cancer-related fatalities in India using supervised machine learning. In addition to conventional
approaches, this article also use polynomial regression, which is both easier and faster.
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Fig. 1. Lung Scund Recognization Proposed Block Diagram

In order to predict future cancer rates, the authors suggest a regression model.
The first step is to get the global cancer dataset from 1990 to 2019 that is accessible on Kaggle.
In Step 2, we replace null or duplicate entries with new ones as part of the pre-processing of the dataset. The
dropna() and drop_duplicates() functions in the pandas package are used for this purpose. The third step is to split
the dataset in half, creating a training set and a testing set, after limiting it to a certain country and cancer kind. In
the fourth phase, we'll utilize the training data to train four different regression models: linear regression, decision
tree, random forest, and polynomial regression. Step 5: To evaluate the regression models, five separate metrics are
used: R2 score, EVS, MSE, MAE, and RMSE to stand for root mean squared error and explained variance score,
respectively. By comparing each regression model using these metrics, we can choose the one that produces the
most reliable predictions.

V. RESULTS AND EVALUATION
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We use a variety of indicators to evaluate our models, and they include linear regression, decision tree regression,
random forest regression, and polynomial regression. We use a publicly available dataset from the Global Burden of
Disease Study to forecast cancer mortality in India.
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Fig. 2. Data Reading
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Figure 6 displays the number of cancer cases in India on the y-axis and the years on the x-axis. That linear
regression model is trained using data from 1990 to 2019, and then it is used to predict future data up to 2035.
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Figure 6 displays the number of cancer cases in India on the y-axis and the years on the x-axis. The decision tree

regression model is trained using data from 1990 to 2019, and then updated with data from forecasts made up to the
year 2035.
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Figure 7 depicts the x-axis representing years and the y-axis representing the number of cancer cases in India. A
random forest regression model is trained using data from 1990 to 2019 and then used for future data predictions up
to the year 2035.
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Fig. 8. Polynomial Regression

Figure 8 displays the number of cancer cases in India on the y-axis and the years on the x-axis. The data used to
train the polynomial regression model spans the years 1990-2019, with further projections going all the way up to
2035.
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TAELEL ComMpArRE MoODEL WITH EVALUATION PARAMETERS
Model R2 EVS MSE MAFE EMSE
Score

Linear 0.95 096 142337742357 3078589 37727.67
Fegression

Decision 0.o8 0.99 4705980534 .5 1792383 2169327
Tree

Fandom 0n.oeg 098 52242392520 19258.08 2285650
Forest

Polynomual 099 099 20193012.11 366546 4403 66
Fegression

CONCLUSION

According to these findings, supervised machine learning methods may be used to predict cancer deaths in India.
Healthcare practitioners and lawmakers may be able to use this study's results to better combat cancer. Nevertheless,
our results may not be applicable to a broader context due to our limited dataset and attribute selection. We used
four separate supervised learning algorithms to tackle the issue of cancer death prediction in India using a publicly
available dataset from Kaggle. Multiplenomial, decision tree, random forest, and linear regression were among
them. When compared to other models, the polynomial regression one performs better. With values of 0.93 for R2
Score, 0.93 for EVS, 0.93 for MSE, 0.93 for MAE, and 0.93 for RMSE, the polynomial regression model is
statistically sound. Future research may look at using more diverse datasets and advanced machine learning
algorithms to improve the accuracy of cancer prediction in India. Adding other characteristics, such environmental,
socioeconomic, and demographic factors, may enhance the forecasting model's accuracy and value.
Using machine learning for cancer prediction could help with cancer control and prevention in India and other
countries facing similar problems.
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