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The paper analyses the factors that affect the death rates of women as a result of breast cancers. The women were assessed for a number of possible risk factors that include age, menopausal status, treatment with Tamoxifen, number of nodes involved, tumor grade and tumor size. The sample considered data for a period of five years. The sample size of 686 is enough to represent the population
The dependent variable is the mortality of death rate of cancer patient. 1 denotes a death that occurred while 0 denotes a cancer patient who survived. Age was a predictor variable in the model and it is well incorporated because it is an easily quantifiable variable. Aging contributes to mortality rates. Menopause is another crucial factor. However, it is not quantifiable. The model had 0 representing premenopausal for patients who haven’t reached menopause stage while 1 represents postmenopausal for patients who had already reached the stage. 
A tumor is an abnormal growth of body cells. Tumor size and tumor grade both affect mortality of cancer patients. However, the model will test if both variables are closely related in order to overcome the challenge of multicollinearity.
Nodes are structures that are part of the human immune system that are used in fighting diseases. Their number was used to predict the mortality levels of breast cancer. Treatment with tamoxifen hormone was also used to predict the mortality. Tamoxifen is a medication that doctors prescribe to fight breast cancer tumors. The regression model includes using each of the single predictors and a multiple regression model that incorporates all the variables. 
Menopause data is qualitative because it only gives the state. Therefore, we assume that premenopausal state is 0 while postmenopausal is one. The paper is not able to determine the period of the patient to the menopause or the period that they have been in the menopause stage. Therefore this is a challenge in getting accurate detail of this parameter. Additionally, tamoxifen hormone is qualitative as we have data on those with the hormone denoted as ‘with tamoxifen’. There is no data on the frequency or period of time the patient has had the hormone and in this case 1 represents the patients who have had the hormone

Regression Statistics
In regression statistics, the Multiple R is the correlation coefficient that determines the strength of the linear relationship.R squared is the coefficient of determination and it determines the points that fall on the regression line of the variation of the x and y variables (Field A, 2013). The adjusted R square adjusts for the number of terms in the model. The standard error represents the average distance the observed values from the regression lie. 
ANOVA
The sum of squares is a measure of central tendency used to identify the dispersion of the data, it measures the deviation from the mean. The regression Mean of Squares (MS) is the sum of squares divided by the number of degrees of freedom which number of independent variables (Hill C. 2008). The F value is used in F test which is a statistical test of hypothesis in determining whether the model fits the population from which the data was sampled. The significance F is used in hypothesis testing by comparing it with the F critical value found in the table.


Regression Coefficients
In regression, coefficients are values that are multiplied by the predictor variables.  A positive sign indicates that as the independent variable increases, the dependent variable increases while a negative sign indicates that the dependent variable decreases with an increase of the independent variable (Kelley K. 2003).  The T statistic is used in testing for the null and alternative hypothesis by comparing it with the T critical in the tables. P value helps in determining the significance of the predictor variables.The p value is greater than 0.05, the variable is significant (Maxwell S. 2003). The lower and upper 95% usually give the boundaries for the confidence interval of both the intercept and the coefficient.
The paper will analyze the effect of the single regression of each variable as well as multiple model
Tamoxifen Hormone
The hormone has a value of 0.081 which suggests a weak relationship. The hormone is not strongly effective in preventing breast cancer deaths. . The hormone has 0.007 which means that 0.7% of the points fall on the regression. The hormone has a standard error of 0.49 which is significantly large. Therefore the model is 49% wrong on average compared to the population statistics.
The sum of squares of 1.11 shows the variability in the tamoxifen hormone in the cancer patients. The mean sum of squares is 1.11 because the independent variable is only one.Tamoxifen hormone has a coefficient of -0.084 which means that it decreases the death rate by 8.4 %. The intercept is a constant in the model, in this case, chances of a patient dying without the hormone is 0.47 or 47% and the hormone reduces this by 8.4%. The hormone has a P value of 0.034 which is less than 0.05 hence it is not significant.
The hormone has a value of 0.081 which suggests a weak relationship. The hormone is not strongly effective in preventing breast cancer deaths. . The hormone has 0.007 which means that 0.7% of the points fall on the regression. The hormone has a standard error of 0.49 which is significantly large. Therefore the model is 49% wrong on average compared to the population statistics.
The sum of squares of 1.11 shows the variability in the tamoxifen hormone in the cancer patients. The mean sum of squares is 1.11 because the independent variable is only one (Green S. 1991). The F computed value of the model is 4.52. Tamoxifen hormone has a coefficient of -0.084 which means that when it is administered, it decreases the death rate by 8.4 %. The intercept is a constant in the model, in this case, chances of a patient dying without the hormone is 0.47 or 47% and the hormone reduces this by 8.4%. The hormone has a P value of 0.034 which is less than 0.05 hence it is not significant.
Number of nodes involved
The number of nodes has a Multiple R value of 0.24 which suggests existence of a relationship between the variables at 24%. The number of nodes is relatively weak in preventing breast cancer deaths. The nodes has R square value of 0.057 which means that 5.7% of the points fall on the regression. The standard error of 0.48 which is significantly large. Therefore the model is 48% wrong on average compared to the population statistics. The parameter was used on all the 686 patients
The sum of squares of 9.84 shows the variability in the number of nodes in the cancer patients. The mean sum of squares is equal to the sum of squares at 9.84 because the independent variable is only one.The computed F value in the model is 42.4. The variable has a coefficient of 0.0219 which means that an increase in one unit increases the death rate by 2.19 %. The intercept is a constant in the model, in this case, chances of a patient dying without the nodes is 0.326 or 32.6% and the number of nodes increases  this by 2.19%. The hormone has a P value of 1.44 which is higher than 0.05 hence it is significant.
Grade
The tumor grade has a multiple R value of 0.131 which suggests a relationship between grade and mortality at 13.2%. The number of nodes are   not strongly effective in determining of breast cancer deaths. The R square value of 0.17 which means that 1.7% of the model points fall on the regression. The tumor grade has a standard error of 0.159 which is significantly large. Therefore the model is 15.9% wrong on average compared to the population statistics (Hill C & Lim G.2008). This is basically smaller than other variables.
The sum of squares of 2.92 shows the variability in the tumor grade among the cancer patients. The mean sum of squares is 2.92 because the independent variable is only one. The F computed value is 12.06.Tumor grade has a coefficient of 0.112 which means that an increase in grade by one unit increases the death rate by 11.2 %. The intercept is a constant in the model, in this case, chances of a patient dying without considering the grade is 0.199 or 19.9% and the grade increases this by 11.2%. The grade has a P value of 0.00 which is less than 0.05 hence it is not significant.
Size of tumor
The size of tumor has a multiple R value of 0.13 which existence of a relationship between the variables. The size of tumor is not strongly effective in preventing breast cancer deaths at 13%. The R square is 0.017 which means that only 1.7% of the points fall on the regression. The size of tumor has a standard error of 0.49 which is significantly large (Green S. 1991). 
Therefore the model is 49% wrong on average compared to the population statistics. It is noted that the parameter values are almost equal to the grade of tumor values
The sum of squares of 2.85 shows the variability in the size of tumor in the cancer patients. The mean sum of squares is 2.85 because the independent variable is only one. The F value of 11.75 is used in determining hypothesis tests. The tumor size has a coefficient of 0.0045 which means that an increase in the size by one unit increases the death rate by 0.45 %. The intercept is a constant in the model, in this case, chances of a patient dying without factoring in the tumor size is 0.304 or 30.4% and the size increases this by 0.45%. The tumor size has a P value of 0.000642 which is less than 0.05 hence it is not significant.
Menopause
The menopause variable has a multiple R value of 0.042 which suggests existence of a relationship between the variables. The menopause parameterdoes not strongly determine breast cancer deaths. The variable has an R square value 0.0018 which means that 0.18% of the points fall on the regression line (Green W. 2007). The hormone has a standard error of 0.496 which is significantly large. Therefore the model is 49.6% wrong on average compared to the population statistics on menopause.
The sum of squares of 0.305 shows the variability in the menopause status in the cancer patients. The two occurrences is that the patient has either reached the stage or not. The mean sum of squares is 0.305 because the independent variable is only one. The F value is 1.24 and it is used in hypothesis testing. Menopause status has a coefficient of 0.042 which means that being past the stage increases the death rate by 4.2 %. This parameter is closely related to age because menopause is determined by age. The intercept is a constant in the model, in this case, chances of a patient dying without the hormone is 0.411 or 41.1% and menopause increases this by 4.2%. Menopause has a P value of 0.26 which is greater than 0.05 hence it is significant in the model
Age
The age parameter has a multiple R value of 0.048 which suggests a weak relationship. The age factor alone is very weak in determining breast cancer deaths. . The R square value is 2.29. The age variable has a standard error of 0.49.6 % which is significantly large. Therefore the model is 49% wrong on average compared to the population statistics.
The sum of squares of 0.0038 shows the variability in the age of the cancer patients. The mean sum of squares is 0.0038 because the independent variable is only one. The F computed value is at 0.016 which is very low compared to the other predictor variables.
Age has a coefficient of -0.00023 which means that it an increase in the age of the patient decreases the death rate by 0.023% which is almost zero. The intercept is a constant in the model, in this case, chances of a patient dying without factoring the age is 0.449 or 44.9% and the age level reduces this by 0.023%. The hormone has a P value of 0.9 which is greater than 0.05 hence it is significant.
Subject
The menopause variable has a multiple R value of 0.184 which suggests existence of a relationship between the subject variables and mortality. The subject parameter does not strongly determine breast cancer deaths. . The variable has an R square value 0.034 which means that 3.4% of the points fall on the regression line. Subject has a standard error of 0.488 which is significantly large. Therefore the model is 48.8% wrong on average compared to the population statistics on subject.
The regression sum of squares of 5.76 shows the variability in the subject values among the cancer patients (Field A. 2013). The mean sum of squares is 5.76 because the independent variable is only one. The F value is 24.19 and it is used in hypothesis testing when it is compared with the F critical. Subject variable has a coefficient of -0.000186 which means that an increase in the subject by one unit decreases the death rate by 0.0186 %. This parameter has a very weak relationship with the death rate. The intercept is a constant in the model, in this case, chances of a patient dying without considering the subject is 0.6159 or 61.59% and the subject parameter slightly increases this by 0.0186%. Menopause has a P value of 1.09 which is greater than 0.05 hence it is significant in the model
The regression equations of the parameters are as follows
Death =0.616-0.00019 * Subject
Death= 0.449-0.0023*Age
Death=0.412+0.428*	Menopause
Death =0.304+0.0045*Size of tumor
Death = 0.199+0.112*Grade of tumor
Death = 0.327+0.219*Number of nodes
Death =0.466-0.084*Hormonal
Multiple Regression
Incorporating all the variables into one to come up with multiple regression analysis. This definitely changes the coefficients compared to the respective single regression models (Aiken &West, 1991).The model has a multiple R value of 0.3625. The variables are generally positively related with mortality at 36.25% which is relatively low. The model has an R square value 0.13 which means that 13% of the points fall on the regression line. The adjusted R square incorporates the number of variables in the model (Kelley K. & Maxwell S. 2003). The standard error of 0.4649 which is significantly large implies that the model is 46.49% wrong on average compared to the population statistics all the variables combined.
The sum of squares of 22.16 shows the dispersion from the mean of the mean in 7 the variables that are being used to determine death of breast cancer patients. The mean sum of squares is 0.305 which is derived at dividing the sum of squares by seven variables to get 3.167. According to Aiken L & West S. (1991), The F value is 14.66 and it is used in hypothesis testing by comparing it with the F calculated. 
[bookmark: _GoBack]The intercept is 0.499 which means that breast cancer causes death by 49.9% without incorporating the variables. The T stats value is used in testing on the impact of each predictor variables by comparing them to the T computed. Each of the coefficients has a standard error which shows the average distance which the coefficients lie from the regression. Each parameter has 95% lower and upper levels of confidence that the coefficients should range when the level of significance and error are factored in (Green S. 1991). P value should be over 0.05 for a variable to be significant and therefore hormonal, grade, menopause are insignificant while the rest are significant. Subject, age and hormonal levels are negatively related to the death rate while the other variables are positively related to the death rate. The regression model is as follows
Death = 0.499 – 0.00022(Subject) – 0.0038125(Age) + 0.137 (Menopause) +0.0018(size) + 0.075 (Grades) + 0.209(Nodes) – 0.129 (Hormonal)
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