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Abstract 

Cancer is among the leading causes of death globally. There are many factors related to cancer mortality,                 

including socioeconomic status, age, race and so on. In this paper, we aimed to build a multiple linear                  

regression model to predict cancer mortalities of each county in the United States. In the final model, we                  

chose six variables mainly related to education level, race, employment status, income or incidence rate as                

our predictors. As a result, our final model has a certain predictive ability. 

Introduction 

Cancer is one of the most important contributors to loss of life worldwide (Bray et al. 2018). In the United                    

States, it is the second major cause of death. Approximately 38.4% of people will be diagnosed with                 

cancer at some point during their lifetimes (National Cancer Institute., n.d.).  

Cancer is a collection of diseases that amount of the body’s cells divide abnormally and spread into other                  

parts of the body (World Health Organization., n.d.; National Cancer Institute, n.d.). The causes of cancer                

are complex and vary between individuals. Epidemiology studies showed that cancer mortality trends             

differ depending on risk factors, including socioeconomic status, age, smoking status, family history and              

so on. 

Age is a risk factor for many common types of cancer. The incidence of most cancers increases with age                   

(White et al. 2014), like colon cancer (Shi et al. 2013) and lung cancer (Brown et al. 1996). Older adults                    

present not only with physiological declines associated with aging but also with other impairments and               

social factors that might prevent them from undergoing cancer therapies (Marosi and Köller 2016). 
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Socioeconomic inequality exists in cancer incidence, mortality, and survival (Wells and Horm 1992;             

Clegg et al. 2009). Education, poverty, unemployment, health insurance all affect cancer diagnosis and              

access to treatment. Higher income, employment, and insurance coverage indicate better socioeconomic            

status, which is significantly associated with major cancers such as lung cancer, female breast, etc. (Clegg                

et al. 2009). Many behavioral factors associated with socioeconomic status may influence cancer risk              

including diet, physical activity, cigarette-smoking and so on (Danaei et al. 2005). Furthermore, factors              

correlated with socioeconomic status may affect cancer survival. People with high socioeconomic status             

tend to participate in cancer screening programs and receive timely treatments. Additionally, people with              

different socioeconomic statuses may choose different types of cancer treatment (Hussain et al. 2008; Liu               

et al. 2017). 

Cancer mortality also varies between different race groups. A research shows that breast cancer mortality               

is higher in non-Hispanic black women than in non-Hispanic black women in every state in the United                 

States (DeSantis et al. 2017). The race-based disparity results from a complex interaction of biologic and                

nonbiologic factors.  

Although statistical trends could not be applied to patients directly, having an accurate estimate of cancer                

mortality is conducive to a rational allocation of resources and effective cancer control. In this paper, we                 

used data from the National Cancer Institute and the United States Census Bureau to fit a multiple linear                  

regression model to predict cancer mortalities of each county in the United States. 

Method 

Data description 

The data for this project were aggregated from multiple sources including American Community Survey              

census.gov, clinicaltrials.gov, and cancer.gov. The final dataset contains data for mean per            

capita(100,000) cancer mortalities and related demographic information from 3047 counties. After the            
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previous literature review and missing data examination, we focused on the 11 predictors which are               

mainly related to education level, age, race, income, employment status, health coverage or cancer              

incidence rate (Table 1). 

Descriptive analyses  

Descriptive analyses were performed to summarize all variables of interest. The mean, mode, range,              

interquartile range and standard deviation of all variables of interest were calculated. 

Model building 

Multiple linear regression models were built to predict the mean per capita (100,000) cancer mortalities of                

each county. We used two approaches, including stepwise approaches and criterion-based procedures, to             

select important predictors. Adjusted R squared, Mallows’s Cp criterion, Akaike information criterion            

(AIC) and Bayesian information criterion (BIC) were calculated to decide the best predictive model. 

Model diagnostics 

We used Cook’s distance to detect influential points. Model assumptions were checked by diagnostic              

plots (residuals versus fitted values plot, QQ-plot, scale-location plot, and Cook's distance plot). 

Model validation 

Model predictive accuracy was evaluated by the leave-one-out cross-validation and the bootstrap method.             

In the leave-one-out cross-validation, the PRESS criterion was calculated and was compared with the sum               

square error to assess the predictive ability of the model. In the bootstrap method, the root mean square                  

error was calculated (repeat 100, 1000, and 10000 times respectively). 

 

 



 

Result 

The density plot of the dependent variable (cancer mortality) is well bell-shaped, assuming that the               

variable follows a normal distribution (Fig. 1). Descriptive statistics of variables of interest are shown in                

Table 2 and Fig. 2. Most of the variables of interest have small Pearson correlation coefficient with each                  

other (Fig. 3). 

By stepwise approaches, we generated a model with 7 predictors, which is exactly one of the                

recommended models in the all-subset analysis. Based on criterions and parsimony, we choose the model               

with 6 predictors which has the smallest BIC, comparatively larger adjusted R-Squared and smaller subset               

size (Table 3). Our final regression model contains 6 variables mainly related to education level, race,                

employment status, income or incidence rate (Table 4). 48.14% of the dependent variable variation is               

explained by this multiple linear regression model (R-squared 48.14%; Adjusted R-squared 48.04%). 

Fig. 5 shows 4 diagnostic plots that we used to check the model assumptions of the final model. In                   

residuals vs fitted value plot, most points are randomly distributed around 0, indicating equal error               

variance across the entire range of fitted values. However, we observed 3 potential outliers. This also                

happens in the other 3 plots. After removing these points and refitting the regression model, the                

coefficient estimates and diagnosis plots remains mostly the same (Fig. 6), which means they are not                

influential, and we decided to keep these points.  

In the leave-one-out cross-validation, the raw estimate of the prediction error is 402, very close to the                 

mean square error of the full-sample model, 400, indicating that our model has a certain predictive ability.                 

In addition, we ran the residual sample bootstrapping method 100, 1000 and 10000 times, respectively.               



The estimated RMSE is almost the same as the running time increases, showing that the model has a                  

stable predictive ability. 

 

 

Discussion 

In this study, we fit a multilinear regression model to predict cancer mortality using several selected                

variables. Based on the results, higher education plays the most important role against cancer mortality,               

compared to other variables. A county tends to have lower cancer mortality when there has a higher                 

percentage of people with at least a bachelor’s degree. Also, poverty and unemployment could raise the                

cancer death rate and races that are not black or Asian have relatively low cancer death rate. 

The adjusted R-squared of our model is 0.48, which is not very ideal, and there are several limitations of                   

our model. First, there exists other risk factors can also affect our regression results. Different studies                

have proved that for most types of cancer, the risk is higher among people with the family history of the                    

disease (Pearce et al. 2013), which could result from exposure to similar lifestyle or environmental               

factors, and these risk factors could vary by different states. For example, lung cancer has the largest                 

variation by states, reflecting regional differences in smoking prevalence and environment quality            

(American Cancer Society., n.d.).Further study could include dataset related to these risk factors. 

Second, the census data that we use has several limitations itself. Census surveys are relatively long, and                 

it will affect the accuracy of the answers. Also, it appears that people tend to over-report some items in a                    

census survey, especially age and income (Parkin, Wardman, and Page 2008). 
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Table 1.  Variable Descriptions and Sources 

 

 

Table 2. Descriptive Statistics of Variables of Interest 

 



 

 

 

 

Table 3. Cp, Adjusted R squared, AIC and BIC Criterion for Models in Each Size 

 

 

Table 4. Model Coefficients 

 

 

Table 5. Residual sample bootstrapping results 

 

 



 

Figure 1. Density plot of target death rate 

 

 

Figure 2. Box-plot of Variables of Interest 



 

Figure 3. Correlation Heatmap of Variables of Interest 



 

Figure 4. Cp, Adjusted R Squared VS Number of Parameters 

 

 

 



 

Figure 5.  Diagnostic Plots of Regression Model 

 

Figure 6. Diagnostic Plots of Regression Model (without potential outliers) 
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