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Introduction 

Presidential elections are a frequently discussed topic in the United States. One of the 
most intriguing questions behind the election is why people cast their ballots the way they did or 
what the implications of the outcome are. According to the Office of Legislative Research, 
factors influencing voters' behavior include demographics, candidate influence, and current 
political concerns [5]. Based on the data published by the United States Census Bureau, voter 
turnout is higher among certain demographics. For example, people 45 years old or older tend 
to have a higher voting rate compared to younger generations, women are more likely to vote 
than men, and white and black Americans vote more frequently compared to other races [6]. 

  The ability of groups of people to impact the result of an election depends on the group’s 
size as well as the group’s turnout rate during an election. Minority voters have become 
increasingly important in recent election cycles as minority population turnout rates rise [3]. 
Therefore, identifying minority’s voting patterns and analyzing the statistical correlation between 
demographic factors and presidential election voting patterns become crucial. The statistical 
result could help political strategists to emphasize the significance of personalized messages to 
target groups as well as creating and distributing customized campaign ads in order to gain an 
electoral edge [3]. The identified pattern could be especially important in winning the vote in 
swing states. Not all swing states have sizable non-white populations. In several other 2016 
swing states, however, African American, Latino, and Asian American voters compose sizable 
portions of state populations. Political parties can target the swing states with the most 
possibility for victory by examining the voting patterns of various demographic groups and 
concentrating their efforts there. 

  

Literature survey and problem statement 

These past couple of years have been marked by a series of life-changing events, from 
a global pandemic to the violent attack on the capitol, which of course has had a big impact on 
the political environment of the country. Every election, it is always very hard to predict which 
candidate will ultimately win the title of president, but the 2020 elections have confirmed that 
currently, the US is divided more than ever in fundamental views. With the recent change from 
Republican president Donald Trump to Democratic president Joe Biden, the country has been 
left with a strongly divided electorate and many people unwilling to compromise even in the 
midst of a severe health and economic crisis. 
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  In most cases, the major techniques to predict presidential election results are expert 
opinions and polling.  Expert opinion involves asking a group of experts, typically consisting of 
political scientists and practitioners, the share of the national vote in percentage each party will 
receive. Polling on the other hand typically utilizes the RealClearPolitics (RCP) poll average as 
a raw representation of opinion polls and as a benchmark for poll performance. These two 
techniques are quite dependent on each other since experts tend to follow the polls as basis for 
their decisions, and unfortunately, polls tend to be subject to various types of error, especially 
when conducted too early before the election. In a study conducted by Andreas Graefe, he 
explores the idea of fundamentals-based forecasting to help predict the popular vote in the four 
U.S. presidential elections from 2004 to 2016 [1]. With this technique, models are based on the 
theory of retrospective voting and measure performance in different ways. Some examples of 
fundamentals are economic performance, military fatalities, candidate performance as well as 
time in office. When combining these forecasts with polls and individual experts, a big majority 
of the directional error was reduced which demonstrated how useful prior research can be for 
election forecasting. 

Looking more closely at the 2020 election between Biden and Trump, several studies 
found staggering differences in the demographic patterns and compositions that make up each 
presidential candidate’s electoral coalition as well as county-won populations. According to a 
Pew Research Center study based on validated 2020 general election voters, compared to 
Trump voters, Biden voters were younger, more racially and ethnically diverse, more likely to 
have at least a college degree, and less likely to live in rural areas [4]. Another study conducted 
by Brookings focused on the total populations residing in the counties that Biden and Trump 
won and found out that although there are many more Trump-won counties than Biden-won 
counties (2588 versus 551), 67 million more people lived in counties won by Biden than in those 
won by Trump (197.9 million versus 130.3 million), signifying the dominance of Biden counties 
in densely populous metropolitan areas. In addition, similar to the observations in the Pew 
Research Center study, Biden counties are more likely to be home to a younger, foreign-born, 
more racially diverse population with higher income and education attainment [2]. 

  Despite the aforementioned studies, the statistical correlation between demographic 
factors and presidential election voting patterns has not been analyzed, nor has the 
predictability of presidential election voting outcomes using demographic factors been 
explored. Thus, in our project we are hoping to explore the predictability of presidential election 
voting outcomes using demographic factors, specifically for the presidential elections from 2012 
to 2020. We hypothesize that the percentage of people with bachelor’s degree or higher, 
total population, and median income are highly correlated with the election voting 
patterns and most important for predicting the election outcome. It is important to note that 
the demographic data provided by the county census includes nonvoters, such as children, 
noncitizens, and others who did not vote, and therefore certainly did not tell the whole story. 
Nonetheless, it reflects the communities the voters reside in and is a reasonable proxy for the 
demographic compositions of the voters. 
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Methodology 

We used multiple linear regression to examine the correlation between demographic 
factors and presidential election voting patterns in each county. To predict presidential voting 
outcomes with demographic factors, we used a myriad of regression and classification models 
including multiple linear regression, random forest regression (regression), logistic regression, 
and decision trees (classification). The independent variables in these models include total 
population, median age, median household income, percentage of people with a bachelor’s 
degree or higher, percentage of foreign-born people, and percentage of each race (white, black, 
Hispanic, Asian). The dependent variable is the share voting for a Democratic candidate 
(excluding votes for third parties). Whenever needed, we used 5 or 10-fold cross validation to 
tune the hyperparameters of these models. We used RMSE (root mean squared error) to 
evaluate regression models and accuracy and AUC (area under the curve) to evaluate 
classification models.  

To improve the performance of the regression models, we explored three different 
approaches. First, we used L1-regularization (Lasso) and L2-regularization (Ridge) to avoid 
overfitting. Second, we used natural log transformation on the severely right-skewed 
independent variables total_population and median_income. Last but not least, we used the 
difference between 2016 and 2012 data to predict the difference between 2020 and 2016 data.  

  

Overview of Datasets 

         For this project, we are pulling data from the U.S. Census Bureau and the MIT Election 
Data Science lab. In particular, from the Census Bureau, we used data related to income, 
education attainment, nativity status, age, gender, and race. From the Data Science lab, we 
pulled data on the presidential election returns. All datasets from the Census are organized by 
county, and correspond to the election years of 2012, 2016, and 2020. The election data is also 
by county; however, the original dataset spans the years 2000-2020. 

Data Cleaning Process 

Election data:  From the original dataset, we extracted the columns of interest – year, state, 
state_po (two-letter abbreviation of state name), county_name, county_fips (code that uniquely 
identifies counties within the U.S.), candidate, party, and candidatevotes. With the exception of 
candidatevotes (class int), all other variables were character data types. To simplify the 
analysis, we focused on only the Democratic and Republican parties by filtering out the Green 
party and other parties. After pulling data for election years 2012, 2016, and 2020, we added a 
new variable pvotes for each election year. This variable represents the percent of votes 
received for each candidate by county. 

Census data:  The general process of cleaning the datasets from the Census Bureau was 
similar for each of the four datasets. For each dataset, we first took the original file and pulled 
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Table 1. Key variables for election data and Census data 

Table 2. Excerpt of merged data from 2012  

out the columns of interest into a separate spreadsheet. After importing this filtered data into R, 
we renamed the columns so that they were more easily identifiable. The contents of the fips 
column were then modified so that only the fips for each county, and not any extraneous 
characters, were included. For the nativity status dataset, we added a new variable, pnative, to 
represent the percent of native-born individuals within the total population of each county.  

Merging data: For each 
election year (2012, 2016, and 
2020), we merged the election 
data for that year with the 
corresponding Census data. As 
an example, Table 2 is a 
screenshot of the first five rows 
of the cleaned, merged dataset 
for the 2012 election year. After 
merging the datasets, any rows 
with “Na” values were removed. 
A detailed explanation of each 
variable can be found in the 
Appendix, and a general 
overview of the key variables 
and their sources can be viewed 
in Table 1.  

Columns 1-13: 

  

 

 

Columns 14-29: 

 
 

 

 

Difference data: For years 2012 and 2016, and 2016 and 2020, we merged the two datasets, 
including only data for the Democratic candidates. For each attribute in each county, we 
calculated the 2020 minus 2016, and 2016 minus 2012 differences, which represent the 
incremental changes between two consecutive election years. This difference data will be 
utilized later in some of the regression models. 
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Exploratory Data Analysis (EDA) 

 Given that our aim is to investigate 
the correlation between demographic factors 
and presidential election voting outcomes, 
we first created a correlation plot of all 
variables that would be utilized in later 
models (Figure 1). This included the 
response variable (pvotes) and the predictor 
variables (total_population, pnative, 
median_income, pbachelor, median_age, 
pmale, phispanic, pwhite, pblack, and 
pasian). We used data from the election year 
2020 to create the correlation plot shown on 
the right as this was the most recent dataset 
available, and this data was filtered to show 
results for the Democratic party only. We can 
see from the first row of the plot that there does 
appear to be a correlation between pvotes and 
each of the predictors, although to varying degrees. In particular, pbachelor, pblack, and pasian 
demonstrate a relatively stronger positive correlation to pvotes while pwhite shows a stronger 
negative correlation with pvotes.  

 After further EDA, we uncovered 
demographic differences between 
Democratic-won counties and Republican-
won counties that were consistent with the 
literature. Again using 2020 data, we found 
that Democrats tend to win far fewer 
counties than Republicans overall, but the 
counties won by Democrats tend to be much 
more populous than Republican-won 
counties. Democratic-won counties, on 
average, tend to have a population with 
higher median incomes, a larger proportion 
of foreigners, and a larger proportion of 
individuals with bachelor's degrees or higher 
(that are aged 25 and over). For Republican-
won counties, the margin of victory is larger 
than that of Democratic-won counties. These 
differences were fairly consistent across 
election years 2012, 2016, and 2020. 
Presented in Table 3 are average values for 
these metrics for the election year 2020.  

Figure 1. Correlation plot of key variables 
from 2020 dataset 

Table 3. 2020 election statistics 
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Figure 2. Histograms of difference data between election years 2020 and 2016 

Using the difference data between consecutive election years, we uncovered consistent 
trends in certain demographic factors since 2012: median_income, median_age, pbachelor, and 
phispanic kept increasing and pnative and pwhite kept decreasing. Figure 2 shows the 
histograms of the 2020-2016 difference data.  

 

 

Results 

Regression models 

To examine the correlation between demographic factors and 2020 presidential election 
voting patterns in each county, we built a multiple linear regression model with the 2020 data. 
The independent variables were standardized (centered and scaled) in order to compare the 
coefficients on the same scale. As shown in Figure 3, all coefficients are significant except 
pnative. The value of each coefficient is better illustrated in the coefficient plot. We can see that 
keeping all else constant, an increase in pbachelor, median_age, total_population, pblack, or 
pasian is associated with an increase in pvotes, whereas an increase in pwhite, phispanic, 
pmale, median_income, or pnative is associated with a decrease in pvotes. Although this seems 
to be in conflict with the study indicating Biden counties are more likely to be home to a younger 
population with higher income [6], one has to consider that it is a different method that is used to 
reach that conclusion (conditional probability in lieu of linear regression), and that in multiple 
linear regression, each coefficient is adjusted holding all other independent variables constant. 
When taking the absolute values of the coefficients, we see the features that have the biggest 
effects are pwhite and pbachelor. 

To test the predictability of presidential election voting outcomes using demographic 
factors, we started by using a basic linear regression model trained on 2016 data to predict 
2020 pvotes (Figure 4A). The model included all independent variables (total_population, 
pnative, median_income, pbachelor, median_age, pmale, phispanic, pwhite, pblack, and 
pasian), and achieved a test RMSE of 10.05. Next, to improve model performance, we explored 



7 

three different approaches. First, we used regularization to avoid overfitting after a 10-fold cross 
validation to find the best hyperparameter lambda (Figure 4B and C). This resulted in a test 
RMSE of 10.07 for Lasso (L1 regularization) and 10.17 for Ridge (L2 regularization) regression. 
It is interesting to note that Lasso removed the only insignificant variable pnative from the basic 
linear regression model. Second, we used natural log transformation on the variables that are 
severely right skewed, specifically median_income and total_population (Figure 5A). With this 
transformation, the test RMSE came down to 9.48. Last but not least, we used the 2016-2012 
difference data to predict pvotes in the 2020-2016 difference data (Figure 5B). It has proven to 
be the best improvement of the three as the test RMSE came down to 7.14. The summary of 
the above linear regression models, including the best hyperparameters and the test RMSE, is 
shown in Table 4A. 

 

Figure 3. Summary output and coefficient plot from the linear regression model using 2020 data 
showing the value and p-value of each coefficient. 

 

Figure 4. Summary output from the linear (A), Lasso (B), and Ridge (C) regression models 
using 2016 data. 
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While linear regression models are fast with simple interpretations, random forest 
regression may be more robust in general. Therefore, we also used random forest regression to 
predict the election outcomes. With a similar workflow, we trained the model on the 2016 data to 
predict 2020 pvotes. With just the default setting, random forest gave a test RMSE of 7.22. To 
improve the interpretability of the model, we performed permutation tests while building the 
model to calculate the increase in mean squared error of the predictions (estimated with out-of-bag 
samples) as a result of variables being permuted (values randomly shuffled). The higher the number, 
the more important the variable. As shown in Figure 6A, the top important features are pwhite and 
pbachelor, similar to the basic linear regression model. We also used the 2016-2012 difference 
data to train the model and then predicted pvotes in the 2020-2016 difference data. The test 
RMSE did not improve. The permutation importance plot showed total_population is the top 
important feature (Figure 6B). The summary of the above random forest regression models, 
including the best hyperparameters and the test RMSE, is shown in Table 4B. 

Figure 5. Summary output from the linear regression models using natural log transformed 
variables in the 2016 (A) and the 2016-2012 difference data (B). 

 

Table 4. Summary of the regression models. 
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Figure 6. Permutation importance plots of the random forest regression models using 2016 data 
(A) and 2016-2012 difference data (B). 

Classification models 

After regression analysis, we moved on with classification models. We started off with a 
logistic binary classification model, which had 91.3% accuracy and 94.2% AUC (Figure 7). All of 
our features are statistically significant except pmale and pnative. The result is very similar to 
the linear regression model done in regression analysis.  

 

 

So far none of our models included interaction variables. To better analyze how features 
interact with each other, we decided to use decision trees as our next model. The performance 
is very good with 91.6% accuracy and 88.4% AUC (Figure 8). Although it has a lower AUC than 
logistic regression, the ROC curve has shifted to the left compared to the logistic classification 
model, which indicates a higher specificity and lower sensitivity. This implies that our decision 

Figure 7. Logistic classification model statistics and ROC graph. 
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trees were performing better in correctly identifying 
positives, which in our case referring to correctly 
identifying Democrats winning. 

Figure 9 shows the feature importance and 
decision tree diagram. pwhite is ranked at the top of 
the feature importance chart, followed by pbachelor, 
pblack, phispanic, pasian, median_income, pnative, 
total_population, median_age, and pmale. The 
feature importance chart is generally consistent with 
our previous analysis. However, median_age and 
total_population that were considered significant in 
our previous models are ranked very low. After 
removing them from our model, there were no 
improvements. We think features which have a low 
feature importance may still add predictive power to 
our decision tree model, because unlike logistic 
regression without interaction terms, decision trees 
could benefit from combining their information 
together with information of other features. 

 

 

Conclusion 

Overall, all of our models were able to perform fairly well using demographic factors to 
predict presidential election voting patterns. By examining the coefficients and feature 
importance, we can conclude that most demographic features are correlated with the election 
outcomes. Knowing the results of our analysis may affect how campaign managers spend their 

Figure 9. Feature importance chart and decision tree diagram 

Figure 8. Decision ROC graph 
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advertising money. If certain counties or states are identified to be “indecisive” when voting, it 
may be beneficial to spend more money in those regions to try and win their votes. Marketing 
decisions will also be impacted, as having information on the demographic factors impacting 
presidential voting outcomes may allow campaigns to be more targeted towards certain groups 
over others. Having this targeted information allows campaign managers to be more strategic 
with their advertisements, and they can potentially save money by focusing their resources on 
counties with indecisive voters.   

pwhite (percentages of white individuals) and pbachelor (percentages of individuals who 
has a bachelor’s degree) are two very dominant features in both classification and regression 
models. Take decision trees as an example, if we go back to our decision tree graph (Figure 9), 
we can see that the first decision node was based on whether pwhite is greater than or equal to 
48. Then the left child node shows that the average election outcome is only 0.09 which strongly 
favors Republican winning. If we go down the same branch, the next decision node asks if 
pbachelor is less than 31, if yes, then the average election outcome is only 0.03. Our decision 
tree model using only these two features was able to narrow down part of the election results 
very quickly. This supports our finding from the literature review, which said that compared to 
Trump voters, Biden voters were younger, more racially and ethnically diverse, more likely to 
have at least a college degree, and less likely to live in rural areas [4]. 

 

Future improvement 

Moving forward, there is still room for improvements. For example, sentiment analysis 
has been widely used for election predictions, so we could collect Twitter data by counties to 
conduct sentiment analysis and incorporate the results as additional features into our existing 
models. Also, our EDA shows that some features are highly correlated such as education and 
income. Multicollinearity could cause bad performances for linear and logistic regression, both 
of which require variable independence assumptions. In the future, we should re-engineer these 
highly correlated features such as education and income. Additionally, our model is unbalanced, 
so we could utilize re-sampling techniques to up-sample or create synthetic data. 
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Appendix. Explanation of the variables 

Variable Name Data Type Brief Description of Variable 

county_fips chr Unique identifier code for each county 

year chr Year data was collected (2012, 2016, or 2020) 

state chr State in which data was collected 

state_po chr 2-letter abbreviation of state name 

county_name chr County in which data was collected 

candidate chr Name of presidential candidate (2012 - Mitt Romney 
or Barack Obama, 2016 - Donald Trump or Hillary 
Clinton, 2020 - Donald Trump or Joe Biden) 

party chr Party of candidate (Democrat or Republican) 

votes int Number of votes received by candidate (by county) 

pvotes num Percent of votes received by candidate (by county) 

total_population int Total population of county 

native int Number of individuals born in the U.S. (by county) 

foreign int Number of individuals born outside the U.S. (by 
county) 

pnative num Percent of native-born individuals in a given county 

population_25over int Number of individuals aged 25 and over (by county) 
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pbachelor num Percent of individuals that attained a bachelor’s 
degree or higher (by county) 

median_income num Median household income (by county) 

male int Number of males in a given county 

pmale num Percent of males (by county) 

female int Number of females in a given county 

pfemale num Percent of females (by county) 

median_age num Median age of population within a county 

hispanic int Number of Hispanic/Latino individuals in a given 
county 

phispanic num Percent of Hispanic/Latino individuals (by county) 

white int Number of white individuals in a given county 

pwhite num Percent of white individuals (by county) 

black int Number of black individuals in a given county 

pblack num Percent of black individuals (by county) 

asian int Number of Asian individuals in a given county 

pasian num Percent of Asian individuals (by county) 

 


