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Introduction
As obesity rates and sedentary life styles have increased, so too has the 

risk of  cardiac disease, making it the leading cause of  death in the United 
States. Hypertension, also known as high blood pressure, is a significant 
factor in increasing this risk. Blood pressure is composed of  two values: 
diastolic and systolic. Normal diastolic values are below 80 and normal 
systolic values are below 120 (“Blood Pressure”, 2008). Hypertension can 
lead to many significant cardiac outcomes, including heart attacks, strokes, 
aneurysms, and other heart problems. Due to life style choices such as diet 
and exercise (Appel et al., 1997), the effects of  hypertension can be 
controlled or mitigated. For instance, diets with a greater focus on 
balancing meats and vegetables and reducing fats have been found to be 
more beneficial for lowering blood pressure. While most factors such as 
diet, exercise, stress, alcohol, and certain medications have been identified, 
this project aims to create an algorithm to quantify the effect of  such 
factors with the use of  Python’s Scikit-learn library (Pedregosa et al., 2011) 
and scipy performance metrics (Maloof, 2002) for confirmation of  
accuracy. This project aims to implement machine learning tactics to 
develop accurate support-vector machine learning algorithms for 
calculation of  systolic and diastolic blood pressure.

Following the main methods of  machine learning, the data was 
extracted, visualized, transformed, trained, and then analyzed for accuracy. 
The data came from an Excel spreadsheet that a 52-year-old male self-
reported in conjunction with Texas Tech University. The spreadsheet 
consisted of  columns to report daily tasks, such as food, exercise, stress 
levels, etc., and systolic and diastolic blood pressures throughout the day. 

Initial preprocessing occurred through macros written with Visual Basic 
for Applications (VBA) and run on the original Excel file. These macros 
removed void rows and cleaned up insignificant data to create a properly 
formatted *.csv file when it was converted. Data transformations all 
occurred on a Jupyter notebook with the importation of  the Excel *.csv 
file into a pandas DataFrame and use of  Python’s scikit-learn library. 

Two machine learning algorithms were created: one for systolic blood 
pressure and one for diastolic blood pressure. When the Excel spreadsheet 
was pulled into the Jupyter notebook and, subsequently, a pandas 
DataFrame, columns with limited data were dropped. Two new 
DataFrames were created for systolic blood pressure and diastolic blood 
pressure, and the visualization step commenced, plotting numerical and 
categorical data against systolic blood pressure to identify correlations 
(Figures 1 and 2). Insignificant data was removed from the DataFrame.

Through scikit-learn’s metrics package, a series of  tests comparing 
predicted values from the algorithm and actual values (Figures 3 and 4) 
were ran. For systolic, RMSE = 6.98, R2 = 0.33, r(47) = 0.60, and p < 0.01. 
For diastolic, RMSE = 5.66, R2 = 0.10, r(47) = 0.50, and p < 0.01. As both 
models have p-values < 0.01, the null is rejected. These algorithms are 
more accurate for prediction than guessing.

The developed algorithms accurately predicted systolic and diastolic 
blood pressures. This project can be furthered with the creation of  a 
health application to host the algorithm that the general population can 
use. This customizability of  these algorithms allow people to pinpoint 
their poor habits. While the algorithm was accurate, better preprocessing 
of  the data can secure lower error metrics. This model also focused on the 
potentially improper data of  a single man, so this project can be expanded 
by looking at the data of  a wide variety of  humans. However, the potential 
inaccuracies from reporting are what makes this model more closely 
resemble the potential difficulties that can arise from general usage.

To create the algorithms, the pandas DataFrame was converted to a 
numpy array in order to be used with the scikit-learn algorithms. 
Categorical features, such as Dinner, Weather, etc., were encoded with 
Scikit-learn’s One Hot Encoding. Numeric features, such as time spent on 
computer, were concatenated onto the numpy label array, and then scaled 
with Standard Scalar. The array was split into training and testing data with 
a 70:30 randomly selected split. An epsilon-support vector regression 
model (SVR), a subset of  support vector machines (SVM), was fit to the 
training data, with parameters: SVR(C = 100, epsilon = 0.1, gamma = 0.1, 
kernel = 'rbf'). The resulting model was applied to the testing data and 
model performance metrics were calculated for verification of  accuracy.

Graph 1 (left) 
provides an 
example of  one of  
the blood 
pressure’s 
numerical features. 
From looking at 
the graph, it seems 
that there is a 
positive correlation 
between blood 
pressure and 
computer time. 

Graph 3 (left) shows the 
diastolic regression line. 
With an r value of  0.60, 
the line is moderately 
positively correlated and 
has a stronger 
correlation than 
diastolic. RMSE is about 
6.98 at each point.

Graph 2 (left) 
features a 
categorical feature. 
Visually, it appears 
that diet has an 
effect on blood 
pressure, with 
saltier foods 
spiking the blood 
pressure and 
vegetables 
lowering it.

Graph 4 (left) shows the 
diastolic regression line. 
With an r value of  0.50, 
the line has a 
moderately positive 
correlation. Here, 
RMSE is about 5.66 at 
each point.
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