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Introduction

The digital divide 1s the boundary between communities with access to
technology and people without Internet access.! Over the past 25 years,
matters related to the digital divide have gained attention.> Movements such
as Microsoft’s Airband Initiative are looking to bridge the digital divide, but
tackling this issue will not be easy.®> Many studies have examined the
disparity in information access between people affected by the digital divide,
and all conclude that closing this gap in technology is essential to provide
more opportunities for people without proper access to computers.*

Unfortunately, the disparity in information access is not the only issue
that arises from the digital divide. Other studies have focused on the disparity
in medical access due to the digital divide and remark that the digital divide
mainly affects people of lower socioeconomic status, a seemingly obvious but
important conclusion.”

We hypothesize that this gap in technology access should have a
measurable, demonstrable effect on the economy. Our 1nitial leanings were
that, over time, increases in access to technology should have a positive net
effect on economic growth and opportunity. We have found that other studies
examining the economic effects of the digital divide and technology access
were limited both in the United States and internationally.

For this work, we focus solely on US data by conducting a state-by-state
analysis of technology access and its economic repercussions. Still, we need
more reliable historical data on the topic. Literature covering the economic
deficit that people without technology access face 1s sparse. These
conclusions were considered too obvious to document thoroughly, but in this
work, we demonstrate that these so-called apparent conjectures are more
complex than people may believe.

Methods

e SciKit Learn: A Python module used for creating Linear Regression

Models, a tool to predict unknown statistics using related data.

e Seaborn: A Python module used for data rendering

e TensorFlow & Keras: Python modules used to create Neural
Networks for non-linear and multivariable models

e Matplotlib: A Python 2D and 3D plotting library.

e Numpy: A Python library for numerical and array calculations

e Pandas: A Python module used to create the data frames that housed
our datasets.

e Linear Regression:: Technique used to compare different statistics and
verify the significance of their relationships. Linear regression
determines the strength of predictors and can predict via extrapolation.
The most crucial benefit of linear regression for this experiment is the
ability to evaluate the importance of relationships between variables
using a correlation coefficient.®
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e Datasets: For this project, we compiled data tor each US state over
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various years concerning computer access, education, and economic
status. Comprehensive data for all the years in our desired range
(1990-2020) due to different data sources and their various limitations.
As a result, we compiled this list for the years 1994, 1997, 2000, 2003,
2010, 2012, 2014, 2018, and 2020. Below 1s a table demonstrating the

sparse and scattered datasets.”°

1994 1997 2000 2001 2003 2005 2008 2010 2012 2018 2020

Computers in house X X X X X X X X X

Adult Literacy Rate X X
Poverty Rate X X X X X X X
Bachelor's Degree X
Rates

HS Graduation Rates X X X
Median Household Income X X X X
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From this plot, we can conclude that the poverty rate 1s inversely
correlated with computers in houses. This anti-correlation was consistent

for each year we analyzed between 1997 and 2020. Due to the clear inverse
relationship, we concluded that our initial hypothesis was correct and began

to investigate further.

Results

Linear regression plot

These plots had low correlation coefficients: 0.59, 0.48, and 0.60,
respectively. Due to these sub-optimal values, we determined that
non-linear models would be necessary to visualize this data.
Multivariable linear regression models were also constructed using
various combinations of the input data variables; however, those
additional combinations only i1mproved the correlation coefficient
beyond that of the poverty rate and computer access combination.

After attempting linear regression models, we looked at several
non-linear models, including a Support Vector Regression(SVR) plot and
a Feed-Forward Neural Network (FFN) plot.
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While the above linear and nonlinear models can infer and
characterize data relationships, the causation between, for example,
computer access increases and poverty rate decreases must still be
addressed. The 1deal scenario 1s to develop time series analysis models
to predict future poverty rates based on past data observations. Such an
approach would prove difficult since the available datasets are
spaced at different time intervals. Furthermore, other factors can
complicate such an analysis. For example, economic conditions over
time are not static. For example, the plot below shows the poverty in the
state of Ohio at various points in time between 2003 and 2020.

US economic volatility 1997-2020 as computer access increased
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Results

These obstacles forced us to shift our focus, so we looked toward
education statistics. First, we compared high school graduation data from
2010 with high school graduation data from 2020 (Figure 6). This display
shows that high school graduation rates increased in nearly every state
between 2010 and 2020.
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These plots show general trends in poverty rates, graduation rates, and
technology access rates in the United States between 2010 and 2020. In
almost every state, poverty rates decreased and both graduation rates and
technology access rates increased.These conclusions are interesting for this
study because our data also showed potential correlations between education
and computer access data. However, we still needed to find a way to correlate
the two variables directly.

The first important conclusion derived from our dataset was that high
school graduation rates in a given year are unaffected by technology or
median income. The model shows that technology access does not appear to
correlate to high school graduation.Next, models were created to examine
high school graduation dates over different years. Even though no correlation
was found between graduation and technology access rates in the same year,
this model could determine causality if technology access rates in previous
years were correlated to high school graduation rates in later years. However,
the flat behavior of the graph and low correlation coefficient indicates that
high school graduation rates did not directly correlate with technology access,
despite the difference in time.
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In the model below, we swapped the axes of the variables. While
the correlation coefficient does not change, this graph offers a different
perspective of the data, presenting access to technology(or lack thereof)
due to poverty. This model shows that the poverty rate is heavily
anti-correlated with computer access in 2020, demonstrating that income
is central to the digital divide issue.

Technology Access vs. Poverty Rate in 2020
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We came to our most significant conclusion when looking at the
poverty rate in 2020 versus the technology access rate between 2014
and 2018(Above Right). The poverty rate in 2020 was strongly
anti-correlated with access to technology in 2014-2018, with a
correlation coefficient of -0.83. We decided to compare these data
points because they helped us prove causality and were selected from

a time period of relative economic stability in the US between 2014
and 2020.

Poverty Rate vs Technology Access Over Time

An Analysis of the Socioeconomic Impact of Technology Access
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Due to this model, we realized that creating a time series model based on
access to computers to predict state poverty rates would be difficult and
inaccurate because several factors influence poverty rates. So, while our
conjecture that providing access to technology at home influences poverty
levels 1s potentially correct, we need more evidence to demonstrate
causality. As a result of this conclusion, we gathered more data, which could
help us make an accurate prediction or determination.
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Conclusions

e We hypothesized that technology access would be inversely correlated
with the poverty rate in each state. Still, we found difficulties due to the
need for more reliable and complete data over several years and the
volatility of the US economy

e (reating a time series model based on access to computers to predict
state poverty rates would be inaccurate because several factors influence
the volatility of poverty rates; it would be impossible to designate
technology access as the sole explanation for changes in poverty rates.

e Models were created using high school and college graduation data and
adult literacy rates, but the resulting correlation coefficients were too low
to support an accurate conclusion.

e (ausality was demonstrated by comparing technology access in 2010
with poverty rates in 2020. This conjecture supports our hypothesis, and
this work proves that technology access does have a socioeconomic
impact over time. The principled analysis would effectively check the
output to verify the hypothesis and predictions.
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