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PROJECT OBJECTIVES
The recent passing of House Bill  5 on the Texas Senate floor addressed the need for
expanded broadband access across the state. In his State of the State Address,
Governor Greg Abbott fixed widespread internet connectivity as a top priority,
declaring "from medicine to education to business, broadband access is not a luxury,
it is an essential tool that must be available for all Texas" (Office of the Texas
Governor, 2021).

House Bill  5 (2021) aims to improve gaps in broadband access in both urban and
rural areas by creating a Broadband Development Office, establishing minimum
internet service threshold speeds, and authorizing a Broadband Development Account
within the general state revenue fund. Furthermore, H.B. 5 requires the newly created
Broadband Development Office to publish a broadband development map depicting
areas with inadequate service, generate a plan with long-term goals to improve
access and affordability of broadband services, and establish a financial incentive
program encouraging broadband development.

While the Texas State Legislature set the stage to expand broadband access, greater
understanding of the changed landscape during the COVID-19 pandemic is needed. In
this exploratory project, we aimed to use machine learning algorithms to determine
(1) categorizations describing the level of the digital divide and (2) establish trends
characterizing the distribution of the digital divide across zip codes in Texas.

THEORETICAL FRAMEWORK
We situated our model in sociological theories of social exclusion and social
stratification to define the digital divide as a gap between those with and without
access to broadband services. Understanding the state of the digital divide is more
important than ever as broadband access during the COVID-19 pandemic is a
determinant of not only societal inclusion, but also access to remote learning and
employment opportunities. In this way, we considered broadband access as a key
gatekeeper to social mobility and stratification. 

We based our research design on recommendations from Barzilai-Nahon’s (2006)
work on conceptualizing measurements on the digital divide. Barzilai-Nahon called
for a deeper consideration of the policy framework and social context beyond easily-
measurable, single-factors like “access.” She asserted that the tradeoff for ease in
measurement was a “distorted picture of the divide”. Therefore, we responded to her
call by basing our model on sociological,  financial,  and accessibility factors used by
prior researchers. 
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METHODS
DATA SOURCES

Estimates synthesizing 5-years of descriptive data from the 2019 American
Community Survey controlled for poverty levels, age, population, education, computer
ownership, employment status, and households with children. As the 2020 ACS data
was unavailable, we added a natural measure describing access to health insurance
to describe a potential added financial stressor during the COVID-19 pandemic. 

Data from BroadbandNow accounted for potential market conditions affecting
broadband affordability. These natural measures acted as independent variables that
reflected changes to the broadband environment prior to and during the pandemic.
Finally, our model was based on changes in broadband consumer behavior. Data on
broadband usage provided by Microsoft was used as the outcome variable.

ANALYTIC PLAN
The goal of our analysis was to use an unsupervised machine learning algorithm to
cluster our data based on differing levels of social exclusion and digital access. Our
model partitioned each zip code into one of eight categories based on comparative K-
means clustering. Categories spanned 0 to 7.

Machine learning is needed for this process because of our main goal to find natural
groups in the feature space of our input data without the need for any training.
Clustering works to discover patterns and behaviors in the data, to determine
intrinsic grouping among our unlabeled data in such a way that each dataset belongs
only one group that has similar properties.
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A comprehensive model representing the digital divide including the variables
included in the dataset. FIGURE 1:



MAPPING
THE
DIGITAL
DIVIDE

Our machine learning algorithm categorized Texas zip codes by level
of digital divide. A color gradation represents each zip code’s
categorization. Those at either extreme of the spectrum represented
very low or very high manifestations of the digital divide. Zip codes
labeled as 0 were colored red and represented litt le to no digital
access with high levels of social exclusion. Therefore, we considered
residents in these areas to experience high digital divides when
compared to other Texas zip codes. Conversely, residents in zip
codes labeled with a 7 were colored yellow. Residents in these areas
experienced the lowest comparative levels of the digital divide. A
visual inspection of these maps reveals a general narrowing of the
digital divide during the pandemic. 

RESULTS

Low Divide

Middling Divide

High Divide

Middling Divide

Our model revealed pre-pandemic Texas to exhibit an extreme digital divide. Only 10.4% of zip codes
demonstrated a middling level of digital access and social inclusion. This indicates that pre-pandemic
Texas experienced a wide divide with 60.5% of the 1,534 zip codes included in our analysis
experiencing high divides and only 29.1% experiencing low divides. The majority of Texas' population,
prior to the pandemic, resided in zip codes located at the extreme ends of our categorical spectrum. 

During the pandemic, this distribution became more regular across the categories. It seems zip codes
with high levels of pre-pandemic divides demonstrated the greatest improvement, with most moving to
middling levels during the pandemic. Yet, it should be noted that 31.8% of Texas zip codes displayed a
wider divide during the pandemic. 

Prior to the COVID-19 Pandemic (2015) During the COVID-19 Pandemic (2020)
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MAPPING
DIVIDES
AMONG
CHILDREN

Low Divide

Middling Divide

High Divide

Middling Divide

This data visualization uses dot size to represent the total
population of children aged 18 and younger within each zip code.
We used the same color scheme as in prior visualizations to
capture the category of the divides. A visual inspection of these
maps depict that overall, children had better access to broadband
and social inclusion during the pandemic than before. This
difference seems especially stark in rural areas. 
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Prior to the COVID-19 Pandemic (2019) During the COVID-19 Pandemic (2020)

Prior to the COVID-19 Pandemic (2019)

During the COVID-19 Pandemic (2020)

The maps below isolate each divide category for a side-by-side comparison before
and during the pandemic. The same dot sizing and color scheme was used.

Our analysis revealed efforts to remediate the digital divide in child-aged populations were somewhat
successful at improving digital access during the pandemic. But these improvements were relative to
the initial level of broadband access and social exclusion. This formed a step-by-step trend where
generally, digital access was improved by one level relative to the area’s pre-pandemic status. For
example, the majority of children located in zip codes experiencing the highest level of pre-pandemic
divides experienced approximately one level of improvement. This was also true for children at the
middle and low ends of the spectrum. Yet, when we focus on the during-the-pandemic visualization, a
high concentration of children in urban and suburban areas seem to be consistently left behind. 



WHY WERE
URBAN AND
SUBURBAN
CHILDREN 
LEFT BEHIND?

Our model showed children from urban and suburban zip codes
seemed to be left behind in the highest levels of the divide during
the pandemic. We looked at four major cities Texas before and
during the pandemic – Houston, and Dallas, for micro-level
patterns. While there was improvement in urban centers, some
urban fringe and suburban areas experienced worsening divides
during the pandemic than before. Our study was limited to zip
code level comparisons and reveals the need to understand the
influence of micro-level resources (i.e. ,  take-home Chromebooks
and hotspots) at the city- and district-levels. 

ARE CHILDREN
DIVIDED
DIFFERENTLY
THAN ADULTS?

To further examine trends unique to the 18 and younger population,
we compared these visualizations to those depicting the size of the
total population. Here, we see far less movement between the two
highest highest levels of the digital divide when we add adults to
the mix. This trend could point to the importance of school
infrastructure in providing access to broadband services and
preventing social exclusion. This infrastructure may be especially
important for children in rural zip codes.
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IMPLICATIONS
The aim of our project was to answer Barzilai-Nahon’s call to use a comprehensive
model of the digital divide to inform policy-makers and stakeholders involved in the
implementation of Texas’ House Bill  5. Our model considered not only, as Barzilai-
Nahon would say, “easily-measurable” factors affecting digital access like computer
ownership, but also took into account socio-economic factors like age, income, and
employment. 

Our project revealed the digital divide in Texas was more extreme prior to the
pandemic. Additionally, efforts to narrow the divide during the pandemic resulted in a
more equal distribution between high, middling, and low levels. However, despite
efforts made otherwise, the majority of Texans live in zip codes with low to middling
levels of broadband access and social inclusion.

Furthermore, while the divide generally narrowed for Texas children, more research is
needed to understand why and how children in some urban and suburban zip codes
were left behind to experience the higher levels of the digital divide. Lastly, with
regards to education, we feel greater research is needed to understand the role
school infrastructure and micro-level resources played in narrowing the digital divide.

Potential l imitations to our project that require greater study are a lack of depth
measuring both geographic locales, l ike rural or urban codes, and socioeconomic
characteristics, l ike race and gender. Additionally, 2020 American Community Survey
data was unavailable, therefore we were unable to fully control for changes in
income, employment, and population during the COVID-19 pandemic. Finally, data for
pre-pandemic broadband usage was provided at the county level and extended to the
zip code level. 
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REFLECTION
We initially approached this project with grand ambitions of analyzing the three data
sets granted to us, and coming up with a solution that would ideally address a
national problem. As we reshaped and refined our research questions, however, we
decided to scale down the scope of our project. By focusing on just the state of
Texas, we were able to conduct a more granular analysis – first by addressing the
digital divide at the state level,  and then by narrowing our scope and addressing the
digital divide at the county level,  with a focus on some of Texas’ major metropolitan
areas.

With our initial project submission deadline at the beginning of April ,  set by the Open
Data Institute, we were able to use the remaining month to refine our machine
learning model, as well as produce more detailed visualizations. This culminated in a
more granular analysis than the one we had initially submitted, supplemented with
additional data sets from the American Community Survey; as a result,  we were more
confident in our analysis. Our team placing among the top five competitors and being
selected to speak to a panel of judges further motivated us to refine our analysis and
produce a stronger report than the one we had initially submitted.

The skills we learned in this class helped us tremendously towards the beginning of
our project, as we familiarized ourselves with the data sets we were given. Since
building the machine learning models required manipulating that data and creating
new spreadsheets, the course’s lessons in data and file organization were especially
beneficial. As the number of unique data sets grew, and as we began introducing
additional data sets to supplement our analysis, these lessons were especially
crucial.

Though we did not place among the top three competitors of the Open Data
Challenge, this was an enjoyable and worthwhile experience for all three group
members. Outside this course, we are looking forward to submitting our findings to
academic journals and conferences.
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