BIG DATA IN EDUCATION
Context:
Within the last 15 years, advances in computing, data capturing, and data storage technology
have redefined how we observe, interpret and shape the most critical pillars of our lives. The
emergence and rapid adoption of this technology has been coined as the era of big data
(Capatosto, 2017; Wang, 2016; Data-Pop Alliance, 2015). Specifically, big data in education is a
tool used to predict student outcomes, shape policy decisions, and improve learning.
In 2004, New York City became the first city to adopt algorithmic-based high school choice
selection, as a way to streamline the complex high school admission process. Since adopting the
system the number of students who did not receive an offer from one of their chosen schools
fell drastically—from 30,000 students in 2003 to 3,000 students in 2004. (Atila Abdulkadiroglu,
Parag A. Pathak, and Alvin E. Roth, 2005) Within the same year additional cities including
Boston, Denver, and New Orleans have adopted similar systems with the goal of improving
enrollment efficiency and fairness.
The emergence of big data is seen as a critical tool in education, with the potential to create
new learning experiences for children that meet their individual needs. State and district
policy-makers around the country are partnering with big data practitioners, implementing
data-driven technologies with ambitious goals.
Unfortunately many state and district led big data initiatives fail to identify and acknowledge
the harm these systems can create by codifying implicit beliefs into seemingly objective,
complicated, math-based systems.
In theory, big data allows data-driven school systems to be more accountable to evidence and
capable of providing predictive technology that better supports all students. In practice, big
data analytics is a decision-making support and communication tool, and it comes with risks.
Around the nation, policy-makers, educators and communities are experiencing big data from
vastly different altitude of impact; for policy-makers, the success of big data in public education
is measured by narrowly focused key performance indicators (KPIs) related to test score growth
and resource efficiency, often ignoring equity concerns. By implementing systems that exclude
the voices of the communities (particularly communities of color) most impacted by big data
and predictive analytics, public officials create echo chambers and produce interventions that
rarely result in scalable equitable outcomes.

A Brief Timeline of Computational Technology and Bias

Evidence:
In 2013 district leaders in Dallas Independent School District (serving nearly 157,000 students in
230 schools) invested in a data-driven initiative, implementing personalized learning models in
5 schools. The Dallas ISD felt the initial results of the initiative were promising, as students
across the 5 target schools saw growth relative to their peers; promising metrics and family
support have led to rapid expansion. (Roger, 2018) As of May 2018 the program now serves
over 20,000 students in over 100 Dallas ISD schools.
The policies and practices of the Dallas ISD are unique, rooted in their commitment to using big
data technology as a tool to address education equity in collaboration with community partners
and educators.
A 2019 British Journal of Educational Technology study reviewing the current state of big data
in education and its potential for positive change. According to this critical review, Big Data
offers a number of opportunities to education, however Big Data in education and educational
research are two separate areas of inquiry, requiring different sets of skills and knowledge
(Daniel, 2019). While educational research is broadly concerned with the investigation of
various aspects of education, focusing on the context of data, requiring expertise in education,
Big Data in education deals with the analysis of large and complex data using Data Science
techniques (2019).
Since 2015 the research and implementation of big data in education has focused on themes

such as (Daniel, 2019; Dede, 2016):
● Developing digital learning technology that allow for the capturing of new types of data.
● Improving evidence-based decision making
● Reconceptualizing existing data to create automated predictive interventions
● Data privacy and ownership
Absent from most research is the role bias plays in big data. A key principle of big data research
and technology is the devaluing of data context in analysis (Daniel 2019). Most practitioners
argue that ‘numbers speak for themselves’ (Anderson 2008) and human reasoning (and
experience) simply get in the way of objective insight. Others are cautiously optimistic
regarding the potential of big data in education, but warn that by simply focusing on technical
fixes and not the ethics behind the technology we risk causing harm (Eynon, 2013).
This trend of asymmetrical positive thinking around the objectivity of numbers can lead to
unfounded assertions and real harm to families. In 2014, government officials in St. Pauls
established a multi-agency data-sharing, Joint Powers Agreement (JPA) aimed at using big data
and predictive analytics to predict and flag youth “at risk” of future delinquency. This plan was
originally established as part of a Community Innovation Project, an effort with the goal of
‘better supporting youth and families’. (Melisizwe, 2019) Unfortunately this agreement
excluded the participation and oversight of community members, families and advocates. This
exclusion incited fear among communities who understood that the technology would
essentially function as racial profiling of children predicted to engage in crime. (In Equality /
Stop the Cradle to Prison Algorithm Coalition, 2018)
Those in charge of the JDA were focused on using big data to inform decision-making and
reduce racial bias by move away from individual discretion, and increasingly rely on tools like
risk assessments and predictive algorithms. (2018) Unfortunately this did not address
community concerns around algorithm bias being hard-wired into the technology due to the
bias in the historical data. A 2016 analysis showed that black youth in Ramsey County (part of
the JDA) are 4.44 times more likely to be arrested than white youth, and 3.54 more likely to be
admitted to detention. (Racial Disparities of Black Youth in Ramsey County, RRI, 2016) A 2016
RAND analysis of big data technology similar to that of the JDA found that those who were
“flagged” in the system were more heavily surveilled and arrested. (Saunders, J., Hunt, P., &
Hollywood, J. S., 2016) While the St. Paul School District believed it was building at tool for
positive change, having invested millions in the technology, they had failed to effectively
grapple with the ethical concerns of a broad sweeping data-sharing agreement and did not
address the concerns of the community regarding systemic-oppression being codified into the
data.
Ultimately community organizers like the Stop the Cradle to Prison Algorithm (CPA ) Coalition
were able to dissolve the agreement citing evidence of racial bias, child privacy violations, and a
lack of transparency and collaboration.

But what happens when those most impacted by big data use big data for education equity?
In 2014, Dr. Meredith Broussard illuminated inequalities in the Philadelphia district school
system by analyzing how resources are allocated. Broussard, with support from community
volunteers, was able to use the available data systems (along with technology they designed) to
highlight the fact that the district was missing 75% of the recommended curriculum and that $0
were being allocated to textbooks. (Broussard, 2014)In 2015, following the work of Broussard
and others, the district increased its discretionary fund dedicated to textbooks from $0 to $165.
Meredith and her community of activists were able to use big data to communicate a massive
inequality to public officials that directly impacts both academic growth and resource efficiency.
Bottom Line:
Big data in education is a tool designed to derive insight using subjective statistics and trends.
Whether the intervention is academic or social-economic, transparency and trust will always
lead to a more positive impact than pure statistics based governance. Data-driven education
policy, like all public policy cannot be equitable if there aren't formal partnerships between
impacted communities and government, using explicit language to outline goals and potential
drawbacks.
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