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Overview

- Role of data and analytics in higher education
today and 1n the future

- Definitions and sources of data

- Use of data to improve student learning and
success

- Ethics, social justice, security, and privacy

- Questions and discussion



Role or Use of Data and Analytics

- Enhance student achievement
- Plan courses and curriculum
- Recruit and retain students

- Optimize the scheduling of
classrooms

- Understand levels of student
engagement




Value of Data and Analytics for
Decision Making

- The ability to make effective decisions is crucial if an institution of higher
education 1s going to continuously improve student learning and success.

- Data helps decision makers evaluate alternatives, make resource
allocations, and make informed choices.

- The effective and ethical use of analytics can improve the academic and
support experience in ways that promote student success, equity, and
institutional sustainability.




Effective Analytics

- Must be reliable and timely.

- Thick data (quantitative and
qualitative) upon which to make
decisions.

- Take into account ethics and privacy.

- Effective data management, governance,
and analysis techniques is of central
1mportance.
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- Must be accessible, action oriented, and
easy to navigate. Many decision makers
find that using data is no easy task as
they find themselves inundated with
nearly overwhelming amounts of data.



Key Practices and Strategies to
Build and Support Culture of

Data Use

> Engage in efforts to understand the
anatomy of decision making across
campus (who makes decisions, when, how,
and what data 1s needed).

> Building data literacy and capacity across
institution so that information
exploration, interpretation, and analysis
are used to support evidence-based
decision making and improve
institutional effectiveness.

> Deliver training and data tools that allow
decision makers to leverage data and
information.



Building a Culture of Evidence

- Strategies are set, resources are allocated; and actions are
taken based on outcomes extracted from rigorous and
continuous analysis of good data.

- Use of data 1s viewed positively and not punitively.

- Good analysis 1s viewed as a platform for collaboration and
discussion.

- Positions a college or university to strengthen the quality of
the student experience in and outside of the classroom.

- Includes quantitative data and qualitative data (focus groups,
town halls, social media, and more)

- Synthesizes data from multiple sources to identify institutional
opportunities and challenges and barriers to student success
and learning.



What Technology Can Do for
Decision Support

- Improve data processing speed.

- Allow us to summarize multiple
data points.

- Visualization platforms — Tableau.

- Improve access via self-service tools.



What Technology Can’t Do for
Decision Support

- More complex the task, more difficult to
replace with technology enabled tools.

- Decide on research design and even
appropriate statistical test or algorithm.

- Understand complex data questions posed
by decision makers.

- Consider ethical use of data for decision
making.



Statement of Aspirational Practice For Institutional
Research — Association of Institutional Research

(AIR)

- “Data are everywhere across institutions of higher education, and
access to analytical tools and reporting software means that a wide
array of higher education employees can be actively involved in
converting data into decision-support information.”

“The demand for data to inform decisions in postsecondary education is
greater than ever before. Colleges and universities have significantly
increased capacity to collect and store data about student and
institutional performance, yet few institutions have adequate capacity
for converting data into information needed by decision makers.”



Statement of Aspirational Practice For
Institutional Research

TUPUI Selected as 1
of 10 Founding
Institutions



Analytics and Data Reporting to
Support Student Learning and

Success
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Leverage Technology-Data Visualization
Plattorms such as Tableau for Accessible
Selt-Service Data Tools

m Students Faculty and Staff Campus Climate and Inclusiveness Community Engagement

Institutional Research and
Decision Support

https://irds.1upul.edu/

Contains highly interactive
dashboards allow users to ) —
drill down and filter to allow

detailed exploration of key

1indicators associated with the
IUPUI Strategic Plan.



https://irds.iupui.edu/

Applying an Equity Lens to Data
and Analytics

- We in data analytics professions play a key role in building equity-minded
decision cultures.

- Create shared understandings and meanings. The Language we use matters.

- Critical to understand institutional contexts and foster understanding of what
structures, policies, implicit biases, stereotype threats and factors that are
contributing to inequities.

- Important to be aware that many frameworks do not fully consider the
experiences of marginalized groups or approach their experiences from a deficit
erspective. We need to make sure to take time to thoughtfully select a
ramework to help answer proposed research questions.

- We need to pay attention to small populations. All voices are important.

- Rethink comparisons and reference groups. White students’ experiences are
often held as the norm to which other groups are compared (Mayhew &
Simonoff, 2015), carrying the assumption tﬂat White students’ experience 1s
“normal” and implying this should be achieved by other student groups.
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How We Can Apply an Equity
Lens to Our IR Work

- Disaggregate data to help decision makers understand inequities in
access and outcomes by student groups (e.g., first generation, gender,
historically marginalized, under-resourced, low-income, nontraditional,
transfer).

- Disaggregate data to help decision makers understand inequities in
access and outcomes by faculty and staff groups (e.g., gender,
historically marginalized, age, rank).

- Design our interactive reports so decision makers can examine
intersectionality.

- Conduct various analyses and investigations that examine inequities in
student access and outcomes (e.g., retention, academic performance,
student engagement, learning outcomes). These analyses allow decision
makers to understand and ideally address inequities.



Sources of Data
for Decision
Making and

Definitions



Institutional Research

- Institutional research i1s a broad category of research activities conducted
at schools, colleges and universities to inform campus decision-making and
planning in areas such as admissions, financial aid, curriculum,
enrollment management, student success and learning, staffing, student
life, finance, facilities, athletics, and alumni relations.

- Typically involves research conducted for internal decision making,
planning, and external accountability reporting.

- Purpose 1s primarily to improve institutional effectiveness and not to
generalizable research or inquiry.




National Data Sources

Centre for Higher Education Trust
(CHET)

National Student Clearinghouse

Academic Analytics



Assessment

- Assessment is often defined as a continuous cycle of improvement
and is comprised of a number of features: establishing clear,
measurable expected outcomes of student learning; ensuring that
students have sufficient opportunities to achieve those outcomes;
systematically gathering, analyzing, and interpreting evidence to
determine how well student learning matches expectations; and

using the resulting information to understand and improve student
learning” (Suskie, 2009, p. 4).



Statistical Analysis In Higher
Education

- Statistical methods involved in carrying out a study include
planning, designing, collecting data, analyzing, drawing
meaningful interpretation and reporting of the research findings.

- Gives meaning and often involves inferences.

- Requires and an understanding of quantitative and qualitative
variables, measures of central tendency, sample size estimation,
power analysis and statistical errors/assumptions.

- Requires a proper design of the study (understanding of research
methods) and choice of a suitable statistical test.

- Improper statistical methods may result in erroneous conclusions
which may lead to unethical practice.



Programs Significantly Positively Associated with One-Year
I Retention While Taking Into Account Academic Preparation,
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Students with High Growth
Mindsets are More Successtul

- Faculty and staff do play a
role in bolstering adaptive
mindsets about intelligence—
which can powerfully shape
students’ own growth mindset
and, in turn, their academic
outcomes

- Examples of items:

* “In general, most people at
institution believe that
some students are smart,
while others are not”

* “In general, most people at
institution seem to believe
that students have a
certain amount of
intelligence, and they really
can’t do much to change it.”

"Failure is the
limit of my abilities”

FIXED
MINDSET

*I'm either good at t or I'm not*

"My abilitios are unchanging®
“Idontlie Inetherdoly
to be challenged”

“When I'm frustrated,
| give up"

"I stick to what | know"




Bolstering Growth Mindset

- Faculty and staff do play a role in bolstering adaptive
mindsets about intelligence—which can powerfully shape
students’ own growth mindset and, in turn, their academic
outcomes

* Provide support for learning

* Set high standards and convey that we are motivated to help
students attain them (Journey taking together)

* Give sense of purpose (applying learning experience to life and real
world problems)

* Foster growth and not fixed.

* Set clear expectations and giving constructive, clear feedback on
learning

 Communicate that college is a place that student belongs (not just a
place for students)
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Student Engagement Roster (SER) designed as a communication tool that
allows professors/instructors to efficiently provide critical and constructive
feedback to students.

Conducted an investigation in an effort to collect students’ perceptions of the
SER process and how the feedback affected their behaviors, classroom
engagement, and attitudes.

m INDIANA UNIVERSITY-PURDUE UNIVERSITY INDIANAPOLIS



Student Engagement Roster Investigation

81% reported that they read their Student Engagement Roster (SER)
feedback.

74% reported that the feedback made them feel (“Quite a Bit” or “A Great
Deal”) positive about their instructors in the following areas: cares about my
learning, is approachable, is available to provide help if I have difficulties,
and is committed to creating an environment.

Students offered the following suggestions for SER improvement:

Provide feedback more frequently

Require all instructors use the SER and provide feedback

Instructors should provide personalized, individualized messages and not
generic comments

Provide feedback that is constructive and provides specific
recommendations about how to improve

Make the feedback more accessible and easier to find in Canvas/One |.U.

m INDIANA UNIVERSITY-PURDUE UNIVERSITY INDIANAPOLIS



Being Critical Consumers of
Data

- Understand data and limitations.

- Not relying on single data point for telling
whole story.

- Know data definitions.

- Understand of how data collected, sources,
and research methods.

- Correlations does not mean causation.



Analytics

- Data analytics 1s the science of drawing insights
from raw data sources. Many of the methods
and techniques used in data analytics are
automated into mechanical processes and
algorithms that organize raw data for human
decision making.

- Data analytics used to understand patterns of
data that may otherwise be lost in the mass of
information.



Predictive Analytics

- “A set of [business intelligence] technologies
that uncovers relationships and patterns
within large volumes of data that can be used
to predict behavior and events”.

- “Predictive analytics 1s forward-looking,

using past events to anticipate the future.”
- van Barneveld, A., Arnold, K.E., & Campbell, J.P. (2012).



High-Risk Factors Associated
with Poor Student Success and
Attrition

- Poor Performance in first semester or Earning DWFI in a course
- Low high school or transfer in GPA (lower than 3.00)

- Under-Resourced (high levels of unmet financial aid, low-income)
- Late Registration Date

- Not having Academic Honors Diploma or Rigorous High School
Curriculum

- Attending part-time and not enrolling in 15 or more credit hours
- Not Placing into Credit Bearing Math

- Transferring in with few hours with no degree



High-Risk Factors Associated
with Poor Student Success and
Attrition

- First Generation College Student

- Not Participating in High Impact Practices and Early Interventions
First Year (First Year Seminars, Themed Learning Communities,
Summer Bridge)

- Living Off-Campus
- Living Alone or With Others Not Attending the institution

- External commitments (working for pay off-campus, commuting,
taking care of dependents and household responsibilities)

- Low growth mindset, self-efficacy, sense of belonging, commitment to
institution (intent to transfer)



Big Data

- Billions of data points being generated every minute of every
day by humans, computers and technological devices —
creating a real-time digital footprint of our lives with every
credit card swipe, phone use, Google search, Facebook post,
and more.

- With availability of this ocean of data, how can we use it to
better understand and our world and serve our needs.

- While college and universities doing cutting edge research on
Big Data and educating data scientists, not using it as much
as other industries to innovate our academic institutions.

Lane & Finsel, 2014
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“From the dawn of civilization to 2003, humans
created five exabytes worth of data. As of 2013
humans produced this same amount of information
every two minutes” (Miller & Chapin, 2013 as cited
by Lane and Finsel, 2014)



Big Data and Analysis
Methods

- Typically field of Data Science used for processing Big Data - Data
Science field used to tackle big data. an umbrella term that
encompasses data analytics, data mining, machine learning, and
several other related disciplines.

- Involves gathering data from multiple sources and applies machine
learning, predictive analytics, and sentiment analysis to extract
critical information from the collected data sets.

- Machine learning used as practice of using algorithms to learn from
data and then forecast future trends for that topic. Traditional
machine learning software comprised of statistical analysis and
predictive analysis that are used to spot patterns and catch hidden
insights based on perceived data (used by Facebook).



Machine Learning and
Algorithms

- Machine learning is a method of data analysis that automates
analytical model building. It is a branch of artificial
intelligence based on the idea that systems can learn from
data, 1dentify patterns and make decisions with minimal
human intervention. (SAS)

- An algorithm is a set of heuristics and calculations that
creates a model from data. To create a model, the algorithm
first analyzes the data you provide, looking for specific types
of patterns or trends.

- The algorithm uses the results of this analysis over many
1terations to find the optimal parameters for creating the
mining model. These parameters are then applied across the
entire data set to extract actionable patterns and detailed
statistics.



Thick Data Brings Context to
Big Data

Ethnographic term, focuses on qualitative information
Stories, emotions, interpretation informed by context




“Relying on big data alone
increases the chances we will miss
something while giving us the
1llusion that we know everything.”

“Then something unknown enters
the picture.”

Tricia Wang



THE OTHER HALF
OF BIG DATA §




LLearning
Analytics



Learning Analytics

- “The interpretation of a wide range of data produced by and
gathered on behalf of students in order to assess academic
progress, predict future performance, and spot potential issues.”

- “The use of predictive modeling and other advanced analytic
techniques to help target instructional, curricular, and support
resources to support the achievement of specific learning goals”

- Allows instructors to tailor educational opportunities to each
student’s level of need and ability.

- Can be used assess curricula, programs, and institution

- Source: van Barneveld, A., Arnold, K.E., & Campbell, J.P. (2012).



Learning Management Systems
(LMS) — Bokamoso, Canvas

- Grades on assignments and exams — progress
- Engagement (logging on and page views)

- Attendance

- Activity

- Chat rooms

- University-and course-level learning outcomes -
scores on rubrics



My Learning Analytics University of
Michigan

- My Learning Analytics (MyLA) is a dashboard that provides students with
information about their engagement with course materials and resources,
assignments, and grades in a Canvas course.

= My Leaming Analytics: Course 101 WN 2020

Resources Accessed Assignment Planning Grade Distribution

>0@ what assignments have the greatest S0@ where your grage sis within the
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E-Texts as Data Sources

- E-texts also provide powerful markup and
interaction tools.

- Highlighting, shared notes, questions, and
answers.

- Research found that higher engagement
with e-texts (reading and highlighting)
correlated with higher course grades
(Abaci, Quick, and Morrone, 2017) .



Ethics, Social
Justice and
Privacy



AIR Statement of Ethical Principles
S

What itis

e Statement of integrity

AIR Statement of Ethical Principles

The Association for Institutional Research affirms the following overarching principles regarding the use of data
to facilitate insights and improve decision making. These principles guide us as we promote the use of data,
analytics, information, and evidence to improve higher education.

We act with integrity:

We recognize the CONS€QUENCES of our
work. The analytic algorithms and applications
we build and/or implement, as well as the policy
decisions incorporating information we analyze
and disseminate, impact people and situations.

We acknowledge that the individuals whose
information we use have I'IghtS, derived from

We deliver information and analyses
appropriate to the questions being asked,
to the quality of the data available, and to the
context in which the questions are asked.

we seek to be fair and transparent,
minimizing our own personal biases in our
research assumptions, methodologies,

1 1 1 both legal and ethical principles that can cross and conclusions.
° Ove ra rc h I n g p rl n CI p I e S national borders. We make intentional efforts to
protect their information from misuse or use that we avoid conflicts of interest, and
could cause them harm. disclose them when unavoidable, particularly
Y with third parties and vendors. We act in the best

Guide for higher education data use

What it is not

We protect pri_va.cy and maintain
Confldentlallty when collecting, compiling,

analyzing, and disseminating information.

we actas responsible data
stewards. we secure the data and
information over which we have control, following
generally accepted guidelines

and professional standards for physical and

interests of our institutions, students,
and stakeholders.

We strive to make our work acCessible to
those who need data, information, and analysis to
generate insight and make decisions.

We share knowledge of the Institutional
Research field and its application so we may

electronic security and data sharing. facilitate insights and promote common
° COd e Of CO n d u Ct ¥ ® understanding to our institutions
We provide dCCUrate and and stakeholders.
contextualized information. we do not
° knowingly or intentionally mislead the consumers We value lifelong learning and the enhancement

Legal advice

of our information.

of our field. We draw on and contribute to
relevant and emerging scholarship and
educate ourselves on developing trends. We utilize
those methods and techniques for which we have,
or can obtain, appropriate knowledge

and capabilities.

We recognize that technological advancements have and will continue to impact our work. We remain committed
to serving as educators and role models on the ethical use of data to benefit students and institutions and to
improve higher education.

Approved by the AIR Board of Directors September 13, 2019

jirweb.org | air@airweb.org | (850) 385-4155
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Central Premise

- Predictive models and algorithms are increasingly the tools used to
make decisions that affect people’s lives ---where they go to school,
whether they get a loan, how much they pay for health insurance,
what type of sentence people receive when convicted of a crime.

- Decisions being made by mathematical models rather than humans.

- Ideally, the mathematical models are unbiased and lead to greater
fairness. Not True!

- Many models used today are mysterious, unregulated, and
uncontested with no feedback or correction mechanisms. Can be
wrong.

- Algorithms if left unchecked essentially increase inequality creating
“toxic cocktail for democracy.”

- Used for harm rather than good.






WMDs

- Algorithms reinforce discrimination and widen
inequality,

- Use people’s fear and trust of mathematics to prevent
them from asking questions.

- Rely on proxies (proxies are easier to manipulate than
complicated reality they represent).

- “Algorithms that are important, secret and destructive”.

- Affect large numbers of people, are entirely opaque, and
destroy lives.

- Models are opinions embedded in mathematics.



NOT WMDs

- Baseball

- Amazon

- Predictive modeling used to help provide
resources for students



Examples of WMDs 1in Higher
Education

- US News and World Report Rankings

(algorithms based on proxies and rankings
become destiny).

- Marketing by for profit colleges (ads that
pinpoint people in great need and sell
them false and overpriced promises —
predatory ads).

- Admissions decisions.



Recommendations

- Transparency (not relying on black boxes).
- Continuously update.

- Assumptions and conclusions clear.

- Rely on actual data rather than proxies.

- People being modeled understand the process and
understand the models objective.

- Use to help rather than harm.



Data Security and Privacy

- Protection of Personal Information Act (POPIA)

- Institutional Review Boards (IRB) — generalizable
research

- Stories of data violations
- Data Governance

- Student Data Advisory Councils and Faculty/Staff
Data Advisory Councils

- Ownership of data such as course evaluations and
Learning Management Systems

- Explaining use of data



Data Integrity

- Data definitions and metadata

- Clear notes and sources

- Understanding limitations

- Explore prior to analyses and use

- Clear explanations of methods used
to analyze or organize data



Conclusions

- Wealth of data available for decision
making

- Value of data-based decision making
- Data literacy

- Ethical Use

- Theory-based methods



Final Thought

HIGHER EDUCATION

ARTIFICIAL INTELLIGENCE

0sSfE?s £ ADUN

- In order for students to be productive citizens in a world in which lower
skilled labor is being replaced by computers and robots, we need an
educational shift focused and need to rebalance our curriculum to develop
students with “creative mindsets and the mental elasticity to invent,
discover, or create something valuable to society rather than concerned
solely with “topping up students' minds with high-octane facts.”

- New skills: data literacy to manage the flow of big data, and technological
literacy to know how their machines work, but human literacy, from the
humanities, communication, and design, to function as a human being in a
world populated with artificial intelligence advanced technologies.

+ Aoun (2018), author of Robot- Proof Higher Education in the Age of Artificial Intelligence,



Questions!




Contact Information

Michele J. Hansen, Ph.D.
Assistant Vice Chancellor
mjhansen@iupui.edu
317-278-2618

Institutional Research and Decision Support
irds.iupui.edu

Contact us with questions or requests for information!

lll IUPUI


https://irds.iupui.edu/data-link/index.html
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Growth Mindset Resources
with Lave Links

- Designing College for Everyone. Brief written by the College Transition Collaborative.

« Leveraging Mindset Science to Design Educational Environments that Nurture People’s

Natural Drive to

- Designing Supportive Learning Environments. Video created by the Mindset Scholars

Network.

- The New Science of Wise Psychological Interventions. Journal article by Gregory
Walton, published in Current Directions in Psychological Science.

- Social-Psychological Interventions in Education: They’re Not Magic. Journal article by

David Yeager and Gregory Walton, published in Review of Educational Research.

- Broadening Participation in the Life Sciences with Social-Psycholoqgical Interventions.

Journal article by Yoi Tibbetts, Judith Harackiewicz, Stacy Priniski, and Elizabeth
Canning, published in CBE Life Sciences Education.


http://collegetransitioncollaborative.org/content/CTC_DesigningCollegeforEveryone.pdf
http://mindsetscholarsnetwork.org/wp-content/uploads/2018/01/Learning-Enviros-Research-Brief.pdf
https://www.youtube.com/watch?v=nRrnFLrwNYU
http://journals.sagepub.com/doi/abs/10.3102/0034654311405999
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5008900/

