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Foreword

When | moved into my role at Maret School in 2017, | was not the first
independent school institutional researcher and was clearly not the

best one (nor would | even attempt to claim that title today!) What | did
have was curiosity about the work and about how other people were
approaching it. When | started reaching out to strangers at other schools
for help and advice, | assumed my pleas would be politely ignored -
independent school faculty and staff are not known for having vast swaths
of leisure time to spend replying to electronic cold calls or for sharing
tactical insights with other schools.

In every way, reality defied my expectations. Everywhere | turned, |

found people who were excited, passionate, brilliant, kind, hilarious,

and emphatically generous with their time and knowledge. The other
commonality we all seemed to share was the feeling of working in isolation
at our institutions. So often an “office” of one, each of us at our own little
computer spread across the country, screaming at our data sets (in either
rage or celebration, depending on the moment), inventing our own version
of the wheel, doing our best to love and care for our students, colleagues,
and communities through the languages of statistics and spreadsheets.

In those early days of the “network” (i.e. group email) that would evolve
into CIRIS, there was a palpable sense of relief and joy in “finding our
people,” swapping war stories, and supporting each other. The knowledge,
wisdom, camaraderie, and enthusiasm the institutional research community
has shared with me over the last several years, particularly through

the depths of the pandemic, have truly been some of the most joyous
highlights of my career.

So this Guide is truly a letter of love and gratitude from CIRIS to all of you
who have and will continue to join us as we explore and shape the as-yet
untamed frontier that is institutional research in independent schools.
While it is impossible to name every individual who has helped create or
pave the way for this Guide, there are a few that merit special recognition.

o CIRIS is funded by an E.E. Ford Educational Leadership grant,
allowing this Guide (and all CIRIS programming) to be provided to the
community free of charge. So, first and foremost, | have to thank the
leadership team and Board of Maret School and John Gulla of the E.E.
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Ford Foundation for believing in the idea of CIRIS, for help in writing
the grant proposal, for awarding the grant, and for raising matching
funds from the Maret community. This Guidebook and its linked
resources would be neither accessible nor pleasantly legible without
the help of Maria Lopez, Carolyn Law, and Zaw Lyn, who have worked
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tirelessly to teach me about everything from website maintenance to
font and color styling.

¢ This Guidebook is truly the distilled wisdom of everyone who has
participated in CIRIS programming over the last five years, especially
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members of the first four CIRIS Summer Fellows Lab cohorts. In
particular, it was an honor and privilege to lead the 2023 cohort

who co-authored the Guide. They worked tirelessly to listen to and
empathize with the broader IR community, to compile resources and
advice, to proofread and critique a ponderous pile of ramblings down
to the (relatively) concise and insightful oeuvre you now peruse. Each
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of them is truly a beacon in our community, and | am forever grateful
for their generosity.

o CIRIS has been the beneficiary of the support of a number of
associations as we have prepared the Guide. I'd like to thank Heather
Hoerle and Christina Dotchin at the Enrollment Management
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Association, Amada Torres and Hilary LaMonte from the National
Association of Independent Schools, and Dr. Erin Rehel from
OneSchoolhouse for supporting the Guide and helping to distribute the
inaugural Institutional Research State of the Industry Survey. We hope
this Guidebook is a springboard to more collaboration in the future!
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e From almost the first minutes of its existence, CIRIS has benefited from
unwavering support from Christina Lewellen, Kelsea Watson, and Dr.
Ashley Cross at the Association of Technology Leaders in Independent
Schools (ATLIS.) CIRIS is a fledgling organization, and the ATLIS team has
truly taken us under their wing, providing opportunities to collaborate
on PD webinars, giving sound advice on the foundations of association
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work, and even giving the annual CIRIS Summit a home within their own
annual conference. Thank you for being such a pillar of support for me
personally and for the IR community (and for being so fun!)

Though we present it as a finished product, this Guide is neither perfect
nor complete. We anticipate that readers may disagree with certain points
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or feel that there are glaring omissions; indeed, the authoring cohort itself
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was not always of one mind on every single topic, and we shed a few tears
when shearing away some sections for the sake of brevity. Nevertheless,
we hope it will prove to be both a useful, practical resource for school
leaders and institutional researchers as well as a touchstone that brings our
community together for further discussion as we continue to co-build the
future of this field.

And we look forward to writing the second edition of this Guide in a couple
years once Al has rendered most of its contents obsolete! \_(*)_/

Last, but certainly not least, we'd like to thank you, intrepid reader, for
opening this Guidebook and diving in with us! We hope you enjoy it.

With Gratitude,
Eric Heilman

Editor-in-Chief, Data-Informed Decision Making: A Guide to Institutional
Research in Independent Schools

Executive Director, Center for Institutional Research in Independent
Schools
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About the Guide

Data-Informed Decision Making: A Guide to Institutional Research in
Independent Schools was written by the 2023 CIRIS Summer Fellows Lab
cohort. Through a series of CIRIS Data Culture webinars and sessions

at the 2023 CIRIS Summit, cohort members gathered information and
assessed the needs of school leaders and data analysts looking to start an
institutional research program. This Guide is the result of this collaboration.

With gratitude to the E.E. Ford Foundation and the Maret community, this
Guide is presented as a free resource for the independent school community.
We hope readers will share and use the Guide freely with proper attribution.
This Guide should not be bought or sold, and if you encounter a vendor or
entity that is charging any fee for it, please contact us at eheilman@maret.
org.

About the Authors

Eric Heilman (eheilman@maret.org) is the Executive Director of CIRIS,
Director of Institutional Research at Maret School in Washington, DC, and
Senior Institutional Research Strategist at Mission & Data. After earning

undergrad and graduate degrees in economics from Georgetown University
and the University of Chicago, Eric spent the last 15 years working in DC
independent schools teaching middle and high school math, serving as

a 10th grade dean, and building data analysis systems around academic
achievement, student wellness, engagement, and belonging. Eric is also a
frequent presenter at regional and national conferences and on webinars
for both CIRIS and partner organizations.

Josh Berberian (jberberian@episcopalacademy.org) currently serves as the

Director of Institutional Researcher at The Episcopal Academy in Newtown
Square, PA, where he also works in the Center for Teaching and Learning
and teaches statistics. Over his thirty years in education he has worked at
St. Thomas Choir School, Poly Prep, and Shipley, taking on roles including
math department chair, overseeing faculty mentoring, leading faculty
research groups, and designing and facilitating professional development
for colleagues. He has presented at regional and national mathematics
conferences, as well as conferences for institutional research.
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Camila Calkins (camila.calkins@lakesideschool.org) began working at
Lakeside School in Seattle in student support services where she was

instrumental in designing, building, and implementing student support
systems. She is currently the administrator for Lakeside’s SIS and LMS.
Bringing together her background in research and technology expertise,
her most recent work has focused on data warehousing, data governance,
promoting and cultivating data culture, creating data visualizations, and
supporting data-informed decision-making and institutional research.
Camila holds a PhD from The University of Washington.

Rachel Gorsky (rgorsky@gilman.edu) is the Director of Institutional

Research and Data Analytics at Gilman School, an all-boys independent
school in Baltimore, MD. As a researcher, Rachel is dedicated to the
school’s improvement by providing official, accurate, and unbiased data to
school leaders. She works closely with school leadership to track progress
on strategic initiatives, including the hiring and evaluation of teachers and
administrators, tracking and promoting community wellness and pushing
Gilman ever closer to achieving Diversity, Equity, and Inclusion goals.

Hudson Harper (hudson.harper@downtownschoolseattle.org) is a dynamic

and innovative educator who serves as the Director of Technology and
Mathematics Department Head at The Downtown School in Seattle,

WA. Hudson has been instrumental in building the school’s capacity for
institutional research and data-driven decision-making since joining The
Downtown School in 2019. Before coming to DTS, Hudson worked at
The Loomis Chaffee School as an Assistant Math Department Chair, Dorm
Head, and Penn GSE Fellowship mentor.

Kari R. Hart (khart@exeter.edu) currently serves as the inaugural Director of
Institutional Research at Phillips Exeter Academy in NH. Dr. Hart holds a B.S.
in Mathematics from Lafayette College, an M.S. and Ph.D. in Biostatistics

from Emory University, and a graduate certificate in Institutional Research
from Penn State University. In independent schools, she has worked as a
mathematics teacher, DEI coordinator and peer facilitator, and institutional
researcher. Dr. Hart's institutional research efforts have supported
enrollment management, alumni development, DEI initiatives, financial and
strategic planning, and student experience and well-being.

Brian Jarvis (bjarvis@norfolkacademy.org) serves as Director of Institutional

Research and Analytics and Associate Director of Admissions at Norfolk
Academy, a coed day school in Norfolk, Virginia with over 1,200 students in
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grades 1 through 12. Collaborating with leadership teams across the school
to leverage data-informed insights, his work has amplified the school’s
competitive position and facilitated strategic decision-making. Brian has
also presented on building interactive data visualizations and web-based
dashboards at Enroliment Management Association annual conferences.
Brian earned his undergraduate degree in Business at Virginia Tech and a
Master’s degree in Education at Old Dominion University.

Victoria Muradi (victoria.muradi@da.org) has served as an administrator
at Durham Academy in NC since 2007. As Director of Strategic Initiatives,
she manages the school’s iterative, multi-year strategic plan, working with

both internal and external PK-12 constituents. As Director of Enrollment
Management for 14 years, she led DA in shifting from an admission to an
enrollment management model and determining optimum school size.
Before coming to Durham Academy, she worked in admission and financial
aid at the boarding school and college levels, including at Smith College
and The University of Virginia. Victoria holds a B.A. from Smith College
and a M.Ed. from Harvard University. She is a trustee of the Enrollment
Management Association.

William (Bill) Stites (wstites@mka.org) is the Director of Technology at
Montclair Kimberley Academy in Montclair, New Jersey. He is a frequent

contributor and volunteer with ATLIS, who helped design the Technology
Impact and Efficacy (TIE) assessment, served on the ATLIS 360 committee,
co-hosted the ATLIS Information Systems User Group, and is a 2019 Pillar
Award winner. Additionally, he is a senior collaborator with Educational
Collaborators, focusing on 1:1 technology, infrastructure, information
systems audits, and implementation support.
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Note: While the authors
feel that curling up with
the Guide by a cozy fire
and reading it from start
to finish would be a lovely
plan for a weekend, we
know that this may not be
feasible for many readers.
We've attempted to create
relatively self-contained
chapters rich in reference
tables and distilled bullet
points so that readers can
quickly and easily find
practical information. Feel
free to jump around as your
needs arise.

The first four chapters of
this Guide are intended to
address “big picture” issues
in institutional research
and are useful for Heads of
School, board members, and
school leaders in general
as well as institutional
researchers themselves.
The second half of the
Guide explores practical
topics that institutional
researchers commonly
grapple with in the course
of actually executing data
analysis work.
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Introduction

What is Institutional Research in
Independent Schools?

Broadly speaking, CIRIS defines institutional research (IR) as the work of
using quantitative and qualitative data to describe and analyze school
processes for the purposes of improving decision making. What this
looks like on the ground in different schools varies widely depending on
institutional priorities, staffing structure, and maturity of the IR program.
Generally, while topic areas vary, schools cycle through three types of
institutional research projects: descriptive work, explanatory work, and
institutional level work.

THE INSTITUTIONAL
RESEARCH PROJECT CYCLE

V'S

Institutional

Projects that build ongoing systems that school leaders use to
inform decisions and monitor the impact of policy changes (ex.
We built an Academic Outcomes dashboard that displays grading
distributions and highlights gaps at the end of each marking period.)

Explanatory
Projects that determine the root causes or underlying o
determinants of the patterns detected by Descriptive projects (ex.
"Why do our grading distributions fall into the patterns we observed?")

. .
Descriptive
Projects that measure some aspect of how the school currently
exists (ex. "What are our grading distributions by race and gender?")

Project Evolution

CI R Center for Institutional Research
I S in Independent Schools

Reflection &  Data Data Communicating Data-Informed
Discernment  Compilation  Analysis Results Institutional Change

Chapter 2 is largely dedicated to giving examples of these types of
projects, but it is safe to say that almost every school is already engaged
in basic descriptive IR. Most schools include statistics about the school
community in admission outreach (e.g. “X% of our student body identifies
as a person of color,” “Y% of our faculty hold an advanced degree,” “Our
student:teacher ratio is A:B,” or “Z% of our graduates go on to four-year
colleges.”) We also include many examples of descriptive IR in board

Data-Informed Decision Making e Introduction

ainyn) eyeq uondy ul uoydnNpou| SjualuOo) Jo 3|qeL
yo1easay [euoyniysuj

SIOpU3A pue
‘suoneldossy ‘spaeog

-8
3 <
3
L =
w3
=)
2 2
a8
So
33>
a

sisAjeuy ejeq A833e1435 ASAINS 10}

uoljedIuUNWWOY) pue
uoyezijensi/ eyeq

saoioeld 3sag

‘speaH Joj sdi]

o)
2
1Y)
w
o
=
i
-
@
e




reports, accreditation self-studies, and in annual reporting to external
organizations like the National Association of Independent Schools (NAIS).
Congratulations! You've already begun your IR journey!

While independent schools have a long history of this kind of task-oriented
data compilation, it is only recently that they have started creating staff
positions explicitly dedicated to leveraging school data across functional
areas to glean operational insights. Over the last ten years, a number of
the most popular independent school database vendors have incorporated
functionalities that have increased the exportability and interoperability of
major school data sets, setting the stage for the wave of data analysis and
institutional research we see today.

“Does your school currently have any staff responsible for data analysis and/or institutional research

beyond required external reporting to outside organizations (e.g. DASL data for NAIS)? Please consider

full/part time employees regardless of whether they hold an officially named position.”

@ No
® Yes

@ No, but we are currently
discussing creating such a
role

About 57% of schools responding to the
2023 CIRIS Institutional Research State of the
Industry Survey (IR SOTI) (statistical disclaimer)

reported that they either already have or are A number of CIRIS members contributed
in discussions to create a position dedicated to this excellent article from Explo

to IR or data analysis. Schools with more than Elevate in 2021. It touches on many of
500 students that were robustly meeting their the topics raised in this chapter, and we
enrollment targets were slightly more likely to highly recommend it for further reading.

report having or discussing an IR program; these
correlations were not particularly strong, and we
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see an increasing interest in leveraging data from all types of independent

schools across the country.

The Value of Institutional Research

Schools pursue institutional research for a variety of reasons. Aside from
the tactical insights data analysis can yield, the process of executing IR also

has a number of benefits for the community:

» Investing resources (time, expertise, money) in institutional research

work has the potential to bring greater clarity and transparency to when,

why, and how decisions are made.

¢ While independent schools largely excel at building relationships
with individual students, families, and faculty/staff, they often rely
on anecdotes and/or personal experiences fraught with unconscious

bias when thinking about the community in
aggregate. Institutional research provides a
source of information or counter-narratives
that can complement our understanding of
what’s going on in our schools.

o Institutional research allows colleagues
to learn and understand more about the
institution in which they work and encourages
colleagues to engage in the intentional
practice of continuous improvement.

¢ Much of the work done in institutional
research requires collaboration,
communication, and curiosity within

Data helps inform schools of the challenges
and opportunities that might not be readily
apparent and truly informs the decisions they
make. While all schools must follow their
missions, data-informed decisions within that
breadth help schools continue to evolve and

thrive in ways that meet their context.

— DEBRA WILSON,
PRESIDENT, NATIONAL ASSOCIATION
OF INDEPENDENT SCHOOLS

and across school divisions and departments. This helps to de-silo
departments and provides colleagues with greater understanding of how

the institution works as a symbiotic whole.

» Considering that schools are already collecting, storing, and (hopefully)

maintaining an abundance of data, there exist easy and natural entry
points for institutional research that can provide insights and will require

little in terms of initial resources (time, expertise, money).

Data-Informed Decision Making e Introduction

11

ainyn) eyeq uondy ul uoydnNpou| SjualuOo) Jo 3|qeL
yo1easay [euoyniysuj

SIOpU3A pue
‘suoneldossy ‘spaeog

=1
=
3
wn
-+
4
=
(]
-+
£
o

sisAjeuy ejeq A833e1435 ASAINS 10}

uoLjeduUNWWOY) pue
uoyezijensi/ eyeq

[q]
o O
s 2
85
5
ok
o o
o 09
3%
o

saoioeld 3sag

‘speaH Joj sdi]




Sjua3U0) JO 3|qel

Institutional Research
Core Competencies

In order to execute quality work, institutional researchers ideally need to
bring a diverse skill set to bear. It is extremely rare to find individuals in
the independent school world who have deep experience in all of these

uoydnNpou|

areas, but we offer them as an aspirational outline and roadmap for skills
institutional researchers should focus on developing as they grow. For
schools looking to move someone into an IR role, the most important goal
should be to identify candidates who have strengths in the subset of areas

uonody ul
yoieasay [euoLnigsug

below that complement your school’s current strengths.

¢ Institutional Knowledge: Excellent institutional researchers understand
the school’s mission and culture. They are familiar with both formal
decision-making processes and the informal relational topography of
the school. They understand how the various functional elements of the
school work together, and they are familiar with different constituencies

ainyn) eyeq

in the school community. They are especially attuned to issues of equity
and access as much of their work is often focused on these areas. In
addition to understanding the inner workings of their own school,
institutional researchers also stay abreast of trends happening in the

SIOpU3A pue
‘suoneldossy ‘spaeog

broader independent school community
and understand how their school fits into

‘speaH Joj sdi]

this broader context. They also stay abreast
of trends in education research, including

qualitative and quantitative methods, which IR has existed in higher ed institutions

often are gleaned from work at the college/ for quite some time. While there is

university level, international education, and
the public education system in the U.S.

Data Architecture: Excellent institutional
researchers have knowledge of how and

where data is stored at a school. Researchers
know what information the school already
has, how to most efficiently build and
manage new databases, and how to unite
data from multiple sources to construct

some overlap in the goals of IR in these
two settings, there are substantial
differences. Higher Ed IR is often far
more focused on documenting legal and

regulatory compliance and has access

to much larger datasets than K-12
independent school IR programs.

usable data sets. They should understand a school’s data governance

practices, how databases are structured, and how to execute queries

of those databases.
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o Data Analysis: Excellent institutional researchers have a strong
background in statistics and quantitative analysis. They are fluent in
concepts like sampling and survey design, hypothesis testing, linear and
non-linear regression analysis, machine learning algorithms, qualitative
research and analysis methods and the difference between correlation
and causation. To execute these techniques, they need to be adept with
data analysis software like Excel, Google Sheets, R, Qualtrics, SQL, SAS,
STATA, Python, Google Looker Studio, Power BI, or Tableau.

e Data Visualization and Communication: Excellent institutional

researchers create graphs, tables, and other data visualizations and
explanations that make their work clear and understandable to a

wide variety of audiences. Additionally, they are keenly aware of and
proactively address the emotional impact and/or skepticism that project
results can elicit in a school community.

o Data Culture Development: Excellent institutional research is both

the catalyst and product of a healthy Data Culture in a school. Given
the symbiotic relationship between research projects and institutional
goals, an institutional researcher needs to understand how the

details of their projects work in harmony with other programs (e.g.,

in executing demographic analyses, an institutional researcher must
understand how crucial it is to allow constituents to identify themselves
authentically.) In a thriving Data Culture, faculty and staff grow their
individual level of data literacy, they trust each other enough to invite
unbiased assessment of their work, and they are secure enough to
accept feedback about what is or is not working as believed within the
community. In a healthy Data Culture, institutional research projects
have an observable impact on systems and decision-making in the
school. Institutions with a healthy Data Culture have the collective will
to change and evolve.

Again, it is extraordinarily rare to find people with a strong background in
all of these areas. If a school currently has or finds such a person, it would
be wise to hire and retain them! It is far more common to find candidates
for IR roles that have a strong background in a subset of these areas. Before
deciding on a position structure or looking to fill a role, schools should
consider where their institutional strengths and deficiencies currently are in
these areas and seek to structure and hire for a role that complements their
current needs.

Data-Informed Decision Making e Introduction 13
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The Structure of Institutional
Research Roles

One of the first questions schools tackle after deciding to pursue an IR
program is how the role or program should be structured and staffed.
The visualizations below show IR SOTI results from current institutional
researchers about their job titles and reporting structure.

For schools that currently have an IR/data analysis role:

“Which of the following most
closely matches your current Position Direct
role/title at your school?” Title Supervisor

@ Directar of
Institutional
Research

@ Database Manager/
Administrator

@ Assistant Head of
Schoal

@ Director of
Admissions,
Financial Aid, and or
Enraliment
Management

@ Director of
Technalogy

@ Teacher

® Division Direcror

@ Department Chalr L Database M. A

@ Head of School

Division Director

~Headof School ™~

Director of Advancement Services—

= Department Chair

About this visualization: Sankey diagrams show the intensity of connection between interrelated phenomena. In this
case, the nodes on the left represent the position titles of the data analysts who responded to the survey while the nodes
on the right represent the position titles of their direct supervisors. The width of the nodes and ribbons represent the
number of ehservations following that path. The wider a node or ribbon is, the mare common it was. For example, 18
respondents reported that they hold the title of "Director of Institutional Research," nine of whom report to an Assistant
Head of School and seven of whom report to their Head of School. Heads of School (the widest node), represent the most
common supervisor of all responding data analysts.

The most common structures we see in schools are:

o A part-time Director of Institutional Research role reporting to an
Assistant Head of School or directly to the Head of School. This also
includes “institutional researcher” positions that are not (yet) at the
Director level.

o A position inside of the Technology Office reporting to the Director of IT.
Position titles often include “Database Administrator” or “Data Analyst.”

o An Assistant Head of School reporting to the Head of School. People in
these roles (commonly named “Assistant Head of School for Strategic
Initiatives”) are commonly charged with overseeing IR work at the school
as part of their broader role, which is often focused on overseeing

Data-Informed Decision Making e Introduction 14
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https://lookerstudio.google.com/reporting/ddaaaf88-8e20-4ff8-b907-c304659e1c40

initiatives linked directly to a strategic plan. If they are actually executing
the IR work themselves, it tends to be a smaller portion of their job

responsibilities. More frequently, they partner with a small team of other

personnel to accomplish the work.

There is no “right” or “wrong” way to organize institutional research, and

each option has its own advantages and disadvantages, outlined in the table

below.
Sample Position  Avg. Annual Avg. FTE %
Description link  Salary spent on IR
Director of o Has bandwidth s Most substantialup  Dir. of IR $119,055.56 51.67
Institutional to execute job front investmentas  Sample 1
Research « Can combine it typlcally requires o ¢ iR
expertise with star%ng anew Sample 2
. position. -
functional . L Institutional
knowledge from ¢ While this will Researcher
other offices/ Ilkgly change mor)
roles quickly, may not E—
be enough work to
sustain a half time
position initially
Database o Typically o Can be too many Dir. of IR $83,428.57 27.73
Manager/ has a strong layers away from within the Tech
Administrator background leadership and Department
in database may lack the
architecture and institutional clout
data extraction/ needed to advance
cleaning the work
o Cost effective * May have limited
entry into IR knowledge of the
lived experience
of other school
functional areas
Assistant * Hasthe o Unlikely to have Sample $137,000 26.86
Head of positional clout bandwidth to Asst Head
School to both initiate personally execute  of Strategic
projects and IR work given other Initiatives
incorporate responsibilities.
results'lnto « Might needa
ope'raftlonal . partner with
decision-making technical or
o Typically statistical
has strong expertise
knowledge o Relatively
of SCh(?OI . expensive first step
operations in into IR
many areas
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https://drive.google.com/file/d/1BcYHrBJATmUFXM6o6a880xN7yk-uG-sV/view?usp=drive_link
https://drive.google.com/file/d/1BcYHrBJATmUFXM6o6a880xN7yk-uG-sV/view?usp=drive_link
https://drive.google.com/file/d/1yskWEYN9_BCwOUHmWYRjq40USGoHRM0Q/view?usp=drive_link
https://drive.google.com/file/d/1yskWEYN9_BCwOUHmWYRjq40USGoHRM0Q/view?usp=drive_link
https://drive.google.com/file/d/1iIo1txdLHe7-bLsdma5n8eonRb5toQrq/view?usp=drive_link
https://drive.google.com/file/d/1iIo1txdLHe7-bLsdma5n8eonRb5toQrq/view?usp=drive_link
https://drive.google.com/file/d/1iIo1txdLHe7-bLsdma5n8eonRb5toQrq/view?usp=drive_link
https://drive.google.com/file/d/1vBB7x8Ii1-OvgC5A3n2MzbouBZ5Ebtxe/view?usp=drive_link
https://drive.google.com/file/d/1vBB7x8Ii1-OvgC5A3n2MzbouBZ5Ebtxe/view?usp=drive_link
https://drive.google.com/file/d/1vBB7x8Ii1-OvgC5A3n2MzbouBZ5Ebtxe/view?usp=drive_link
https://drive.google.com/file/d/1q4kEmewjJi5ePwc38XKkVMSIgtiz4xjG/view?usp=drive_link
https://drive.google.com/file/d/1q4kEmewjJi5ePwc38XKkVMSIgtiz4xjG/view?usp=drive_link
https://drive.google.com/file/d/1q4kEmewjJi5ePwc38XKkVMSIgtiz4xjG/view?usp=drive_link
https://drive.google.com/file/d/1q4kEmewjJi5ePwc38XKkVMSIgtiz4xjG/view?usp=drive_link
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There are a few commonalities across role structures that every school
should consider beyond reporting structure and salary:

o Full-time positions dedicated to institutional research are still rare
in independent schools. No matter where they sit in the school, data

uoydnNpou|

analysts are very likely to wear another hat (or two or six...) in addition
to their role as institutional researcher. School leaders should not
assume that starting an IR function requires a new full time position; in
fact many schools that currently have strong IR programs began with a
smaller, part-time role with a plan to ladder up the FTE percentage as

uonody ul
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the volume and complexity of the work grew over a multi-year horizon.

o CIRIS posits that including a Director of IR on your senior leadership
team in some capacity is beneficial for both the leadership team and
the institutional researcher. A Director of IR who is working with offices
across campus, reading and summarizing a variety of constituent

ainyn) eyeq

feedback, and paying close attention to internal metrics can offer a
unique perspective to team meetings. Merely being in these meetings
also benefits the Director of IR because it allows them to hear what
the operational concerns and priorities are and helps them maintain an
accurate sense of the team’s data literacy levels, which, in turn, helps
them produce useful and accessible analysis.
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‘suoLjedossy ‘spieog
‘speaH Joj sdi]

o Even if your IR role is outside of the Technology Office, starting an IR
function will almost always create new demands on at least one person
in the Tech Office. At minimum, the Tech Office will need to spend some
time ensuring that the institutional researcher has access to all of the
requisite data sources. Institutional researchers often work closely with
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tech personnel around data governance, storage, and extraction.

¢ While schools may have a single person spearheading initiatives, IR is
by nature a collaborative process that “takes a village.” Oftentimes, the
institutional researcher works with a standing committee of colleagues
with complementary expertise to coordinate the diverse needs of an IR

saoioeld 3sag

program.

A893e135 ASAINS 10}

o The long term success of an IR program depends just as much on the
broader community’s commitment to developing a strong Data Culture
as it does on the structure of the role and expertise of the person doing
the work. If school leaders do not have a plan in place for both how they

sisAjeuy ejeq

will incorporate new data results into actual operational decision making
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and how they will grow the community’s data literacy, the IR program
will wither, no matter where it is situated organizationally.

Thoughts on Staffing IR Roles

Many schools are currently creating and filling their inaugural institutional
research positions and may not have the historical frame of reference for

uoydnNpou|

evaluating hiring criteria that they have for more established positions.
Whether looking at internal or external candidates, we offer some insights

uonody ul
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from the IR SOTI about the characteristics of people already in these roles.

Years of Experience

. . Years of Experience in Independent School
Years of Experience in Independent Schools .. X
Institutional Research/Data Analysis

o)
(Y]
o+
L
(@]
=
-
=
=
o

w
®0-:2 § —
@35 @02 g %é'
® 510 ®35 2‘ a &
® 11-15 © 6-10 g @ }
® 16-20 ® 1115 gon
@ more than 20 years ® 156-20 @ n:'l'-_ o
o 4
@
o
=90
5 3%
o Institutional researchers tend to be relatively new to this particular role
but typically have deep experience in independent schools more generally.
c
. o o
Most IR SOTI respondents who are currently in an IR role have been ‘é’ g
working in independent schools for more than 10 years but have been in 23
w o
an IR role for five years or less. When hiring, keep in mind that qualified § g
o »n
candidates may not have an extensive history in these roles specifically. g
Because of the relative novelty of the position in general, it is crucial to
focus on finding candidates who demonstrate evidence of the IR Core o
QO
Competencies that complement your institutional needs rather than E;’,
years of experience in a similar role alone. E_
g.
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o Staff responsible for hiring for these roles may not, themselves, have a
background in all of the IR Core Competencies. Consider assembling a
hiring team with members who can effectively gauge candidate strength
in each area. It is also common for hiring schools to reach out to other
schools that have an established IR role for help with crafting position

uoydnNpou|

descriptions.

o Strong candidates for these roles often have many job options both
inside the independent school world as well as in private industry. In
order to hire and retain experienced institutional researchers, they

uonody ul
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should be prepared to fund a salary and benefits package that keeps this
in mind.

o On the other hand, schools that are just starting an IR program likely do
not need a PhD-credentialed researcher with decades of experience.
Candidates with less experience but strengths in some of the IR Core

ainyn) eyeq

Competencies are often less expensive to staff while also being fully
capable of the types of projects young IR programs often take on. At this
stage in the independent school sector, great institutional researchers
are much more likely to be grown than found.

¢ Many new institutional researchers require comprehensive onboarding

SIOpU3A pue
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when starting at a new school. They have to learn the school’s data
systems, build relationships with other staff, and absorb the culture of

‘speaH Joj sdi]

the school. Schools should build in time for these important activities
and should temper their expectations of IR output, especially at the
start of a program.
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Perceived Obstaces to and Next Steps for Starting an IR Role

Does your school currently have any staff responsible . . . .
i .. Which of the following do you feel has been the biggest obstacle in
for data analysis and/or institutional research beyond : : .
i ) i . further exploring the creation of an IR/data analysis role at your school?
required external reporting to outside organizations?

100% 0 Culture: we feel that

incorporating data analysis
into our work would
represent too much of a
cultural shift in our school

B We have the necessary
resources, we just aren't
sure how to start

A893e.135 ASAING J0)
sadljoeld 1sag

® No
@ ves B Funding lssues 9
@ Ho, but we are currently 40% I Lack of time e
) ) " h
:I::I:asmg it ] We are unfamiliar with >
institutional research and a
20% how schooels use it ﬁ_
I Institutional bandwidth/ @
priorities
0%
Mo Mo, but we are currently discussin..
Does your school currently have an IR Role?
Data-Informed Decision Making e Introduction 18
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The Road (and Obstacles)
to Institutional Research

The figures below show intended next steps for schools hoping to start
IR programs as well as the most commonly reported obstacles to moving
forward.

¢ Most schools that are looking to start an IR function intend to develop the
role as a part time responsibility within a larger job or combination of jobs.

o Funding issues are not the primary obstacles to starting an IR program.
The vast majority of IR SOTI respondents listed bandwidth/time
constraints or lack of familiarity with the benefits of and first steps to
starting an IR program as their foremost obstacles. CIRIS hopes this guide
and ongoing professional development offerings can help alleviate the
latter.

To ameliorate time and bandwidth constraints, a substantial number of
schools are also looking to outsource specific IR projects as an initial step
to building a program. While the remainder of this guide will focus on
providing resources for growing an internal IR program, outsourcing (via
consultants or contractors) can make a lot of sense as an intermediate step
in that process, especially in a few specific circumstances:

o A school might need to execute a project on a contentious topic for
which it is useful to bring in an objective party without a perceived
agenda to perform analysis (e.g. a cost-benefit analysis of eliminating an
existing program or position(s) and reinvesting resources elsewhere.)

e The school needs technical analysis on which legal obligations may hinge
(e.g. analyzing fire risk to model future insurance premiums.)

» A school needs a standalone project to be completed by a specific
deadline and will use the process to build data literacy in the community
(e.g. an analysis of grades needs to be completed ahead of a DEIB
strategic planning process.)

e A school hires consultants who will partner with an internal member of
the school staff to co-complete the project thus obtaining results in a
timely manner while simultaneously building the school’s capacity to
complete future projects on their own (e.g. IR Coaching engagements
or co-building dashboards for ongoing operational use.)

Data-Informed Decision Making e Introduction
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Institutional research consulting is available from a number of national firms.
Results from the IR SOTI also indicate that current independent school
institutional researchers are interested in and able to take on contracting
work for other schools. The new IR Exchange is designed to help schools in
need of data analysis expertise to connect with experienced institutional
researchers.

Readiness for Institutional Research

While we believe that institutional research can provide powerful insights
and value to independent schools, not all schools are ready for an IR
program (yet!). As detailed in the Data Culture chapter, IR programs can

only thrive in communities where people are open to new perspectives
and are willing to change. Before setting out to
start an IR program, we strongly suggest that Today we need to not only improve data

school leaders make an honest assessment of collections to better understand our school
their current Data Culture.

challenges and opportunities, we must
also commit to institutional research to
COHC' usion ensure that OUR SCHOOL lives its mission

In the 1990s and early 2000s, independent fully. The role of the growing community of
schools had to learn how to best organize and institutional researchers and CIRIS in the

manage new roles and systems generated by

the rise of the internet. While independent wider community of independent schools is

schools certainly lag behind the private sector, fast becoming essential.

it is clear from the rise of Big Data and Al, that — HEATHER HOERLE,

we are moving into a similar period where EXECUTIVE DIRECTOR AND CEO,
schools again need to organize and manage THE ENROLLMENT MANAGEMENT
new roles and systems generated by advances ASSOCIATION

in data infrastructure and analysis. Institutional

research provides a way forward in these areas, can provide new
operational efficiencies, and can help schools from becoming blinded by
anecdotes and outdated narratives about community experiences.

At CIRIS, we believe that in the near future, institutional research and data
analysis roles will be just as common in independent schools as Director of
Technology positions, and we hope that the resources provided here can help
guide your school as we navigate these new waters together.

Data-Informed Decision Making e Introduction 20

ainyn) eyeq uonody ul uonaNpou| Sjua3U0) JO 3|qel
yoieasay [euoLnigsug

SIOpU3A pue
‘suoneldossy ‘spaeog

=
ES
3
wn
-+
o
=
(]
-+
=
o

sisAjeuy ejeq A893e.135 ASAING J0)

uoLjeduUNWWOY) pue
uoyezijensi/ eyeq

[q]
o O
s 2
85
5
ok
o o
o 09
3%
o

saoioeld 3sag

‘speaH Joj sdi]



https://docs.google.com/forms/d/e/1FAIpQLSdxR3JSF-U6UJetKIWiFSIB2KTmvKBsjlCzEyV6kSiDXxOAlA/viewform?usp=sf_link
https://docs.google.com/spreadsheets/d/1n0PAuhg9186brHbs97o6APd62voJY5ygG6sqq3OsU7M/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1n0PAuhg9186brHbs97o6APd62voJY5ygG6sqq3OsU7M/edit?usp=sharing

Statistical Disclaimer: As good statisticians, we want to acknowledge
some of the limitations of the IR SOTI data. While the sample includes
a wide variety of schools in terms of size and location, the total number
of responding schools was just 145 with just over 50 of those schools
having an IR role. Of those, only about half reported salary information.
Additionally, while the survey was distributed by a number of national
associations including CIRIS, the Association of Tech Leaders in
Independent Schools (ATLIS), the Enroliment Management Association

(EMA), One Schoolhouse, and the National Association of Independent

Schools (NAIS), we have to note that the schools who self-selected into
responding are probably more aware of institutional research than the
average independent school. We suspect that the estimates about the
prevalence of IR programs exhibit some upwards bias. We offer the
information simply because it is nearly impossible to find elsewhere, but
we encourage readers to interpret the information as a rough guideline
and upper bound on what is happening in the wider independent school
community. CIRIS hopes that people will find this information useful and
will be excited to respond to the next IR SOTI! (Go back)

Data-Informed Decision Making e Introduction
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https://ciris.maret.org/
https://theatlis.org/
https://www.enrollment.org/
https://www.oneschoolhouse.org/
https://www.nais.org/

Institutional Research
in Action

Consider the following
(perhaps familiar) scenarios:

The class deans at Data Academy need to track student attendance in order

to enforce the class attendance policy which dictates whether or not students
receive course credit. Unfortunately, the only way they can currently check

on this is to click on each student individually in the SIS to see how many
absences they have. It’s tedious and annoying to do, so the attendance policy is
inconsistently enforced, if at all.

The Admission Office at Data Academy has been hosting outreach programs
at specific locations around their market but wonder if these locations
maximize their reach. They currently have no way to visualize their application
data to show patterns.

In faculty meetings discussing student performance and diversity, equity,
inclusion, and belonging work (DEIB), teachers implicitly and explicitly
assert beliefs about achievement gaps at the school based on their personal
experiences with their own classes and students. Without an overarching
view of achievement patterns examined by grade level, discipline, and/or
demographics, policies are driven by anecdotes that may or may not address
the needs of the entire student body.

Scenarios similar to the ones above are commonplace in independent
schools, and institutional research is able to address each of them.
Broadly speaking, institutional research projects in independent schools
fall into four categories: Process Simplification, Descriptive projects,
Explanatory projects, and Institutional projects. In the examples below,
we have outlined the four types of projects and offered examples of
institutional research projects in each one. The links in the table below

Data-Informed Decision Making e Institutional Research in Action
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will take you to functional (but fictionalized) interactive dashboards on
the CIRIS website that you can explore.

5
Type Description Value add Examples §-
[}
Process These projects Reduces demands on  « Attendance tracker for Deans to monitor §'
Simplification make access to personnel bandwidth. student class absences
existing O!ata Saves time, reduces o Student achievement monitoring to inform
anq metrics frustration, makes it advisors/deans of grades-to-date so that
easter. easier to be proactive interventions can be implemented

o Student support/accommodation tracking for
Learning Support Office

uonoy ul
yoieasay [euoLnigsug

o Real time, auto-updating admission spaces
available based on re-enrollment

o Dashboard for College Counseling consolidating
course enrollment, grades, standardized test
scores, club engagement, athletic and arts
activities, and awards into one student profile

o)
I
-+
Q
(o]
=
=3
c
=
o

o SAT/PSAT score processing and reporting from
College Board

Descriptive These projects An understanding of e Grade analysis dashboard to show grading =
Projects use data what is happening patterns across demographics and disciplines <] o
v 35
to explore at the school that -, pashhoards to highlight Admission activity A
and discover is independent of across demographic and geographic markers § 2 S
patterns that anecdotes and gut . a8 T
. oo . over time o 59
exist within the  feelings ==
community. o Rubric analysis to identify bias in admissions § >
processes
¢ Analysis of high school math course enrollment -
patterns relative to math placement in middle g_., % g
school & 3 7
* Help desk ticket evaluation for resource and i..l 5 3
staffing evaluation ] ng’_9<°
o Collecting and reporting survey data for teacher
and staff evaluations disaggregated across o
various demographics S
v
%]
5
< g
w o
g5
58
[)°]
<
o)
QO
i
>
2
3,
]
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https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/attendance-tracker
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/grade-analysis
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/grade-analysis
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/admission
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/admission
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/admission

Type Description Value add Examples
Explanatory These projects Allow for an objective e Identifying and explaining correlations between
Projects seek to understanding of student engagement and academic success.
understand why  the real drivers that «  Explaining student “rigor ratings” in the
the pattern:s are cc?mmon across college admissions process in terms of course
uncoYer?d in constituency groups placement/advising.
descriptive
projects exist ¢ Modeling academic success in terms of
and how the admissions testing scores.
school might o Comparing observed AP performance and
intervene to scores expected based on PSAT scores

change them. «  Conducting focus groups or interviews for

qualitative analysis

Institutional These projects Measure progress o Assessing growth in DEIB

Projects are of strategic toward§ long-term e Measuring holistic student engagement or
value to strategic goals and/or Wellness
the school measure goals that do
and touch not have traditional * Measuring environmental sustainability goals
on multiple metrics o Measuring the development of core
functional competencies by students

.Th . - .

2::; invsK/e o Strategic plan accountability tracking
designing new o Creating automated, high-level dashboards for
metrics and the Board of Trustees to complement or partially
incorporating replace traditional Board reports
new data flows
to support those
metrics.

Projects within each type can vary in how difficult they are to execute.
Difficulty of execution often depends on factors like the number and
cleanliness of the data sources involved and the level of statistical
analysis required.

Institutional Research Project Topics
by Operational Area

Actionable data exists in nearly every area of the school. The tables below list
common research questions in the areas of Academics, Admissions, Learning
Support, and DEIB, but similar questions exist for functional areas like:

¢ Advancement, Development, and Fundraising

o Alumni relations
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https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/thrive-index
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/thrive-index

College Counseling
Business Office, Operations; Financial Analysis

Constituent Surveys (parent satisfaction, for example)

ACADEMIC LEADERSHIP

In what ways do our course enrollments support or refute proportional
representation of students by sex, race, and/or socioeconomic status?

How do we measure and interpret student longitudinal growth and/or
where do we see grading “inconsistencies” within and across academic
disciplines?

What are faculty staffing needs for a given school year?

What types of professional development experience are most effective
for faculty and why?

How can we create a more inclusive school community?
In what ways does our school define success/thriving?

How do we measure and track student well-
being and mental health as it intersects with In my career | have found that a healthy

school life? institutional research function is critical to the
Who receives disciplinary warnings and for success of our schools. The challenges we face
what reasons? are many and overcoming them requires data-

driven decision making at the highest levels.

ADMISSION — CHRISTIAN DONOVAN,

HEAD OF SCHOOL, FRIENDS SCHOOL
OF BALTIMORE

How do we track activity in our market over
time? How can we identify potential emerging
and maturing catchment areas?

What are ways to extend and improve the use of traditional metrics and
trends to guide strategies and action?

How do we measure and assess internal consistencies with the applicant
file reading and selection process?

What are possible indicators of potential success or fit for admission
candidates? Which pieces of information gathered in the admission
process are actually correlated with thriving at our school?

Data-Informed Decision Making e Institutional Research in Action 25

ainyn) eyeq uonoy ul uoLdNpoU| Sjua3U0) JO 3|qel
yoieasay [euoLnigsug

SIOpU3A pue
‘suoneldossy ‘spaeog

=1
=
3
wn
-+
4
=
(]
-+
£
o

sisAjeuy ejeq A833e1435 ASAINS 10}

uoljedIuUNWWOY) pue

[q]
o O
s 2
85
5
ok
o o
o 09
3%
o

saoioeld 3sag

uoyezijensi/ eyeq

‘speaH Joj sdi]




Sjua3U0) JO 3|qel

LEARNING SUPPORT, STUDENT ENGAGEMENT

* In what ways can we identify the need for academic interventions that
will best support our students?

¢ How can we observe, track, and promote the consistent use of learning

uoLdNpoU|

accommodations?

¢ In what ways does the academic experience of students with learning
support plans differ from other students?

» To what extent is a student engaged in school via attendance, classroom

uonoy ul
yoieasay [euoLnigsug

participation, clubs and activities involvement, athletics, leadership
opportunities, etc.?

o  What programmatic changes will best support student well-being while
simultaneously challenging and supporting students in an appropriate
manner?

ainyn) eyeq

* How can student growth be tracked over time through testing and
other metrics? In particular, if and when a student receives academic
intervention, how are the outcomes of that intervention assessed?
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DIVERSITY, EQUITY, INCLUSION,
AND BELONGING

* In what ways can we identify factors that improve or hinder students’
sense of belonging and inclusivity within the school community?
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o How equitable is the access to and distribution of student resources and
opportunities across the school?

o To what extent are the academic and social experiences of students
from diverse backgrounds the same or different?

* How do recruitment and retention practices help to create a diverse

A833e1435 ASAINS 10}
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faculty?

Please visit the CIRIS IR Project Catalogue, which gives a searchable list

of IR projects executed at schools around the country in a variety of areas.
Listings include information about requisite skills and platforms as well as

sisAjeuy ejeq

ease/difficulty of execution.
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Where to Start

With such a variety of applications, it’s natural to wonder, “Where do
we start with IR?" The large majority of IR programs begin with process
simplification or descriptive projects (often, an individual in the school

uoLdNpoU|

community who is already executing process simplification projects is
tapped to step into an IR role because of their ability to manage data.)
Because process simplification projects make people’s lives easier

and descriptive projects often substantiate the strengths of a school,
institutional researchers sometimes refer to these undertakings as “winning
hearts and minds” projects that help launch an IR program in a positive way.
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The graph below, from the 2023 CIRIS IR State of the Industry Survey,
shows the most common topic areas for projects from respondents who

already have an IR program.
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Which of the following types of IR projects have you worked on most during this academic year?

B Analysis of student academic
outcomes

B Admissions/enroliment analysis
Bl Constituent feedback surveys

I Measuring holistic student
engagement or wellness

0 Quantifying DEIB metrics
I Financial/budget analysis

()
=
(=%
5
3
Q
=]
=
©

‘suoLjeldossy ‘spieog
‘speaH Joj sdi]

B Fundraising/advancement analysis 5 g o
Employee hiring/development/ g g g
evaluation =l

c3g

Bl Communications/marketing a § 8
analysis 333

20

Schools often begin with academic or admission projects because, in many
cases, the requisite data sets are available directly from a database, have

saoioeld 3sag

been consistently maintained for a number of years, and are comprised of

A833e1435 ASAINS 10}

relatively clean data.
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How Institutional Research
Programs Evolve

One fundamental dynamic of research is that “projects beget more projects.”
At CIRIS, we often think about individual projects as a link in an evolution

uoLdNpoU|

of inquiry similar to design thinking paradigms. We call this iterative
process the “IR Project Cycle.”

2
=4
=1 .
THE INSTITUTIONAL >3
o =
RESEARCH PROJECT CYCLE 3+
g
PN . . a
Institutional =
Projects that build ongoing systems that school leaders use to
inform decisions and monitor the impact of policy changes (ex.
We built an Academic Outcomes dashboard that displays grading
distributions and highlights gaps at the end of each marking period.)
Explanatory

Projects that determine the root causes or underlying
determinants of the patterns detected by Descriptive projects (ex.
"Why do our grading distributions fall into the patterns we observed?")

P
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Descriptive .

Projects that measure some aspect of how the school currently
exists (ex. "What are our grading distributions by race and gender?")

Project Evolution
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Reflection &  Data Data Communicating Data-Informed
Discernment  Compilation  Analysis Results Institutional Change

A concrete example of the journey through this cycle can be found in Maret
School’s IR program:
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o Maret began their IR program with a standalone analysis of grades by race
and gender over a 15 year period. This project blended descriptive and
explanatory elements, and concluded that students from demographic
groups R and S had higher average grades than students in groups X and Y.

o This standalone project focused on historical grades then evolved into
an ongoing institutional Grade Analysis Dashboard that school leaders

A833e1435 ASAINS 10}
sadljoeld 1sag

could use to track whether these gaps were growing or shrinking each
semester.

o Afew years later, Maret launched an ongoing system of alumni surveys
focused on young alums. Feedback from these surveys revealed a
seemingly contradictory result: the demographic groups with the lowest
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average grades tended to give the most positive feedback about their
overall experience at the school.

o This paradox led to a deeper look at the implicit and explicit ways
faculty defined student success and thriving, which eventually led to the

uoLdNpoU|

development of Maret’s Thrive Model, a system that seeks to measure
student engagement in six holistic, mission-aligned areas of school life.

Conclusion

While institutional research programs all share a common foundation in

uondy ul
yo1easay [euoyniysuj

data analysis, the exact form and focus of the program varies widely from
school to school. In some schools, institutional researchers only work on
strategic projects for their Head of School or Board. In others, they work
closely with individual teachers. Some institutional researchers focus
heavily on constituent feedback surveys. Where you choose to focus first

ainyn) eyeq

will depend on your school’s strategic priorities and on the culture across
various offices in your school, especially around data and institutional
change.
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Data Culture

Consider the following
(perhaps familiar) scenarios:

Your school regularly surveys students, parents/guardians, and alumni. Every
time you ask your head of school to start regular surveys of faculty, he refuses,
saying “Trust me...I already hear all of their complaints.”

Through a very sophisticated statistical technique, the institutional researcher
at Data Academy demonstrates that up to 40% of the difference in average
grades between different student racial groups is due to placement policies
and inconsistencies in how teachers grade across different curricular tracks.
School leadership is skeptical of the finding and chooses not to address the
issue because of the friction it would cause with faculty and the report is never
discussed again.

Every aspect of an independent school is shaped by culture. Institutional
research and analysis is no different, and a school’s Data Culture directly
influences the efficacy of its data use. While school values, norms, and
attitudes shape work with data, an intentional approach to Data Culture
creates a climate in which the work can be most impactful.

What is Data Culture?

At CIRIS, we define Data Culture as a school community’s feelings and
actions towards the collection, storage, analysis, interpretation, and
response to data. A school’s Data Culture rests on four interrelated pillars:

Data-Informed Decision Making e Data Culture
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Pillars of Data Culture

& Governance

for the cleanliness
and accessibility

Can the users

numbers mean?

Do your users

5

]

Data Data Literacy Trust Growth Mindset §
Infrastructure g

Are people

of your work trust your willing and able
Are your data understand what unbiasedness and to change their
stewards caring the graphs and good intentions? perspective and

habits in light of
new information?
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DATA INFRASTRUCTURE & GOVERNANCE

Data is the lifeblood of institutional research and Data Culture. Being

ainmyn) eyeq

intentional and careful about how data is collected and stored is so
foundational to Data Culture that we've dedicated an entire chapter to it.

DATA LITERACY

A school’s Data Culture can only thrive if members of the school
community (faculty, staff, students, parents/guardians, alums) can read and
understand analytical results. Not everyone in the community needs the
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same level of data literacy; clearly the institutional researcher should aim
to have the highest level of data literacy but schools should not feel that
they need to train everyone in the community to be research statisticians.
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Instead, schools need to identify the skills different constituencies need

to successfully interpret the dashboards or reports they are expected

to interact with routinely. For example, if course evaluation feedback

for teachers shows averages and uses boxplots, then all teachers need
training on interpreting averages and reading boxplots. Since school leaders
typically access a broader range of metrics and visualizations, they will likely

A893e.135 ASAING J0)
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need additional data literacy training.

Identifying the data literacy needs of different community members,
establishing training protocols for existing and new personnel, and updating
those protocols as your Data Culture evolves are the primary goals for

a data literacy program and would ideally fall under the purview of the
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school’s Data Strategy committee.
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TRUST

A culture of trust is important whether a school has an institutional
research program or not. It is, however, a central feature of Data Culture
specifically. A school’s Data Culture thrives best when community

uoLdNpoU|

members feel safe both giving and receiving balanced, reliable, valid,

and unbiased feedback. Constituents must believe that others in the
community have their best interests at heart. A climate of trust can
develop when schools have open, safe discussions around data collection,
access to data, and regular uses of data. Presentations sharing early
successes, challenges, and findings can mitigate pushback. However, most

uonody ul
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schools should anticipate some level of pushback.

Much like we do with our students, educators can encourage a sense of
adult curiosity and inquiry around data. Some guidelines schools can use to
cultivate the spirit of inquiry and foster trust are below:

ainmyn) eyeq

¢ Maintaining a clear and accessible Data Governance policy for incoming

data so the community trusts the integrity and privacy of source data
used in projects as well as the ethics surrounding how data is used.

o Acknowledgement across the school that data is an institutional asset
and not the property of any particular office or person. Establishing clear
policies for data sharing between offices and institutional researchers.
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Once a project has been approved, Data Stewards and Custodians

should not have the option to refuse to release data. Ideally, Data
Stewards and Custodians would be part of the project selection process
via a Data Strategy committee so they trust the intentions of the project.
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o Similarly, projects should not be carried out “in secret.” If the
institutional researcher is working on a project about the college
application process, for example, the College Counseling Office should
know that the project is happening and what its aims are. When offices
only learn about projects once results are being reported, it feels like an
ambush that erodes trust, even if the results are positive.

A893e135 ASAINS 10}
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¢ Schools can unintentionally convey distrust in members of their
community by hoarding project results out of fear that the results will
make them or the school “look bad,” that their community members
will “take the results out of context” and take it upon themselves

sisAjeuy ejeq

to “do their own research,” or simply because they can't find the
time to discuss the best way to share the results. If the source data

Data-Informed Decision Making e Data Culture 32

uoLjeduUNWWOY) pue
uoyezijensi/ eyeq




Sjua3U0) JO 3|qel

for a project was a survey, some form of results should always be
shared back with the constituency that filled out the survey. If you
don't loop back to them to share what you heard from them, they
will not trust that their time and input are valued and response rates
will decline. It's important to remember that any criticism revealed

uoLdNpoU|

through data analysis already exists whether you share the results or
not - failing to acknowledge the criticisms instead of getting ahead
of the situation by recognizing them and expressing a plan to address
them will undermine the efficacy of your IR program and increase the
frustrations that exist in the community already.
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What does it look like for a school to effectively communicate and share
the results of a research project? The diagram below shows how one school
processed and communicated the results of a student climate survey:
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A Picture of
Data Culture Wellbeing urvey
in One Project |

Mtg w/ Wellness
Committee and
Counselors

Leadership Team
Mtg
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Division Specific Department
Mtg w/ Division Relevant Data to
Heads Staff Dept. Heads

Parent Wellness Parent DEI
Committee Committee

Divisional Faculty Mtg w/ DEI Staff Presentation Additional Parent

Meetings Directors Town Hall Programming StidentAssembiy BarentiWehinay
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Community New Student
. Tea:h.er. V\.Iellness b Targ.eted L Policy Review Health and Wellness &
Initiatives Sessions ;
| g I |te Wellness Fair Health Resources

The full presentation is available here.

saoioeld 3sag

¢ When communicating results to stakeholders, institutional researchers
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should be willing to explain their methodology in any level of detail so that
the audience trusts the process the institutional researcher went through.

o Institutional researchers should be meticulous about presenting
balanced results. Oftentimes, schools take their strengths for granted
and want to jump directly to weaknesses to address. This tendency

sisAjeuy ejeq
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sends the implicit message to the community that data is only critical,
which will increase pushback and skepticism. Institutional researchers

should always present positive results alongside critical ones so that the
community perceives them as objective (and because people deserve to
be recognized for good work!). School leaders should amplify positive

uoLdNpoU|

results back to the community to show that data analysis gives evidence
of the great work happening at the school.

¢ Itis common for institutional researchers to move into this role
after having been at a school for a long time. As such, they can be
perceived to have biases against or favoring certain offices or staff. The
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institutional researcher’s direct supervisor should have frank discussions
with the researcher about their biases (we all have them!) and how to
check them. Similarly, school leaders should be mindful of how personal
feelings staff have towards the institutional researcher may hamper their
willingness to accept valid analytical results (see section below on Data_

ainmyn) eyeq

Skepticism.)

Growth Mindset

Are people willing and able to change their perspective and habits in light
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of new information? To foster a healthy data culture, faculty and staff
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need to have a growth mindset and to be open to actually making changes
based on what they've learned. All members of a school community can
contribute in the ways outlined below.

* Whenever possible, institutional researchers and school leaders should
model their belief that they have both strengths and weaknesses
and want to use data to celebrate their strengths and work on their
weaknesses. For example, if an institutional researcher is showing the
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faculty how to read the course evaluation results dashboard, they could
use their own actual course evaluation results in the demo and discuss
both the mechanics of the dashboard as well as how they glean both

saoioeld 3sag

positive and critical takeaways in what they see. In sharing results of a

A893e.135 ASAING J0)

faculty climate survey, a Head of School can publicly discuss what they
took away as strengths and action items.

o Change is not universally popular. If a school implements a change that
95% of the community supports, there’s still 5% who might be vocally
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upset about it. Change also doesn’t happen overnight. It might take
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several years for the benefits of change to be evident. School leaders
need to be prepared to weather pushback during a transition period and
resist the urge to reverse themselves.

o Data analysis should inform both additive and subtractive change.

uoLdNpoU|

There'’s a tendency to add new programs or responsibilities in response
to data analysis. While this is appropriate, it should also be balanced.
Analysis also does a great job of highlighting practices that aren’t
working and should be cut. For example, if your Admission surveys
consistently show that the school’s presence at fairs has almost no
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impact on Admission decisions, stop requiring your staff to go to them,
especially if the analysis is also pointing to more fruitful new practices.
Releasing practices that aren’t working is just as much a part of a growth
mindset as taking on new ones.
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Data Skepticism and Pushback

Data skepticism and pushback are major concerns when cultures start
embarking on strategic data use, and for good reason. In the moment of
communication, pushback can be overwhelming and discouraging, and just
the fear of it can put a halt to good data work. It's important to understand

SIOpU3A pue
‘suoneldossy ‘spaeog

that this is a natural part of the development of Data Culture.
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Before moving on in this section, we need to be clear about what
constitutes “Data Skepticism.” Almost every school will have some members
of the community that are “early adopters” of
data usage and some that just refuse to engage.
Even enthusiastic early adopters will have owe it to students, faculty/staff, and

clarifying questions about project results or even families to understand much more deeply
push back on methodology. This is fantastic

Education does not stand still, and we
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the quantitative and qualitative value

and welcomed; institutional researchers are not ?,‘:w
e e e . s
infallible, and it is important for their work to our institutions provide in the present. § %
face scrutiny and double checking. Our schools also have a professional and P g’r
- . s 9
o »n
There is a difference, however, between good moral responsibility to identify, early, when <
faith clarifications and Data Skepticism, which initiatives, curricula, etc., are not providing the
is a blanket hostility or passivity towards data outcomes we anticipated. o
in general. Data Skeptics often view themselves g
as acting in good faith. One way to distinguish — RACHEL SKIFFER, %
§ In good taith. Lone way & HEAD OF SCHOOL, 3
between good faith questioning and Data HEAD-ROYCE SCHOOL @
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Skepticism is that Data Skeptics tend to raise issues only when results are

critical. Good faith questioners will raise concerns about methodology

whether the results in question are positive or critical. The comments in the

remainder of this section are meant to address Data Skepticism.

To mitigate the growing pains of skepticism and pushback, it helps to
anticipate what they look like, where they come from, and to strategize

about how to bring skeptics into the conversation so as to feel prepared

when they appear. The table below offers some common manifestations,
root causes, and solutions to specific forms of Data Skepticism.

Root Cause
Low Data Literacy:

A misunderstanding of statistical
concepts and research methods

Example Manifestation(s)

A teacher claims that their o
course evaluation average

results for 50 students are low
because of “one disgruntled
student.”’

A division director asks what
the response rate was (40%)
and then publicly questions
the validity of the results
because “such a small group
of parents responded” and
“for all we know, some people
replied multiple times.”

Solutions

Determine minimum levels of data
literacy for various roles at the school. Be
intentional about providing systematic
training to both existing and new
faculty/staff to reach requisite levels.

Workload Concerns:

Ignoring or minimizing analytical
results because people fear
having to do additional work to
adequately respond

A grade analysis definitively °
reveals that a substantial

portion of the gap in average
grades across racial groups

is due to placement and

grading practices that are
currently at the discretion of
individual faculty. The analysis

is shelved.

Data projects should be catalysts

for both adding and deleting current
practices. Many schools fall into a
pattern of only adding responsibilities
to respond to feedback. Data projects
should also be deployed to simplify
existing projects and to prune practices
that are not effective.

Fear of Criticism:

School faculty and staff are
passionate and invested

in their work. They often
assume data is only used to
highlight weaknesses. They are
preemptively defensive.

Specific offices around °
campus refuse to collect

or share data about their
functional area.

Feedback at the school

is unidirectional; faculty

and staff do not have
opportunities to share
feedback about those in
leadership but are expected
to respond to feedback about
themselves.

Never present only negative feedback.
Data reports should *always* include
both strengths and weaknesses!

Be clear on institutional goals ahead of
time, and don't “move the goal post”
after results are in

School leaders can publicly model
how they receive both positive and
critical feedback about themselves to
demonstrate healthy growth.

Data-Informed Decision Making e Data Culture
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that happen on average. The € A
don't believe statistics can

individuals in our communities, o Openly acknowledge that average
capture the nuance of the

Root Cause Example Manifestation(s) Solutions
Fear of Invalidation » Agrade dean declines to o If building a Data Culture is a goal the
Data analysis focuses on check in on a student whom institution has set, the Head of School s
finding broad patterns or trends data mf:hcates might be must make it t‘:Iear.that dlsengaglng g_
struggling because they from data entirely is not an option. S
=4
(=]}
=}

the process of teaching and
learning in their division is too
nuanced and personalized to
be described quantitatively

shopping or entertainment preferences,
data can also be used to model complex
processes like teaching and learning.

however, do not experience ; . o results don’t always match individual
the school “on average.” When r:la;:lo:shlps they build with experience
. . students =
‘the‘ proad trend.? conflict with L . ¢ Help the community understand that §
individual experlel?c?, pe9plf o A d|V|$|c:)n director refu§es to statistics can indeed model complex - -g_r
Fan feel fchat daFa ‘|s erasmg' or engage in any datca projects human interactions. If Al algorithms can > §
invalidating their lived experience because they believe that use data to accurately anticipate our g, %
g
5

* Resolve conflicts between data and
lived experience by avoiding either/
or thinking. Oftentimes, situations
that present a paradox between
lived experience and data results are
entryways into the most interesting
follow up inquiry. In many cases, both
points of view are accurate in different
ways.
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Managing Skepticism and Pushback

An overarching strategy for managing pushback is to shift skepticism and
conflict into curiosity and inquiry. The following tips can help make that
change, even in the moment.

o Talk about Data Skepticism with your team and community before you

)
s 2
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5
3
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o
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undertake any projects. Many schools have done excellent work around
recognizing and having protocols in place to address microaggressions.
Similar work around Data Skepticism can help your team recognize when
colleagues (or they themselves!) are exhibiting skepticism.

saoioeld 3sag

o Be clear about the intent and goals of your institutional research

A893e135 ASAINS 10}

program. It is important to note that people might be nervous about the
“stakes” IR work. If the data does not show what the school is hoping

to be true, they might wonder if their job or salary will be in danger or

if their department’s budget might be reduced (a heightened form of
Fear of Criticism.) For this reason, data can be met with defensiveness.

sisAjeuy ejeq

Remind your team that data isn’'t meant to “catch” anyone doing
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something wrong; it’s just there to help us understand what is going on
around us and solve problems more efficiently.

¢ Give people space to feel conflicted about the findings. Even data
enthusiasts may have an emotional reaction to results.

o Accept criticism when it's accurate and make a plan to address it.

o Listen and gently explain when criticism is unfounded. Consider the root
cause of the skepticism and have a few “scripts” prepared to address
different causes.

o Model an inquiry orientation by asking questions and showing curiosity
when conflicts and criticisms arise.

It's important to note that these strategies should be employed broadly
throughout the leadership team. While an institutional researcher
themselves should certainly model these practices, depending on where
they sit in the organization, they may not have the positional authority to
implement them widely and will need support from school leadership.

Data Culture Precursors

While CIRIS believes that institutional research can have a positive impact
in any school, it's important to gauge your school’s Data Culture before
leaping into an institutional research program. We have found that school
cultures that exhibit the following traits are often ready to start building
Data Culture through an IR program:

e There is a positive culture and intentionality around professional
development in all parts of the school. This includes a healthy
relationship with feedback. There are official feedback practices in
place (or a genuine desire to have them) that flow in all directions;
teachers receive feedback from students, parents/guardians, and
supervisors. Teachers also have the opportunity to provide feedback
about their supervisors and school leadership.

o There's a general feeling of trust between community constituencies.
Community members feel that decisions are made transparently and
with good intentions, even if they don't necessarily agree with the
outcome. They also feel they have appropriate voice in decisions.

Data-Informed Decision Making e Data Culture
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e Community members feel empowered to try new things without an overly
burdensome approval process. Similarly, trying a new initiative is viewed
as a valuable learning experience even if its results are mixed or even
negative. A desire to do things differently is not perceived as a criticism
of the school or its leadership; it is instead viewed as a sign of wanting to
help the school more effectively deliver its mission and is valued.

o There’s a real desire to authentically live the mission of the school.
The mission drives operational choices and is not just a slogan on the
website. This desire is evidenced by serious attention to community
criticism based on the mission rather than dismissiveness or reflexive
defensiveness.

Before starting an IR program, we'd encourage any school to complete

a Data Maturity Assessment (DMA) instrument to get a baseline
understanding of where your school stands with respect to the four pillars
of Data Culture. The CIRIS DMA is one option that can serve as both

an assessment and roadmap for growing your Data Culture. We'd also
recommend repeating your chosen assessment at regular intervals to gauge
institutional progress over time.

The Evolution of Data Culture

Now that we have covered what Data Culture is and how to foster it
(perhaps ad nauseum!), we close the chapter with a rough overview of the
stages of Data Culture development and its typical evolution:

¢ School leadership completes a Data Maturity Assessment and/or gauges
whether their community exhibits the precursors to Data Culture listed
above. If the precursors are not evident, they work on developing them
before launching an IR program.

o At the outset of a new IR program, the school is focused on setting up
systems like a Data Strategy Committee and working to audit, map, and

update their data infrastructure and governance.

o Early IR projects focus on winning the hearts and minds of the
community through process simplification projects and projects that
are likely to give evidence of institutional strengths. This is also a great
time to work collaboratively on projects with the data enthusiasts/early
adopters in your community.

Data-Informed Decision Making e Data Culture 39
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https://docs.google.com/spreadsheets/d/1n0PAuhg9186brHbs97o6APd62voJY5ygG6sqq3OsU7M/edit?usp=sharing
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¢ The school begins data literacy training for all constituents and
proactively addresses topics like Data Skepticism. It may also be helpful
to establish protocols for discussing data at this point to give faculty and
staff scaffolding to enter these conversations. This is especially helpful
for supervisors who will need to discuss data feedback with direct

uoLdNpoU|

reports who may not themselves feel comfortable with data. Examples
of data discussion protocols from the School Reform Initiative can be
found here, here, here, and here. We also recommend the book Got
Data? Now What? by Lipton and Wellman.
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o Once the school feels like it has a good handle on data infrastructure
and governance, the institutional researcher moves into descriptive
projects. Good starter projects in this area are based on established,
well-maintained, and easy to access data sources. Examples might
include a grade analysis dashboard or an enrollment management
dashboard. This is also a great time to establish constituent feedback
programs (e.g. course evaluations, parent/guardian surveys, alumni

ainmyn) eyeq

surveys, etc.) Even if these systems already exist, the school should
reassess whether the results they get are valuable, accessible, and
actually inform policy. If not, it's time for a revamp!

* By now (typically around year three of an IR program), the community
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has made progress in data literacy and has bought into the usefulness
of projects to date. In fact, in many schools, once the community sees
what IR is capable of producing and has seen the results of descriptive
projects, their appetite has been whetted and they begin posing
questions about why certain patterns exist. This is a sign that the
institutional researcher should move into explanatory projects and can
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start adding more complex visualizations or analyses to existing reports.

o Once the Data Culture has matured, schools can begin the process
of identifying and collecting data to inform progress toward harder-
to-measure elements of the school’s mission. For example, one of the

saoioeld 3sag

challenges independent schools face is gauging how well they are
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achieving “squishier” aspects of the school mission like wellness or
equity, inclusion, and belonging. While many of the more traditional
and concrete school metrics (course grades, GPA, test scores, college
placement) provide an easier entry point into quantifiable aspects of
the mission statement (academic rigor, for example), there is growing
interest in observing features of the mission that are more nuanced and
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challenging to measure.
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https://www.schoolreforminitiative.org/download/atlas-looking-at-data/
https://www.schoolreforminitiative.org/download/data-driven-dialogue/
https://www.schoolreforminitiative.org/download/data-mining-protocol/
https://www.schoolreforminitiative.org/download/looking-at-data-sets-a-collaborative-inquiry-and-problem-solving-protocol/
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e At this point, the school has identified mission-aligned metrics and
targets. They regularly monitor their progress in these dimensions and
results inform policy decisions.

uoLdNpoU|

Conclusion

A school’s Data Culture is at least as important as the skill of its individual
institutional researcher in determining the long run success of an IR
program (perhaps even moreso.) While an institutional researcher may
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have all of the requisite skills to produce insightful analysis, the program
will wither if the broader school community can’t understand or refuses to
engage with project results. School leadership should recognize that while
the institutional researcher certainly has a role in fostering Data Culture,

it is not a task they can complete alone and they will need support. The
suggestions and tools laid out in this chapter can help a school community
intentionally grow their Data Culture to build an environment in which
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institutional research can flourish.

Further Reading and Resources:
The Data Culture Project
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Data Culture Project Case Studies

Learning Analytics Collaborative - A Guide for Building Cultures of Data

Use

Mandinach, E.B., & Gummer, E.S. (eds.). (2021). The ethical use of data in
education: Promoting responsible policies and practices. Teachers College

-
500
< 0
Wmﬁ
=
'-""mﬂ
£33
goa
S om
o 3%
o

Press.

Navigating the Landscape of Data Literacy: It IS Complex

Feldon, D.F., Callan, G., Stephanie, J., & Jeong, S. (2019) Cognitive load as a
motivational cost. Educational Psychology Review 31(2). 319-337.
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Data-Informed Leadership in Education

Toolkit for a workshop on building a culture of data use

A Practical Framework For Building A Data-Driven District Or School
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The Data Management Toolkit - Irina Steenbeek
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https://databasic.io/en/culture/
https://databasic.io/en/culture/testimonials
https://www.analyticscollaborative.com/playbook
https://www.analyticscollaborative.com/playbook
https://www.analyticscollaborative.com/playbook
https://www.amazon.com/Ethical-Use-Data-Education-Responsible/dp/0807766038
https://www.amazon.com/Ethical-Use-Data-Education-Responsible/dp/0807766038
https://www.amazon.com/Ethical-Use-Data-Education-Responsible/dp/0807766038
https://files.eric.ed.gov/fulltext/ED582807.pdf
https://www.wallacefoundation.org/knowledge-center/Documents/1-Data-Informed-Leadership.pdf
https://ies.ed.gov/ncee/rel/regions/northeast/pdf/REL_2015063.pdf
https://www.publicconsultinggroup.com/media/1573/edu_data-driven-district_practical-ideas_white_paper.pdf
https://www.amazon.com/Data-Management-Toolkit-step-step/dp/1793918996

Tips for Heads,
Boards, Associations,
and Vendors

At this point, CIRIS hopes two central themes have emerged: 1)
institutional research is an emerging field with schools adopting a wide
array of models to do the work and 2) creating an environment where IR
can thrive is complex and needs support from stakeholders across a school
community. In this chapter, we offer suggestions and requests for those in
the independent school community who we often turn to for advice and
guidance on how to navigate complex transitions.

For Heads of School

Through the official policies they enact and through their words and
actions, Heads of School can often make or break the long run success of
an institutional research initiative. We offer the following suggestions for
helping an IR program thrive.

o Approach data with an open mindset. Be aware of the natural tendency
to reflexively doubt information that elicits negative feelings, as well as
the biases that you and others in your community may hold.

o Assess your school’s current Data Maturity status. There are a number
of assessment instruments available (e.g. Project Unicorn) for this

purpose. CIRIS offers our version here to use as is or as a starting point
for your own.

* Using your mission statement and/or strategic plan as a guide, assess
whether you currently have metrics in place for your strategic priorities.

o Work with your Director of Technology and database administrators
to focus on data architecture and governance to support not just task
completion but also insight development. Your team should work to
ensure that data in different systems is interoperable, that data collection
conventions stay constant even when a position turns over, and that you
maintain access to historical data even if you change systems.

Data-Informed Decision Making e Tips for Heads, Boards, Associations, and Vendors
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https://www.projectunicorn.org/ssds
https://docs.google.com/spreadsheets/d/1n0PAuhg9186brHbs97o6APd62voJY5ygG6sqq3OsU7M/edit?usp=sharing
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¢ Consider establishing a Data Strategy Effective schools are learning organizations,

Committee that will create and oversee a and one of the most critical ways to learn is

holistic plan that identifies high-value data,

determines how to collect, maintain, store, and to conduct institutional research, Achleving

analyze that data, articulates how that analysis @ deep understanding of your own school

will be communicated to stakeholders, and allows you opportunities not only to correct
addresses community-wide data literacy and

uoLdNpoU|

deficiencies but to maximize opportunities for

institutional change dynamics. . Z

growth and better reach your full potential. =

=&

Model and expect data literacy and >3

’ P reraey ~ T.J. LOCKE, ED.D., 2s
(=]

awareness from your team. Ask, “How do we THE GREVILLE HASLAM HEAD OF =§

know that?” early and often. Demonstrate SCHOOL, THE EPISCOPAL ACADEMY “3;

your own familiarity with your school’s most

recent data feedback by referring to it in discussions or presentations.
Anecdotes and lived experience have an important role in running a
school, but we believe there must be a balance between beliefs and data
in decision making.
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o Plan to support your current faculty and staff in growing their data
literacy and responsiveness. It is not a straightforward learning curve for
everyone, and making sure everyone on staff has role-appropriate data
literacy skills will need to be part of the onboarding process for new hires.
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o Be aware of and have protocols in place to respond to common forms of
Data Skepticism.

o Resist the urge to restrict access to results. While we always want to
take steps to protect anonymity, it's important to remember that the
audience of a data feedback system is not just the internal leadership
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team. Institutional research is a communal exercise happening between
your team and your various constituent groups. To sustain a thriving
Data Culture in the long run, it is vital to engage the constituencies that
generate the data by sharing back with them what you've heard.
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o Relatedly, explain how your team uses data to inform policy decisions
and use data proactively. When you get positive feedback about some

A893e.135 ASAING J0)

aspect of your community, congratulate the people producing those
results. When you get critical feedback, tell your constituents, “We
hear that you wish X were better in our school. Let’s talk more about
how to address it together.”
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For Board Chairs and Members

Boards play a crucial role in stewarding a school’s mission, setting
strategic priorities, and securing resources necessary for the school’s
leadership team to execute those priorities. Helping an institution pivot

uoLdNpoU|

from a task-oriented Data Culture to an insight-oriented Data Culture
needs both strategic leadership and material resources.

o Consider prioritizing your school’s Data Strategy by incorporating it into
your next strategic plan and allocating adequate resources to support
it. At right is an example of the strategic plan language at Maret that
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led to the launch of its IR program, and
here is an example of an Action Plan around

“Data Driven Decisions,” written by the
International School of Panama in response to

a strategic plan goal. Measurement and Evaluation

¢ The board committee that works with the Successful change requires careful,
school’s tech department can engage tech honest, and fact-based assessment

leadership in a discussion around data of our progress, our failures, and our
interoperability and governance. Find out accomplishments.
what resources the office needs in order to

ainyn) eyeq
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position the school’s data infrastructure to * We evaluate our curriculum to keep
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be able to leverage data across systems for pace with changing societal demands,

insights rather than just task completion. current research on education, and

evidence-based teaching techniques.
o Talk with your Head of School about the

high-level, strategic metrics the Board would * We examine our program critically to

like to track and then establish protocols ensure it will develop talents, well-
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adjusted learners who are prepared to

for existing and incoming board members

to get appropriate data literacy training. succeed in the world they will inherit.

While many board members come from a This includes reviewing student

quantitative background, not all do. Board data for any disparities in academic

members who do come from quantitative achievement among ground with

different social identifiers.

saoioeld 3sag

backgrounds in other settings may be used
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to having access to operational metrics that e We see a dramatic increase in the

would be too “in the weeds” for a school availability of data and the tools for

board member, so while they may not need analying it—and look forward to

data literacy support, they may need an making productive use of them.
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orientation to your school’s Data Culture.
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o Set an expectation with your Head that data should be part of important
feedback loops (e.g. personnel evaluations, board reports, annual “state of
the school” reports, etc.) and discussed with various constituent groups.

* When selecting new board members, schools should weigh candidates’
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data literacy and available skills/resources related to data.

For Associations :
Whether it’s facilitating the accreditation % g
process, supplying examples of best practice, 53
credentialing, or providing direct professional In recent years, regional and state g_
development, our regional and professional accrediting agencies have encouraged
associations are an important source of guidance the use of data to both substantiate S
for our schools. CIRIS hopes to be a partner with and illustrate dimensions of student =
our associations to help provide the following learning. This shift is underscored by g
tools for association members. the 2013 adoption of Criterion 13 o
o The staff in our offices (Admission, Business e ?ta.ndards issued. by.the NALE
Office, Development, Diversity Equity SRS 0N CD/ e 0 E1iE o g =
Inclusion Belonging (DEIB), Wellness, “The standards require a school to %%g
College Counseling, Technology, and provide evidence of a thoughtful 2 é 3
Registrar) want to know more about what process, respectful of its mission, for the @ §%
schools are doing with IR. Consider making collection and use in school decision- <
examples of IR projects in your topic area making of data (both internal and -
a regular part of your website, social media external) about student learning.” g: s% g
presence, newsletters, magazine, or other ‘é”* § 2
communication resources. Similarly, from the Southern Association g: § a%
of Independent Schools, “The goal of the ®3s
¢ Incorporate sessions about IR skill self-study process is to identify three to
development specific to your functional five major goals for school improvement. g
area into your conference and professional The school report documents the self- ‘5” g
development offerings. CIRIS would like to study process and thoroughly describes %, g'f’
specifically recognize ATLIS for the model the school’s plan to achieve these § g
of collaboration they've set up with CIRIS goals...What measures will the school <
over the last several years to provide PD use to chart its progress? Measurable
opportunities and conference programming results that will demonstrate to the

to impactfully support members of both school its movement towards the
organizations. CIRIS looks forward to working selected institutional goal(s)”

with additional associations in similar

sisAjeuy ejeq

partnerships in the future.
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¢ Because IR in independent schools is a newly emerging field, there is
a need for reference materials around best practices and assessment
instruments. Consider incorporating guidance in IR and data-related
fields into your existing reference materials.

For Vendors

¢ Vendors should support schools and their institutional research
initiatives by adopting interoperability standards (e.g. oneroster, EdFi,
well documented RESTful APIs). Vendors also shouldn’t assume a school
will use the full functionality of their systems because of external
requirements (e.g. admissions associations requiring specific databases)
and should work to make integration between systems easier.

o Engage with users in product development. Ideally, vendors would work
with schools to solicit feedback on what data, metrics, and analysis
would be useful and not make assumptions on behalf of schools. Our
hopes for where our database tech is going are ambitious, and we'd love
to collaborate with vendors to design that future.

o Data should be easy to export and generally available to client schools.

o Aspirationally, schools are looking for systems that do more than just
house data (though we recognize that housing data is not trivial by
any means.) Ideally, our database systems would be interoperable and
perform some level of synthesis, whether that's through more useful
native visualizations or machine learning algorithms that flag data
patterns about students or other constituents that might need support.

Conclusion

Even school communities with thriving Data Cultures and an openness to data
need resources and support to help an institutional research program take
root. They need financial resources and “political will” from their boards and
Heads of School. They need adaptable technology tools that are designed with
an eye towards insights rather than just task completion. They need guidance
and professional development opportunities to support both institutional
researchers and community-wide data literacy. Boards, Heads, associations,
and technology vendors are pillars of the independent school ecosystem, and
the institutional research community looks forward to continued collaboration
as we co-create systems to best support our students and families.
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Data Strategy:
Governance and
Infrastructure

uoLdNpoU|

Consider the following
(perhaps familiar) scenario:

Data Academy went test optional for Admission during the pandemic and

uonody ul
yoieasay [euoLnigsug

is exploring whether they should continue this policy or go back to requiring
standardized tests. To help make this decision,
they decide to analyze their historical data to see

ainyn) eyeq

if a correlation exists between past standardized
test scores and the grades students earned when
they attended the school, with a particular eye Data Infrastructure
towards differences in this relationship by racial

The set of systems that institutions use

groups. Tragically, Data Academy was unable aslsR e et R
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to complete this plan because they ran into the E s G e T e
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following challenges:

. L Data Governance
o Admission data lives in a different database than

grade data, and there is no way to easily link A set of rules around access, entry, and

information about individual students between maintenance of information in school

the systems data sets that ensures information
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is consistent, interoperable across
o Providing race information during the Admission systems, and can be flexibly leveraged

process is optional leading to an extremely to yield operational insights.
incomplete data set of racial identities.

Data Strategy

A holistic plan that identifies high-
value data, determines how to collect,

o Racial categories from the Admission database

saoioeld 3sag

are not the same categories used in the SIS

A893e135 ASAINS 10}

(stud‘enf mf.zrma‘t:.on Us’ysterz). 50 studzr‘vt; have maintain, store, and analyze that data,
conflicting identities depending on which system articulates how that analysis will be

) , o

the school pulls from communicated to stakeholders, and =
e . >

» When entering grades into the SIS, teachers only addresses community-wide data literacy ]
. . . . <

input letter grades instead of numeric grades, and institutional change dynamics. G

so students who earned very different grades
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appear identical (e.g. student X earned an 89.5 while student Y earned a

92.4, but they both appear as an A- in the SIS)

o Data Academy switched Admission databases two years ago and they are

unable to extract necessary data from the legacy system.

All of the obstacles Data Academy ran into in this scenario are issues of an

underdeveloped Data Strategy, a concept that includes, but is not limited

to data infrastructure and governance.

In a simplistic metaphor, data is like the vehicles moving from place to place
in a transportation system. Data infrastructure includes the roads and parking
lots the vehicles travel on and are stored in. Data governance corresponds

to the laws that prescribe how the vehicles should be built and how they
are driven on those roads. Data Strategy corresponds to urban planning that
decides whether the transportation system is actually meeting the needs of

the community (e.g. “Do we have roads and vehicles that actually go to the

destinations we need with minimal traffic jams?”)

Data Strategy Best Practices

Data is the lifeblood of an institutional research program, so ensuring that
your school has a solid foundation in Data Strategy is a prerequisite to

the long term success of an IR program. In most
schools, a variety of relatively siloed offices
collect and store data relevant to the tasks of
their jobs. In each of these offices, there are
staff that fall into three functional categories
(though the exact nomenclature of their role
might vary from school to school).

Example: When thinking about an Admission
database, the Data Steward would be the
Director of Admission/Enrollment Management
because the database exists within their
department. The database administrator or office
staff who actually input or export application
information into/out of the system is the Data
Custodian. This database has many Data Users:
the Admission team uses the data to make
admission decisions, the Business Office uses

Data Steward

The faculty or staff member who is
ultimately responsible for the contents

of a data set.

Data Custodian

The faculty or staff member who
performs the data entry and
maintenance of a data set.

Data User

Faculty or staff members who consume
data for operational use.
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the data on incoming contracts for budgeting
purposes, the Communications Office uses
the data to shape outreach messages. An
institutional researcher may use the data to
study how Admission data is correlated with
student outcomes.

This organizational structure can work well when
the only use of data is to execute office-specific
tasks (e.g. make Admission decisions, produce
report cards and transcripts, etc.). Without

a broader picture of how data from different
offices can fit together to yield deeper insights
however, the data generated in various silos

may be impossible to merge together, require
extensive cleaning before it is useful, or fail
altogether to collect information that could be

Data Pitfall

In many schools, Data Custodians work
scrupulously to maintain their databases
and understandably become very
protective of them. The only owner of

a dataset, however, is the institution,
and schools should be cautious about
leaving decisions about which Data
Users have a legitimate interest in

accessing the data to individual Data
Custodians. This is better left to the
Data Strategy Committee.

strategically valuable. Identifying high-value data, deciding how to collect
and store it, how to train existing and onboard new Data Custodians,
knowing how to best leverage the data for insights, and supporting the

broader community in developing Data Literacy and Culture all fall into the

domain of Data Strategy.

The Data Strategy Committee

Because maintaining a functional Data Strategy is an ongoing process

that requires input from stakeholders across the institution, CIRIS

recommends that schools form a standing Data Strategy committee

composed of representatives from various departments including

institutional researchers, Data Stewards/Custodians, the Director of IT,

the Director of DEIB, and academic leaders. The committee should be

led by a senior administrator who is responsible for overseeing the Data

Strategy initiative at the institution.

Responsibilities - The Data Strategy Committee is responsible for setting

the overall direction, goals, and priorities of the Data Strategy plan. Key

responsibilities include:

o Defining the scope of the Data Strategy program
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¢ Establishing data governance policies and Institutional research, when done well,
procedures takes the guesswork out of how effectively a

« ldentifying/assigning Data Stewards and school is meeting its mission and can provide
Custodians profound insight into what opportunities set it

» Monitoring the implementation of the Data apart in a competitive marketplace.
Strategy plan

— CHRISTINA LEWELLEN, MBA, CAE.
EXECUTIVE DIRECTOR, ASSOCIATION
OF TECHNOLOGY LEADERS IN

» Ensuring compliance with relevant regulations INDEPENDENT SCHOOLS
and industry standards

o Arbitrating discussions of access privileges

o ldentifying high-value data and designing collection methods

e \etting and prioritizing IR project requests

¢ On abroad level, ensuring that the data and research systems at the
school align with its strategic priorities

o Assessing and supporting the development of community data literacy

o Supplying resources to counter Data Skepticism and foster a healthy
Data Culture

For a detailed list of typical Data Strategy committee members and their
functions on the committee, see this table. Here is an example of a Data

Governance Committee charter, courtesy of Phillips-Exeter Academy.

Establishing a Data
Strategy Framework

One of the first goals of a Data Strategy Committee is to assess the school’s
data infrastructure, governance systems, and policies to bring them in line
with the school’s operational and strategic goals. This initial process often
flows through the following steps:
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https://drive.google.com/file/d/1My0a0rwLwqZ548GD3MvAW5zJGKcl0whr/view?usp=drive_link
https://drive.google.com/file/d/1My0a0rwLwqZ548GD3MvAW5zJGKcl0whr/view?usp=drive_link
https://drive.google.com/file/d/1h5e_NnE9geLpPhfI6cbSzA7sWPnl7j_Q/view?usp=drive_link
https://drive.google.com/file/d/1h5e_NnE9geLpPhfI6cbSzA7sWPnl7j_Q/view?usp=drive_link

STEP 1:
IDENTIFY KEY
DATA DOMAINS

To establish an effective data governance
framework, it is essential to identify the key
data domains within the school. These domains
may include student information, financial data,
human resources data, academic data, etc.
Identifying these domains helps in prioritizing
data governance efforts and assigning
appropriate data stewards.

STEP 2:
SET DATA
GOVERNANCE GOALS

Source of Truth

In school settings where multiple
databases are in use, data conflicts
can arise (e.g. a student has a different
address stored in the admission
database than they do in the SIS.)
Establishing a “source of truth”
identifies which system will always
have the most accurate, up-to-date
information. A goal of Data Strategy is
to find ways to push this information
out to other relevant systems.

Establish clear and measurable goals for the data governance program.

These goals should be aligned with the school’s overall objectives and

may include improving data quality, ensuring data privacy and security,

increasing cross-silo data accessibility and interoperability, and promoting

data-informed decision-making.

STEP 3:

ASSESS THE STATE OF YOUR CURRENT DATA
INFRASTRUCTURE AND GOVERNANCE

A thorough assessment includes an institution-wide data inventory and

mapping process.

A data inventory (example) includes a list of the school’s data assets,

including a description of each data element, its source, owner, format, and

associated metadata. If possible, organize this inventory in a catalogue that

will allow for easier navigation and exploration of institutional data. This

inventory serves as a valuable resource for data stewards and custodians in

managing and maintaining the school’s data.

In addition to the data inventory, create a map (examples) that gives a visual

representation of existing data assets and how data flows throughout your

institution’s data infrastructure. Such a map can help identify how data is
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https://docs.google.com/spreadsheets/d/17BFNilc-40I3iY9OOhsSZ30s_BPMGRZk2mix3YdnqBs/edit?usp=drive_link
https://drive.google.com/drive/folders/1hV1JyHNurvaoRNFOEvqGwdARSYpr7WGJ?usp=drive_link

used, transformed, and accessed across the institution. Also, a data map is
useful in identifying various “sources of truth” when trying to access and
combine data across multiple sources.

STEP 4:
DESIGN A SYSTEM THAT ALIGNS YOUR DATA
INVENTORY WITH YOUR STRATEGIC GOALS

After completing a data inventory, many schools realize that, while the
data they collect is necessary and useful, there are flaws in how that data
is maintained, there are difficulties in integrating
data sets from different systems, or there is
additional data they would like to have but
don't currently collect at all (e.g. feedback from
students and other constituents or wellness or Data Interoperability

DEIB indicators.) This is an excellent opportunity Data interoperability is the seamless
for the Data Strategy committee to determine exchange and use of data between
how to improve the quality of existing data

different systems, platforms,
and collect new data moving forward. A key and applications.

consideration in the design of this system must

be data interoperability.

STEP 5:

ESTABLISH DATA QUALITY AND
HANDLING STANDARDS FOR ALL DATA
MOVING FORWARD

Create a comprehensive set of data governance policies for existing and
new data and systems (example) that outline the school’s expectations for
data management, usage, and quality. Define clear data quality standards
and metrics for each key data domain and document them in data style
guides. These standards should address:

* Which office is responsible for collecting the data and when
o Data accuracy, completeness, consistency, and timeliness standards
o Data access controls, data privacy and security protocols

e How compliance with these standards will be assessed and monitored
on an ongoing basis
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https://drive.google.com/file/d/1XKIFU4wqZ8fSTGzd2BxFcWbh2QYeOc3h/view?usp=drive_link
https://drive.google.com/file/d/1XKIFU4wqZ8fSTGzd2BxFcWbh2QYeOc3h/view?usp=drive_link
https://drive.google.com/file/d/1lkwk-b_vgQuHC6P_hqrkYN_Yl36UkoAm/view?usp=drive_link
https://drive.google.com/file/d/1owHqDoVv3V4exE82pqlD-cBWNpa2lqQ7/view?usp=drive_link
https://drive.google.com/file/d/1owHqDoVv3V4exE82pqlD-cBWNpa2lqQ7/view?usp=drive_link
https://drive.google.com/file/d/1owHqDoVv3V4exE82pqlD-cBWNpa2lqQ7/view?usp=drive_link

STEP 6:

UPDATE EXISTING PROCESSES AND
SYSTEMS TO SUPPORT THE CONTENT AND
QUALITY OF YOUR DATA

To ensure the success of the data governance plan, integrate it with the
school’s existing processes and systems. This integration may involve
updating existing IT infrastructure, modifying data management processes,
and aligning data governance efforts with the school’s overall strategic
planning. For instance, a school might update their IT infrastructure to
include a data warehouse for managing educational data that would allow
them to consolidate all student-related data, improving accessibility and
analysis. The table below gives some options for data infrastructure plans.

Any new procedures, roles, or responsibilities should also be
communicated to staff. Clearly outline the roles and responsibilities of all
stakeholders involved in monitoring and maintaining the newly outlined
quality standards. This clarity ensures accountability and helps prevent
confusion or overlap in tasks.

Strategy Description Pros

Shared File Storage and  This is a simple and Easy to implement and use,
Working with CSV Files  cost-effective method requiring minimal technical
of storing and sharing expertise.
data. It involves storing
data in CSV (Comma
Separated Values)
files, which can be
opened in spreadsheet CSV files are universally
software like Microsoft  compatible with many systems
Excel or Google Sheets. and software.
It is the most common
way in which schools
access their data.

Cost-effective, as it often
uses existing software and
hardware.

Cons

Limited in terms of data
security and access control.

Difficult to manage as the
volume and complexity of
data grow.

Data integrity can be
compromised easily as CSV
files can be edited by anyone
with access.

Lack of automation for data
integration and updating.
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Strategy Description Pros

Data Warehouse and Data warehouses Powerful and flexible, capable

Data Lake Strategy and data lakes are of handling large volumes of
more advanced data diverse data.

storage solutions.
A data warehouse
stores structured

data in a way that’s
optimized for reporting Data is centralized, improving

Enables advanced data
analysis and reporting
capabilities.

and analysis. A data data consistency and

lake stores large integrity.

amounts of raw data Better security and access
in its native format, control compared to shared
including structured, file storage.

semi-structured, and
unstructured data.

Cons

Requires significant upfront
investment in hardware,
software, and setup.

Requires technical expertise
to implement and manage.

Data lakes, in particular, can
become “data swamps” if not
properly maintained, making
it hard to find and use data.

Cloud-Based Data Cloud-based solutions  Scalable and flexible, allowing
Infrastructure offer data storage you to easily adjust your data
and management capacity as needed.

capabilities as
a service. This
can include data

Often offers robust data
security and compliance

Ongoing subscription costs
can add up over time.

Dependence on an external
provider for critical
infrastructure.

Potential issues with data
sovereignty and compliance,
depending on the provider
and location of data centers.

features.
warehouses, data
lakes, and other data Reduces the need for on-
management tools. premises hardware and
associated maintenance.
Third-Party Vendors/ These are specialized Can offer robust, feature-rich
Specialized Software software solutions solutions tailored to the needs
Platforms provided by third-party  of schools.

vendors. They can offer
a range of features,
from data storage

and integration to
advanced analytics.

Reduces the burden of
technical management, as
the vendor handles updates,
security, and other technical
aspects.

Many offer user-friendly
interfaces and strong
customer support.

Can be expensive, with costs
for licensing, implementation,

and ongoing subscription fees.

Dependence on a third-party
vendor can lead to issues with
data ownership and control.

Integration with existing
systems can be challenging,
depending on the software.

STEP 7:
ESTABLISH A COMMUNICATION
AND TRAINING PLAN

Once a school has the systems and procedures in place and has told staff
what their new responsibilities are, it needs to support them in learning
how to execute those responsibilities. Provide training and support to
help current staff understand their roles in data governance and ensure
they have the skills and knowledge necessary to effectively manage and
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use data. Create an onboarding process that orients new staff to your
institution’s data governance standards.

How do schools select IR Projects?

Given the breadth of potential applications of data analysis, it's easy to see

uoLdNpoU|

how an institutional researcher can become overwhelmed with project ideas.
How do schools allocate their institutional researcher’s time and prioritize
projects? The answer: it depends! The majority of institutional researchers
who responded to the IR SOTI indicated that their Head of School is their
direct supervisor and also primarily responsible for project selection.

Who is primarily responsible for project selection at your school?

B Head of School
I Division Director

B A cross-functional team/
committee is in charge of
managing the IR project agenda
count’

1 Director of Academics/Studies

" Department Chairs/Academic
Committee count'

[ Diversity Director

B Board of Trustees
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It is not clear, however, how Heads of School decide which projects to
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prioritize for their researchers. As noted elsewhere in this guidebook, there
are different types of IR projects that meet different needs in a school
community. Some projects are focused on institutional priorities laid out

in the mission statement or strategic plan. Other projects simply make life
easier for members of the community.

A833e1435 ASAINS 10}
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At CIRIS, we believe that it is important to have a mixture of project types.
Strategic projects demonstrate to the community the importance and high-
priority of leveraging data but may feel remote or disconnected from the
day-to-day life of community members, doing little to invite them into the
school’s broader Data Culture. Process simplification projects, on the other

sisAjeuy ejeq

hand, are powerful tools in winning the “hearts and minds” of a diverse
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array of community members but may do little to directly advance strategic
goals. We recommend that schools adopt a project selection process

that blends “top-down” strategic work with “bottom-up” projects that
grow organically around the community. This allows a balance between
advancing large institutional goals while also using IR to build Data Culture
and allyship around campus.

Because striking this balance between project types while also being
mindful of the state of the school’s data architecture and governance
while also being responsive to the broader community’s data literacy levels
can be a complex task, we recommend entrusting IR project vetting and/
or selection recommendations to a Data Strategy Committee that can
represent an array of voices from around the community.

Conclusion

In most schools, data governance, to the extent it exists by intention, is
driven by task completion in separate silos. This leads to a set of data

that only partially overlaps with the needs a school has to derive strategic
insights from data assets. In order to pivot from a task-oriented to an
insight-oriented Data Strategy, schools need to step back and set priorities
for their data policies, examine their current data infrastructure and
governance practices against those priorities, design a system that corrects
gaps in data content, quality, completeness, and interoperability to meet
those priorities, update existing or install new systems to accommodate
those priorities, and then build a plan to train and support existing and
incoming staff.

Data-Informed Decision Making e Data Strategy: Governance and Infrastructure

56

ainyn) eyeq uonody ul uoLdNpoU| Sjua3U0) JO 3|qel
Yo4easay [euoynisu|

SIOpU3A pue
‘suoneldossy ‘spaeog

-0
S5c0Y
< D
= @ 5"
235
=}
= A
c 3 g
a0oX
El o
S o0
o 3%
fs,

sisAjeuy ejeq A833e1435 ASAINS 10}

uoljedIuUNWWOY) pue

saoioeld 3sag

uoyezijensi/ eyeq

‘speaH Joj sdi]




Sjua3U0) JO 3|qel

Best Practices
for Survey Strategy

uoLdNpoU|

Consider the following
(perhaps familiar) scenario:

Data Academy sends out an annual survey to their Parent/Guardian community.

uonody ul
yoieasay [euoLnigsug

They hope to use the feedback to guide policy decisions. Unfortunately, they
only received responses from 15% of households, and, in reviewing the results,
it was impossible to draw conclusions because school leaders raised concerns
about the quality of the survey questions.

ainyn) eyeq

Surveys offer a valuable method of collecting feedback from a wide cross-
section of constituencies in school communities and can be invaluable in
discerning what is true about a school experience and what individuals
believe based on anecdotes or their own personal experiences. It is very
common, however, for schools to struggle
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with many aspects of survey design and

‘suoneldossy ‘spaeog

administration. In this chapter, we will walk
through Survey Strategy, a subsection of an

overall Data Strategy that includes determining What decision(s) will this = g g
whether a survey is necessary, identifying survey support? g § ;"”
common errors in designing individual The goal of institutional research is to g g g
survey questions, overcoming challenges in use data to support decision making. =
administering single surveys, and answering Survey data is no different. To avoid
broader questions around the number and falling into the “survey trap” of collecting g ®
timing of surveys across the school year. constituent feedback that ultimately 2 %
just serves as context or background f;’r’ j‘ér
information for a small group of staff, 84
DO We Need a Su rvey? schools should be able to answer the )
Survey Strategy is concerned with creating and question, “What decision(s) will this
administering surveys to collect strategically survey feedback impact and who is g’
important data that can’t be obtained through making the decision?” before moving §
other methods. The first question to ask when further in the survey creation process. é_

contemplating sending a survey is, “Is this
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survey really necessary or is there a better way to get this information?” It's
important to try to minimize the number of surveys constituents receive
to avoid survey saturation and to promote participation in institutionally
valuable surveys.

Will the data collected through this survey be used to complete a task or analyzed to glean insights?

Task | Insight
No | Yes Focused | Broad
Consider collecting this A survey is appropriate, Consider focus groups This should be the primary
data in another was, but best to bundle similar or interviews with use case for large surveys
especially if the target needs to administer samples of the broader whose results are stored
constituency congregates together, preferably constituency group used for ongoing monitoring
regularly at school. Ex.: attached an existing in combination with and analysis. Following
polling students for event touchpoint. Ex.: attaching qualitative analysis to the recommendatiions
preferences, parent an annual parent/guardian gather data. Ex.: gathering below, design a survey
association polls. survey to the information about the with straightforward
re-enrollment process. experience of being new questions that don't
to the community. depend on nuanced
explanations from
respondents.
As you can see, surveys are not always the answer! In some cases,
interviews or focus groups can yield more valuable information:
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Surveys

Mostly quantitative data

Mostly close-ended questions

Can offer anonymity/confidentiality
No interviewer/facilitator required
Can reach many people at once
Generalizable results (if survey
sample is representative)

Can be administered electronically
Do not allow for real-time
interaction

Relatively simple to analyze

Quick to administer

Allows for multiple inquiry areas

Should be
conducted after
identifying a clear,
concrete research
objective

Can be used in
conjunction with
one another and

other methods

(e.g. interviews,

observational
studies, analysis of
existing records,
etc.)

Focus Groups

Mostly qualitative data

Mostly open-ended questions about
thoughts, feelings, and perceptions
Cannot offer anonymity

Trained facilitator (and notetaker)
needed

Can only reach a few people at once
Results are not generalizable
Typically conducted in person (can
be done via Zoom/phone)

Can ask real-time clarifying
questions

Can observe tone and facial
expressions

Difficult to analyze

Time consuming

Typically allows for deep exploration
of only one area of inquiry

To Buy or Build?

Once you've determined that a survey is necessary, the next step is to
decide if you want to use an external survey or design your own survey in
house. The table below outlines the pros and cons of each approach. For
feedback about the experiences schools have had with various survey
vendors, please see the CIRIS Survey About Surveys.

Institutional research allows us to have a more holistic view of

our school’s performance, strengths, and areas for improvement.
Most importantly, institutional data allows us to get to the heart of
issues by uncovering patterns, trends, and correlations that might

otherwise go unnoticed.

— SUE BELCHER,
HEAD OF SCHOOL, THE DOWNTOWN SCHOOL
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https://ciris.maret.org/ciris-resources/community-resources/the-survey-about-surveys

External Survey

Pros

Questions are already
written and vetted

Often offer benchmarking
against other schools who
use the same survey

Vendor often handles the
details of administration
and analysis

Respondents may be
more likely to give
truthful answers on
sensitive topics to outside
parties

Cons

Can be costly

Vendors may not release
raw data to you for your
own further analysis

Can be difficult or
impossible to add/
subtract/edit questions

to make them relevant for
your community. This can
lead to getting results that
are interesting background
context for your school
that don't actually impact
decision making.

Inability to edit questions
may lead to data
inconsistencies between
survey analysis and internal
data categories

Vendors vary widely in the
quality of their analysis and
reporting format. Avoid
vendors that dump a 100+
page pdf report on schools
with only individual
question level analysis and
no overarching synthesis or
takeaways.

Use Cases

Great for: school or faculty
climate surveys that

ask sensitive questions
respondents may not want
to disclose directly to
internal parties and where
benchmarking to similar
school communities is crucial
to understand the context of
results.

Bad for: collecting feedback
on topics that are specific to
your community or to custom
metrics you've identified as
strategically important
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Pros Cons Use Cases
Internal Survey * Questions and answer o The survey creation Great for: collecting data on

options can be process can add time institution-specific mission, =
customized to integrate demands on a wide swath values, etc. that may not 5
exactly with your of staff be addressed by external §
f:lata? go'vernanr:e :f\r?d «  Limited ability to instruments. §'
institutional priorities contextualize results Bad for: topics that

o Can create questions that against a peer group require external context or
speciﬁ,caIIY tig to your «  Must be careful that the !oenchmarking to properly g
school’s mission so that person analyzing the interpret (e.g. a survey on‘ > -gr
results can‘b.e used tf’ results is perceived as the prevalence of academic ; g'
impact decision making objective and without an dishonesty.) g :—;

« Can be a lower cost agenda to nudge results = %
option towards any specific §

outcome

e Canincorporate
questions with publicly
available benchmarks for
limited comparison

ainyn) eyeq

* Going through the
process of creating the
survey can sharpen its
focus and build buy-in of
the results among internal
stakeholders

* Your school owns the
data and can use it for
analysis in future projects

SIOpPUIA pue
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Anonymity

If you decide to draft your own internal survey,
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the next step is to think about what level of
anonymity the survey will preserve. We've listed

Beginnings and Endings

some popular options below but some of these

strategies are only feasible if you have someone Schools often craft surveys with

in an IR role who acts as an intermediary current constituents in mind. CIRIS

between the raw results and the analysis would recommend special attention to

A833e135 ASAING 10}
sadljoeld 1sag

presented to school leaders. constituents who are just entering or just
leaving the community. Incorporating

a survey as part of the enrollment/
onboarding and exit processes can yield

extremely valuable insights.

sisAjeuy ejeq
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Anonymity Level

Fully anonymous

Description

The survey does not ask
for or track any piece of
information that could
identify a respondent

Pros

Can make respondents
more likely to share honest
opinions, especially if the
topic is sensitive or could
raise a fear of retaliation

Cons

Impossible to verify the
representativeness of the
sample, to drive targeted
responses, or to do any
sub-group analysis

Impossible to link
individual responses to
other school data

Be extremely cautious
about asking any questions
on this type of survey that
would compel intervention
(e.g. threats of harm,
allegations of impropriety,
etc.)

Anonymous with
demographics

This survey does not collect
the name/email address of
respondents but does ask
for important demographic
identifiers. Only the
institutional researcher has
access to the raw results

showing all of the identifiers
for any given respondent. An

example use case might be
student course evaluations.

Preserves a strong sense of
anonymity

Allows for testing that the
sample reflects the broader
constituency

Allows for sub-group
analysis at broad levels

Respondents may worry
that the institutional
researcher could expose
their identity by allowing
school leaders to layer
identifiers onto responses
(for techniques to avoid
this, see the Data Analysis
chapter)

Individual level results
can't be linked to other
school data.

Confidential but
Not Anonymous

The survey collects the
respondent’s identity (name,
email address, etc.) but only
the institutional researcher

has access to that information.
A use case would be a Thrive
Model where student survey

feedback is merged with
internal school data.

Allows the institutional
researcher to link survey
responses to other school
data for interesting analysis
(e.g. connecting wellness
feedback from a survey

to grade data to explore

if there’s a correlation
between wellness and
academic achievement)

Easy to drive responses
and validate the
representativeness of the
sample

Over time, respondents
learn to trust the
confidentiality of the
system

Respondents might
not initially trust the
confidentiality of the
system

Difficult to ask questions
that would compel the
institutional researcher
to break confidentiality
(threats of harm,
allegations of impropriety,
etc.)

Even if respondents
generally trust the
institutional researcher,
they are less likely to be
honest about sensitive
topics like academic
dishonesty, etc.
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Anonymity Level Description Pros Cons
Fully identifiable  The survey collects the o Useful if one of the goals o Not useful for truly broad
respondent’s identity, and it of the survey is to identify research because it =
is included in the results individuals who are implicitly invites honest 5
interested in or would be responses only from §
candidates for additional community members who §'
engagement with the already feel comfortable
school (looking for parent or and “at home” at the
alumni ambassadors, etc.) school.

uonody ul
yoieasay [euoLnigsug

Writing Questions

If you've decided to use an internal survey and you've selected an
anonymity level, it's time to write questions! Good survey questions have
the following characteristics:

o They have an unambiguous meaning that virtually all respondents can

ainyn) eyeq

interpret in the same way.
o They invite the respondent’s honest answer.

o The question format types are selected to support post-survey analysis
of results.

SIOpU3A pue
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» The answer options are consistent with your broader data governance

‘speaH Joj sdi]

standards (e.g. categories for demographic identifiers match or can be
mapped to the options in your SIS).

o For repeated surveys (e.g. an annual survey), the core questions are
stable and are not edited each year.
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¢ Individual questions on a survey flow in a meaningful storyline for the
respondent from one question to the next, either in a time sequence or
by category

In the section below, we will outline some common missteps that prevent
survey questions from meeting these standards.

A833e135 ASAING 10}
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Common Survey Question Missteps

Common Description Problematic Example Good Example -~
Misstep 2
8_
Double-barreling A question asking about “How much do you enjoy “How much, if at all, do you s
. . . » . . » =3
multiple concepts or collecting and analyzing data?” enjoy collecting data? 8
components — What if someone enjoys “How much, if at all, do you
analyzing data, but does not enjoy analyzing data?”
enjoy collecting data? §
Leading A question or scaling thatis ~ “How much do you agree with  “How much do you agree or = §-,
Questions worded in a certain way so as  the following statement?” disagree with the following E 2
. . oY .=
ltp (:!ICIt a pr:fzrred answer or Agree a little statement? ) 5
imit unwanted responses . o
« Agree o Strongly Disagree ng;
o Agreealot ¢ Disagree
« Strongly Agree o Neutral/ Unsure e
]
— There is no option for ° Agree g
disagreeing! o Strongly Agree ?—,
=
Leaving out A question that certain “What was the maximum “Was your student accepted to o
stakeholder stakeholder groups might amount of financial assistance  multiple schools?”
groups not. be ab[e to answer due to  that your student was offered “If yes, was your student >
their specific context by anc?ther secondary schoolw, offered financial assistance by . § -
to which they were accepted? another secondary school?” 3_.3'3
. <>3
— What if the student was not “If yes, what was the maximum 3 g ?:
. . Q.
accepted at afwy other schools amount of financial assistance 3 §-’=,r g
or the)f weren t offered any that your student was offered?” g
financial assistance at another o
school?
Excessive Questions that use complex  “How would you rate the “How would you rate the = Qo
. . . <O
Complexity/Use  language, s‘entence struc'ture, p'edagc.ngcaI efficacy of th'e e!"fectlv'enes‘s of §mall group 3 § T
of Jargon or are detailed to the point dialectical approach to primary  discussions in this course?” ] £
that the respondent gets source materials compared to g« o %
. . . S o0
confused about how to a more pragmatic or existential ® 3%
answer methodology?”

Question Format Options

Writing the body and answer options for each question should be
considered alongside the format of the question. Use item type to engage

-
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w
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<

but not deter the respondent (e.g., don’t ask respondents three essay
questions in a row, or ask them to do a complex task like 100-pt allocation
followed by a matrix rating scale.) A non-exhaustive list of common formats

sisAjeuy ejeq

with pros and cons appear below.
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SINGLE-SELECT

This type of question has multiple answers of which the respondent can
select one. Response options can be nominal or ordinal (e.g. Likert).

Example:

uoLdNpoU|

During your life, how often have you felt that you were treated badly or unfairly in
school because of your race or ethnicity?

A Never

B. Rarely

C. Sometimes

D. Most of the time
E. Always

(YRBS, 2023)

uonody ul
yoieasay [euoLnigsug

Pro(s): The simplicity of this type of question makes the answers easy to
clean and analyze

Con(s): Confines respondents to specific choices

ainyn) eyeq

MULTI-SELECT

This type of question has multiple answers of which the respondent can
select all that apply.

Example:

Do you typically do the following when completing your homework?

SIOpPUIA pue
‘suoLjeldossy ‘spieog
‘speaH Joj sdi]

[ Check email
[ Use social media

[ Eata meal

Pro(s): Does not force respondents to select a single response when

-
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multiple response options are applicable to them

Con(s): Respondents tend to use a satisficing response strategy in which
they are more likely to select the items appearing in the top half of
the list than the bottom regardless of what those items were (can
be overcome with answer choice order randomization functionality)

A833e135 ASAING 10}
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Data cleaning and analysis is more cumbersome, can require double
counting, and raises sticky and complex philosophical and ethical

questions o
g
>
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<
a,
]
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TEXT ENTRY

A question with space for an open-ended response that allows respondents
to formulate their responses however they want

Example:
What was your favorite part of today’s Advising programming?

Pro(s): Allows respondents to provide their reply in their own words,
providing a sense of user control over the narrative

Con(s): Text analysis of the responses can be cumbersome

Requires deeper thought from the respondent, which can lead to
short, undetailed responses or item non-response

MATRIX TABLE

This type of question allows you to combine multiple questions with the
same answers
Example:

How satisfied, if at all, were you with the following aspects of your
campus visit?

Not at all Slightly Somewhat Quite Extremely
satisfied satisfied satisfied satisfied satisfied

Campus Tour O O O O O
Interview O O O O O

Pro(s): Reduces the time to complete multiple questions
Less space required in the survey

Con(s): Can lead to boredom and/or straight-lining (e.g. selecting the same
response for each item without careful consideration of each row)

Can be difficult to view and complete on mobile devices

On some platforms, response format is cumbersome on the
backend

Data-Informed Decision Making e Best Practices for Survey Strategy
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SLIDER

This type of question uses an interactive slider as a marker on a scale that
best describes response options

Example:

Approximately what percentage of your pre-tax annual income are
you willing to spend on tuition?

0 10 20 30 40 50 60 70 80 90 100

Percent of Income
30

O
Pro(s): Provides near infinite response options for the respondent.

Con(s): Take longer for respondents to complete and may cause
respondents to quit the survey at higher rates than ordinal close-
ended questions

Respondents are likely to move the slider from its default position
even if the default accurately reflects their response

Difficult to complete on a mobile device

RANK ORDER

This type of question asks the respondent to order a list of choices from
their first choice to their last choice.

Example:
Below are some possible graduation speakers. If you had to choose among
these three speakers, which would be your first, second, and third choice?

Please move the items below by either clicking and dragging or using the
up and down arrows. Place the items so that 1 corresponds to your most
preferred/first choice and is placed at the top, 2 corresponds to your
second choice and is placed below, and so on...

1.) Strawberry

2.) Chocolate

3.) Vanilla

Pro(s): Allows respondents to specify priorities and preferences from
among multiple options
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Con(s): Difficult for respondents to understand and complete correctly,
particularly as the number of items to rank becomes large and on
mobile devices

Consider cultural contexts and give clear instructions; the “number
one” spot is not the “best” in all cultures.

Time consuming

FORCED CHOICE

An alternative to a multi-select question that requires respondents to make
an explicit yes/no judgment about each item independently

Example:

Do you typically do the following when completing your homework?

Yes
Check email
Use social media

Eat a meal

[ONONO)
[ONONON

Pro(s): Less likely to lead to satisficing responses than multi-select

Con(s): Can only be used for questions with dichotomous (yes/no) answer
choices so they are not applicable to all areas of inquiry.

NET PROMOTER

This is a specific question asking respondents to rate how likely they would
recommend a certain experience to a friend on a scale of O - 10. Scores are

aggregated into a “net promoter score” (NPS) that ranges from -100 to 100.

Example:
How likely, if at all, are you to recommend the peer tutor program to
another student at Data Academy?

Not at all likely Extremely likely

0 1 2 3 4 5 6 7 8 9 10
0O 0O 0O 0O 0O 0O O O 0 O O
Pro(s): Simple, common and easy to understand for the respondent with

plenty of research on interpreting the scores.

Can be computed and compared across constituent groups and to
external benchmarks
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https://www.qualtrics.com/experience-management/customer/measure-nps/

Con(s): On its own, the response will not illuminate why a respondent
answered the way that they did.

Survey Introductions and Instructions

In addition to the questions themselves, make sure to invest the
appropriate time and attention in writing an introduction to the survey for
respondents. The introduction should include information about why the
school is doing the survey, who should complete the survey, approximately
how long the survey will take, who will have access to the raw results and
who will not, how and with whom the analysis will be shared, and should
address the use of any questions that might raise flags for the respondent
(for example, collecting demographic information on an anonymous
survey.)

Once you have created a draft of your survey, you should share it with a
group of testers who were not involved in the drafting process and solicit
feedback about question clarity and completeness. This is also a crucial
step in checking that structural elements of the survey function correctly
(e.g. if a respondent does not receive financial aid, they skip the survey
section on financial aid.)

Sending Out Your Survey

If you did not build your survey draft within a specific platform, it’s time to
embed your survey questions into a platform so you can distribute it. The
table below covers options for survey platforms available to schools:

Name Cost Pros Cons

Google Forms  Free Free to use, easy to co- Limited question

and Microsoft create, share and collect types, limited design

Forms responses, integrates customization, less
well with other Google/ sophisticated analytics,
Microsoft products, etc. data is decentralized

Documentation

Security

Logic
Reporting
Question Types
Distribution

Centralization

Microsoft Forms

Support
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https://support.google.com/docs/answer/10381817?hl=en
https://support.google.com/docs/answer/141062?hl=en
https://support.google.com/docs/answer/139706?hl=en
https://support.google.com/docs/answer/7322334?hl=en
https://support.google.com/docs/answer/2839588?hl=en
https://edu.google.com/intl/ALL_us/get-started/setup-products/google-workspace-for-education/quickstart-guide/
https://www.microsoft.com/en-us/microsoft-365/support
https://www.microsoft.com/en-us/microsoft-365/support
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Name Cost Pros Cons Documentation

SurveyMonkey  Free for Easy to use, wide range More difficult to co-create » Security
basic plan; of question types, good surveys with others. o Logic 5
Paid plans analytics tools, mobile Limited responses for free 3
based on app available. Options for plans, higher-level plans * Reporting §
users and multilingual surveys, skip can be more expensive, e Question Types §'
features logic, sentiment analysis, limited customization and

. . . . Centralizati
data trending, and filtering.  design options. ~entraization

e Distribution

=1
Alchemer/ $315 per From their website, Hard to manage if you o Compare versions g
Survey Gizmo  year and they say it perfectly: have multiple surveyors «  Security i §'
up; The “For organizations that who need access; similarly, . o
“full access” need more advanced it doesn’t organize surveys © Logic E ?
version is capabilities and reporting into folders as intuitively e Reporting %
$1895 per than SurveyMonkey and as higher priced platforms. . =
year don’t want the cost and *  Question Types
complexities associated e User Centralization
with Qualtrics, Alchemer o Distribution g
Survey strikes the perfect o
balance” =3
Qualtrics Free for Qualtrics is the gold More complex to use, e Security -
simple standard for surveys. potentially expensive, e Security statement
surveys and Powerful and flexible, may be overkill for simple ] w
basic data advanced question surveys ¢ Logic S § =
analysis; types, robust analytics e Question Behavior é’.iz
Paid tier for tools, ability to conduct « Reporting § g i
additional longitudinal studies; — 8: o0
features sentiment analysis (paid e Question Types -3
tier); advanced security e Centralization @

and directory integrations;

centralized responses e Distribution

289
Formsite Free; Paid Affordable, user- Form building requires e Security P g g
tier for friendly, robust features more experience, less « Logic g 33
additional for complex surveys, intuitive response layout - ge §
features customizable notifications, * Reporting ®3%
external data integrations e Question Types

 Centralization

saopoeld 3sag

Launching the Survey
and Driving Responses

Whether you are using an internal or external survey, you want people to

A833e135 ASAING 10}

respond to it. The first consideration is when to administer your survey.
Consider the timing of the survey in the context of the broader school

sisAjeuy ejeq

calendar. Avoid surveying directly after events that elicit strong reactions
(e.g. exam days for students, announcement of tuition increases for next
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https://www.surveymonkey.com/mp/data-security-and-compliance/
https://help.surveymonkey.com/en/surveymonkey/create/logic-options/
https://www.surveymonkey.com/mp/analyze/
https://help.surveymonkey.com/en/surveymonkey/create/question-types/
https://www.surveymonkey.com/mp/data-governance-user-administration/
https://help.surveymonkey.com/en/surveymonkey/send/sending-your-survey/
https://www.alchemer.com/plans-pricing/small-teams/
https://help.alchemer.com/help/security-compliance
https://help.alchemer.com/help/logic-piping
https://help.alchemer.com/help/results
https://help.alchemer.com/help/question-types
https://help.alchemer.com/help/teams
https://help.alchemer.com/help/share
https://nam11.safelinks.protection.outlook.com/?url=https%3A%2F%2Fwww.qualtrics.com%2Fplatform%2Fsecurity%2F&data=05%7C01%7Ckhart%40exeter.edu%7C9d048e44d8584478e76f08da91d0b79a%7Cb8710300e17a4f1292c5869695e07115%7C0%7C0%7C637982622873577145%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=vNM0Jqe967AjTJu%2BiFH6gg%2F41JgL7cUmc0Q1kk61Fc8%3D&reserved=0
https://nam11.safelinks.protection.outlook.com/?url=https%3A%2F%2Fwww.qualtrics.com%2Fsecurity-statement%2F&data=05%7C01%7Ckhart%40exeter.edu%7C9d048e44d8584478e76f08da91d0b79a%7Cb8710300e17a4f1292c5869695e07115%7C0%7C0%7C637982622873577145%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=cpj1HIquIWX5se5QiAVyw1brhuVKPsV1pmMy5PcdvHk%3D&reserved=0
https://www.qualtrics.com/support/survey-platform/survey-module/using-logic/
https://www.qualtrics.com/support/survey-platform/survey-module/question-options/question-options-overview/?parent=p0073
https://www.qualtrics.com/support/survey-platform/reports-module/results-section/reports-overview/
https://www.qualtrics.com/support/survey-platform/survey-module/editing-questions/question-types-guide/question-types-overview/
https://www.qualtrics.com/support/survey-platform/sp-administration/organization-settings/
https://www.qualtrics.com/support/survey-platform/distributions-module/distributions-overview/
https://www.formsite.com/security/
https://www.formsite.com/blog/conditional-logic-tools-and-examples/
https://www.formsite.com/features/graphs-tables/
https://support.formsite.com/hc/en-us/articles/360000077174-Form-Items
https://www.formsite.com/integrations/files-storage/
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year for parents/guardians, etc.) and try to keep the timing of repeated
surveys consistent from year to year.

Once you've identified an appropriate survey window, consider the
following strategies to drive responses:
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e Pre-announce your survey. Whether the survey will be completed in
person or distributed asynchronously, it is best to let the constituency
know that a survey is coming. This is especially important if the survey
will be sent by an unfamiliar email address (e.g. a contracted third party
or a survey platform.) Let them know when the survey will be arriving

uonody ul
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and what the sending address will look like. This will reduce the rates
at which respondents delete or filter the survey simply because it looks
unfamiliar.

 Whenever it is logistically feasible, the best way to obtain responses
is to carve out time for the entire constituency group to complete the

ainyn) eyeq

survey. For student course evaluations or self-assessment surveys, time
should be carved out in classes, advising, or assemblies. Parent/guardian
surveys could be a scheduled part of open houses or conference days.

» For constituencies that are not “captive audiences,” response rates will
be driven by follow-up messages. Only send reminders or follow up
messages to those who have not yet responded. More sophisticated
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survey platforms can track who has and has not responded, even for
anonymous surveys. On simpler platforms, you may need to do some
work on the back end to easily generate non-responder contact lists for
follow ups.
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* Follow up messages should not be repeated copies of the same text.
Consider sending requests to complete the survey from a variety of
sources on a predetermined schedule (e.g. Head of School, then Division
Directors, then Grade Deans, etc.). Reminders should also come in a
variety of formats like email or in-person announcements at events.

A833e135 ASAING 10}
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o Consider offering incentives for responders. For example, all
respondents might be entered in a drawing for a prize. This is feasible
for all non-anonymous surveys and for anonymous surveys administered
through more sophisticated survey platforms.

sisAjeuy ejeq

Data-Informed Decision Making e Best Practices for Survey Strategy 71

uoLjeduUNWWOY) pue
uoyezijensi/ eyeq




On Response Rates

One of the most common questions people
have is, “How many responses are ‘enough’?”
or “What is a good response rate?”

In our albeit anecdotal experience, response
rates for on-campus “captive audiences” are
usually between 95%-100%. For surveys of
dispersed constituencies, like parent and
guardians, a response rate of 40% is typical
and strong (though a 40% response rate

for all parents/guardians may cover 60%-
70% of households.) In surveys of dispersed
constituencies that offer an incentive,
response rates can reach upwards of 70%.

An equally (if not more) important
consideration than response rate, however,
is representativeness of the sample of
responders who complete the survey.
Ideally, your sample will reflect the mix of
demographic characteristics present in your
overall school population. It is important to
collect demographic information on factors
you think are relevant to the topic under
consideration on the survey itself, even if

it is anonymous. Provided that the sample
is representative and you have at least 30

responses, there is statistical justification
to generalize your results to the whole
population even if the response rate is as
low as 15%. A low number of responses will,
however, limit the types of analysis you can
do with the responses. For both anonymity
and statistical reasons, it is unwise to
report average results for subgroups with
fewer than 10 observations, a floor that is
easier to reach when the overall number of
responses is lower.

Another issue that arises with low response
rates is that respondents with strong
opinions are often more likely to respond
and respond early. If you don't increase
your response rate, you may be left with a
sample that overstates how polarized your
community is. Over time, you can get a
sense of how severe this effect is at your
school by informally comparing average
responses from the first chronological
wave of responses with averages from the
responses that came in towards the end of
your survey window.

“Survey Fatigue” and Declining

Response Rates Over Time

When schools struggle with achieving adequate response rates, the most

common first explanation is that constituents are receiving too many

surveys and therefore have come down with the dreaded “survey fatigue.”

In response, the school will sometimes scale back important survey work to

relieve said fatigue.

Data-Informed Decision Making e Best Practices for Survey Strategy
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To discuss this issue, we must first clarify the definitions of some terms that

are often conflated:

Data-Informed Decision Making e Best Practices for Survey Strategy

Survey fatigue: In scholarly research on surveys, “survey fatigue” most

often comes up in reference to the length of a single survey (i.e. the

survey is too long so respondents get tired and quit.)

Survey saturation: a constituency disengages from even starting surveys

or giving honest/thoughtful responses because they receive too many

separate surveys in a specific window of time.

Fighting Survey Saturation

It feels like there are hundreds of surveys flying
around schools: teachers surveying students,
students surveying each other for school
projects, administrators surveying students
and faculty/staff, etc., etc. One of the most
common challenges CIRIS hears from schools
is that everyone is sick of getting surveys

and that the majority of surveys circulating

in a school are poorly designed or otherwise
problematic. Given how important and
valuable survey data can be, it is in a school’s
interest to lower their survey saturation rates
so that constituents will not feel over-taxed
when they receive strategically important
surveys. CIRIS recommends developing some
policies or norms around survey administration
for the entire community:

o If you are giving a survey, you also give the
time to the respondents to complete it. This
means that asking respondents to complete
surveys on their own time should be the
exception rather than the rule. If a teacher
needs to survey a class, they should do
so during class, not give it in addition to a

normal homework assignment. If students
need to survey each other to generate

data for a project, the survey should visit
other classes or find teachers willing to
donate class time to having their students
complete it. If administrators need to survey
students or faculty, there should be time to
complete the survey in advising, assembly, or
scheduled faculty meetings.

e Exceptions: some surveys might be

sensitive and would better be completed
in private. Any survey that is sensitive
enough to need to be completed in private
or on the respondent’s own time should
probably be vetted by staff with expertise
in survey design. Creating a survey vetting
process and a standard for when it should
be applied can help reduce your school’s
feeling that they are repeatedly wasting
their free time on poorly-designed,
inconsequential surveys and can provide
a mechanism to build your community’s
survey design knowledge over time.
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While both “survey fatigue” and “saturation” are actual issues, they are
often not the main drivers of low response rates, particularly if response
rates have been high in the past and are declining. In fact, if there is one
truth independent school leaders know it's that our constituents never
get tired of sharing their opinions about the school! In reality, declining
response rates are often a symptom of an underdeveloped Data Culture. If
school leaders are not looping back to constituencies who completed the
survey, acting on the feedback they receive, or are not clearly explaining
how policy decisions are linked to constituent feedback, then response
rates will decline because our constituents do get fatigued of feeling like
they are being ignored or that school surveys are a waste of their time.

In order to keep your survey strategy aligned with your school’s Data Culture,
carefully consider the frequency of surveys. Don't survey a constituency on

a topic area twice a year if you know that it will take at least a full year to
implement and observe the effectiveness of policy changes based on those
survey results. It is also essential that you loop back to the constituency that
completed the survey to share back some of the results. These results do not
need to be reported publicly in the same level of detail as you see internally,
but some acknowledgement of what you took away from the results is
crucial to show constituents that you've heard them.

Conclusion

Surveys can be an indispensable part of your school’s broader Data
Strategy but knowing when a survey is the best method to collect data,
deciding whether to use an internal or external survey, crafting high-quality
questions, and coordinating survey administrations across the school

year can be challenging. The suggestions above will help you design and
implement a successful Survey Strategy. For additional reading in this rich
topic area, we direct you to the resources linked below.

FOR FURTHER READING:

e Survey design tips from Pew Research

e Survey design tips from Qualtrics

e Survey design tips from Survey Monkey

e Survey design tips from Panorama

Data-Informed Decision Making e Best Practices for Survey Strategy
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https://www.pewresearch.org/our-methods/u-s-surveys/writing-survey-questions/
https://www.qualtrics.com/experience-management/research/how-to-make-a-survey/
https://www.surveymonkey.com/mp/survey-guidelines/
https://panorama-www.s3.amazonaws.com/files/survey-resources/checklist.pdf

Data Analysis

Consider the following
(perhaps familiar) scenario:

An institutional researcher successfully compiles a large data set of student
course grades, self-assessments, and demographics for the last 10 years.
There are thousands of possible summary statistics they could compute and
visualizations they could make. They aren’t sure where to start.

An institutional researcher completes some data exploration and finds that
there is a half point difference in average grades for male and female students.
Using a stats analysis platform, they click a button to do a hypothesis test

(the stats platform calls it a “z-test,” though they aren’t totally sure what that
means) and find that this difference in average grades is statistically significant.
Meanwhile, the “z-test” button says that a difference of 5 points in the average
grades of Black and Middle Eastern students is not significant. The institutional
researcher is not sure how to explain this to school leadership.

One of the most common questions CIRIS gets from new institutional
researchers is “How much statistics knowledge do | need to do this job?”
To understand the answer to this question, it's important to acknowledge
the differences between academic research that is published in journals
and IR (institutional research) work carried out in independent schools. In
our schools, we are not typically attempting to discern a trend or pattern
that is true about all students everywhere, nor do we typically work

with data sets that meet the size and integrity standards typically used

in academic research. The goal of IR in independent schools is to yield
practical, actionable operational insights to effect marginal changes that
will be iteratively reassessed as we move forward. Our data analysis informs
conversations about the school, it does not drive those discussions. Many
of these types of insights can be discerned using a basic set of statistical
techniques (many of which schools cover in their introductory statistics
courses.) How much statistics knowledge does a new institutional
researcher need? Not that much. Having a deep background in statistics
is certainly helpful, but starting from scratch in this area shouldn't deter a
school from getting going.

Data-Informed Decision Making e Data Analysis
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In this chapter, we will NOT attempt to cover the entire field of statistics
but rather touch on basic statistical considerations like:

e Pre-conditions for data analysis
o The broad goals of statistical analysis
o Common types of data

o A prioritization of statistical analysis concepts institutional researchers
need for different types of data

o Case studies of IR projects using statistical analysis techniques

Pre-conditions for Data Analysis

Before you can do any analysis of your data set, you have to make sure
the data set is clean and formatted correctly. Institutional researchers
spend a substantial portion of their time getting the data ready for analysis
(e.g. correcting typos, merging data sets from different sources, etc.) The
vast majority of this work typically happens in a spreadsheet platform.
Therefore, the first learning goal we would recommend for institutional
researchers is to learn a list of extremely useful spreadsheet functions.
Not only will they reduce the time and tedium required to clean data sets,
but many of these functions (or extremely close versions of them) also
exist within dashboarding platforms, so knowing what they do and how
to use them will have benefits even outside of spreadsheets. We offer the
following list of functions as a basic toolkit. This list comes from Google
Sheets, but they all have analogues in Excel and other platforms:

o COUNTIFS(): counts how many observations in a given column meet
one or more criteria.

o SUMIFS(): adds up observations in a given column that meet one or
more criteria.

o AVERAGEIFS(): same as above, but finds the average value of the
observations in a column that meet one or more conditions.

o FILTER(): returns a list of values in one column given that values in that
column and/or other columns meet certain criteria. For example, you
can filter a list of names to only return names of Asian males, etc. The

Data-Informed Decision Making e Data Analysis
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https://support.google.com/docs/answer/3256550?hl=en
https://support.google.com/docs/answer/3238496?hl=en&sjid=18400240065765350294-NA
https://support.google.com/docs/answer/3256534?hl=en-GB&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/3093197?hl=en&sjid=9092559476935374477-NA

Sjua3U0) JO 3|qel

FILTER() function does support both inequalities and the wildcard
character *. Also useful for merging data sets.

VLOOKUP(): Useful for merging data sets. You can use this function
if you have two datasets that share a unique identifier. For example, if

uoLdNpoU|

you have one dataset with student id and race, and another dataset
with student id, course, and grade, then you can use the VLOOKUP to
“lookup” the race for each student id in the first data set and add that
information for every matching student id in the second data set.
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IFERROR(): allows you to reduce error messages generated by formulas
in your data set. Example: a formula in one of your columns is =A2/

B2, but sometimes the values in column B are zero, which produces a
#DIV/0! error in some cells, which then adversely affects other formulas.
If you use IFERROR(A2/B2), any cell that produces an error will just stay
blank (or return any value you choose.)

ainyn) eyeq

UNIQUE(): returns a list of the unique values from a certain column.
Example: you have a data set where each student ID appears many
times, but you'd like to convert that to a data set where each student
has a single row. You'd start your new data set by creating a column:
=UNIQUE(Student ID column). You could then use the FILTER() or
VLOOKUP() functions to build the rest of the data set.
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SPLIT(): breaks an existing cell into multiple cells based on a specific
character. Ex. there’s a column for “Last Name, First” Name in your
data set, and you want two separate that into two separate fields.
SPLIT(Name Column, ", ") will split the cell at the comma and produce
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one column for Last Name and one for First Name.

CONCATENATE(): Does the reverse of SPLIT() for text data

(the CONCAT() function does the same for numeric data).
CONCATENATE(Last Name, ", “, First Name) would produce a single
column in the “Last Name, First Name” format.

A833e1435 ASAINS 10}
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Some spreadsheets also offer broader data cleanup suggestions that can

be useful. For a demonstration of how to use these commands to build
an interactive dashboard in Google Sheets, see the Creating Interactive
Dashboards in Google Sheets video here.
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https://support.google.com/docs/answer/3093318?hl=en&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/3093318?hl=en&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/3093304?hl=en&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/10522653?hl=en&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/3094136?hl=en&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/3094123?hl=en&sjid=9092559476935374477-NA
https://support.google.com/docs/answer/10098582?hl=en
https://ciris.maret.org/ciris-resources/videos

The Goals of Statistical Analysis

Once your data set is in good shape, statistical analysis generally follows
two stages, each with corresponding analysis techniques. First, we explore
what the data say using descriptive statistics. In this stage, we have no
interest in assessing whether what we are seeing is “good” or “bad.” The
goal is simply to appropriately aggregate a large number of observations
into a much smaller number of statistics that describe the “typical”
experience expressed in the data set.

In the second phase of data analysis, we examine the likelihood that the
“typical experience” we derived from our source data can be generalized

to the whole population and whether those results are institutionally
important (for good or bad reasons.) It is important to understand that
statistics can meaningfully guide the first part of this phase, but there is

no branch of mathematics that can inform the second phase. As discussed
below, statistical significance and institutional importance are two separate
concepts, and school leaders should anticipate the need to create their
own community standards for what constitutes “good” and “bad” results.

Types of Data:
Quantitative, Categorical, Qualitative

The techniques an analyst deploys for both descriptive exploration and
inferential analysis depends on the type of data under consideration.
Therefore, identifying the type(s) of data in your data set is always your first
step in analysis. Common data types are:

Quantitative data is numerical in nature and represents quantities or
measurements. Quantitative data can be univariate or multivariate. Common
school examples of univariate quantitative data might include the number

of students enrolled, numeric grades, number of applications, or number of
faculty of color. In a multivariate data set, each observation is comprised

of two (or more) pieces of linked information. For example, we might have

a data set that includes standardized test scores and GPA for each student.
Each observation in this bivariate data set is therefore a pair of numbers.

Categorical data represents different categories or groups and is typically
non-numerical in nature (aka, they often appear as letters or words in a
data set). There are two types of categorical data: Nominal and Ordinal.

Data-Informed Decision Making e Data Analysis
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Nominal categorical data do not have any intrinsic order or ranking.
Examples include gender (male, female, other) or racial identity. Ordinal
categorical data have a specific order or ranking. However, the differences
between the categories may not be equal. Examples might include rating
scales (poor, fair, good, excellent) or satisfaction levels (low, medium, high).

uoLdNpoU|

Qualitative data provides descriptive information and is typically non-
numerical in nature. It involves gathering data through observations,
surveys, interviews, or open-ended questions.

Examples of qualitative data include interview or focus group transcripts,
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survey responses with open-ended questions, or recorded observations.

“Must have” Analysis Techniques

o
2
° ° ° ° 1Y)
for Univariate Quantitative Data o
g
o
Data Analysis Measures Description
Descriptive analysis Center The average (mean) and median are the metrics most often used to @
explores data to summarize, assess the center of a quantitative data field. We often use the mean o E S
s . Sae
present, or describe it in when measuring GPAs or average number of advanced courses. The n<-~> e
meaningful ways and make mean is affected by values that are significantly higher or lower than () g =
it easier to digest through most of the other values (aka outliers). The median is the middle value §' 2 g
aggregation and visualization. of an ordered set of values and is resistant to outliers. We might use = §'~"’
Descriptive analysis provides the median to measure the typical number of missed classes. @

approachable entry points
toward deeper analysis and
serves as a valuable tool for
generating accessible and
actionable insights.

Counts Simply counting the number of occurrences is an easy way to
get started when analyzing quantitative data. Examples include
counting the number of discipline-specific courses in which
students are enrolled or counting the number of extracurricular
duties a faculty member does in a year.
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Outliers Outliers are quantitative data values that are significantly higher
or lower than most of the other values. There are methods for
identifying outliers using the standard deviation of the data set
or the interquartile range (IQR). If your data set contains outliers,
you will need to determine whether or not they should be
excluded from your analysis (see linked resource.)

saoioeld 3sag

Percentages Taking simple counts and dividing by the total number will give you a
percentage. Percentages are useful when comparing categories from
different populations. For example you might be comparing a total of
45 males from an 11th grade class of 84 students (45/84 = 54%) to a
total of 48 males from a 12th grade class of 93 students (52%).

A893e135 ASAINS 10}

Variability Variability is a measure of how spread out quantitative data is from
the center. Range (max value - min value), interquartile range (75th
percentile value - 25th percentile value), variance, and standard
deviation are all metrics used to assess variability. Even if two data
sets have the same center (average GPA for two sections of the
same course), they could have different variabilities.
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https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/measures-of-center/#mean
https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/measures-of-center/#median
https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/understanding-outliers/
https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/measures-of-spread/#range
https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/measures-of-spread/#iqr
https://online.stat.psu.edu/stat500/lesson/1/1.5/1.5.3#paragraph--3051
https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/measures-of-spread/#std
https://bolt.mph.ufl.edu/6050-6052/unit-1/one-quantitative-variable-introduction/measures-of-spread/#std
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“Must have” Analysis Techniques
for Multivariate Quantitative Data

Y
o
o
5
Data Analysis Measures Description =2
=]
Regression and Modeling Simple linear Simple linear regression models explore the relationship between
regression two quantities. They can tell you whether the quantities tend

to move in the same direction (positive correlation), opposite
directions (negative correlation), or have no linear correlation
with each other. Under specific conditions, one might create a
predictive model to anticipate the value of an unknown outcome
based on a known input..

uonody ul
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ACorreIaﬁon does not imply causation

Multiple linear ~ Some models are more complicated and use several input

regression variables for the purpose of prediction or associative modeling,
therefore necessitating the use of a multiple linear regression.
For example, a school's LMS (learning management system)
might have data including a student’s number of absences,
number of late submissions, and number of content page views
which might be used to model a student’s overall grade for that
course. For example, students in a class who have submitted a
fixed number of late assignments on average have a 5% lower
grade compared to the rest of their peers in their class.

ainyn) eyeq

SIOpPUIA pue
‘suoLjeldossy ‘spieog
‘speaH Joj sdi]

[q]
o O
s 2
85
5
ok
o o
o 09
3%
o

ainjonajsesu]

Our IR projects in Human Resources are
helping us better understand the decisions
that candidates make, what services our

employees are taking advantage of, and how

saoioeld 3sag

to better educate teams about our extensive
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benefits on offer. This attention to hiring and

retention is critical in our current market.

— REBEKAH SOLLITTO,
ASSISTANT HEAD OF SCHOOL,
STRATEGIC INITIATIVES, POLY PREP
COUNTRY DAY SCHOOL
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https://bolt.mph.ufl.edu/6050-6052/unit-4b/module-15/
https://towardsdatascience.com/4-reasons-why-correlation-does-not-imply-causation-f202f69fe979
https://online.stat.psu.edu/stat500/lesson/9/9.5
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“Must have” Analysis Techniques
for Qualitative Data

=
Data Analysis Measures Description é—
[}
Qualitative analysis includes Coding themes  For a more hands on approach, you can use a different colored §'
methods for extracting highlighter which are each assigned to a specific theme to
themes from participant physically highlight quotes. You usually need to read through all
feedback in the form of of the qualitative feedback, first, in order to generate a list of =
written or verbal answers to themes to associate with the colors of the highlighters. Then, you &
questions. These questions go back to highlight a physical copy of the text. Alternatively, you Si §'-
often aim at answering the can use a Google Doc and an Extension such as Highlight Tool to 5 D
“why” of institutional research. accomplish the same task electronically. e g
For exgmp.le, a descriptive Word clouds can provide a visual representation of qualitative %
analysis might lead to =

feedback. There are free online word cloud generators such as
the aptly named FreeWordCloudGenerator.com. Other statistical
packages that are available include AtlasTl and MaxQDA.

noticing a drop in enrollment
of female students in upper-

level computer science g
courses. A researcher might Artificial Intelligence, like ChatGPT, can extract themes from o
then follow-up by asking qualitative data using prompts such as, “Extract 3-5 general =
female students (via survey, themes from the following qualitative feedback...” and then %
interview, or focus group), including the written feedback. This technology is emerging and,
“What upper-level course while promising, should be reviewed.
offerings are you most likely  gentiment Sentiment analysis is similar to coding themes and it uses the
to take and why?” analysis simple coding buckets of “positive”, “neutral”, and “negative.” This

is a good analysis for understanding the general sense of how
respondents feel about a certain topic.
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In the initial phase of analysis, institutional researchers typically generate
many, many statistics and visualizations that are completely unremarkable
and will never be used in a final report. This can feel like an unproductive
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waste of time but is actually a normal and essential part of exploratory
analysis. It helps you get to know the data set and provides important
context for how you detect and present more interesting findings.
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https://guides.library.illinois.edu/qualitative/coding
https://jsonchin.github.io/highlight_tool/
http://freewordcloudgenerator.com
https://openai.com/blog/chatgpt
https://www.qualtrics.com/experience-management/research/sentiment-analysis/
https://www.qualtrics.com/experience-management/research/sentiment-analysis/

Statistical Significance
vs. Institutional Importance

Once you have identified differences or potential patterns using the
exploratory techniques above, the logical next step is to determine if those
differences are “big enough” to merit intervention. This is one of the most
challenging parts of independent school IR because both institutional
researchers and the consumers of their analyses often incorrectly conflate
the meanings of “statistical significance” with “importance.” We offer the
following explanation to clarify:

“Statistical significance” has a specific meaning that relates to scenarios
when a researcher is working with a data set generated by a sample or
subset of a larger population. The core question significance tests address
is, “How confident are we that the result we are seeing in this sample
represents a truth about the whole population vs. being the idiosyncratic
result of the sample | happened to draw?” For example, imagine you were
trying to determine the average height of students in your school. One way
to go about this would be to pick a random sample of students, measure
each one, and compute the sample average height. It is theoretically
possible that because the sample was selected randomly, you happened
to select all seniors (or basketball players, or other groups that happen to
be taller than the typical student) leading to a sample average height far
greater than the actual student population average height. Put simply, a
significance test gives an estimate of how likely it is that the result you
see in the sample reflects the whole population vs. a fluke produced by
the students who were randomly selected into your sample (sampling
variation.)

The first thing to notice is that significance tests only apply to situations
where your data set comes from a random sample. In many projects in a
school, we have access to data about the entire population of interest (for
example, our data set of student course grades contains all of the grades
issued by the school, not just a sample.) To continue the analogy above,
we aren't taking a sample of students to estimate the average height of all
students; we know each student’s information so we can actually directly
compute the true average for the entire student body. In these cases,
questions of statistical significance are irrelevant and inappropriate.
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Speculation About the Future of Data Analysis and Al

There’s been a lot of discussion about how Al still need to curate Al output and recognize
will impact student learning and the teaching  how to organize results into a narrative that
process in schools. Al will also have an is accessible for their specific users. In order
enormous impact on how we do institutional ~ to spot Al errors, institutional researchers will
research work. We anticipate that in the still need to know when certain visualizations
near future, an Al like ChatGPT will be able or analysis techniques are and are not

to connect to a data source and immediately  appropriate.

produce an initial draft of a dashboard. Al

. Wi i I in Al,
will probably also soon be able to perform 2Rl Rl e eyaispms [

L . . but we did not feel confident recommending
qualitative analysis on data sets containing

. any specific Al tools just yet. There are to
open-ended survey responses, significantly ny spect oals Justye ere are too

. . . . i h
lowering the time costs associated with many open questions about how to connect

. . . . Als with a data set, about the accuracy of
thematic coding and sentiment analysis. ] )
Al output, and about data privacy issues
associated with feeding information

about our constituents into an Al. CIRIS

These advances will almost certainly make
the exploratory phase of analysis much easier

and will eliminate the need for institutional ) ) ) )
is watching this space closely and will be

researchers to know how to actually execute ) )
offering PD on emerging Al tools as the field

specific statistical techniques. We conjecture,

T . continues to evolve.
however, that institutional researchers will

Institutional researchers do work with data sets generated by samples;

many parent/guardian or alumni surveys only yield a sample of a larger
population. In these cases, significance tests could be appropriate. In order
for a significance test to be valid, however, data sets have to meet specific
conditions which many school data sets do not meet.

Lastly, even if a valid test does indicate that a difference is significant, it
does NOT mean that the result is important. For example, a significance
test might tell you that a difference between the average amount of time
spent on homework each night by male and female students of 3 minutes
is statistically significant. This does not, however, imply that this is an
important issue for a school to address.

Furthermore, differences that are important may “fail” a significance test,
especially if they involve smaller subsets of an overall population. One
of the main determinants of whether or not an observed difference is
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statistically significant is the sample size, with large sample sizes more
likely to “pass.” Keeping an eye on DEIB priorities, this means that
underrepresented groups are typically less likely to produce results

that are statistically significant. To extend the example above, the same
significance test that indicated that a 3 minute difference in average time
spent on homework across gender IS significant might also indicate that an
important difference of 15 minutes across smaller race/gender groups is
not statistically significant.

We include information about a variety of significance tests in the table
below, but we encourage schools to develop standards and criteria for
determining if differences are “big enough” to address that do not depend
on statistical significance. For example, after an initial study, school leaders
can set goals for future results and monitor whether they are moving closer
or further from the goal as time passes.

In summary: significance tests are complex to deploy correctly, but it is
likely that a new institutional researcher can produce useful, practical
results without ever using one and should not be deterred from starting
because they are unfamiliar with the ins and outs of significance tests.
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Data Analysis Measures Description

Inferential analysis applies T-test A t-test is a statistical hypothesis test used to determine if the
statistical methods to (univariate mean value of a sample provides sufficient evidence to cast
draw conclusions about quantitative doubt on a belief about the value of the population mean. There
a population or a data data) are several conditions that need to be met in order to use this
generation process based test with veracity. t-tests are often used when the variance of
on a representative sample the population is unknown but the underlying population is
drawn from that population. known or assumed to be normally distributed. Also, t-tests may

be applied if the sample size is sufficiently large.

AKnow when you can and Z-test Z-tests are similar to a t-tests but are appropriate when testing
(more importantly) cannot (univariate proportions (as opposed to means) and in the highly unlikely
use inferential analysis quantitative scenario where the population mean is unknown but the
techniques. data) population standard deviation is known.
ANOVA Analysis of Variance (ANOVA) tests are used to compare the
(univariate mean values of more than two samples. ANOVA assumes the
quantitative samples are independent and the distribution of quantitative
data) data within each sample comes from normally distributed

distributions with equal variances.

Chi-Squared Chi-Squared tests are used to compare observed sample

test proportions of categorical variables relative to expected
(categorical proportions based on a known population or a sample from
data) another population. A chi-squared test is a non-parametric test,

meaning that there are no assumptions that the population
data is Normally distributed. However, there are still underlying
conditions that must be met such as mutually exclusive
categories and sufficiently large expected cell frequencies.

Data Analysis Platforms

Recognizing which analysis technique to deploy is just the first step.
Next you have to actually do it. This is where data analysis platforms
and packages come into play. Many platforms offer statistical analysis
capabilities, and they are often packaged with data visualization
functionalities. For further discussion of platforms and apps for data
analysis and visualization, see the chapter on Data Visualization.

Data Analysis Case Studies

Here we offer three case studies that take a deeper dive into the specific
analyses a school might do in order to provide insights for action.
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https://bolt.mph.ufl.edu/6050-6052/unit-4/module-12/means-all-steps/#:~:text=our%20two%20examples.-,Tests%20About%C2%A0%CE%BC%20(mu)%20When%C2%A0%CF%83%20(sigma)%20is%20Unknown%20%E2%80%93%20The%20t%2Dtest%20for%20a%20Population%20Mean,-Only%20in%20a
https://bolt.mph.ufl.edu/6050-6052/unit-4/module-12/population-proportions-part-1/
https://online.stat.psu.edu/stat500/lesson/10
https://online.stat.psu.edu/stat500/lesson/8
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Case Study Description Analysis Techniques
Assessing Efficacy of a Data Academy offers an Academic Workshop course o Averages
Learning Support Program to' incoming 9th grade' students who n?ay need support | Mosaic plots 5
oty ity forGlass of 2021 with broad student skills. The Academic Workshop §_
teachers are curious about the following questions: ¢ Scatter plots <
=4
s Which students are placed into Academic ¢ Tables S
Workshop?

¢ In what ways might Academic Workshop impact
s student achievement in their 9th grade courses and
beyond? If the impact is positive, how might the
Academic Workshop course be replicated for 6th
grade students?

5
%]
=1
(=g

-

30'

23

g

=]

(%]

o

2

(o]

=2

Extending Traditional Metrics At Data Academy, considerable Admission Office time o Bar graphs
in Admissions and resources are devoted to its largest and most
important Kindergarten entry point. The Admission

o Combination graphs

\/’J’—\/\ . . . . .
l team wants to pursue the following lines of inquiry: * Geo charts S
‘_ = [ p——— o What are the advantages and disadvantages of the ¢ Tables =
- - current Kindergarten admission timeline? g
*  What does the timing of when Kindergarten %
applications are received and the historical yield
suggest about the Kindergarten applicant pool?
* How can we maximize Admission and § o
Communications efforts to engage families, capture §§§
market interest, and serve the school’s broader s&¢
enrollment strategies? g_ § I
= o L
Comparing Grade It is the end of the quarter, and teachers have submitted ¢ Histograms & g'?"
Distributions all gljades for thglr courses. The Academic E?e':an has « Segmented bar »
received complaints from students and families that
T o . graphs
. there are major differences in the ways that two -
' IIl teachers teach different sections of the same course. ;—: % &
e The Dean would like to: 23 @
:'“ S c 33
- . - » investigate the claims made by students and better & § §
——— understand any differences that might exist. o35
o better understand what the data generating process
(DGP) is for a student’s grade in the given course. 3
5o
. < g
==
g2
ua: a
Statistics and analytical techniques can often seem like the most <
intimidating obstacles to starting an institutional research program. While
mastering advanced statistics does take years of study and practice, o
7]
schools can start analyzing data with the small and simple, yet powerful 7
. . . . « 5
tools described in this chapter. There tends to be a lot of analytical “low 2
a,
hanging fruit” in schools that are straightforward to detect and leverage @
Data-Informed Decision Making e Data Analysis 86

uoLjeduUNWWOY) pue
uoyezijensi/ eyeq



https://drive.google.com/file/d/1Bnt5MCJk97agY65tyFj_FaCa7iKQI01f/view?usp=sharing
https://drive.google.com/file/d/1Bnt5MCJk97agY65tyFj_FaCa7iKQI01f/view?usp=sharing
https://drive.google.com/file/d/1TriZdYvru6XDpSAbBbkoj_tTJ6fCrRuM/view?usp=drive_link
https://drive.google.com/file/d/1TriZdYvru6XDpSAbBbkoj_tTJ6fCrRuM/view?usp=drive_link
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/grade-analysis
https://ciris.maret.org/ciris-resources/community-resources/demo-dashboards/grade-analysis
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early on. As research questions become more nuanced, an institutional
researcher will likely need more advanced skills, but there is typically time
to grow into these.

uoLdNpoU|

FOR FURTHER READING

e A University of Florida Biostats course with units on many of the topics
discussed in this chapter. (focus on SPSS and SAS)

e A Princeton statistics resource that shows how to compute descriptive
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statistics and execute many of the techniques described here in Excel,
Stata, and R
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https://bolt.mph.ufl.edu/6050-6052/unit-1/
https://bolt.mph.ufl.edu/6050-6052/unit-1/
http://www.princeton.edu/~otorres/Excel/
http://www.princeton.edu/~otorres/Excel/
http://www.princeton.edu/~otorres/Excel/
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Data Visualization
and Communication

uoLdNpoU|

Overview

Data visualizations play an important role in packaging and presenting
data. The old saying goes, “A picture is worth a thousand words.” This is

uonody ul
yoieasay [euoLnigsug

certainly true. It can also be said that a bad picture will cost you a thousand
words because you will need to explain it. In an ideal world of institutional

research, a data visualization will need very little to no explanation and will
help the user “see” trends and discrepancies in the data.

Visualizations (i.e. charts, graphs, tables, etc.) are a means for quickly and
easily communicating information as they decrease the cognitive load on

ainyn) eyeq

the viewer. Visualizations decrease cognitive load by harnessing the power
of our visual system by utilizing certain attributes, such as length, width,
size, shape, color, that can be processed and/or perceived in milliseconds
before we pay attention to other things. When data is presented visually,

it allows us to easily glean insights that would be difficult or impossible to
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piece together from the same data presented textually, as we are able to
search and understand patterns and relationships among values and make
comparisons that involve more than just two values at a time.

Knowing your audience will help you determine how you will communicate
data insights and how much support, guidance, and scaffolding will need to
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be provided.
In this chapter, we will cover:
o Data visualization platforms

o Choosing the right visualization

A833e1435 ASAINS 10}
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Cognitive Load

¢ Designing dashboards and reports
The relative demand imposed by a

o Examples of bad vs. good design choices . )
particular task, in terms of mental

 Access control and preserving anonymity resources required. (APA Dictionary
of Psychology)

sisAjeuy ejeq

o Sharing data insights
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Data Visualization Platforms

The first choice a school needs to make about data visualizations is
which platform(s) to use. All visualization platforms have their own set of
advantages and drawbacks. Capabilities, ease of use, cost, and the type
of research project will all factor into which platforms you opt to use.
Additionally, some platforms offer the ability to sync with data sources
while others require manual updates.

That being said, the types of visualizations an institutional researcher
chooses to present and the platform(s) they use to produce them are
inherently tied to the overall data maturity of the school community and
audience. Many times, the complexity or level of detail that is appropriate
for any given report hinges much more on the data literacy of the audience
rather than the capabilities of the researcher. When a school is new to

IR, basic platforms like Google Sheets, Excel, and static slide decks are
perfectly adequate to produce the types of visualizations and reports that a
community can meaningfully interpret.

As a community’s Data Culture grows over time and the audience starts
asking more nuanced questions, institutional researchers may want to
transition to more complex visualizations or more specialized platforms
like Google Looker Studio, MS Power BI, or Tableau. These platforms can
generate richer types of graphs and displays and enable the audience to
explore and interact with data more independently.

Ultimately, an institutional researcher may want to be able to create

fully customized types of displays that are not available in the templates
provided in standard platforms. This is when programming languages like R
or SPSS can become relevant.

For schools that are looking to start an institutional research program, the
important takeaway here is that you do not need to invest in the “top of the
line” most powerful platforms at the beginning of your program; they are in
fact probably too powerful for school communities that are beginning their
data journey. If you are a Google school, Google Forms, Sheets, and Looker
Studio are a good (and free!) place to start. If you are a Microsoft school,
Excel and Power Bl are good starting options. The table below gives details
on various options.
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Platform Cost

Google Sheets Free

Description and Uses

Google Sheets (aka Sheets) is a free, online spreadsheet that lets the user
easily share and collaborate in real time. It has all of the basic functionality
of a spreadsheet application like Excel, including some plug-ins like XLMiner
to do more advanced statistical analysis (and histograms). Sheets has a
variety of visualizations available, including bar charts, scatter plots, and

geo charts (maps). Spreadsheets are a good environment for cleaning data.
Sheets partners well with (no surprise, here) Google Looker Studio.

Excel $

Excel is a desktop spreadsheet application that is often bundled on
educators’ laptops with the rest of the Microsoft suite. It is slightly

more robust than Sheets, with more built-in analysis tools and types

of visualizations (like histograms). It has some sharing functionality via
Microsoft OneDrive but it is not as easy to collaborate as it is with Sheets.
There is an online version of Excel packaged with Microsoft 365 but it has
limited functionality. Excel plays nicely with Power BlI.

Google Looker Free
Studio

Google Looker Studio is an online visualization platform specifically for
creating interactive dashboards which are easy to share with colleagues. The
interactivity allows the user to filter data by category with the connected
visualizations dynamically updating in real time. Options for visualizations
include tables and charts such as bar graphs, scatter plots, heat maps,
gauges and tallies, and geo charts. There are add-on visualizations freely
available such as metric funnels and sunburst charts. Google Looker Studio
does not lend itself to easily manipulating, modifying, or cleaning your data,
nor does it readily support visualizations like histograms or boxplots.

Power BI $$*

Google Sheets is to Google Looker Studio as Excel is to Power Bl. Power Bl is
a desktop platform in which you can create dynamic dashboards and reports
to help illuminate data insights. Power Bl is not easily compatible with Mac
Os.

Tableau $%$

Tableau is arguably the most robust visualization platform available and

is used by enormous Fortune 500 companies. It comes with an array of
some of the coolest visualizations out there. It also serves as a “one stop
shop” for cleaning and prepping your data. It is an expensive platform and
the learning curve can be steep at the start. While Tableau can generate
rich visualizations, many of them might be difficult to decipher for end
users, especially if they are just starting to build their data literacy. We feel
it is best for schools just entering IR to start with the Microsoft or Google
products listed above and wait to consider Tableau until the IR program and
the school’s data culture have matured for a number of years.

Python, R, and SAS  Free

For those who code and want ultimate control, Python and R offer flexibility
in analyzing large data sets in a repeatable, reproducible manner. A lot of
work goes into getting the code just right, but once you get it where you
want you can repeat the analysis and create the visualization with one
keystroke. The types of visualizations are vast, powered by libraries that
offer customizable charts and graphs such as plotly, seaborn, and dash
(Python) and ggplot and shiny (R). There are also libraries that allow you to
perform sentiment analysis of qualitative data.
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https://www.google.com/sheets/about/
https://workspace.google.com/marketplace/app/xlminer_analysis_toolpak/600284989882
https://www.microsoft.com/en-us/microsoft-365/excel
https://lookerstudio.google.com/overview
https://lookerstudio.google.com/overview
https://www.microsoft.com/en-us/download/details.aspx?id=58494
https://www.tableau.com/
https://www.python.org/about/
https://www.r-project.org/about.html
https://www.sas.com/en_us/software/stat.html
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10026245/

Platform Cost Description and Uses
JMP, SPSS, and $$ For a “low code” option with a more user-friendly interface, JMP, SPSS,
STATA and STATA offer a rich array of statistical analysis tools and visualization

options. These platforms provide the ability to clean your data and automate
workflows for repeatable and reproducible analyses.

Google Forms Free Google Forms collects data and provides its own built-in visualizations for
the results (pie charts and bar graphs). Of course, you can also link the data
to automatically feed a Google Sheet for more extensive analysis. Google
Forms also collect qualitative data which can be copied to a Google Doc and
then coded and grouped for themes using a tool such as the Highlight Tool.

Qualtrics $$$* Qualtrics is the “gold standard” in survey design and analysis for the user
experience. The pricing comes at different tiers with different functionality.
Qualtrics allows many different options of survey question types and offers
the ability to make dashboards and do text analysis with your data.

Canva $* Canva is an online graphical design tool that can be used to create polished
data summaries with infographics and flexible layout options. Think of it as a
blank canvas on which you can combine text, shapes, and graphics.

Lucid, OmniGraffle, $* These platforms all excel at creating visualizations for flowcharts and
and Visio processes.

* some platforms offer a free version with limited functionality

Choosing the Right Visualization

Every report or dashboard revolves around presenting a series of individual
visualizations that should create a coherent narrative for the user. The

first step to creating the narrative is to choose the appropriate type of
visualization for the data you are presenting, a process that begins by
determining the type of data you are working with. Different types of data
lend themselves to certain types of visualizations, and we offer the table
below to aid in selecting the most appropriate chart or graph:
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https://www.jmp.com/en_us/software/why-jmp.html
https://www.ibm.com/products/spss-statistics
https://www.stata.com/
https://www.google.com/forms/about/
https://workspace.google.com/marketplace/app/highlight_tool/65634221687
https://www.qualtrics.com/platform/
https://www.canva.com/
https://lucid.co/?_gl=1*1ma59y3*_ga*OTM0OTg5Mjk4LjE2ODI0NjcyMjI.*_ga_MPV5H3XMB5*MTY4MjQ2NzIyMy4xLjAuMTY4MjQ2NzIyMy42MC4wLjA.
https://www.omnigroup.com/omnigraffle
https://www.microsoft.com/en-us/microsoft-365/visio/flowchart-software
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Visualization Description and Uses

Tables o Use with mixed audiences whose members will look for their own area or row of
interest and when exact numbers are needed for comparisons

Caution:

uoLdNpoU|

ATabIes interact with our verbal system rather than our visual system and thus
increase cognitive load

AKeep design secondary to the data; allow the data to stand out rather than
borders and shading.

Heatmaps o Heatmaps are tables that combine the detail of a table with the visual impact
added by color or shading

uonody ul
yoieasay [euoLnigsug

o Use heatmaps to decrease the cognitive load of a table

AConsider the choice of color palette when designing a heatmap. Using a color
gradient that covers too small a spectrum of colors can make reading a heatmap
difficult.

AUse diverging/converging color palettes judiciously. For instance, diverging color
palettes are useful when representing data that ranges from negative to neutral
to positive where converging color palettes might be useful for representing
intensity.

ainyn) eyeq

Histograms o Column and line histograms show distributions for a single variable.

o Use column histograms when there are few data points

SIOpU3A pue
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o Use line histograms when there are many data points
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ABe aware of the bin widths that you choose so as to appropriately show the
general pattern of the distribution.
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Visualization Description and Uses

Scatter and Bubble plots o Show both distribution and relationship between two quantitative variables

0 i o Bubble charts add a third variable to scatter plots indicated by size of the bubble

06 [
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Stacked Column and o Stacked charts include subgroups of data %

Stacked Area Charts » Use when desiring quick approximations of both relative and absolute differences

between subgroups
19 o Use stacked columns when showing the composition of subgroups or over few
4 periods

o Use stacked area charts when showing the composition of subgroups over many
periods
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o Use stacked 100% charts when only showing relative differences

2
._._._._ o A special sub-category of stacked bar charts is the offset, or diverging, stacked bar
0
A B c D

chart. Here is a straightforward way to create diverging stacked bar charts using a
spreadsheet.

'_'. . ! I Caution:

A Limit the number of subgroups to 5 or fewer.
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https://towardsdatascience.com/diverging-bars-why-how-3e3ecc066dce
https://towardsdatascience.com/diverging-bars-why-how-3e3ecc066dce
https://stephanieevergreen.com/diverging-stacked-bars/

Visualization Description and Uses
Pie and Donut Charts » Use when showing share of total and drawing attention to proportions in broad
strokes

* Best used only when highlighting significant disparities between 2-3 categories.

Caution:

AEstimates of magnitude based on angle sizes are inaccurate. Bar charts are a
better choice when encouraging detailed analysis.

Bar and Column Charts o Column charts compare data vertically; bar charts compare data horizontally

* Good choice for comparison because length is a salient preattentive feature and
we are good at accurately gauging differences in magnitude that are encoded by
length differences

I I |:| Caution:

AThe axis must start at zero; length comparisons are accurately interpreted only
when bars start at zero.

ALimit the number of categories being compared in clustered charts to 3-5.
Clustered bar charts can quickly become unintelligible for users

ALimit the number of overall bars visible in a single chart
ALabeIs should not be rotated. They should be readable left to right.

ANever use three-dimensional graphics; they distort interpretation and add to
cognitive load.

AUse data labels or axis labels, not both.

Line Charts e Good choice when comparing few or many categories over time

Caution:

AWhen lines overlap a lot, interpretation is difficult. Consider strategies such as
D emphasizing just one line at a time or separating the lines out within the same graph
or in different graphs.
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Visualization Description and Uses

Flow Charts * Good for data mapping and representing and documenting process flows and
relationships among components

Caution:
AStart from left to right when documenting flows

A Limit the number of components included; consider breaking complex flows into
multiple charts

AAII components included should fit on the same page

Sankey Diagrams o Aids in the visualization of how one categorical variable “flows” into another.

SANKEY DIAGRAM

Caution:
A Limit the number of components considered

AAdvanced visualization that is not easily built in many platforms

o Easily conveys the center and spread of a data set.

* Boxplots are segmented into two inner “boxes” and two “whiskers” (which is
why box plots are also known as box-and-and-whisker plots), with each segment
representing 25% of the data values.

Caution:

: ATWO different data sets with different distributions can possibly be visualized with
the same boxplot, masking the full distribution of the dataset.

Designing Dashboards and Reports

Reports and dashboards rarely consist of a single visualization. You are
typically presenting a number of visualizations and other information.

As an institutional researcher builds these sections, they make decisions
about how many visualizations to include, how big they should be on the
screen, which colors to use, where to place filters and other interactive
elements, and how much explanatory text to include. The guiding principle
in all of these choices is always to present your data narrative clearly while
minimizing the cognitive load experienced by your end users.

The following tips will help institutional researchers achieve this objective:

* Know the data story you are trying to tell. By the time you are making
a dashboard, you will have computed many descriptive statistics and
created many visualizations, most of which won't reveal any particularly
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https://www.research.autodesk.com/publications/same-stats-different-graphs/#:~:text=the%20entire%20process.-,More%20Examples,-Besides%20the%20Datasaurus
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interesting insights and will end up “on the cutting room floor.” A few,
however, will be compelling, and you want to center your dashboard

or report on highlighting these notable results in a cohesive narrative.
Before you start building, make sure your vision of this narrative is clear.

uoLdNpoU|

¢ Know your audience. The most common design error institutional
researchers fall into is building reports and dashboards that they
themselves find interesting but that overwhelm users. An institutional
researcher with high levels of data literacy might, for example, instantly
recognize boxplots and be able to immediately derive a message from
the display. An end user just starting to develop their data literacy skills

uonody ul
yoieasay [euoLnigsug

may need to expend considerable mental energy just to know how to
read the boxplot before being able to interpret its meaning. Choose the
simplest visualizations you can to convey the meaning of the data.

» Unless you've done intentional explanatory analysis, your goal for the
dashboard or report should be to present patterns you've found without

ainyn) eyeq

necessarily making a claim about why they exist. It is useful to list a few
possibilities that, alone or in combination, might be driving the pattern,
as well as a few dynamics that could not possibly be driving the pattern
(if these are obvious.)
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o Dashboards and reports can evolve. Restrain yourself from adding
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every possible bell and whistle when your school’s Data Culture is in its
infancy. Over time, your users will build data literacy and start asking
more complex questions. At that point, you can add new visualizations
and functionalities to the dashboard. This is one reason why having the
institutional researcher present in meetings where dashboard users are
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discussing results is so important.

o Relatedly, especially when building dashboards that will be in use for
many years, design the dashboard as if users are viewing it for the first
time each time they access it. Because of staff turnover, the dashboard
will have new users even if the dashboard has been in use for years. This

saoioeld 3sag

means including “helper text” in each section to explain how to read

A893e135 ASAINS 10}

the visualizations and/or use interactive elements. Alternatively, you
might consider including a “How to use this dashboard” section in the
dashboard itself.

o Adopt consistent formats within a single dashboard and across all

sisAjeuy ejeq

dashboards you create at the school. These might include styling
practices like including your school’s logo in the upper right corner
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of each page, always arranging filters horizontally across the top of
each page, standardizing font and color choices to integrate with your
school’s style guidelines.

o Order visualizations by importance, top to bottom and left to right.

uoLdNpoU|

o Strategically use preattentive attributes like color, size, and length to
focus attention

o On the topic of color choice: Use color sparingly and consistently.
Color, when used, should convey meaning, using the minimum number

uonody ul
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of colors needed across the dashboard. Make sure your color choices
conform to accessibility standards.

o Minimize clutter and use white space. When a user opens a dashboard
page with 15 visualizations on it with no white space between them,
they will become immediately overwhelmed (and possibly just close the
dashboard).

ainyn) eyeq

¢ Visualizations should be titled and labeled, but not redundantly so.
For example, include data labels or axis labels but not both. Consider
whether elements like gridlines are needed to read the graph or if they
merely increase clutter.
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There are many excellent books and online resources that go into detail
about graphic design principles for data storytellers. Several of the editors
of this guidebook found Data Story by Nancy Duarte informative and
useful. We would also be remiss if we did not mention Edward Tufte’s The
Visual Display of Quantitative Information, an iconic reference first published
in 1983. Additional resources appear at the end of the chapter.
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Examples of Bad
vs. Good Design Choices

A BAD INDIVIDUAL GRAPH:
NAUGHTY BANANAS

uoLdNpoU|

Export von Bananen in Tonnen von 1994-2005
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This graph of banana exports from various countries is terrible from a
design perspective for the following reasons:

¢ Most people don’t know how to begin reading this graph. If we try to
follow our natural inclination to read from left to right, we just see a list
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of country names that are in no discernible order.
o Graphs with three axes are a challenge for most people to interpret.

o The way years are displayed is redundant: they are represented both
on an axis and by colors (and the colors seem to be randomly chosen

A833e1435 ASAINS 10}
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without any meaning).

e Many of the columns are visually distant from the vertical axis making
it nearly impossible to read what value they represent. Furthermore, in
order to read values, the user must imagine grid lines that slope down
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and to the right from the vertical axis.
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o The banana image plastered to the “walls” of the graph adds no value
and substantially increases the visual clutter of the graph.

A BETTER BANANA GRAPH:

Export of Bananas by Tonne, 1994-2005
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This version of the graph communicates the same data but it:

o Leverages our innate habit of reading from left to right to intuitively
communicate chronology, and years are only represented by a single
signifier (the horizontal axis)

o Coloris used to convey a meaning (country)

* The magnitude of interest (tons of bananas) harnesses our implicit
understanding of “higher means more” elegantly. The rectangular
columns in the previous graph cluttered the space when we really only
care about where the top of each column was.

o Deleting the image of bananas allows the user to actually read data
values

Data-Informed Decision Making e Data Visualization and Communication
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—— Belgium-Luxembourg
—— Cameroon
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—— Costa Rica
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Philippines
United Arab Emirates
United States of America
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An Example of a Dashboard Page

The dashboard page below is a mock up using fictionalized data with the
goal of helping academic leaders detect gender imbalances in different
courses across the school.

CI R Record Count

IS Course Enrollment Percents by Department 2,130

uoLdNpoU|

School Year Student Count SELECT DEPARTMENT Total Student Enrollment in Department by Course 5
W Female [N Male ‘E

22-23 4 Department: English -~ !

(=]

2122 429 Honors British Literature, =1

Total Student Enrollment in Department by Grade

2021 418 World Literature
W Female [ Male
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This dashboard page exhibits many excellent design principles:
o Simple color palette

o Plenty of white space
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o Interactive filter controls consistently placed on on the left side of the
page

o Segmented bar graphs are easy to interpret
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One aspect of this dashboard we could improve on, however, is in

decluttering:
CI R Record Count
IS Course Enrollment Percents by Department 2,130

School Year Department: English (1) ~ Grade Level Ethnicity

Percentage of Female Students by Grade Level

The graph to the right displays the percentage of students in each grade level that
identifies as Female. B Female

The graph below displays the percentage of students in each course identifying as
Female. Courses at either end of the graph are the most imbalanced while those
towards the middle have a gender mix that is closer to the school average.

10th

On both graphs, the dotted line represents the overall percentage of the student Tt
body identifying as Female to allow you to quickly identify courses with gender 12th
ratios that are substantially different than the overall student body. % 2% 4k ex . sk ox

Percentage of Female Students by Course

B °:Female

100%

80%

o By changing the filters to drop down menus instead of static lists, we
freed up a lot of real estate on the page allowing for the inclusion of
some help text

o The original version’s segmented bar graphs showed only two categories
(male and female) that added up to 100%. The same information can be
communicated by only showing one category or the other (we arbitrarily
chose to display the percentage of students identifying as Female.)

o We added a sort to the course listing so that users will immediately see
which courses have the most disproportionate gender ratios

¢ Including a dotted reference line to the graphs informs users of the
school-wide gender breakdown. This prevents users from having to
know or assume this value on their own.
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Access Control and
Preserving Anonymity

Many times, a single dashboard will have multiple users who should not
all have permission to view all results. In the example dashboard above,
data for all departments is available for users with unrestricted access.
However, many dashboarding platforms allow the dashboard creator to
build in access controls, often based on the end user’s email address. In
our example, these permissions could be set so that an Assistant Head

of School would see all courses the school offers while the screenshot
above might be what the English department chair sees when they open
the dashboard (only English courses.) For an interactive tutorial on how to
implement access control in Google Looker Studio, please see the recording
of the 2023 CIRIS PLG meeting on this topic.

A final consideration in building dashboards is to preserve anonymity when
needed. Institutional researchers can accidentally compromise anonymity
by allowing the unrestricted application of the interactive filters available
to users. Without precautions, a user could simultaneously filter by gender,
race, and grade level, leading to the display of results for a group of one

or two easily identifiable individuals. This both compromises anonymity
and shows the user results that are based on too few individuals to draw
any meaningful conclusions. To avoid this, the dashboard creator can put
limits on the interactive elements available to the user so that they will
stop offering filtering options once the sub-group goes below a certain size
(perhaps 10 individuals.) Hard coding these record count filters gives users
flexibility while also maintaining the integrity of promised anonymity.

Conclusion

At its heart, data visualization is about storytelling. All of the choices an
institutional researcher makes in selecting charts and graphs to include in
a dashboard or report are driven by the goal of presenting a full story with
minimal distractions. To accomplish this, an institutional researcher needs
to have a clear vision of what the story is and to select the visualizations
and explanations that present that story to users in a way that is accessible
to their level of data literacy. We hope this chapter provides you with tools
to achieve these goals.
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https://drive.google.com/drive/folders/1Ed3yqpNX6PRYDQo81TdVwqK-x4uHsnNI?usp=drive_link
https://drive.google.com/drive/folders/1Ed3yqpNX6PRYDQo81TdVwqK-x4uHsnNI?usp=drive_link
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Visual Vocabulary

How to Choose the Right Colors for Data Visualizations | by Marie
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choosing colors for data visualization

ColorBrewer

The independent schools investing in comprehensive institutional
research have a profound understanding of not only what makes

their school communities tick, but also a contemporary view of their
schools’ DNA. The thought leaders in our space are willing to challenge
assumptions and dig deep into the data for meaning. That’s where the

magic of institutional research lies.

— CHRISTINA LEWELLEN, MBA,
CAE. EXECUTIVE DIRECTOR, ASSOCIATION OF TECHNOLOGY
LEADERS IN INDEPENDENT SCHOOLS
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