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Welcome, and thank you for taking time out of your busy schedules to come hear our presentation today. We
have a lot of information to cover and ask that you hold questions until the end.

The goal of our presentation today is to showcase how Undergraduate Admissions (one of 3 admission offices
on campus) uses data to inform decision making.
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Of course, that begs the question of how decisions are made.

The vast majority of our decisions are made from our experiences, things we know or feel to be true. When
data are brought into the picture, it is normally used to justify a discussion/decision that has already been made,

data becomes reflective of a discussion rather than defining the discussion.

So let’'s say we have a question: “How can we increase the number of applications from our prospects?”

The discussion is defined by intuition rather than data— “we’ll merely increase the number of mailings we do
which will increase the number of applications”, which intuitively makes sense, a larger net captures more fish.
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In contrast, a data-driven approach introduces data prior to discussion and decision making. In this approach
data frames the discussion, grounding it within the available data or information to inform the decision. In a
balanced data-driven system, data are used both to frame the discussion and to assess the outcome to create a

feedback loop to evaluate the original decision and to adjust when necessary.

So, returning to our question “How can we increase the number of applications from our prospects?”

Before discussion begins, we examine the data and we find that it is possible to identify the probability of
prospects becoming applicants and that we can identity the return on investment (ROI) of institutions and
geographic areas in terms of prospects to applicants. This information now frames our discussion.

“If we target prospects which are more likely to become applicants and target those institutions and geographic
areas with higher applicant yield, we should be able to increase the number of applicants while reducing the

number of mailings , and do so with lower cost”.
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Vertical Integration

For that to happen we are going to need data and that is where the Business Intelligence and Predictive
Modeling (BIPM) project comes in, a joint venture of Academic Affairs and University Computing. The BIPM
system is a unified student/course data system that provides analysts a small set of data tables from which they
can access data on the complete life cycle of students, from the point at which they become prospects to
degree completion, including the ability to integrate horizontal and vertical data dimensions across a time span
of 1980 to the present. Refreshed daily, this data system provides analysts real-time information-on-demand
and comprehensive data from which to create information to inform decision-making.
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Business Intelligence and Predictive Modeling (BIPM)
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Architecturally, our IBM SPSS Server pulls data nightly from our production system to refresh our BIPM data
system from which analysts can access data to inform decision making. SPSS is used as our primary ETL
(extract-transform-load) engine to build and refresh the BIPM data tables. Along with data refreshes, the IBM
SPSS Server also employs numerous models to develop scoring metrics that are fed back into our Banner
production system nightly to be available for both SPSS & non-SPSS users and programs.
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Modeling & Scoring
Targeting recruitment for greater yields:
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We mentioned earlier that our data-driven approach indicated the need to identify individuals and entities (e.g.,
institutions, geographic areas) in terms of application yields. That means we’ll need to have both individual and
structural-level approaches. While the modeling process involves different underlying algorithms and
techniques, both will ultimately produce scores which we can use to perform targeted recruitment to increase
yield and lower cost increasing our ROI.
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Modeling & Scoring
Individual-level:

» RTAP “Recruit-To-Applicant-Probability”
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At the individual-level, one of our most popular scoring metrics is what we call the RTAP score, a prospect’s or
recruit’s probability of becoming an applicant. The population target for this score are high school seniors; while
they make up approximately half of all undergraduate applicants, undergraduate admissions spends a
considerable amount of time and money recruiting this group. Prospect data are somewhat limited in what can
be used for predictive modeling but we have successfully laid out several predictors that allow us to identify with
high accuracy which high school senior prospects are likely to make application. The model includes sex of the
student, whether they are an under-represented minority (includes black non-hispanic, hispanic, american
indian, alaskan native & hawaiian), their college major, whether they are an undecided major, their primary
source of first contact (i.e., high school visit, campus fair, etc.) and their location of origin in our WSU Kansas
area map.
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Modeling & Scoring
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The WSU Kansas area map is one we constructed to geographically lay out where our applicant pools reside.
Nearly 80% of our undergraduate population comes from within the local area of Wichita and its surrounding
counties.
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Modeling & Scoring
RTAP Recruit-to-applicant-probability:

RTAP scores range from 0 to 99.99 and are read as a
percentage likelihood of a recruit becoming an applicant.

Scores are refreshed & uploaded to Banner (SORTEST) daily.
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As mentioned earlier, the SPSS server, during its nightly ETL builds of the BIPM data system, refreshes RTAP
scores daily creating scores for new prospects and refreshing scores for current & past prospects. These
scores are available to users in both the SPSS data files and the Banner production system as the SPSS server
uploads the refreshed scores nightly into Banner for both SPSS and non-SPSS users.

This slide displays scores for a random set of prospects from the database, as we expand the view, we can see
that the first prospect has a 6.75% probability of becoming an applicant whereas the second student has a
72.76% probability. With these scores, Admissions can more effectively (and efficiently) target prospects that
have a high probability of coming to WSU. They can elect to create break points within the RTAP score range
to allocate resources for better yield. They may elect to target only students who have a 30% or higher
probability of coming to WSU and since we also must target state-mandated sub-populations, they can stratify
their samples while giving each group the same or different break points. Or they may decide that those who
are 70% or higher will likely come without aggressive recruiting and send them only a letter whereas those
under 70% and as low as 30% will receive a letter and phone call, those under 30% will receive only an email.
The RTAP score, refreshed daily, allows them to conduct recruitment campaigns that will cost less and
generate more yield than our previous methods.

Business Intelligence and Predictive Modeling (BIPM)
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Modeling & Scoring
Comparison of Modeling Performance:
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It is important that our scoring models are continuously evaluated for performance, especially since our
population is always changing, the available data on students are continuously being updated and new data
dimensions become available. We evaluate all our models for performance weekly. This slide provides metrics
on our current RTAP score and compares it to two previous models that were used before the BIPM/SPSS

system.

In the past we paid and employed outside vendors to perform our scoring. A manual process where we either
sent a data file to an outside vendor for analysis or manually executed their software based on their estimated
model. While these vendors produced industry standard yields, they lacked an understanding of our institution-
specific business practices and were always out of date and not inclusive of all current prospects. With SPSS
and the BIPM system, we have real-time scoring that is based on current business practices under the direction
of those who know the Admissions data the best. It's not surprising that our current RTAP model exceeds our
previous vendors currently more than twice the gain (20% to 43%) from our past vendors.

Business Intelligence and Predictive Modeling (BIPM)
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Modeling & Scoring
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We also need to score for structural entities like institutions (e.g., high schools, community colleges and
universities) and geographic areas (e.g., zip codes, counties, states, nations) so that we can identify, rank and
target high yield institutions and locations. Treating these as customers, this ranking is often done via a RFM
analysis in which we rank customers on 3 dimensions of how recent they’ve been to our store (R), how often (F)
and how much money they spent (M). For WSU we modify this approach creating a nine tile rank giving us
more granularity and we place more weight on matriculation (a prospect becoming an admitted & enrolled
student) by moving it first in the dimension set, and we also append the actual registration yield to the score to

give greater detail and to break ties.
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Modeling & Scoring
Structural-level:
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The MFR scoring is refreshed daily via the SPSS Server nightly ETL builds and is uploaded to Banner for both
SPSS & non-SPSS users. The scores can be used by themselves as in targeting only high schools with a rank
of 30% or higher matriculation yields or can be used in combination with RTAP scores in which Admissions may
target only students who have a 40% or higher probability of becoming an applicant within zip code areas that
have a 30% or higher matriculation yield.

We update daily several different MFR scores for our common feeder schools (high schools, community

colleges, & universities), zip codes within the state of Kansas and all high schools and community colleges
within Kansas.
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Structural-level:

Modeling & Scoring

MFRy scores range from 11100 to 99999 in which
higher scores denote entities with greater ROI.
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As with the RTAP scoring, the MFR scores are attached to each student record and can be used by Admissions
to target their recruitment efforts at lower cost while generating greater yield. The MFR scores can also be used
separately from the student records by aggregating them to their entity level (e.g., high school, community
college, zip codes) so that recruitment within institutions and geographic areas can be done more effectively.

Business Intelligence and Predictive Modeling (BIPM)
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Modeling & Scoring
Identifying at-risk students:
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We would be remiss to give the impression that our only focus is on getting as many students into WSU as we
can; one of our top priorities is student success, so once a student enrolls we have several scoring metrics
performed by our SPSS Server that identify students who are at academic risk, from which advisors can take
action to address at-risk students. We have scores and dynamic reports that identify at-risk students based on
their admission data such as their academic ability, their probability to be on academic probation their first year
and whether they have remedial course needs. Once enrolled, we have scoring that identifies at-risk students
for failure to complete basic skills courses, if they are pre-registered for a course with a high D/F grade
distribution, if their current academic standing places them in jeopardy, if changes have occurred while at WSU
(e.g., decreases in GPA, reduced enroliment hours, intermittent terms) and if significant changes have occurred
in their out of pocket education expenses. Again, like the RTAP and MFR scores, these are created &
refreshed daily and uploaded to Banner making them available to both SPSS & non-SPSS users.
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Modeling and scoring is but one component of a data-driven approach, equally important is ongoing
assessment of productivity and goals. For that we have several reports that pull data from the BIPM and
Banner data systems to inform faculty, staff and administrators of our performance.
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Here we see a weekly report on admissions (all 3 admission offices) in terms of yearly week-to-week
comparisons on the number of applications, the number of processed applications and the number of admitted
students by several different dimensions, from student populations to academic units, allowing the admission
offices to see if they are hitting their targets and informing academic units of upcoming demand for classes.
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Forecasting:
Figure 9: Fall Admitted* Applications by Freeze Week
(Reports Undergrad D icll i and Grad )
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Using SPSS we can also forecast future outcomes to plan for contingent outcomes as they may be related to
resources and budget; here we see a graph forecasting the number of admitted applications and comparing it to
past terms. Forecasting also makes it possible to intervene and take action to change future outcomes, for
example if our forecast showed a negative trend we may change the allocation of freshmen scholarships thus
generating more yield, affecting change and avoiding an undesirable outcome.
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Feeder Reports:
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For recruiters, we report weekly on application and admission yields for our feeder schools. In this slide we see
performance data for our common high school feeders. Admission offices can use the report to adjust where
they deploy off-site recruiters.
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All of our data processing, from modeling to scoring to monitoring, is of little value if we do not have data
integrity. Accordingly, we have several reports that run daily to identify data entry errors so that they can be
addressed within 24 hours, a crucial threshold if we are going to use data to make data-driven decisions.
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For data driven decision making, data and information must be available instantaneously by business analysts
across campus. The beauty of the BIPM/SPSS system is that the data are defined and developed by those
who know the data best- the business analysts within each unit. They know the “why” related to their data--the
business practices that often change weekly, they know “how” the data gets into the system and “what” data is
of value; IT (information technology) and IR (institutional research) units are ill equipped to have this knowledge.
From this data system, business analysts can readily pull data to obtain information for data queries, analysis,
extracts, custom reporting and auditing, and using SPSS they can do all of this within one product. Information
on demand is crucial, anything less makes a true data-driven approach impossible. Data and information must
be available when the need arises, waiting until the next day for data/information is too late.
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Operations processing in Admissions
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Prior to the development of the BIPM/SPSS data system, Admissions was largely dependent upon the Banner delivered
reports for data/information. The IT staff also took advantage of these delivered reports (including the Banner managed
tables and views that support these reports) to build custom reports and tables to address additional needs the Banner
deliverables did not contain. But soon two problems quickly emerged. One was that the Banner deliverables assumed a
single generic admissions office. At WSU we have 3 different admission offices (undergraduate domestic, undergraduate
international, graduate domestic & international), all 3 admissions offices use the same Banner tables but have very different
business practices. It quickly became apparent that the Banner deliverables were reporting different data counts than what
were in the production system. For example, the Banner deliverables assumed one recruit or application record per student
per term, whereas at WSU we can have multiple recruits or applications for a student per term; for example we may have a
student with a graduate and an intensive english undergraduate record for the same term. The Banner deliverables were
selecting the last record within any term removing the other records the student may have in the system for that term. The
second problem that became apparent early on was the dependency on IT to customize data tables to work around the
Banner deliverables. This dependence resulted in lengthy delays in accessing data to inform decision making. Both
problems led to inconsistent data results and lengthy delays that prevented admissions from having information-on-demand
to accurately make decisions.

Admissions then joined the BIPM project and began to design a data system that would reflect the unique business practices
of all 3 admissions offices. As part of the BIPM project, all 3 offices had to come together to share their business practices
and needs so that a single admissions data system could be designed by the very folks who know their data the best, how it
gets into the system and what data are of value. Once the ETL builds for the new system were operational, all 3 admission
offices could extract & report data that matched production. They also had complete confidence in where the data were
coming from with complete transparency in data source and management. Equally important, they could propose
modifications to the data system that would be available within 24 hours, eliminating the lengthy delays and dependence
they had on others for managed data.

With development of the BIPM admissions data and the introduction of SPSS, they could now engage in information-on-
demand, using their own expertise in admission business practices as to what data to pull and how to deliver it.
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Use of SPSS for Banner verification
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WSU recently purchased a new customer relations management software product from Banner referred to as
BRM that helps admissions to manage recruit/applicant contacts and to perform automated recruitment
campaigns (targeted mass emails & letters). But as with any new release, and especially one that is part of an
acquisition product within the Banner suite, confirmation of data integrity was an issue. It was not uncommon
for there to be data inconsistencies between BRM and the production system. Since the BIPM data system
reflects production data and the admission offices were now well versed in using SPSS for data extraction and
analysis, they could easily identify where data inconsistencies existed and modify the BRM system to make the
corrections. Without SPSS and the BIPM data to audit the BRM system before automating a campaign,
admissions would have been reluctant to trust BRM.
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Through SPSS and the BIPM data, admissions could now dynamically monitor where students were coming
from, both geographically and institutionally. Using SPSS to create a series of customized reports that
displayed the counts and yields of students by different dimensions allowed admissions to refocus where they
spent resources. From the MFR scoring done by the SPSS Server, they could segment high schools in terms
of ROI and appropriately allocate recruiters toward higher yield schools while investing less time and resources
on lower yield schools. The same could be done in terms of the numerous recruitment events that occurred
throughout the year allowing them data to show which events could be eliminated and which should be
expanded. Using these data, admissions eliminated nearly all out-of-state travel since over 90% of our students
come from Kansas and 80% from within the surrounding counties of the university. They changed which high
schools to engage in live events refocusing them on schools that showed signs of high yield or increasing yield.
It also allowed them to manage future growth areas. Southwest Kansas has a very low population level but a
high percentage and growing Hispanic community. Being able to numerically identify which high schools within
southwest Kansas have promising yields, they were able to increase the number of Hispanic applicants by over
120%, an accomplishment that not only brings in more students, but also aligns with one of our goals to recruit
under-represented minorities.
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As mentioned earlier, we previously employed outside vendors to do our scoring of prospects, but the process was manually
driven and not informed by business practices. For our first vendor, we would send them data files from which they would
construct models & send back the individual student scores, which had to be manually uploaded to the SIS (student-
information-system). It took about a month to receive the scores, meaning they were not inclusive of all our prospects (they
come in continuously) and could not take advantage of updated students records since the initial data dump. More
importantly, the modeling was designed offsite by a vendor who did not know our unique business practices, and as
expected produced a modest industry level performance of 71% accuracy. Our second vendor was a software system which
allowed us to designate a model & score students; it was still a manual process of downloading data, running the program &
uploading the scores. This reduced the time of obtaining the scores, but they were still obsolete by the time we completed
the process and only increased our performance to 82%.

With SPSS we were able to have dynamic models, models running daily for all students allowing us to pull “on-demand”
scores for decision making, analysis and campaigns. The models are informed by the business practices within the BIPM
data system and are uploaded automatically into our Banner system for use by both SPSS & non-SPSS users, including
Banner systems that rely on the scoring uploaded from the SPSS Server. We now have no direct cost connected to the
scoring, a software product (SPSS) that can do more than just produce scores, and our performance yield is currently at
94%. SPSS has allowed us to save over $65,000 that would have went to outside vendors who produced lower returns.

We now know at anytime of the day where our most productive students are and which institutions and geographic areas
produce the highest ROI, allowing us to do more with less, and produce greater yield.
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Functional Usage of Data
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With the BIPM/SPSS system, Admissions was able to develop a series of dashboards that measure daily &
weekly performance, including the ability to set targets so that a continual process of assessment was available
for administrators and staff. The data provided a means for everyone to “be on the same page” when talking
about performance and strategy. The BIPM/SPSS system also provided the means to forecast registration
yields and enroliment to better plan for future contingencies and reallocation of resources that also allowed
them to endure system stresses. They began to understand the larger picture of what would be happening
months ahead so that when periodic changes or events altered current data metrics, the forecasting would let
them know that these were temporary fluctuations and did not warrant system changes.
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In addition to having information on demand, one of the biggest benefits of the BIPM/SPSS system was
confidence in data integrity. Now when they extracted data or viewed a report, they had confidence that the
data reflected the true production environment and felt confident in using the data to make decisions. From this
confidence it became easier to make decisions about system processes. For example, as with all Admission
offices, a large part of their expense is tied to publications for marketing and events. With the BIPM/SPSS
system and the confidence in using it to predict outcomes, they could reduce the number of publications and
actually achieve higher yield. These savings also translated into other areas since they could shift savings from
reduced publications to other areas to supplement or expand. And finally, but by no means last, they could now
plan for future changes. Using the BIPM/SPSS system, they could anticipate the impacts that changes in
admission requirements from the state would have on their ability to recruit, what population changes, such as
the rise in Hispanics, would mean to future resource allocations and other future scenarios that could now be
predicted with higher confidence, enough confidence to actually plan systemic shifts in resources to be better
prepared for when that future arrived.
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Power of Evidence-based Decision Making
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In closing, the intent of our presentation today was to describe how Wichita State University has created an
information on demand system for business analysts, what we refer to as the BIPM data system, the use of
SPSS enterprise products for the BIPM builds and data retrieval, and how the undergraduate Admissions office
has used the BIPM/SPSS system to gain greater efficiency at lower cost. Of course, Admissions is merely one
case study, other units on campus can take similar steps toward having greater use of evidence-based decision
making. For that to occur, it is important that data be structured based on the business practices of the unit in
question. No vendor purchased system (e.g., Banner) or outsourced vendor can ever know the unique
business practices that units work under and certainly cannot respond to the rapidly changing nature of
business rules and regulations. That is why business analysts within units must be the people who design the
data from which they will acquire information. It is also imperative that at the points of decision-making,
especially at higher levels of the organization, that data be imbedded into the discussion to inform decision
making, not as an after thought or to confirm a decision already made, but used to frame the discussion before
decisions are made. That means that data must be readily available, information delayed is information that is
not used. And finally, there must be a continual process of data assessment and evaluation, not only to
address system and changing population issues, but also to address new regulations and business practices.
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