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Executive Summary

Project Overview

/' FyFRFEQa L}RLJzZ A2y Aielucaies, @Levidescan sifg@osBdcendayy It & 6 St
enrolment and attainment of postsecondary credentials (Statistics Canada, 2017). However, access,
retention and ultimately success for students in underrepresented groups continue to pose a challenge.
Identifying students at risk afot succeeding and scaling interventions to provide useful supports to those
students is necessary. One approach to addressing this problem is the use of predictive statistical models
(Finnie, Fricker, Bozkurt, Poirier & Pavlic, 2017). Predictive magajlimerally, is the application of

statistical and informational modelling techniques such as classification, regression and machine learning to
make predictions based on previously recorded observations (Finlay, 2014).

Within higher education, predicteszmodelling can be used for enrolment management, improving student
success indicators (e.g., program graduation, retention, GPA, etc.), fundraising and to inform many other
outcomes. Predictive modelling typically makes use of data from learning managsystems, student
information systems and student surveys. Many predictive modelling projects have focused on single
institutions, but there are more recent examples that look at models utilizing data from multiple institutions.
In the Canadian context, dhawk College implemented a predictive modelling system in 2012 (Finnie et al.,
2017a), as have several other institutions surveyed for this study.

As an exploratory study, the primary purpose of this project was to provide an ovestitw landscape of
predictive modelling in Canada, not a synopsis of technical strategies on how to use predictive'riibéels.
report focuses orthe use of predictive modelling, illuminating whether, where and how predictive
modelling is being used effectively to imprastedent success and retentidn.

Through targeted outreach to postsecondary institutions, the departments and individuals most likely to use
predictive modelling were identified for participation in the online survey. Some individuals also opted to
participate in followup, irdepth, semistructured interviews and/or questionnaires (as selected by the
respondent) where they could provide more detail on their use, context and challenges as well as any
actions flowing from their use of predictive models.

A two-pronged approach, including requests sent via the mailing lists of higher education industry groups

and targeted emails to key stakeholders at Canadian institutions, was used to select institutions to receive
the survey. Overall, 170 responses to thédima survey were collected. Of these, 100 were excluded because
no informationwasprovided, or because test responses or duplicates of responses already were received;

1 Some technical insights on the use of predictive modelling are offered in Appendix A and Appendix C.

22 AGKAY GKS O2y(GSEG 2F (KA& LINR2SOUX a&alddRSyid NBGSy(srkoffist NEFSNE (2
enrolment, such as: yedo-year persistence; graduation; performance as measured by average grades; performaressasach by rate of good

academic standing; or performance in individual courses.
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international responses were also excluded because the small number of responses sadegful
analysis impossible. This left us with 70 responses for further analydgof which were complete, and
four of which were partially complete. Of the 66 complete responses, 38 were from universities, and 28
were from colleges and polytechnicsiitutions.

Following the survey, respondents were asked if they would be willing to participate in either a followup
interview via telephone or a questionnaire over email. Seven interviews and two email questionnaires were
completed.

The research questions for this project were:

a.
b.
c.

Which practices and/or principles are used in predictive modelling in the postsecondary context?
What are innovative uses of predictive models that influence student retention?

What opportunities anathallenges are associated with interventions informed by predictive

models?

How can postsecondary institutions leverage the strengths of predictive modelling to improve
student retention? Have the results of predictive modelling changed institutionalipescor

policies and is there data showing whether these changes have been effective in increasing student
access, retention or success?

Key Findings

Key findings include:

36% of respondents indicated that their institution was using predictive modefitir student
retention; 39% indicated that their institution was investigating, seriously considering, or planning
on using it; 10% were not using predictive modelling and had not considered it; and 16% had looked
into predictive modelling in the pastubwere not currently using it and kano plans to begin using

it.

Of those who were not using predictive modelling, the respondents noted that resourcing was an
issue, either in terms of people, time or tools, while other respondents identified issuleslatih
guality or understanding.

52% of respondents used predictive modelling to inform specific studsantion interventions. Of
these, the most common interventions employed promotion of support services and optional
individual advising.

Some respondats used predictive modelling in connection with their strategic enrolment
management plan.

The following were among the most innovative uses of predictive modelling:

One institution used a predictive model to help inform which applicants woulnoffieeed a
place in residence.

Higher Education Quality Council of Ontario
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Two institutions said they made the prediction results available to students, coupled with
information that allowed the students to determine their own path forward by choosing
among supports available to them.

One institutionreported involving their strategic enrolment management committee in the
oversight process for their predictive model. This review allows the committee to view
variables chosen for the model, their relative weights and accuracy, and to discuss data
pointsthat could be considered for inclusion in future.

Respondents agreed on two major themes:

Predictive models must be resourced appropriately, both in terms of human capital and
technical infrastructure.

Predictive models must be appropriately securedimiting access to those who need to

know for their roles in running or assessing the models, or coordinating interventions. These
predictions should be treated as any other sensitive personal informatmridibe.

Challenges experienced with modelling include data availability, transforming and mapping data as
well as institutional acceptance and resourcing issues.

Successes experienced with modelling include a shift in culture and conversation, &s wesil ar
improved interventions and supports.

The most common advice for those considering predictive modelling was to focus on
communications and buin, as well as integration and communication between areas of the
institution (e.g., faculties, acadencograms, administrative departments).

Due in part to budgetary pressures and an increasing need to support student success, the majority
of predictive modelling systems have been implemented in the last four years, and are often-built in
house.

Conclusons and Future Research Directions

Informing intervention activities on the basis of predictive modelling is a challeng2% of respondents

that have a predictive model reported using it alongside existing interventions. The trajectory of predictive
modelling, particularly in Canadian higher education, is still in its early days, with several respondents
suggesting that interventions were on their road map for the next couple of years. Others suggested it was
challenging to get those who are responsifileinterventions to see value in the modelling. One of the
biggest concerns brought up by respondents was around resourcing, in terms of time, people and
infrastructure.

While many respondents felt that it was too early to see the impact of prediotvgelling, those who had

seen an impact reported it was a positive one. A specific positive impact that many respondents noted was
that predictive modelling helped shift the culture and conversation on their campus toward increased use of
data and evidence decisionmaking, especially as they relate to both the provision and promotion of
services and support for students. The only negative impact noted by respondents was that the modelling

Higher Education Quality Council of Ontario
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identified some students for intervention who otherwise would h#seen successful (that is, successfully
completed the course, retained to second year, graduated or other outcome being predicted). As models
are not crystal balls (Finlay, 2014), this negative impact can be mitigated by having more, better quality data
to improve the predictive accuracy of the model, but it cannot be compledigyinated

There was no magic solution for institutions who used predictive modelling, as none of the respondents
AYRAOFGSR GKIFG GKSe& ¢ SNB dzufioyfsthotdd that theizMdsdel Bi&pénded ant dzi A
the data that was available to them and the context they operated within. While some institutions changed
how they promoted student services, at least one was progressing through a full revigi®aaEdemic

advising model based on predictive modelling.

It is clear from this research that institutional context is a significant driver of both the focus and the success
of modelling efforts. Which measuras overall enrolment levels, yeawveryear retention rate or

graduation rates, as some exampieswvere the focus of at least initial predictive modelling efforts was
reported in some cases as driven by external factors such as demographic shifts or institutional mandate
changes. Other respondents indicated thia¢ primary driver was student success, which is often influenced

by factors such as the mix of students served by the institution, the programs and courses offered, and the
structure of supports available to students. The successes of predictive mgdsfiimts were most often

linked with improving communication between different areas of the institution and enhancing the
AyalurabdzinzyQa FoAftAGe G2 YIS RSOA&aA2ya olaSR 2y

This research also identified future research directions, such as: howstn of predictive modelling affects
student access; how the uptake of predictive modelling interventions is affected by the nature and content
of the promotion of the interventions; and followup with the group currently implementing predictive
modelling,both in a deeper fashion in the short term for their plans and in several years for implementation
lessons.

Higher Education Quality Council of Ontario
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Introduction

/'yl RFEQa L} LJzZ F A2y Aielucaies, @feVidescad by ngidghhBstsecdngal/t & ¢ St
enrolment and attainment of postsecondary credentials (Statistics Canada, 2017). However, access,
retention and ultimately success for students in underreprdged groups continues to pose a challenge.
Identifying students at risk of not succeeding and scaling interventions to provide useful supports to those
students is necessary. One approach to addressing this problem is the use of predictive statistital mode
(Finnie, Fricker, Bozkurt, Poirier & Pavlic, 2017).

The goal of this research, performed on behalf of the Higher Education Quality Council of Ontario (HEQCO)
by Plaid Consulting, is to find out whether, where and how predictive modelling is beingfiseti/ely to

improve student retention in order to be able to inform future predictive modelling projects and new
opportunities to leverage institutional data to improve student success. As identified below in the Literature
Review, little has been publied on predictive modelling for student retention in a Canadian context, a gap
this research is intended to address.

As an exploratory study, the primary purpose of this project was to provide an overview of the landscape of
predictive modelling in Canagnot a synopsis of technical strategies on how to use predictive métleés.

focus was on the use of predictive modelling, illuminating whether, where, and how predictive modelling is
being used effectively to improve student retentibfihrough targetd outreach to postsecondary

institutions, the departments and individuals most likely to use predictive modelling were identified for
participation in a survey. Some responding individuals also opted to participate in followadgptim, sem
structured interviews and questionnaires (at their selection) where they could provide more detail on their
use, context and challenges as well as any interventions flowing from their predictive models.

The field of predictive modelling is not a new one, nor hassesheen limited to a single domain or a

LI NI A Odzf F NJ 3S23aNI LIKAO I NBF® CNBY FAYFYOALFE YINJSG
teams, predictive modelling has found many different applications. Higher education is no different. In this
context, predictive models are increasingly popular methods that attempt to predict which students will be
Gadz00Saa¥FdA ¢ 08 a2YS YSI adzNBsx &adzOK Fa O2dz2NBES O2YL)
certain aggregate grade threshold or program gbetion (Campbell, deBlois, & Oblinger, 2007). A more

detailed discussion of predictive modelling can be found in Appendix A.

The intent behind predictive modelling is generally to allow for targeted interventions in order to sway the
predicted outcomesThis could entail either focusing on the positive individual outcomes and intervening to
ensure those outcomes occur or focusing on the negative outcomes and intervening to change those to

3 Some technical insights on the use of predictive modelling are offered in Appendix A and Appendix C.

42 AGKAY GKS O2yGSEG 2F (KA& LinBser&dbsiubentedrdnazi SrypdrforNabde Pastink goifitof filk®S F SNE (2 |
enrolment, such as: yedo-year persistence; graduation; performance as measured by average grades; performance as measured by rate of good
academic standing; or performance in individoaurses.
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positive outcomeg or a mixture of the two options. Predictive meld in and of themselves can neither
prescribe outcomes nor interventiorts human expertise is required in order to figure out the evaluation

and select from the potential actions available in order to use the information from the predictive process to
gererate the desired future state.

An important point about predictive modelling, particularly in higher education, is that there are few

G G dzNy 1 S @ ¢ thase Whiehi dar2bé dsed without customizations with existing systems in place.
Existing turnkey dations generally utilize data from a learning management sySteirich can be done

because the concept of successful course completion is relatively standard across higher education. Outside
of course completion, the desired outcomes, data availableamdext (such as curriculum design, student

body demographics, institutional characteristics, etc.) generally vary enough from institution to institution

and even program to program that any predictive modelling must be customized. Further, all systeins nee

to be reviewed and tuned constantly to account for changes in the outcomes, data or context.

This customization of predictive models in higher education means that to gather information on whether,
where and how predictive models are being used andabeompanying challenges and opportunities,
information must be sought from many different institutions. Potentially, multiple predictive models may
exist at an institution and we need to gather information from multiple departments and individuals within
those institutions. Additionally, as predictive models are used globally, there may be information on best
practices and lessons learned available from institutions outside Canada.

The distinction between what constitutes more traditional analysis and whananalysis becomes

predictive is a grey, blurry one at best. Similar, if not identical, techniques and underlying data are used,
with outcome metrics often being similar. One difference may be the timing of the analysis: Is a model being
created to exfain events which have already happened, or is a future event being predicted?

5 For a detailed description of learning management systems, example systems and the data typically contained in theneplea&dassary in
Appendix B.
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Research Questionand Methodology

The goal of this research is to find out whether, where and how predictive modelling is being used
effectively to improve studentetention in order to be able to inform future predictive modelling projects
and new opportunities to leverage institutional data to improve student success. The specific research
guestions were:

a. Which practices and/or principles are used in predictivadelling in the postsecondary context?

b. What are innovative uses of predictive models that influence student retention?

c. What opportunities and challenges are associated with interventions informed by predictive
models?

d. How can postsecondary institutions/Erage the strengths of predictive modelling to improve
student retention? Have the results of predictive modelling changed institutional practices or
policies and is there data showing whether these changes have been effective in increasing student
accessretention or success?

Ensuring an accurate representation of institutional uses of predictive modelling in student retention
requires looking beyond the publicly available literature. Predictive modelling in institutional settings is
often undertaken bystaff members (see Figure 9, below, for responses to Question 9 that asked participants
about who was involved in implementing predictive models at their institution) who are not incentivized to
publish in the same way that faculty members are, resulitingpinimal information being made publicly
available on the modelling undertaken. What literature is available is oftefofbdate as models are

constantly refined.

In order to get a more complete picture, the project was structured around multipletpoindata

collection. First, departments and individuals most likely to use predictive modelling were invited to
participate in the survey through outreach to postsecondary institutions globally. As predictive modelling is
used worldwide, responses werewght from institutions around the world with a particular focus on
Engliskspeaking nations where translation would not be required. Secondssktted survey respondents
also participated in followup, depth, semistructured interviews and/or quesinnaires (as selected by the
respondent) where they could provide more detail on their use, context, challenges and actions flowing
from their predictive models.

Phase One: Survey

To reach the widest possible audience with the survey component of geareh, we enlisted the aid of
postsecondary industry groups. We identified potential audiences through research of industry groups
representing recruitment, admissions, academic advising, institutional research and analysis business
functions at postsecatary institutions, as those business units were those most likely to utilize predictive
modelling as it relates to student retention. Of the postsecondary industry groups identified, three were
Canadiarfocused, four covered the United States with someinational members, three covered other

Higher Education Quality Council of Ontario
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Engliskspeaking nations (Australia, Ireland, New Zealand and the United Kingdom) and one was global in
membership.

Once industry groups were identified, we reached out to the potential groups with backgroun@ on th
survey and information about what we were asking of them and in what timeframe. We initially identified
11 potential groups, of which eight agreed to participate, one declined and two did not respond. Once
confirmed, participant groups were sent matesab send to their membership, with a request that they
distribute them on the date that the survey opened. A number of Canadian groups utilized their
membership email mailing lists to advertise the sufvayd other groups advertised through means of thei
membership newsletters and social media grodps.

In addition to preliminary recruitment efforts, 315 individuals from Canadian institutions that had not yet
responded to the invitation to participate were contacted directly five weeks after the surasyopened.

This outreach was completely and purposefully distinct from the initial recruitment strafdwpse

individuals may or may not have received the initial invitations through the industry groups, and included
provosts or vicegrovosts, registrars, chief student affairs officers and directors of institutional research.

Those contacted dependedonti@2 y i I OG Ay TFT2NXI GA2Y | @ AfFLofS 2y SI
contacts who did not respond were sent a followup email after two weeks and the survey was subsequently
closed two weeks after that. The survey was open for a total of 9.5 weeks.

The survey was conducted using the QuestionPro survey platform hosted in Canada (QuestionPro, n.d.). The
initial survey was developed with HEQCO and asked representatives of postsecondary institutions about
their use of predictive models, including whettgedictive models are in use; when and how they were
constructed; what interventions are driven by predictive models; the impacts of the models and the
associated interventions; and what challenges and successes the institution has found. The complete
instrument can be found in Appendix B. To minimize the burden on respondents, only two questions were
mandatory: the institution name and whether the institution is using predictive modelling for student

retention; additionally, for respondents who indicatduely were using predictive modelling, we required a
response when we asked whether the respondent would be willing to participate in the second phase of the
study.

Overall, 170 responses to the online survey were collected. Of these, 94 were excludesebacavas
information provided, or because test responses or duplicates of responses were already received. A further
six responses were removed from the analysis as they were from international institutions; while the

6 These groups included the Association of Registrars of the Universities and Colleges of Canada (ARUCC, n.d.), thesCeiatidianfAs
University and College Student Services (CACUSS, n.d.) and the Canadian Institutional Research and Planning @83Béiaticad.).

7 These groups included the Australia and New Zealand Student Services Association (ANZSSA, 2015); AMOSSHE, The St(dgahRatioce
in the United Kingdom (AMOSSHE, n.d.); the Association for Institutional Research coveririteth&tdtes with some international membership
(AIR, n.d.)and the American Association of College Registrars and Admissions Officers, also covering the United States with sdioreinterna
membership (AACRAO, n.d.). Each group did an initial advertigenthe August 8 open date as well as a reminder via the same method two
weeks later.
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invitation to participate was extendketo international institutions, the small number of responses made
meaningful analysis impossible. This left 70 responses for further amalysof which were complete, and
four of which were partially complete. The survey exceeded the initial tarigéd €anadian responses.

Phase Two: Interview and Questionnaire

During the survey component, respondents were asked tdrof participating in the

interview/questionnaire phase, and whether they would be willing to participate through a telephased
interview or a questionnaire. All survey respondents were given the choice of either an interview or a
guestionnaire. Thenterview requests were sent via email to 12 respondents, while the email questionnaire
requests were sent via email ik respondents; nosresponders in each group received a followup email.
Telephone interviews were performed with seven individuals andibquestionnaires were sent to and
received from three.

The guestions were the saniethe interview and the questionnaire, but the telephone interview allowed

for clarifying questions to be asked while followup questions were not asked of questionesfi@endents.
Participants in this phase were asked about the same themes that were present in the survey, but with an
eye to receiving additional detail and depth that was not available via the survey. For example, while the
survey was structured to prode information on broad data types used in the modelling process and the
impetus for undertaking predictive modelling, the interview and questionnaire allowed us to delve into
substantially more detail by asking clarification questions. Additionally ntleeview and questionnaire

allowed us to more easily identify unique practices by asking for additional explanations. The instrument
used for both interviews and email questionnaires is available in Appendix E.

Analysis

The responses to opeended text giestions on the survey along with email questionnaire responses and
interview notes were loaded into Dedoose (SocioCultural Research Consultants, LLC, 2017) for qualitative
analysis. Before upload, data was anonymized and encryption was enabled in Denlensare the highest

levels of protection of confidentiality available. Coding of responses was done by two researchers who
O2RSR mMnm: YR ovy:: NBALISOGAQGSt & 2klppa(@ienl296@) Bas (12 A
0.77. Noted discrepancies @oding were rectified via discussion.

Literature Review

Background

Predictive modelling, generally, is the application of statistical and informational modelling techniques such
as classification, regression and machine learning to make predictions based on previously recorded
observations (Finlay, 2014). Building on daiaing techniques, predictive modelling has been around for
decades in various forms and is used across many industries, from financial serviceptofite@nd
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government (Finlay, 2014). In the education domain, predictive modelling goes by a nunmaenes, such
as educational data mining (Baker & Yacef, 2009), academic analytics (Campbell et al., 2007) and learning
lylrteadArda oDFOS@OAG Sid I fds HamMcOd ¢KS GSNY dzaSR A

The application of predive modelling in higher education to issues of student outcomes, namely student
success and retention, can largely be traced to the adoption of various educational information systems,

such as learning management systems (LMS), student information sy&¢®)scustomer relationship

management (CRM) systerfignd the broader trend toward increased use of social media and other

technology resources. These systems provide institutions with large amounts ahdatan be mined for
patterns and predictord 5 YA St S HnanmpT DIFIOS@GAS S FfdI HAMcOP t |
domain can further be separated into modelling for enrolment management, student success, fundraising or
many other outcomes.

Student success and retention have loraghb studied within higher education research and inform many of
the underlying variables used in the various predictive models found in the literature. These models
generally rely on some combination of retention factors identified in Tinto (1975, 198&), &d Metzner
(1985), Astin (1993), or Pascarella and Terenzini (2005). These retention factors may include background
factors such as demographic or geographic location information, academic factors such as educational
history and attainment, academiad social integration, and external factors such as finances and work or
family commitments. More recent research (Kuh, Cruce, Shoup, Kinzie & Gonyea, 2008) has linked student
success and student engagement with educationally purposeful activities, sstldgsig and orcampus
activities, with Kahu (2013) viewing retention as a distal consequence of engagement. Finnie et al. (2017a)
ARSYUGAFTFASR GOFNBSNI Ot FNAGeéd FyR aSRdzOFdGA2y O2YYAl
likelihood of dopping out of Mohawk College.

Predictive Modelling without Interventions

An early example of student retention predictive modelling is the work of Lam (1984) on predictingudrop
rates of university freshmen at Brandon University using logit regressatmiques, and in a similar vein
Scalise, Besterfiel8acre, Shuman, and Wolfe (2000) used logistic regression to identifyigkgfirstterm
engineering students at the University of Pittsburgh. Other examples of early work include {idgeli
andPunch (2003), who worked with genetic algorithms to predict final course grades for students based on
[a{ AYGSNIOlA2yasz | yR a220B5ofhkh schiml ang’ Randarklizgegt8sB I y Q& |
performance data to predict the successful onlineise completion using predictive discriminant analysis.
University of Alabama (UA) graduate students in a 2002 data mining course developed a predictive model
that identified 15@,200 firstyear students each year unlikely to return for their second yédas; data was

then shared with faculty and adeis for outreach and intervention (Campbell et al., 2007; Davis, Hardin,
Bohannon & Oglesby, 2007). The combination of these works provides evidence that predictive models are
useful for student retention purpses.

8 For a detailed description and examples of SIS and CRM systems and the data typically contained in them please segy/tireAplpsadix B.
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G t dzZNRdzS | yAOGSNARAGEY Wt & /I YLIBSEE 6/ YLIBSEtES Hn
create a model to predict academic success, both for the general population and for a freshiyianodel;

these models had success rates 6#6and 80% respectively by looking at variables such as SAT or ACT

score, overall grade point average (GPA), and composite variables representing LMS usage, assessment,
assignments and calendaring. This work was subsequently expanded into the CoursepBijeet at

Purdue.

Unlike other projects, Jia and Maloney (2015) used administrativg datat that is, avoiding the use of

LMS data from a university in New Zealand to predict both fiysiar norcompletion and secongtear
non-retention using preditive risk models. While the authors rely more on models used traditionally in risk
management areas such as health care and child protection rather than data mining techniques, the result is
a model that looks at many similar factors, such as demograptiypeevious educational experience. Their
model was significantly more accurate than using an uninformed model that assumed every course
enrolment had the same probability of resulting in rommpletion, with the students with the top 10% of

risk scores amunting for 29.55% of course n@oempletions in first year and 23.33% of student non

retention in second year. The authors did not study any interventions related to their model. A key takeaway
is that different types of models and analyses lead to sityilaseful results when predictive modelling is

applied to student retention.

Interventions

ArnoldandPistilli(2012) provide information on the evolution of Course Signals (CSPp0%t CS was

AYLE SYSYGSR Ay tdzNRdzSQad [a{X 6KSNB AyailiNHzOi2NB ¢S
LINE GARAY I AyailuNHzOG2NAR SAGKEE AUNIERED anayLi EOSRKR
course homepage, with a green signal for those with strong likelihood of success, yellow for those who may
have issues succeeding and red for those who are likely to struggle. Faculty would then decide w@n specif
interventions with students, including email messages, text messages, referrals to acadeisés and

one-on-one meetings with the instructor. Students who had at le@st course that utilized CS were

retained at significantly higher rates than sants who did not have a course utilizing CS, and students with

two or more courses with CS were retained at even higher rates. Additionally, student retention rates
AYLINROSR 6KSYy [/ { O2dz2NES&a 200dzZNNBR S| NI wisSinfiddiyig G KS
that courselevel interventions can have a positive impact on progrand universitylevel retention.

Also working primarily with LMS data, the Open University Od)distancelearning institutionin the

United Kingdont has been builohg a predictive model to identify students at risk of not successfully
completing a course, beginning initially with two introductory courses but having expanded to 18 courses as
of 2015 (Kuzilek, Hlosta, H¥tl Yy 2 @ ¥ %RNI} KI f X g9 jécdnvovddSevera differén® ¢ K S
prediction models and utilized both demographic and LMS data, and ultimately intervening with students to
try to bring them back on track; interventions are generally in the form of an outreach phone call from
specialized stdent support teams, but Kuzilek et al. do not provide information on the effectiveness of the
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interventions. The primary finding was the criticality of the early identification of students at risk of not
successfully completing a course.

While other predctive models in student retention were focused on a single institution, several later

projects looked at creating models that utilized data from multiple institutions. In one example, Jayaprakash,
Moody, Lauria, Regan, and Baron (2014) reported on thaik wn the Open Academic Analytics Initiative

(OAAI). The OAAI used LMS and administrative performance data from Marist College in New York State to
build a predictive model for student success that was then tested at several community colleges and
historically black collegeenduniversities. The model was used to inform interventions for those students
LINBRAOGSR G2 6S 4 NmR&al 2F y20 6SAy3a Ay 3F22R adly
software and ig at least in theoryt transferableto other academic contexts.

¢ KS AyuSNstyuA ya a A o8 | @FLINF 1 FaK Si
AAYAE I NI G2 GKS SYI A y i Jzéy 2ya dzaSR oe@
supportenviroty Sy 1¢ 6h! { 90 @SAGKAY GKS AyauAudzuxzyQé [ a{
students to use. The OASE resources promoted awareness of support mechanisassessifnent tools,

and scaffolding to improve study habits and refresh fundamentaletniThe study, run across all

participating institutions in selected (but not identified) courses in spring and fall 26ihga model

created and testedat Marist College in fall 2010 and spring 2011, separated students identified as
academicallyatisy Ay G2 F O2y GNRf 3ANRdzLIE |y 4Gl gl NSySaa YSaa
to the OASE content. Academicallyrizk students receiving interventions generally performed better than

the control group (receiving gradégpercentage points higheon average), however the intervention

groups generally showed higher course withdrawal rates than the control group. Early withdrawal may in

fact be a positive outcome as, if students feel they would not be able to improve their grade enough to pass,
withdrawal may allow them to avoid a negative impact on their transcript. This study suggests that models

and interventions can be used across contexts while retaining much of their power.

g dzR
f A

Another multiple institution initiative was conducted at the Universif Maryland University College
(UMUC), which undertook a fowear project determining factors that could predict student success
following transfer fromtwo community colleges in the Maryland system (University of Maryland University
College, 2015). Hy used observations of demographic factors, community college coakssg patterns

and performance, online course engagement, and early career UMUC performance to predict future
performance, reenrolment (enrolment in their second term), retention (efreent within a 12month

window following the first term) and graduation at UMUC. UMUC found that different factors were
predictive of different outcomes for example, gender was predictive for fiterm performance, re
enrolment and retention but not giduation, while whether a student took a math course at the community
college prior to transferring to UMUC was predictdfggraduation but not firsterm performance, re
enrolment or retention UMUC additionally studied four different interventions perfad on students after
their transfer from community college to UMUC. In three of the interventiobnsse of a student resource
checklist, mentoringand ap@y NB f YSy (i & WdzY LJ& (i FtNdidéot shghostatistdalyh y 3 O 2 dzb
significant differences in ten GPA, successful course completion, eemeolment between control and
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experimental groups, while the final intervention usingpgrson tutoring did show significant differences.
Of note is the small size of the experimental groups, so these resultsdshe treated with caution.

Predictive Modelling for Student Retention in Canada

In the Canadian context, Finnie et al. (2017a) report on work at Mohawk College, where the research and
implementation of a predictive modelling system began in 2012.dJdita from students who entered

Mohawk between 2005 and 2012, the project created predictive models for students who entered in fall

2013 and fall 2014 and categorized students into-lanediunm and highrisk student risk classifications

(SRCs) that repsented their likelihood of retention in both their second term and their second year of
a0dzZRASad ¢KS GFENRIFIO6ESEa Ay GKS Y2RSt AyOft dzZRSR AyTF2
responses to an entrance survey and scores on reading, writing atttematics assessments conducted
LINAR2NJ G2 GKS &aGdzRSyiQa FANRG (SNX¥YP ¢KS NBadzZ Ga ak
in the lowrisk SRC left Mohawk, with 13% of mediiand 23% of highisk students leaving; the model

ended up beig fairly accurate in the predictions. While at this stage the predictive model was not coupled

with interventions for students, the authors note that as student risk level (as determined by the model)

went up, students were more likely to seek out adwsiesources at least once in their first year at

Mohawk.

Ly GKS aSO2yR LXKIFIaS 2F az2KlIg|1Qa LINR2SOGzI addzRSyida
one of three groups a control group that received an email before classes began advertising advising
services, an experimental group that receivegmito three additional emails and a phone call encouraging
participation in a group advising session, and a similar experimental group that utilizezhame advising.

While the group assignment was not informed by the predictive model from Finnie @0dl7a), Finnie et

Ffd 6HnmMTo0 NBLERNI 2y GKS STFSOdha 2F GKS GNBFGYSy
SRCs. The results are not particularly clear, though show that for some groups there were statistically
significant improvements ikeaving rates. Highisk students in group advising were 4.8 percentage points

less likely to leave (p=0.1) after their first term, andogk students in group advising were 4.9 percentage

points less likely to leave (p=0.1) after their first yearhwitales in that group being 9.8 percentage points

less likely to leave (p=0.05).

In summary, the previous work in predictive modelling for student retention spans geographic boundaries,
with work in North America, Europe and Oceania. While there has adetnof focus on LMS data as a

major data source, other models are focusing either on using only administrative data or directly gathering
information from students. Few of the identified research projects have been turned into ongoing
operational systers, with proprietary systems instead having moved into the space; notable exceptions are
Fd GKS | YyAGSNEAGE 2F !'fFokYl 6KSNBE GKS RSAONAROGSR
{AIYylFfa LINR2SOG IyR ¢KS hLISYy ! yABSNEAGEQa adaidsSyo
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Within the literature available on predictive modelling for student retention, very little focuses on the

/'t YFERALY O2yGSEGO® [FYQa oOmcpyn0d 62N] dziAt Al SR aidzR
(2017a, 2017b) reported on work at Mohawk College. &bk o0f literature that involved Canadian

institutions was a key impetus for this project.

Results

The survey included a landing page, where potential respondents were provided with information on the
reasons the project was being undertaken, a linki#® privacy policy that governed the collection of the
information, and contact information for both Plaid Consulting and HEQCO should the respondents have any
jdzSaiAz2yad 2KSy (GKS abSE(G¢ odziG2y 2y G KAraspdniedS 61
in total, 170 responses were logged.

Of these 170 responses, we excluded 100 from our pool of responses to review and analyze: in 58 cases the
Next button was clicked but no information was provided; in six cases, responses were from outsida;Can

Ay FTAOS OFIaSa GKS NBalLRyRSyld SyGadSNBR YSIHyAiay3dtSaa
cases the respondent entered an institution name but did not provide an answer to Question 4 asking if the
institution used predictive modetig for student retention; in four cases the respondent answered Question

n 6AUK  aeSaé¢ odz2i RAR y20 LINPOGARS |y lyagSNI (2 v
in 12 cases the response was a duplicate to a response we did includeaimatlysis. This left us with 70

usable responses for analysis, of which 66 were complete and four were partially complete. Completeness
indid 1 Sa GKI G NB&LIHYRIWVEDG & yLINIKSSE SFSRRyd-{f LI 3S 2F G(KS ad
with no methodto jump over questions we know every question was viewed, though not necessarily
answered. The partially complete responses provide information up to, respectively, Questions 9, 18, 19 and
21 of the survey. The partially complete responses were inclutétki analysis as a number of other

responses, though complete, did not answer some of the survey questions, and we saw no reason to

exclude the partially complete group simply because their unanswered questions came at the end of the
survey.

In some casge multiple responses were received from different areas of the same institution, and in total 70
responses were received from 66 Canadian institutions; the 12 duplicate responses removed were thos
cases where clearly the responses were from the sameithdil in the same area of the institution.
Responses were received from institutions in nine of 10 provinces (with the exception being Newfoundland
FYR [FTONIR2ND |yR GKS [ dzl2y ¢l & GKS 2yte 2yS 27 i
saw the highest number of responses with 26, followed by British Columbia (18) and Alberta (11). Table 1,
below, shows the number of respondent institutions by Canadian province or territory and an approximate
response rate for each. Note that this tableuots institutions rather than individual responses, while the

total number of institutions in each province or territory includes publicly funded postsecondary institutions,
and institutions that are members of Colleges and Institutes Canada, PolyteClamada or Universities
Canada.
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Tablel: Survey Response Rates by Province/Territory

Province/Territory Number of Respondent Institution§y  Total Number Response

of Institutions Rate
Alberta 10 20 50.0%
British Columbia 18 27 66.7%
Manitoba 3 8 37.5%
New Brunswick 1 7 14.3%
Newfoundland and Labrador 0 4 0.0%
Northwest Territories 0 2 0.0%
Nova Scotia 2 10 20.0%
Nunavut 0 1 0.0%
Ontario 23 54 42.6%
Prince Edward Island 1 3 33.3%
Québec 4 68 5.9%
Saskatchewan 3 15 20.0%
Yukon 1 1 100.0%
Grand Total 66 220 29.1%

See Figure 1 for a map of the responses by province or territory. In some cases, multiple responses were
received from different parts of a single institution, and the first number shown is the number of survey
responses received, while the second number in parentheses is the number of distinct institutions that
responded.
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Figurel: Map of Responses to the Predictive Modelling for Student Retention Survey
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Note: Adarker colouiindicates more responses; numbers represent number of survey responses and those in parentheses indicate
the number of distinct institutions responding.

Most of the survey responses come from individuals with either oversight responsibility or a role in
developing the predictive model. Figure 28 in Appendix C provides the detailed breakdown.

At the end of the survey, the 25 respondents from institutions currently using predictive modelling were
asked if they would be willing to participate in either ddwlup interview via telephone or a questionnaire

over email. Seven interviews and two email questionnaires were subsequently completed by participants in
phase two of the data gathering.

Figure 2 maps the participants from this phase; unlike phase niphase two each institution provided

only a single response and the colouring and numbering represents both the number of responses and the
number of institutions. As the questions for participants during the phone interviews were substantially
similar tothose provided to participants in the email questionnaires, the analysis was performed on the
responses to both as a whole. The initial questions for both methods were the same, though the interview
allowed for additional questions to be asked in ordeckarify or expand on certain points.
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Figure2: Map of Participants in the Predictive Modelling for Student Retention Interview and Email Questionnaire
Phase

Number of
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Use of Predictive Modelling

The survey results have shown thihe use of predictive modelling at postsecondary institutions for student
retention purposes is increasing, particularly since 2013. Most institutions using, or considering using,
predictive modeling note that the impetus for doing so was to support studaocess, with smaller

numbers citing institutional requirements or priorities. Information gathered in interviews and/or
guestionnaires showed that in almost all cases, predictive modelling is being used across the institution
rather than within a spedif department or progranand the most common uses are for enrolment

planning and admissions projections. Other reasons cited for implementing predictive modelling include
enhancing student success and identifying students at risk of not being acadesucai®ssful. The impetus

for using predictive modelling typically comes from senior ranks within the institution or offices responsible
for enrolment planning/services.

The final response analysis group consisted of 70 survey responses. Of these, B5ag$p6%) indicated

that their institutions are currently using predictive modelling for student retention purposes and a further

27 (39%) that they were investigating, seriously considering or planning to use it. These results are shown in
more detail inFigure 3 below.
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Figure3Y wSall2yasSa G2 vdzSadAzy nX aLa @2dzNJ AyadAddziazy OdzN
LIdzNL}2 4 Sa®me) 6{ St 0

Not currently using predictive modelling, but are
planning to implement soon, or are investigating or
seriously considering implementing

27 (39%)

Yes 25 (36%)

Not currently using predictive modelling, but have

0,
looked into it in the past 1(16%)

Not currently using predictive modelling, and have

0,
not considered it 7 (10%)

wSaLRYRSyila K2 AYRAOIFIGSR Fyeé NBalLRyaS 20KSNJ GKIy
elaborate on why they were not currently using predictive modelling, and whether they thought that might
change in the future. These responses were qualitdy coded and the results can be seen in Figure 4. Of

these 45 respondents, 20 (43%) indicated that they were currently exploring using predictive modelling but
were not yet at the point of definitely implementing a system. A number of responses indliczgeurcing

was an issue, either in terms of people (16, 35%), time (eight, 17%), or tools such as appropriate software

and sufficiently powerful hardware (six, 13%), while six respondents (13%) identified issues with data quality
or understanding as hoidg them back.

An additional concern, cited twice (4%), was a change in institutional mandate as the resulting programming
changes mean that historical retention may not be predictive of future retention, and these institutions may
have to wait forseveral years before predictive modelling can be reasonably pursued. Six respondents (13%)
indicated that predictive modelling was not perceived as a need in their institution, with three of these
responses citing already high retention and graduationsats the reason it had not been pursued; another

two (4%) indicated the institution was not ready for predictive modelling, without indicating why. Finally,

five respondents (11%) indicated that predictive modelling would be moving forward and they were

currently in a development phase, with one indicating a fall 2017 pilot and another a fall 2018 launch.
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Figure4: Qualitative Codingofno , Sa¢ wSall2yasSa G2 vdzSadAz2y nX aLa @&2dzNJ
modeling2 NJ a0 dzRSy i NBGSydAzy Llz2N1L}RaSaKée

Exploring I 20 (43%)
Lack of human resources |GGG 16 (35%)
Lack of time NG 8 (17%)
Data quality issues | NN 6 (13%)
Lack of tools || 6 (13%)
Not perceived as necessary | NG 6 (13%)
Developing |G 5 (11%)
Change in institution status [l 2 (4%)
Not ready [l 2 (4%)

The 25 respondents who indicated in Question 4 that their institution was using predictive modelling were
directed to the remainder of the survey, while the other respondents were sent directly to a page thanking
them fortheir participation in the survey. The following analysis focuses on the 25 respondents who were
using predictive modelling.

Use of predictive modelling is a relatively recent phenomenon at postsecondary institutions with many of
the responses showindnat predictive modelling has only been in place since 2013 or later, with 2014
through 2017 garnering 11 responses (39%). Prior to 2013, adoption of predictive modelling occurred at a
much slower pace (see Figure 5).
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FigureswSalLl2yasSa G2 vdzSadAizy 173 G2KSYy RAR B2 dNB®BIVKYA 238 A LOEN
(SelectOne)

2017 [ 2 (8%)
2016 [N 2 (8%)
2015 | 4 (16%)
2014 [ — 3 (12%)
2013 [ 1 (4%)
2012 [ 2 (8%)
2011 | 1 (4%)
2010
2009
2008 [ 1 (4%)
2007
2006
2005 | 1 (4%)
2004
2003
2002
2001 | 1 (4%)
2000 [N 1 (4%)
Prior to 2000 | G 2 (8%)
Unsure [ 2 (8%)
No response |G  (8%)

When asked why they began using predictive modelling, most institutions (21, 84%) indicated they began for
student success reasons, Wwismaller numbers citing institutional requirements or priorities (8, 32%),

budgetary reasons (six, 24%), or federal or provincial requirements or priorities (one, 4%). Among those that
NBEALRYRSR G20KSNE¢ 2yS AYRAOI (i SuemeStyoNtdiloriytidentt | vy A
success interventions and one offering a better curriculum and understanding future student needs. (See
Figure 6.)

Figure6Y wSall2yasSa (2 vdzSadAizy wmn3I &2 Kl (modeling fodisku@entA Y LIS (G dza ¥
NEBGSyliAz2yKE o{StSOG 'ff ¢KFG ! LILX &0

Student sucoess reasons G 21 (54%)
Institutional requirements or priorities ||| G 8 (32%)
Budgetary reasons || N 6 (24%)

Other (please elaborate) [ 4 (16%)
Federal or provincial requirements or priorities [J] 1 (4%)

Higher Education Quality Council of Ontario




Opportunities and Challenges in Predictive ModellimgStudent Retention

These issues were explored in more detail with the nine institutions that either participated in an interview

or completed a questionnaire (see Figure 7). The most cited reasons for why patsdyegan using

predictive modelling included improving enrolment planning (four, 40%), improving strategic decision

making (four, 40%) and identifying students at risk of not being academically successful (three, 30%).
Enhancing student success was idiedi by one participant (10%). An institutional mandate change was

identified by one institution (10%), which relayed that the mandate change and associated changes to
LINEANF Y& YIFIRS (GKS KAaAG2NAROIFt aNHzZ SN Y&lidokalpask o6 6 KS N.
future years) invalid and that new technigues were required to interpret data on much shorter timeframes.

Figure7Y t KIFaS ¢¢2 tFNIAOALIY(GaQ wlidAz2zylfS FT2NJ GKS ! R2LIIA2

Improve enrolment planning | * (40%)
Improve strategic decision making |  (40%)

Identify students at risk ||| GG : (30%)
Enhance student success ||| 1 (10%)

Institutional mandate change || 1 (10%)

Note: Some responsesceived multiple codes.

Almost all survey and interview participants (eight of nine, 89%) reported using predictive modelling across
the institution rather than within a specific department or program.

Predictive modelling was performed on both ad leox regular bases depending on the purpose of the
model and the availability of data. Participants reported having models that were both aggredght is,
predicted retention for a group of students without predicting retention for any particular sttsfenand
individual. These results are shown in more detail in Appendix C (see Figure 37).

The request to begin using predictive modelling most often came from either senior ranks of the institution,
such as a strategic enrolment management (SEM) com$iitted § KNBS X o020 2NJ 6§KS LINR
from offices responsible for planning such as within the institutional research office (two, 22%), or from
enrolment services (two, 22%). In one case (11%) the request originated from the academic digihiea

this was the case where the modelling was only done for a particular program rather than more broadly

across the institutior{See Figure)3
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Figure8Y t KF &3 ¢62 t I NIAOALI yiaQ Ly ReqdstOdgRaed2 ¥ 2 KSNB t N
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Strategic Enrolment Management committee _ 3 (33%)
Enroiment services ||| EGNTTNRNGNGGEGEGEGEEEEGE 2 (22%)
Institutional research ||| EEGTENGGEEE 2 (22%)
Academic unit head ||| 1 (11%)
Provost [ 1 (11%)

Institutional Stakeholders

Most predictive modelling systems currently in use at postsecondary institutions were implemented by in
house staff and/or faculty. In some cases the system vendor or an external consultant or otheratiganiz

was used. The results of the predictive modelling were made available primarily to administrative managers,
academicadvises, other administrative staff, unit heads, SEM committees and other senior administrators.
Few respondents indicated that fdtg/non-faculty instructors were given access. In two cases the results
were made available directly to the student. In most cases, the actual predictions from the system were
made available through custom reporting.

Of those institutions currently usimgredictive modelling, 22 of 25 survey respondents (88%) indicated that

their systems were implemented by-house staff. In some caseshinuse faculty were also involved (seven
respondents, 28%). In four cases (16%), the system vendor was used; amulcasts (8%), an external

consultant or other organization was used (Figure 9). Of those that selected more than one of the response
options, six (24%) indicated that the system was put in place-bguse staff, iFhouse faculty and the

system vendor. Aurther three (12%) indicated that the system was put in place Hyourse staff and the

system vendor. No other combination garnered more than one response, and one respondent provided no
response to this question. When "external consultants" was selecespondents were given the option of
LINE GARAY I G(GKS O2yadzZ (FydiQa l2WAF yAT A2y 6A0GK (62

A2y @I G2 KSy @2dz 2NRAIAYL T

Figure9Y wS&a LRy as v ad
A SR AY GKS AYLX SYSyidlidAaz2yKe 6{S

¢ a

retention,g K2 g1 a t
i-house st I 22 (55%)

In-house faculty [ 7 (28%)

System vendor | 4 (16%)
External consultants or other organization [JJj 2 (8%)
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When asked who has access to the results of the predictive modelling, the survey showed that the majority
of systems provide access to some administrative managers (13, 52%), while in eight cases (32%) access is
provided to academiadvises and in anotheseven (28%) to other administrative staff. Few systems

provide access to faculty members (five, 20%) or-famuilty instructors (three, 12%).

¢KS mMn onm:r0 NBalLlRyaSa Ay (GKS G2GKSNE OF(iS3I2NEB Ay
enrolmert management committee (two), senior administrators (two), direct to the student (two) and on a
caseby-case basis (three). These results are shown in Figure 10.

FigureloY wSallR2yasSa (2 vdsSadrazy MEYAaaFKRBYKOHBS| ORNSBRAOGRIA KB2
(Select All That Apply)

paminsirtie managers G 13 2%
Otver (pease seciy) GG ' (‘0%
Academic advisors || NEEEGNGEEEEEEEEEEEEE G (32%)
Administrative staff | ENEREEE 7 (28%)
Faculty members [ RN 5 (20%)
Non-academic instructors || G 3 (12%)

When asked how they maintained security around the predictions ensuring only authorized individuals
could access the information, interview/questionnaire participants reported thageimeral, access to
information where the predictions were done in aggregate form was less tightly restricted than if the
predictions were done at the individual level. In two cases (20%) the predictions were uploaded onto an
operational systerm in one cas to a CRM system, and in another to theiSI8here appropriate security
was applied. In other cases with individual data, the information was stored only within a database with
extremely limited access. Where the predictions are aggregate, the informatis more often made
available to groups across the institution, though ensuring that the information did not make it outside the
institution was required.

Survey results showed that, in most cases, the actual predictions from the system are maddeagiiiab

through the system itself (five, 29%) or through custom reporting (nine, 33%) as shown in Figure 11. A

smaller number of responses were seen for data mart or data warehouse (four, 15%), student information
system (two, 7%) and advising system§cnh > 0T GKS [a{ 2LIXiA2Yy sl & y2i a
group, three respondents (11%) indicated another system, two respondents (7%) indicated predictions are
provided in presentations, and in one case (4%) through the Pharos360 system prerieatibned.
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Figurell: Responses to Question 17, "How are the predictions made available to those with access?" (Select All That
Apply)

Other (custom reports) [ © (33%)
Predictive modelling system || NN 5 (19%)
Data mart/data warehouse | EENEGEEEEEEE £ (15%)
Other (in-house system) | NEE 3 (11%)
Other (presentation) |G 2 (7%)
Student information system |G 2 (7%)
Advising system [ 1 4%)
Other (Pharos360) [ 1 (4%)
Learning management system | 0 (0%)

b2GSY ¢2GFf NBaLRyaSa I' onT GhiGKSNE NBaLRyasSa aSLINFGSR o6& |
How isPredictive Modelling Being Used?

Predictive models are used for many reasons associated with enhancing student success including

identifying vulnerable students, targeting interventions, promoting student supports and improving

enrolment planning. The priary target group for models is firgear undergraduate students. Perceptions

of respondents vary with regard to the accuracy of predictions for different student groups. The data used in
LINERAOGAGS Y2RSta Aa Yz2al 2 IDats yay ddo bekuSeNFor offeN2 Y (K S
systems such as financial aid, advising, student engagement and learning management systems. The types of
information commonly used in predictive models include student demographics, location, previous

educational historystudent surveys, standardized tests, and admission and application information. More

than half of the respondents indicated that they use predictive models to inform specific student retention
intervention such as the promotion of available support sssj advising, mentoring or selésessment

tools.

Types of Uses

In Question 5, respondents were asked how predictive modelling was being used at their institution, and the
results can be seen in Figure 12. This was presented as aaklbett-apply question, and options that
IJFNYSNBR | YFI22NARGe 2F (GKS wp LR&aaArAofS NBalLkRyaSa
LISNF2NXYIF yOS NBIaz2yaé gAGK mMp O0cmk:0X aldlNBSGAY3 Ay
OCc >0 AWIINEKRS(G dzaS 2F | OFRSYAO | yRk2NJ FRAaAy3d NBa
AYUGSNDBSYyidA2ya AYLNRGS aiGdzRSyid NBGSYUA2Yyé GAGK mMH
There is substantial overlap in the nature of these usdargeting interventions and determining the

effectiveness of those interventions go haimshand, for example.

S
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Fewer respondents indicated that they used predictive modelling to identify students at risk of leaving for
non-academic reasons, such as mental heitre, 20%), disability (five, 20%) or financial (eight, 32%)

reasons, determining effective admissions criteria (nine, 36%) or designing more effective curriculums (four,
Mc20® Ly GKS ahdiKSNE OFGS3I2NE 2y S 0 foreach bBaursd y RSy (
scheduling, housing, assessing the connection between secondary school attended and postsecondary
performance, and the setting of retention targets, while three (11%) respondents indicated use in enrolment
planning but for norretention purposest one respondent indicated looking at graduation rather than

retention rates, another using a budget rather than a retention lens, and the last course offeriagd

three (11%) indicated looking for-gisk groups without identifying particulatudents within those groups.
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Promoting the use of academic

0,
and/or advising resources 18 (72%)

Improving enrolment planning (i.e.
predicting which students will
continue at the institution)

17 (68%)

Targeting interventions toward o
students at risk of leaving 15 (60%)
Identifying students at risk of
leaving for academic performance
reasons

15 (60%)

Determining which interventions

0,
improve student retention 12 (48%)

Other 10 (40%)

Determining effective admissions

0,
criteria 9 (36%)

Identifying students at risk of

0,
leaving for financial reasons 8 (32%)

Identifying students at risk of

0,
leaving for mental health reasons 5(20%)

Identifying students at risk of

0,
leaving due to a disability 5(20%)

Designing more effective

i 4 (16%)
curriculums
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Student Populations

Most predictive models are used for firgear undergraduate students, with 16 (57%) of respondents

selecting this answer. As shown in Figure 13, this was the only response that a majority of respondents
chose. Other responsdrequently chosen include students entering directly from high school (11, 39%),
transfer students (nine, 32%), all students (nine, 32%) and all undergraduates (seven, 25%). Of the nine
respondents that selectedall students five also selected at least one additional category, with one
OKzz2aAy3d | ff 2LIGA2ya SEOSLI &«20KSNET GKS alyY$S Aa
NBalLRyRSyida faz2z aStSOGAy3a I y2iKSNtOididafedtRalbep Ly
use predictive modelling for students in residence, with other respondents mentioning scholarship students
(one respondent), firse ST NJ Yl 8 SNDRa addzRSyda o02yS NBaLRyRSyido
askedtoelaborate y G &G dzRSyda Ay LI NIAOdzZ F NI FI OdzAf GAS&aé g2
predictive modelling for all faculties/programs but included faculty or program as an input model to the
variable. Other respondents indicated that they used predictieelalling for direct entry programs (one
respondent) and noitohort programs (one respondent), and one respondent specifically mentioned

faculties of law and engineering.

FigureldY wSall2yasSa G2 v dzSad popuatiomsades yo@ thtifutibrkuse(prediciivié dmbti&ls/far
aGdzRSYyd NBGOSyGAz2yKéE o{StSOG !ff ¢KFG ! LILX &0

First-year undergraduate students ||| N 16 (57 %)
Direct entry from high schoo! [ ENNENEGEEEEEEEEEE 11 (39%)
All students |GG © (32%)
Transfer students |GGG © (32%)
All undergraduate students || NG 7 (25%)
First-generation students || 5 (18%)
Mature students | NG 5 (18%)
Other (please specify) | NN 5 (18%)
Students in particular faculties | NEGTzNG 5 (18%)
Indigenous students | NEGNG 4 (14%)
All graduate students || 3 (11%)
Distance education students || 3 (11%)
Low-income students || 3 (11%)
Students with disabilities [ N3 (11%)
Professional degree students [ 2 (7%)

When asked about how accurate their predictive modelling was, in terms of the percentage of students
accurately predicted, in half of the cases (oT HU0 (0 KS NBALRYRSY(G gt a y20 ac
accuracy; of those who did respond in some way, 27 of 72 (38%) of respondents indicated 70% accuracy or
higher. See Table 2 for further details and a breakdown by student group.
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Table2Y wSalLkRRyasSa (2 vdsSaidiazy wmopX atfSFasS AyRAOFGS 6KI G LI
Y2RSttAy3IYE

0g 50q 60¢ 70¢ 80¢ 90¢ Unsure All

49% 59% 69% 79% 89% 100% responses
Firstyear undergraduate 1 1 2 2 8 14
students
Direct entry fromhigh 1 1 1 2 1 3 9
school
All students 4 2 2 8
Transfer students 3 7
All undergraduate 1 1 6
students
Mature students 1 3 5
Indigenous students 1 2 4
Firstgeneration students 3 4
Other (as identified in 3 4
Q13)
Students in particular 3 3
faculties
Lowincome students 2 2
Distance education 1 1 2
students
Students with disabilities 1
All graduate students
Professional degree
students
All responses 4 4 1 8 10 9 36 72

Data Used

The most common source of information for predictive modelling systems is the SIS, with 22 respondents
(88%) indicating that their system used some information from the SIS (see Figure 14). Of the remaining
specificoptionst t f 6SNB dzaSR 06& 0SG6SSy GKNBS ome:0 FyR ¥
category included survey and questionnaire systems (three), prospective student customer relationship
management systems (two), an early alert system (one), datashald outside of any particular system,

such as in Excel spreadsheets (one), an unnamed SIS (one; not reflected in the 22 indicating SIS), and one
respondent that provided no further elaboration. One respondent did not provide any response.

The most commn combination of responses was student information system and other (five, 20%); no
other combinations garnered more than one response. Details of the combinations of responses can be seen
in Figure 15.
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lY2y3 GKS {L{ aeadiSvya KERNFAFPIORM:9f NFAALRY QS A.
Campus Solutions had three (14%), while two respondents (9%) indicatead oird S 0 dzAN& & ty’é K 2
a2aidSY® hGKSNI NBalLRyaSa AyOf dzZRSR a9t f dzOA I yuct), 6 6 KA
Gh NI Of S¢ 06KAOK O2dzZ R 6S tS2LX S{2Fd 2NJ §KS hNI} Of
mentioned once. One respondent did not know, while three did not provide any information on the product.
Learning management systems mentionedimle Blackboard, Desire2Learn and Moodle; advising systems
were End2End and two horrgrown systems; financial aid system was Navison (others did not know or

pulled financial aid data from their SIS); and student engagement systems included ezRecruislGdsp

and homegrown systems.
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Figureldy wSall2yasSa G2 vdzSadAizy wmwmI a2KFd aegadsSy R2 &2dzNJ L
AYVF2NXIEGA2Y FNRYKE o0{StSOG 'ftf ¢KIFG ! LI @0

student Information System || | 22 (85°%)
Other [N 10 (40%)
Financial Aid System || 5 (20%)
Advising System | 4 (16%)
Student Engagement Tracking System || 4 (16%)
Learning Management System - 3(12%)

The majority of respondents indicated that theged information on student demographics (20

respondents, 80%), location (14 respondents, 56%), and previous educational history either at their
institution (17 respondents, 68%) or in secondary school (16 respondents, 64%) in their predictive models
(seeFigure 16). LMS interactions was low in the number of responses (three respondents, 12%), which
matches the LMS responses from Question 11-&séssment questionnaires (eight respondents, 32%)
tended to be locally developed (four of eight response$o%0 seHassessment questionnaires), though

both the Canadian University Survey Consortium (two of eight responses, 25%asfsssi$ément

guestionnaires) and the National Survey of Student Engagement (two of eight responses, 25% of self
assessment questhnaires) were mentioned as outside surveys used. Among standardized tests (four, 16%),
the SAT and ACT were included in one response, while two responses included English language tests, one
response included English and mathematics placement exams gexelocally and one response indicated

the law school admission test (LSAT). Other information (eight, 32%) included admission and application
information, such as when a student applied and to which programs (four of eight responses, 50% of
respondents idicating other information); employment status (one of eight responses, 13% of respondents
indicating other information), financial information, including financial aid (four of eight responses, 50% of
respondents indicating other information); asrampus esidence status (one of eight responses, 13% of
respondents indicating other information); and student/faculty reviews (one of eight responses, 13% of
respondents indicating other information).
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Figurel5: Combinations of Responsego Question 11, "What systems do your predictive models for student
retention gather information from?"
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