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Executive Summary 
 

Project Overview 
 
/ŀƴŀŘŀΩǎ ǇƻǇǳƭŀǘƛƻƴ ƛǎ ōŜŎƻƳƛƴƎ ƛƴŎǊŜŀǎƛƴƎƭȅ ǿŜƭƭ-educated, as evidenced by rising postsecondary 
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 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 statistical models 
(Finnie, Fricker, Bozkurt, Poirier & Pavlic, 2017). 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). 
 
Within higher education, predictive modelling 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 management systems, 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, Mohawk 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 overview of the landscape of 
predictive modelling in Canada, not a synopsis of technical strategies on how to use predictive models.1 This 
report focuses on the use of predictive modelling, illuminating whether, where and how predictive 
modelling is being used effectively to improve student success and retention.2 
 
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, in-depth, semi-structured 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 the online survey were collected. Of these, 100 were excluded because 
no information was provided, 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. 
2 ²ƛǘƘƛƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ ǘƘƛǎ ǇǊƻƧŜŎǘΣ άǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴέ ǊŜŦŜǊǎ ǘƻ ŀƴȅ ƳŜŀǎǳǊŜ ƻŦ ǎǘǳŘŜƴǘ ŜƴǊƻƭƳŜƴǘ ƻǊ ǇŜǊŦƻǊƳŀƴŎŜ Ǉŀǎǘ ǘƘŜ Ǉƻint of first 
enrolment, such as: year-to-year persistence; graduation; performance as measured by average grades; performance as measured 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 made meaningful 
analysis impossible. This left us with 70 responses for further analysis τ 66 of 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 polytechnic institutions.  
 
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. Which practices and/or principles are used in predictive modelling 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 leverage 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 
access, retention or success? 

 
Key Findings 
 
Key findings include:  
 

 36% of respondents indicated that their institution was using predictive modelling for 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 past, but were not currently using it and had no 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 issues with data 
quality or understanding. 

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

 Some respondents 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 would be offered a 
place in residence. 
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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 institution reported 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 
points that 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 secured τ limiting 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 information would be.  

 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, as well as new or 
improved interventions and supports. 

 The most common advice for those considering predictive modelling was to focus on 
communications and buy-in, as well as integration and communication between areas of the 
institution (e.g., faculties, academic programs, 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.  

 

Conclusions and Future Research Directions 
 
Informing intervention activities on the basis of predictive modelling is a challenge τ 52% 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 responsible for interventions 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 predictive modelling, 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 in decision-making, 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 
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identified some students for intervention who otherwise would have been 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 completely eliminated. 
 
There was no magic solution for institutions who used predictive modelling, as none of the respondents 
ƛƴŘƛŎŀǘŜŘ ǘƘŀǘ ǘƘŜȅ ǿŜǊŜ ǳǎƛƴƎ ŀ άǘǳǊƴƪŜȅέ ǎƻƭǳǘƛƻƴΦ wŀǘƘŜǊΣ ƛƴǎǘitutions noted that their model depended on 
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 revision of its academic 
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 measures τ overall enrolment levels, year-over-year retention rates or 
graduation rates, as some examples τ were 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 that the 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 modelling efforts were most often 
linked with improving communication between different areas of the institution and enhancing the 
ƛƴǎǘƛǘǳǘƛƻƴΩǎ ŀōƛƭƛǘȅ ǘƻ ƳŀƪŜ ŘŜŎƛǎƛƻƴǎ ōŀǎŜŘ ƻƴ ŜǾƛŘŜƴŎŜΦ 
 
This research also identified future research directions, such as: how the use 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. 
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Introduction 
 
/ŀƴŀŘŀΩǎ ǇƻǇǳƭŀǘƛƻƴ ƛǎ ōŜŎƻƳƛƴƎ ƛƴŎǊŜŀǎƛƴƎƭȅ ǿŜƭƭ-educated, as evidenced by rising postsecondary 
enrolment and attainment of postsecondary credentials (Statistics Canada, 2017). However, access, 
retention and ultimately success for students in underrepresented 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 statistical models 
(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 being used effectively 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 published 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 Canada, not a synopsis of technical strategies on how to use predictive models.3 The 
focus was on the use of predictive modelling, illuminating whether, where, and how predictive modelling is 
being used effectively to improve student retention.4 Through targeted 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 followup, in-depth, semi-
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 has its use been limited to a single domain or a 
ǇŀǊǘƛŎǳƭŀǊ ƎŜƻƎǊŀǇƘƛŎ ŀǊŜŀΦ CǊƻƳ ŦƛƴŀƴŎƛŀƭ ƳŀǊƪŜǘǎ ŀƴŘ ƳŀǊƪŜǘƛƴƎ ǘƻ ǇǊƻŦŜǎǎƛƻƴŀƭ ōŀǎŜōŀƭƭΩǎ άƳƻƴŜȅōŀƭƭέ 
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 
άǎǳŎŎŜǎǎŦǳƭέ ōȅ ǎƻƳŜ ƳŜŀǎǳǊŜΣ ǎǳŎƘ ŀǎ ŎƻǳǊǎŜ ŎƻƳǇƭŜǘƛƻƴΣ ǊŜǘŜƴǘƛƻƴ ǘƻ ǎŜŎƻƴŘ ȅŜŀǊ ƻŦ ǎǘǳŘƛŜǎΣ ƳŜŜǘƛƴƎ ŀ 
certain aggregate grade threshold or program completion (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 outcomes. This 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. 
4 ²ƛǘƘƛƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ ǘƘƛǎ ǇǊƻƧŜŎǘΣ άǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴέ ǊŜŦŜǊǎ ǘƻ ŀƴȅ measure of student enrolment or performance past the point of first 
enrolment, such as: year-to-year persistence; graduation; performance as measured by average grades; performance as measured by rate of good 
academic standing; or performance in individual courses. 
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positive outcomes τ or a mixture of the two options. Predictive models in and of themselves can neither 
prescribe outcomes nor interventions τ 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 
generate the desired future state. 
 
An important point about predictive modelling, particularly in higher education, is that there are few 
άǘǳǊƴƪŜȅέ ǎƻƭǳǘƛƻƴǎ τ those which can be used without customizations with existing systems in place. 
Existing turnkey solutions generally utilize data from a learning management system,5 which can be done 
because the concept of successful course completion is relatively standard across higher education. Outside 
of course completion, the desired outcomes, data available and context (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 systems need 
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 and the accompanying 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 when that analysis 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 explain 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 them please see the Glossary in 
Appendix B. 
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Research Questions and Methodology 
 
The goal of this research is to find out whether, where and how predictive modelling is being used 
effectively 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. The specific research 
questions were: 
 

a. Which practices and/or principles are used in predictive modelling 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 leverage 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 
access, retention 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 by staff 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, resulting in minimal information being made publicly 
available on the modelling undertaken. What literature is available is often out-of-date as models are 
constantly refined.  
 
In order to get a more complete picture, the project was structured around multiple points of data 
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 were sought from institutions around the world with a particular focus on 
English-speaking nations where translation would not be required. Second, self-selected survey respondents 
also participated in followup, in-depth, semi-structured interviews and/or questionnaires (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 the research, 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 postsecondary 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 
Canadian-focused, four covered the United States with some international members, three covered other 
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English-speaking 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 background on the 
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 materials to 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 survey6 and other groups advertised through means of their 
membership newsletters and social media groups.7 
 
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 survey was opened. 
This outreach was completely and purposefully distinct from the initial recruitment strategy. These 
individuals may or may not have received the initial invitations through the industry groups, and included 
provosts or vice-provosts, registrars, chief student affairs officers and directors of institutional research. 
Those contacted depended on the ŎƻƴǘŀŎǘ ƛƴŦƻǊƳŀǘƛƻƴ ŀǾŀƛƭŀōƭŜ ƻƴ ŜŀŎƘ ƛƴǎǘƛǘǳǘƛƻƴΩǎ ǿŜōǎƛǘŜΦ Lƴǎǘƛǘǳǘƛƻƴŀƭ 
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 whether predictive 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 indicated they 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 excluded because no was 
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.), the Canadian Association of 
University and College Student Services (CACUSS, n.d.) and the Canadian Institutional Research and Planning Association (CIRPA, n.d.). 
7 These groups included the Australia and New Zealand Student Services Association (ANZSSA, 2015); AMOSSHE, The Student Services Organization 
in the United Kingdom (AMOSSHE, n.d.); the Association for Institutional Research covering the United States with some international membership 
(AIR, n.d.); and the American Association of College Registrars and Admissions Officers, also covering the United States with some international 
membership (AACRAO, n.d.). Each group did an initial advertisement at the August 8 open date as well as a reminder via the same method two 
weeks later. 
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invitation to participate was extended to international institutions, the small number of responses made 
meaningful analysis impossible. This left 70 responses for further analysis τ 66 of which were complete, and 
four of which were partially complete. The survey exceeded the initial target of 40 Canadian responses.  
 

Phase Two: Interview and Questionnaire 
 
During the survey component, respondents were asked to opt in to participating in the 
interview/questionnaire phase, and whether they would be willing to participate through a telephone-based 
interview or a questionnaire. All survey respondents were given the choice of either an interview or a 
questionnaire. The interview requests were sent via email to 12 respondents, while the email questionnaire 
requests were sent via email to 10 respondents; non-responders in each group received a followup email. 
Telephone interviews were performed with seven individuals and email questionnaires were sent to and 
received from three.  
 
The questions were the same in the interview and the questionnaire, but the telephone interview allowed 
for clarifying questions to be asked while followup questions were not asked of questionnaire respondents. 
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 provide 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, the interview 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 open-ended text questions 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 Dedoose to ensure the highest 
levels of protection of confidentiality available. Coding of responses was done by two researchers who 
ŎƻŘŜŘ млл҈ ŀƴŘ оу҈ ǊŜǎǇŜŎǘƛǾŜƭȅ ƻŦ ǊŜǎǇƻƴǎŜǎ ǘƻ ƛƴŘƛǾƛŘǳŀƭ ǉǳŜǎǘƛƻƴǎΤ /ƻƘŜƴΩǎ kappa (Cohen, 1960) was 
0.77. Noted discrepancies in coding 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 data mining techniques, predictive modelling has been around for 
decades in various forms and is used across many industries, from financial services to non-profits and 
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government (Finlay, 2014). In the education domain, predictive modelling goes by a number of names, such 
as educational data mining (Baker & Yacef, 2009), academic analytics (Campbell et al., 2007) and learning 
ŀƴŀƭȅǘƛŎǎ όDŀǑŜǾƛŏ Ŝǘ ŀƭΦΣ нлмсύΦ ¢ƘŜ ǘŜǊƳ ǳǎŜŘ ƛƴ ǘƘŜ ǊŜƳŀƛƴŘŜǊ ƻŦ ǘƘƛǎ ǊŜǇƻǊǘ ǿƛƭƭ ōŜ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎΦ 
 
The application of predictive 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 systems (SIS), customer relationship 
management (CRM) systems, 8 and the broader trend toward increased use of social media and other 
technology resources. These systems provide institutions with large amounts of data that can be mined for 
patterns and predictors ό5ŀƴƛŜƭΣ нлмрΤ DŀǑŜǾƛŏ Ŝǘ ŀƭΦΣ нлмсύΦ tǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎ ǿƛǘƘƛƴ ǘƘŜ ƘƛƎƘŜǊ ŜŘǳŎŀǘƛƻƴ 
domain can further be separated into modelling for enrolment management, student success, fundraising or 
many other outcomes. 
 
Student success and retention have long been 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, 1987), Bean and 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, academic and 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, such as studying and on-campus 
activities, with Kahu (2013) viewing retention as a distal consequence of engagement. Finnie et al. (2017a) 
ƛŘŜƴǘƛŦƛŜŘ άŎŀǊŜŜǊ ŎƭŀǊƛǘȅέ ŀƴŘ άŜŘǳŎŀǘƛƻƴ ŎƻƳƳƛǘƳŜƴǘέ ŀǎ ǇƻǘŜƴǘƛŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ ƛƴŘƛŎŀǘƻǊǎ ƻŦ ŀ ǎǘǳŘŜƴǘΩǎ 
likelihood of dropping out of Mohawk College. 
 

Predictive Modelling without Interventions 
 
An early example of student retention predictive modelling is the work of Lam (1984) on predicting drop-out 
rates of university freshmen at Brandon University using logit regression techniques, and in a similar vein 
Scalise, Besterfield-Sacre, Shuman, and Wolfe (2000) used logistic regression to identify high-risk, first-term 
engineering students at the University of Pittsburgh. Other examples of early work include Minaei-Bidgoli 
and Punch (2003), who worked with genetic algorithms to predict final course grades for students based on 
[a{ ƛƴǘŜǊŀŎǘƛƻƴǎΣ ŀƴŘ aƻǊǊƛǎΣ ²ǳ ŀƴŘ CƛƴƴŜƎŀƴΩǎ ŀƴŀƭȅǎƛǎ (2005) of high school and standardized test 
performance data to predict the successful online course completion using predictive discriminant analysis. 
University of Alabama (UA) graduate students in a 2002 data mining course developed a predictive model 
that identified 150ς200 first-year students each year unlikely to return for their second year; this data was 
then shared with faculty and advisers 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 purposes. 

                            
 
8 For a detailed description and examples of SIS and CRM systems and the data typically contained in them please see the Glossary in Appendix B. 
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!ǘ tǳǊŘǳŜ ¦ƴƛǾŜǊǎƛǘȅΣ WΦtΦ /ŀƳǇōŜƭƭ ό/ŀƳǇōŜƭƭΣ нллтΤ /ŀƳǇōŜƭƭ Ŝǘ ŀƭΦΣ нллтύ ǳǎŜŘ Řŀǘŀ ŦǊƻƳ tǳǊŘǳŜΩǎ [a{ ǘƻ 
create a model to predict academic success, both for the general population and for a freshman-only model; 
these models had success rates of 66% and 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 Course Signals project at 
Purdue. 
 
Unlike other projects, Jia and Maloney (2015) used administrative-only data τ that is, avoiding the use of 
LMS data τ from a university in New Zealand to predict both first-year non-completion and second-year 
non-retention using predictive 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 demography and previous 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 non-completion, with the students with the top 10% of 
risk scores accounting for 29.55% of course non-completions 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 similarly useful results when predictive modelling is 
applied to student retention. 
 

Interventions 
 
Arnold and Pistilli (2012) provide information on the evolution of Course Signals (CS) post-2007. CS was 
ƛƳǇƭŜƳŜƴǘŜŘ ƛƴ tǳǊŘǳŜΩǎ [a{Σ ǿƘŜǊŜ ƛƴǎǘǊǳŎǘƻǊǎ ǿŜǊŜ ŀōƭŜ ǘƻ Ǌǳƴ ǘƘŜ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭ ŦƻǊ ǘƘŜƛǊ ǎǘǳŘŜƴǘǎ 
ǇǊƻǾƛŘƛƴƎ ƛƴǎǘǊǳŎǘƻǊǎ ǿƛǘƘ ŀ άǘǊŀŦŦƛŎ ǎƛƎƴŀƭέ ƛƴŘƛŎŀǘƻǊΦ ¢Ƙƛǎ ǎƛƎƴŀƭΣ ƛƴ ǘǳǊƴΣ ǿŀǎ ǇƭŀŎŜŘ ƻƴ ǘƘŜ ǎǘǳŘŜƴǘΩǎ [a{ 
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 on specific 
interventions with students, including email messages, text messages, referrals to academic advisers and 
one-on-one meetings with the instructor. Students who had at least one course that utilized CS were 
retained at significantly higher rates than students 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 
ƛƳǇǊƻǾŜŘ ǿƘŜƴ /{ ŎƻǳǊǎŜǎ ƻŎŎǳǊǊŜŘ ŜŀǊƭƛŜǊ ƛƴ ǘƘŜ ǎǘǳŘŜƴǘΩǎ ŎŀǊŜŜǊΦ hƴŜ ƻǳǘŎƻƳŜ ƻŦ ǘƘƛǎ ǎǘǳŘy is the finding 
that course-level interventions can have a positive impact on program- and university-level retention. 
 
Also working primarily with LMS data, the Open University (OU) τ a distance-learning institution in the 
United Kingdom τ has been building 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, HerrƳŀƴƴƻǾŀΣ ½ŘǊŀƘŀƭΣ ϧ ²ƻƭŦŦΣ нлмрύΦ ¢ƘŜ h¦Ωǎ ǇǊƻject involved several different 
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 student 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 predictive 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, Lauría, Regan, and Baron (2014) reported on their work on 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 colleges and universities. The model was used to inform interventions for those students 
ǇǊŜŘƛŎǘŜŘ ǘƻ ōŜ ŀǘ Ǌƛǎƪ ƻŦ ƴƻǘ ōŜƛƴƎ ƛƴ ƎƻƻŘ ǎǘŀƴŘƛƴƎ ŀŎŀŘŜƳƛŎŀƭƭȅΦ h!!LΩǎ ǿƻǊƪ ƛǎ ōŀǎŜŘ ƻƴ ƻǇŜƴ ǎƻǳǊŎŜ 
software and is τ at least in theory τ transferable to other academic contexts. 
 
¢ƘŜ ƛƴǘŜǊǾŜƴǘƛƻƴǎ ǎǘǳŘƛŜŘ ōȅ WŀȅŀǇǊŀƪŀǎƘ Ŝǘ ŀƭΦ όнлмпύ ƛƴŎƭǳŘŜ άŀǿŀǊŜƴŜǎǎ ƳŜǎǎŀƎƛƴƎέ ōŀǎŜŘ ƻƴ ŀƴŘ ǾŜǊȅ 
ǎƛƳƛƭŀǊ ǘƻ ǘƘŜ ŜƳŀƛƭ ƛƴǘŜǊǾŜƴǘƛƻƴǎ ǳǎŜŘ ōȅ /ƻǳǊǎŜ {ƛƎƴŀƭǎ ŀǘ tǳǊŘǳŜ ŀƴŘ ǘƘŜ ŎǊŜŀǘƛƻƴ ƻŦ ŀƴ άƻƴƭƛƴŜ ŀŎŀŘŜƳƛŎ 
support environƳŜƴǘέ όh!{9ύ ǿƛǘƘƛƴ ǘƘŜ ƛƴǎǘƛǘǳǘƛƻƴΩǎ [a{ ǘƘŀǘ ǇǊƻǾƛŘŜŘ ƻǇŜƴ ŜŘǳŎŀǘƛƻƴŀƭ ǊŜǎƻǳǊŎŜǎ ŦƻǊ 
students to use. The OASE resources promoted awareness of support mechanisms, self-assessment tools, 
and scaffolding to improve study habits and refresh fundamental content. The study, run across all 
participating institutions in selected (but not identified) courses in spring and fall 2012 using a model 
created and tested at Marist College in fall 2010 and spring 2011, separated students identified as 
academically at risƪ ƛƴǘƻ ŀ ŎƻƴǘǊƻƭ ƎǊƻǳǇΣ ŀƴ άŀǿŀǊŜƴŜǎǎ ƳŜǎǎŀƎƛƴƎέ ƎǊƻǳǇ ŀƴŘ ŀ ƎǊƻǳǇ ǇǊƻǾƛŘŜŘ ǿƛǘƘ ŀŎŎŜǎǎ 
to the OASE content. Academically at-risk students receiving interventions generally performed better than 
the control group (receiving grades 6 percentage points higher on 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. 
 
Another multiple institution initiative was conducted at the University of Maryland University College 
(UMUC), which undertook a four-year project determining factors that could predict student success 
following transfer from two community colleges in the Maryland system (University of Maryland University 
College, 2015). They used observations of demographic factors, community college course-taking patterns 
and performance, online course engagement, and early career UMUC performance to predict future 
performance, re-enrolment (enrolment in their second term), retention (enrolment within a 12-month 
window following the first term) and graduation at UMUC. UMUC found that different factors were 
predictive of different outcomes τ for example, gender was predictive for first-term performance, re-
enrolment and retention but not graduation, while whether a student took a math course at the community 
college prior to transferring to UMUC was predictive of graduation but not first-term performance, re-
enrolment or retention. UMUC additionally studied four different interventions performed on students after 
their transfer from community college to UMUC. In three of the interventions τ use of a student resource 
checklist, mentoring and a pre-ŜƴǊƻƭƳŜƴǘ άWǳƳǇǎǘŀǊǘέ ƻƴōƻŀǊŘƛƴƎ ŎƻǳǊǎŜ τ did not show statistically 
significant differences in term GPA, successful course completion, or re-enrolment between control and 
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experimental groups, while the final intervention using in-person tutoring did show significant differences. 
Of note is the small size of the experimental groups, so these results should be 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. Using data 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 low-, medium- and high-risk student risk classifications 
(SRCs) that represented their likelihood of retention in both their second term and their second year of 
ǎǘǳŘƛŜǎΦ ¢ƘŜ ǾŀǊƛŀōƭŜǎ ƛƴ ǘƘŜ ƳƻŘŜƭ ƛƴŎƭǳŘŜŘ ƛƴŦƻǊƳŀǘƛƻƴ ƻƴ ǘƘŜ ǎǘǳŘŜƴǘ ŀƴŘ ǘƘŜ ǎǘǳŘŜƴǘΩǎ ǇǊƻƎǊŀƳΣ 
responses to an entrance survey and scores on reading, writing and mathematics assessments conducted 
ǇǊƛƻǊ ǘƻ ǘƘŜ ǎǘǳŘŜƴǘΩǎ ŦƛǊǎǘ ǘŜǊƳΦ ¢ƘŜ ǊŜǎǳƭǘǎ ǎƘƻǿŜŘ ǘƘŀǘ ф҈ ƻŦ ǎǘǳŘŜƴǘǎ ƛƴ ǘƘŜ нлмо ŀƴŘ нлмп ŜƴǘǊȅ ŎƭŀǎǎŜǎ 
in the low-risk SRC left Mohawk, with 13% of medium- and 23% of high-risk students leaving; the model 
ended up being 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 advising resources at least once in their first year at 
Mohawk. 
 
Lƴ ǘƘŜ ǎŜŎƻƴŘ ǇƘŀǎŜ ƻŦ aƻƘŀǿƪΩǎ ǇǊƻƧŜŎǘΣ ǎǘǳŘŜƴǘǎ ƛƴ ǘƘŜ Ŧŀƭƭ нлмр ŜƴǘŜǊƛƴƎ Ŏƭŀǎǎ ǿŜǊŜ ǊŀƴŘƻƳƭȅ ŀǎǎƛƎƴŜŘ ǘƻ 
one of three groups τ a control group that received an email before classes began advertising advising 
services, an experimental group that received up to three additional emails and a phone call encouraging 
participation in a group advising session, and a similar experimental group that utilized one-on-one advising. 
While the group assignment was not informed by the predictive model from Finnie et al. (2017a), Finnie et 
ŀƭΦ όнлмтōύ ǊŜǇƻǊǘ ƻƴ ǘƘŜ ŜŦŦŜŎǘǎ ƻŦ ǘƘŜ ǘǊŜŀǘƳŜƴǘ ƻƴ ǘƘŜ ŜȄǇŜǊƛƳŜƴǘŀƭ ƎǊƻǳǇǎ ōȅ ǘƘŜ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭΩǎ 
SRCs. The results are not particularly clear, though show that for some groups there were statistically 
significant improvements in leaving rates. High-risk students in group advising were 4.8 percentage points 
less likely to leave (p=0.1) after their first term, and low-risk students in group advising were 4.9 percentage 
points less likely to leave (p=0.1) after their first year, with males 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 been a lot of 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 systems, with proprietary systems instead having moved into the space; notable exceptions are 
ŀǘ ǘƘŜ ¦ƴƛǾŜǊǎƛǘȅ ƻŦ !ƭŀōŀƳŀ ǿƘŜǊŜ ǘƘŜ ŘŜǎŎǊƛōŜŘ ǎȅǎǘŜƳ ǿŀǎ ǳǎŜŘ ŦƻǊ ŀǘ ƭŜŀǎǘ ŦƛǾŜ ȅŜŀǊǎΣ tǳǊŘǳŜΩǎ /ƻǳǊǎŜ 
{ƛƎƴŀƭǎ ǇǊƻƧŜŎǘ ŀƴŘ ¢ƘŜ hǇŜƴ ¦ƴƛǾŜǊǎƛǘȅΩǎ ǎȅǎǘŜƳΦ 
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Within the literature available on predictive modelling for student retention, very little focuses on the 
/ŀƴŀŘƛŀƴ ŎƻƴǘŜȄǘΦ [ŀƳΩǎ όмфупύ ǿƻǊƪ ǳǘƛƭƛȊŜŘ ǎǘǳŘŜƴǘ Řŀǘŀ ŦǊƻƳ .ǊŀƴŘƻƴ ¦ƴƛǾŜǊǎƛǘȅΣ ǿƘƛƭŜ CƛƴƴƛŜ Ŝǘ ŀƭΦ 
(2017a, 2017b) reported on work at Mohawk College. The lack of 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 link to the privacy policy that governed the collection of the 
information, and contact information for both Plaid Consulting and HEQCO should the respondents have any 
ǉǳŜǎǘƛƻƴǎΦ ²ƘŜƴ ǘƘŜ άbŜȄǘέ ōǳǘǘƻƴ ƻƴ ǘƘƛǎ ǇŀƎŜ ǿŀǎ ŎƭƛŎƪŜŘΣ ǘƘŜ ǎǳǊǾŜȅ ǎƻŦǘǿŀǊŜ ƭƻƎƎŜŘ ŀ ǎǳǊǾŜȅ response; 
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 outside Canada; 
ƛƴ ŦƛǾŜ ŎŀǎŜǎ ǘƘŜ ǊŜǎǇƻƴŘŜƴǘ ŜƴǘŜǊŜŘ ƳŜŀƴƛƴƎƭŜǎǎ ŘŀǘŀΣ ǎǳŎƘ ŀǎ ŀƴ ƛƴǎǘƛǘǳǘƛƻƴ ƴŀƳŜ ƻŦ άǘŜǎǘέ ƻǊ άƎƘƧƎέΤ ƛƴ мр 
cases the respondent entered an institution name but did not provide an answer to Question 4 asking if the 
institution used predictive modelling for student retention; in four cases the respondent answered Question 
п ǿƛǘƘ ŀ άȅŜǎέ ōǳǘ ŘƛŘ ƴƻǘ ǇǊƻǾƛŘŜ ŀƴ ŀƴǎǿŜǊ ǘƻ vǳŜǎǘƛƻƴ р ŀǎƪƛƴƎ Ƙƻǿ ǘƘŜȅ ǳǎŜŘ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎΤ ŀƴŘ 
in 12 cases the response was a duplicate to a response we did include in the analysis. This left us with 70 
usable responses for analysis, of which 66 were complete and four were partially complete. Completeness 
indicŀǘŜǎ ǘƘŀǘ ǊŜǎǇƻƴŘŜƴǘǎ ǇǊŜǎǎŜŘ ά{ǳōƳƛǘέ ƻƴ ǘƘŜ Ŧƛƴŀƭ ǇŀƎŜ ƻŦ ǘƘŜ ǎǳǊǾŜȅΣ ŀƴŘ ŀǎ ǘƘŜ ǎǳǊǾŜȅ ǿŀǎ ƭƛƴŜŀǊ 
with no method to 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 included in the 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 cases, 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 those 
cases where clearly the responses were from the same individual in the same area of the institution. 
Responses were received from institutions in nine of 10 provinces (with the exception being Newfoundland 
ŀƴŘ [ŀōǊŀŘƻǊύ ŀƴŘ ǘƘŜ ¸ǳƪƻƴ ǿŀǎ ǘƘŜ ƻƴƭȅ ƻƴŜ ƻŦ ǘƘŜ ƴŀǘƛƻƴΩǎ ǘƘǊŜŜ ǘŜǊǊƛǘƻǊƛŜǎ ǘƻ ōŜ ǊŜǇǊŜǎŜƴǘŜŘΦ hƴǘŀǊƛƻ 
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 table counts 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, Polytechnics Canada or Universities 
Canada. 
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Table 1: Survey Response Rates by Province/Territory 
 

Province/Territory Number of Respondent Institutions Total Number 
of Institutions 

Response 
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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Figure 1: Map of Responses to the Predictive Modelling for Student Retention Survey 

 
 
Note: A darker colour indicates 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 a followup 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 one, in phase 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 to those 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 order to clarify or expand on certain points. 
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Figure 2: Map of Participants in the Predictive Modelling for Student Retention Interview and Email Questionnaire 
Phase 

 
 

Use of Predictive Modelling  
 
The survey results have shown that the 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 student success, with smaller 
numbers citing institutional requirements or priorities. Information gathered in interviews and/or 
questionnaires showed that in almost all cases, predictive modelling is being used across the institution 
rather than within a specific department or program, and 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 academically successful. 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, 25 responses (36%) 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 in Figure 3 below.  
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Figure 3Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ пΣ άLǎ ȅƻǳǊ ƛƴǎǘƛǘǳǘƛƻƴ ŎǳǊǊŜƴǘƭȅ ǳǎƛƴƎ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎ ŦƻǊ ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴ 
ǇǳǊǇƻǎŜǎΚέ ό{ŜƭŜŎǘ One) 

 
 
wŜǎǇƻƴŘŜƴǘǎ ǿƘƻ ƛƴŘƛŎŀǘŜŘ ŀƴȅ ǊŜǎǇƻƴǎŜ ƻǘƘŜǊ ǘƘŀƴ άȅŜǎέ ƻƴ vǳŜǎǘƛƻƴ п ǿŜǊŜ ƎƛǾŜƴ ǘƘŜ ƻǇǇƻǊǘǳƴƛǘȅ ǘƻ 
elaborate on why they were not currently using predictive modelling, and whether they thought that might 
change in the future. These responses were qualitatively 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 indicated resourcing 
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 holding 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 for several 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 graduation rates as 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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Figure 4: Qualitative Coding of non-έ¸Ŝǎέ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ пΣ άLǎ ȅƻǳǊ ƛƴǎǘƛǘǳǘƛƻƴ ŎǳǊǊŜƴǘƭȅ ǳǎƛƴƎ ǇǊŜŘƛŎǘƛǾŜ 
modelling fƻǊ ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴ ǇǳǊǇƻǎŜǎΚέ 

 
 
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 for their 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 showing that 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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Figure 5: wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ тΣ ά²ƘŜƴ ŘƛŘ ȅƻǳ ōŜƎƛƴ ǳǎƛƴƎ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎ ŦƻǊ ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴ ǇǳǊǇƻǎŜǎΚέ 
(Select One) 

 
 
When asked why they began using predictive modelling, most institutions (21, 84%) indicated they began for 
student success reasons, with smaller numbers citing institutional requirements or priorities (8, 32%), 
budgetary reasons (six, 24%), or federal or provincial requirements or priorities (one, 4%). Among those that 
ǊŜǎǇƻƴŘŜŘ άƻǘƘŜǊΣέ ƻƴŜ ƛƴŘƛŎŀǘŜŘ ŜƴǊƻƭƳŜƴǘ ǇƭŀƴƴƛƴƎΣ ƻƴŜ ŀŎŀŘŜƳƛŎ ƛƳǇǊovement, one tailoring student 
success interventions and one offering a better curriculum and understanding future student needs. (See 
Figure 6.) 
 
Figure 6Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ мпΣ ά²Ƙŀǘ ǿŀǎ ǘƘŜ ƛƳǇŜǘǳǎ ŦƻǊ ȅƻǳǊ ǳǎŜ ƻŦ ǇǊŜŘƛŎǘƛǾŜ modelling for student 
ǊŜǘŜƴǘƛƻƴΚέ ό{ŜƭŜŎǘ !ƭƭ ¢Ƙŀǘ !ǇǇƭȅύ 
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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 participants began 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 identified by one participant (10%). An institutional mandate change was 
identified by one institution (10%), which relayed that the mandate change and associated changes to 
ǇǊƻƎǊŀƳǎ ƳŀŘŜ ǘƘŜ ƘƛǎǘƻǊƛŎŀƭ άǊǳƭŜǊ ƳŜǘƘƻŘέ όǿƘŜǊŜ Ƴŀƴȅ ȅŜŀǊǎ ƻŦ ƘƛǎǘƻǊƛŎŀƭ Řŀǘŀ ǿŜǊŜ ǳǎed to ballpark 
future years) invalid and that new techniques were required to interpret data on much shorter timeframes. 
 
Figure 7Υ tƘŀǎŜ ¢ǿƻ tŀǊǘƛŎƛǇŀƴǘǎΩ wŀǘƛƻƴŀƭŜ ŦƻǊ ǘƘŜ !ŘƻǇǘƛƻƴ ƻŦ tǊŜŘƛŎǘƛǾŜ aƻŘŜƭƭƛƴƎ 

 
Note: Some responses received 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 hoc and regular bases depending on the purpose of the 
model and the availability of data. Participants reported having models that were both aggregate τ that is, 
predicted retention for a group of students without predicting retention for any particular students τ and 
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) committeŜ όǘƘǊŜŜΣ оо҈ύ ƻǊ ǘƘŜ ǇǊƻǾƻǎǘΩǎ ƻŦŦƛŎŜ όƻƴŜΣ мм҈ύΣ 
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 unit head and 
this was the case where the modelling was only done for a particular program rather than more broadly 
across the institution (See Figure 8). 
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Figure 8Υ tƘŀǎŜ ¢ǿƻ tŀǊǘƛŎƛǇŀƴǘǎΩ LƴŘƛŎŀǘƛƻƴ ƻŦ ²ƘŜǊŜ tǊŜŘƛŎǘƛǾŜ aƻŘŜƭƭƛƴƎ Request Originated 

 
 

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 other organization 
was used. The results of the predictive modelling were made available primarily to administrative managers, 
academic advisers, other administrative staff, unit heads, SEM committees and other senior administrators. 
Few respondents indicated that faculty/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 using predictive modelling, 22 of 25 survey respondents (88%) indicated that 
their systems were implemented by in-house staff. In some cases in-house faculty were also involved (seven 
respondents, 28%). In four cases (16%), the system vendor was used; and, in two cases (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 by in-house staff, in-house faculty and the 
system vendor. A further three (12%) indicated that the system was put in place by in-house 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 selected, respondents were given the option of 
ǇǊƻǾƛŘƛƴƎ ǘƘŜ ŎƻƴǎǳƭǘŀƴǘΩǎ ƻǊƎŀƴƛȊŀǘƛƻƴΣ ǿƛǘƘ ǘǿƻ ƛƴŘƛŎŀǘƛƴƎ bƻŜƭ-Levitz. 
 
Figure 9Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ фΣ ά²ƘŜƴ ȅƻǳ ƻǊƛƎƛƴŀƭƭȅ ƛƳǇƭŜƳŜƴǘŜŘ ȅƻǳǊ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎ ŦƻǊ ǎǘǳŘŜƴǘ 
retention, ǿƘƻ ǿŀǎ ƛƴǾƻƭǾŜŘ ƛƴ ǘƘŜ ƛƳǇƭŜƳŜƴǘŀǘƛƻƴΚέ ό{ŜƭŜŎǘ !ƭƭ ¢Ƙŀǘ !ǇǇƭȅύ 
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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 academic advisers and in another seven (28%) to other administrative staff. Few systems 
provide access to faculty members (five, 20%) or non-faculty instructors (three, 12%). 
 
¢ƘŜ мл όпл҈ύ ǊŜǎǇƻƴǎŜǎ ƛƴ ǘƘŜ άƻǘƘŜǊέ ŎŀǘŜƎƻǊȅ ƛƴŎƭǳŘŜŘΥ ŀŎŀŘŜƳƛŎ ǳƴƛǘ ƘŜŀŘǎ όǘǿƻ ǊŜǎǇƻƴǎŜǎύΣ ǎǘǊŀǘŜƎƛŎ 
enrolment management committee (two), senior administrators (two), direct to the student (two) and on a 
case-by-case basis (three). These results are shown in Figure 10. 
 
Figure 10Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ мсΣ ά²Ƙƻ Ƙŀǎ ŀŎŎŜǎǎ ǘƻ ǘƘŜ ǇǊŜŘƛŎǘƛƻƴǎ ŦǊƻƳ ǘƘŜ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎ ǎȅǎǘŜƳΚέ 
(Select All That Apply) 

 
 
When asked how they maintained security around the predictions ensuring only authorized individuals 
could access the information, interview/questionnaire participants reported that, in general, 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 system τ in one case to a CRM system, and in another to the SIS τ where 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 information was 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 made available either 
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 (onŜΣ п҈ύΤ ǘƘŜ [a{ ƻǇǘƛƻƴ ǿŀǎ ƴƻǘ ǎŜƭŜŎǘŜŘ ŀǘ ŀƭƭΦ !ƳƻƴƎ ǘƘŜ άƻǘƘŜǊέ 
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 previously mentioned.  
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Figure 11: Responses to Question 17, "How are the predictions made available to those with access?" (Select All That 
Apply) 

 
 
bƻǘŜΥ ¢ƻǘŀƭ ǊŜǎǇƻƴǎŜǎ Ґ олΤ άhǘƘŜǊέ ǊŜǎǇƻƴǎŜǎ ǎŜǇŀǊŀǘŜŘ ōȅ ǉǳŀƭƛǘŀǘƛǾŜ ŎƻŘƛƴƎΦ 

 

How is Predictive 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 primary target group for models is first-year undergraduate students. Perceptions 
of respondents vary with regard to the accuracy of predictions for different student groups. The data used in 
ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭǎ ƛǎ Ƴƻǎǘ ƻŦǘŜƴ ƎŀǘƘŜǊŜŘ ŦǊƻƳ ǘƘŜ ƛƴǎǘƛǘǳǘƛƻƴΩǎ {L{. Data may also be used from other 
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 history, student 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 services, advising, mentoring or self-assessment 
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 a select-all-that-apply question, and options that 
ƎŀǊƴŜǊŜŘ ŀ ƳŀƧƻǊƛǘȅ ƻŦ ǘƘŜ нр ǇƻǎǎƛōƭŜ ǊŜǎǇƻƴǎŜǎ ƛƴŎƭǳŘŜ άƛŘŜƴǘƛŦȅƛƴƎ ǎǘǳŘŜƴǘǎ ŀǘ Ǌƛǎƪ ƻŦ ƭŜŀǾƛƴƎ ŦƻǊ ŀŎŀŘŜƳƛŎ 
ǇŜǊŦƻǊƳŀƴŎŜ ǊŜŀǎƻƴǎέ ǿƛǘƘ мр όсл҈ύΣ άǘŀǊƎŜǘƛƴƎ ƛƴǘŜǊǾŜƴǘƛƻƴǎ ǘƻǿŀǊŘ ǎǘǳŘŜƴǘǎ ŀǘ Ǌƛǎƪ ƻŦ ƭŜŀǾƛƴƎέ ǿƛǘƘ мр 
όсл҈ύΣ άǇǊƻƳƻǘƛƴƎ ǘƘŜ ǳǎŜ ƻŦ ŀŎŀŘŜƳƛŎ ŀƴŘκƻǊ ŀŘǾƛǎƛƴƎ ǊŜǎƻǳǊŎŜǎέ ǿƛǘƘ му όтн҈ύΣ άŘŜǘŜǊƳƛƴƛƴƎ ǿƘƛŎƘ 
ƛƴǘŜǊǾŜƴǘƛƻƴǎ ƛƳǇǊƻǾŜ ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴέ ǿƛǘƘ мн όпу҈ύ ŀƴŘ άƛƳǇǊƻǾƛƴƎ ŜƴǊƻƭƳŜƴǘ ǇƭŀƴƴƛƴƎέ ǿƛǘƘ мт όсу҈ύΦ 
There is substantial overlap in the nature of these uses τ targeting interventions and determining the 
effectiveness of those interventions go hand-in-hand, for example. 
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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 health (five, 20%), disability (five, 20%) or financial (eight, 32%) 
reasons, determining effective admissions criteria (nine, 36%) or designing more effective curriculums (four, 
мс҈ύΦ Lƴ ǘƘŜ άhǘƘŜǊέ ŎŀǘŜƎƻǊȅ ƻƴŜ όп҈ύ ǊŜǎǇƻƴŘŜƴǘ ƛƴŘƛŎŀǘŜŘ ǳǎŜ ƻŦ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭǎ for each of course 
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 non-retention purposes τ one respondent indicated looking at graduation rather than 
retention rates, another using a budget rather than a retention lens, and the last course offerings τ and 
three (11%) indicated looking for at-risk groups without identifying particular students within those groups.  
 
Figure 12Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ рΣ ά¸ƻǳ ƛƴŘƛŎŀǘŜŘ ǘƘŀǘ ȅƻǳǊ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭ ƛǎ ǳǎŜŘ ŦƻǊ ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴ 
ǇǳǊǇƻǎŜǎΦ Lƴ ǿƘŀǘ ǿŀȅǎ ŘƻŜǎ ȅƻǳǊ ƛƴǎǘƛǘǳǘƛƻƴ ǳǎŜ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭƭƛƴƎΚέ ό{ŜƭŜŎǘ !ƭƭ ¢Ƙŀǘ !pply) 
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Student Populations  
 
Most predictive models are used for first-year 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 responses frequently 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 selected άall students,έ five also selected at least one additional category, with one 
ŎƘƻƻǎƛƴƎ ŀƭƭ ƻǇǘƛƻƴǎ ŜȄŎŜǇǘ άƻǘƘŜǊέΤ ǘƘŜ ǎŀƳŜ ƛǎ ǘǊǳŜ ŦƻǊ άŀƭƭ ǳƴŘŜǊƎǊŀŘǳŀǘŜ ǎǘǳŘŜƴǘǎέ ǿƛǘƘ Ƴƻǎǘ όƴƛƴŜ ƻŦ млύ 
ǊŜǎǇƻƴŘŜƴǘǎ ŀƭǎƻ ǎŜƭŜŎǘƛƴƎ ŀƴƻǘƘŜǊ ŎŀǘŜƎƻǊȅΦ Lƴ ǘƘŜ άƻǘƘŜǊέ ŎŀǘŜƎƻǊȅΣ ǘǿƻ ǊŜǎǇƻƴŘŜƴts indicated that they 
use predictive modelling for students in residence, with other respondents mentioning scholarship students 
(one respondent), first-ȅŜŀǊ ƳŀǎǘŜǊΩǎ ǎǘǳŘŜƴǘǎ όƻƴŜ ǊŜǎǇƻƴŘŜƴǘύ ŀƴŘ ǎǘǳŘŜƴǘǎ ƛƴ ǇŀǊǘƛŎǳƭŀǊ ŦŀŎǳƭǘƛŜǎΦ ²ƘŜƴ 
asked to elaborate ƻƴ άǎǘǳŘŜƴǘǎ ƛƴ ǇŀǊǘƛŎǳƭŀǊ ŦŀŎǳƭǘƛŜǎέ ǘǿƻ ƻŦ ǘƘŜ ŦƛǾŜ ǊŜǎǇƻƴŘŜƴǘǎ ƛƴŘƛŎŀǘŜŘ ǘƘŜȅ ǳǎŜŘ 
predictive modelling for all faculties/programs but included faculty or program as an input model to the 
variable. Other respondents indicated that they used predictive modelling for direct entry programs (one 
respondent) and non-cohort programs (one respondent), and one respondent specifically mentioned 
faculties of law and engineering. 
 
Figure 13Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ моΣ άCƻǊ ǿƘƛŎƘ ǎǘǳŘŜƴǘ populations does your institution use predictive models for 
ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴΚέ ό{ŜƭŜŎǘ !ƭƭ ¢Ƙŀǘ !ǇǇƭȅύ 

 
 
When asked about how accurate their predictive modelling was, in terms of the percentage of students 
accurately predicted, in half of the cases (36 oŦ тнύ ǘƘŜ ǊŜǎǇƻƴŘŜƴǘ ǿŀǎ ƴƻǘ ǎǳǊŜ ŀōƻǳǘ ǘƘŜ ǎȅǎǘŜƳΩǎ 
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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Table 2Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ мфΣ άtƭŜŀǎŜ ƛƴŘƛŎŀǘŜ ǿƘŀǘ ǇŜǊŎŜƴǘŀƎŜ ƻŦ ǎǘǳŘŜƴǘǎ ŀǊŜ ǇǊŜŘƛŎǘŜŘ ŀŎŎǳǊŀǘŜƭȅ ƛƴ ȅƻǳǊ 
ƳƻŘŜƭƭƛƴƎΥέ 

 0ς
49% 

50ς
59% 

60ς
69% 

70ς
79% 

80ς
89% 

90ς
100% 

Unsure All 
responses 

First-year undergraduate 
students 

1 1   2 2 8 14 

Direct entry from high 
school 

1 1 1  2 1 3 9 

All students    4  2 2 8 

Transfer students 1    2 1 3 7 

All undergraduate 
students 

1   1 1 3  6 

Mature students    1 1  3 5 

Indigenous students  1   1  2 4 

First-generation students    1   3 4 

Other (as identified in 
Q13) 

   1   3 4 

Students in particular 
faculties 

      3 3 

Low-income students       2 2 

Distance education 
students 

    1  1 2 

Students with disabilities  1     1 2 

All graduate students       1 1 

Professional degree 
students 

      1 1 

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 
specific options, ŀƭƭ ǿŜǊŜ ǳǎŜŘ ōȅ ōŜǘǿŜŜƴ ǘƘǊŜŜ όмн҈ύ ŀƴŘ ŦƛǾŜ όнл҈ύ ǊŜǎǇƻƴŘŜƴǘǎΦ {ȅǎǘŜƳǎ ƛƴ ǘƘŜ άƻǘƘŜǊέ 
category included survey and questionnaire systems (three), prospective student customer relationship 
management systems (two), an early alert system (one), data that is held 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 common 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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!ƳƻƴƎ ǘƘŜ {L{ ǎȅǎǘŜƳǎ ǊŜǇǊŜǎŜƴǘŜŘΣ 9ƭƭǳŎƛŀƴΩǎ .ŀƴƴŜǊ ƘŀŘ ƴƛƴŜ όпм҈ύ ǊŜǎǇƻƴǎŜǎ ŀƴŘ hǊŀŎƭŜΩǎ tŜƻǇƭŜ{ƻŦǘ 
Campus Solutions had three (14%), while two respondents (9%) indicated an in-ƘƻǳǎŜ ōǳƛƭǘ όάƘƻƳŜ-ƎǊƻǿƴέύ 
ǎȅǎǘŜƳΦ hǘƘŜǊ ǊŜǎǇƻƴǎŜǎ ƛƴŎƭǳŘŜŘ ά9ƭƭǳŎƛŀƴέ όǿƘƛŎƘ ŎƻǳƭŘ ōŜ ŜƛǘƘŜǊ .ŀƴƴŜǊ ƻǊ 9ƭƭǳŎƛŀƴΩǎ /ƻƭƭŜŀƎǳŜ ǇǊƻŘuct), 
άhǊŀŎƭŜέ όǿƘƛŎƘ ŎƻǳƭŘ ōŜ tŜƻǇƭŜ{ƻŦǘ ƻǊ ǘƘŜ hǊŀŎƭŜ {ǘǳŘŜƴǘ {ȅǎǘŜƳύΣ ǿƘƛƭŜ {ƪȅǘŜŎƘ ŀƴŘ /ǊƻǎǎwƻŀŘ ǿŜǊŜ ŜŀŎƘ 
mentioned once. One respondent did not know, while three did not provide any information on the product. 
Learning management systems mentioned include Blackboard, Desire2Learn and Moodle; advising systems 
were End2End and two home-grown systems; financial aid system was Navison (others did not know or 
pulled financial aid data from their SIS); and student engagement systems included ezRecruit, CampusLabs 
and home-grown systems. 
 
Figure 14Υ wŜǎǇƻƴǎŜǎ ǘƻ vǳŜǎǘƛƻƴ ммΣ ά²Ƙŀǘ ǎȅǎǘŜƳǎ Řƻ ȅƻǳǊ ǇǊŜŘƛŎǘƛǾŜ ƳƻŘŜƭǎ ŦƻǊ ǎǘǳŘŜƴǘ ǊŜǘŜƴǘƛƻƴ ƎŀǘƘŜǊ 
ƛƴŦƻǊƳŀǘƛƻƴ ŦǊƻƳΚέ ό{ŜƭŜŎǘ !ƭƭ ¢Ƙŀǘ !ǇǇƭȅύ 

 
 
The majority of respondents indicated that they used 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 
(see Figure 16). LMS interactions was low in the number of responses (three respondents, 12%), which 
matches the LMS responses from Question 11. Self-assessment questionnaires (eight respondents, 32%) 
tended to be locally developed (four of eight responses, 50% of self-assessment questionnaires), though 
both the Canadian University Survey Consortium (two of eight responses, 25% of self-assessment 
questionnaires) and the National Survey of Student Engagement (two of eight responses, 25% of self-
assessment questionnaires) 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 developed locally 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 indicating 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); on-campus residence 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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Figure 15: Combinations of Responses to Question 11, "What systems do your predictive models for student 
retention gather information from?" 

 


































