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ABSTRACT 
Advisors assist students in developing successful course 
pathways through the curriculum. The purpose of this project is 
to augment advisor institutional and tacit knowledge with 
knowledge from predictive algorithms (i.e., Matrix Factorization 
and Classifiers) specifically developed to identify risk. We use a 
participatory action research approach that directly involves key 
members from both advising and research communities in the 
assessment and provisioning of information from the predictive 
analytics. The knowledge gained from predictive algorithms is 
evaluated using a mixed method approach. We first compare the 
predictive evaluations with advisors evaluations of student 
performance in courses and actual outcomes in those courses We 
next expose and classify advisor knowledge of student risk and 
identify ways to enhance the value of the prediction model. The 
results highlight the contribution that this collaborative 
approach can give to the constructive integration of Learning 
Analytics in higher education settings. 
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1 INTRODUCTION 
Advisors play a critical role in student success at every 
institution. They guide students throughout their curriculum, 
understand and identify effective interventions to support 
struggling students (access to academic support services, 
adjustment of semester schedule), and in the process connect 
individual students with a much broader institutional and 
academic experience. This multifocal view of a student 
experience represents only a part of the knowledge advisors 
build upon to support students’ success. 

Data mining and machine learning techniques applied to 
student records can produce insights that contribute to the body 
of knowledge used for advising students. The recent decade has 
seen an increased interest in these types of learning analytics 
approaches (LA). These consist of in-house early warning 
systems (EWS) to aid advisors and students (see e.g. [1], [2, 3] 
and [4] for a short review or even the most recent issue of New 
Directions for Higher Education [5]); and an industry that aims to 
serve multiple institutions (e.g. EAB Campus that is now 
evolving into a Student Success Management System [6, 7], 
LoudSight, a product of Barnes & Noble’s LoudCloud [8] or 
Civitas Learning [9]). 

The value of these tools relies on the assumption that better 
and timely assessment of information leads to impactful actions 
and responses. However, often overlooked in this process of 
evaluation, is the importance of the institutional and cultural 
context and the influence they have on intended user-outcomes. 
Cousins [10], states that the undesirable consequences of the use, 
non-use, legitimate use and misuse of evaluation findings can 
manifest in different ways. Recognition of the importance of the 
‘human/social’ dimensions is a key factor that impacts the 
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adoption of information systems (see e.g.).  Davenport and 
Harris [11] were early champions of embedding analytic 
technologies into business. But despite holding great promise, 
ten years later Davenport [12] contends that for high-impact 
decisions (perhaps deciding a life path, or a course pathway) the 
models need interpretability or transparency, to allow 
understanding of what is in the ‘black box’. In the context of 
higher education and the case study discussed in this paper, the 
issue of adoption or use of new systems and information can be 
framed in terms of the meeting of two (or multiple) 
epistemologies that are used to describe the conditions 
impacting student success, advising knowledge and predictive 
insights.  

Knowledge production and information flow within 
organizations are critical for the adoption of innovations. Carlile 
[13] offers a particularly useful integrative framework for 
understanding and managing knowledge across boundaries 
within an organization. Based on this model, the ‘semantic 
boundary’ is bridged by creating shared meanings and 
translating knowledge. In this case study, the bridge is built to 
connect the epistemology of advisers/advising and the 
epistemology underlying the LA applied to identify students at 
risk. Knowledge transformation has been shown to produce 
beneficial results in the successful development and 
implementation of a retention initiative in a higher education 
context [14]. In this paper, instead of a university-wide 
committee approach as discussed by Dee and Leisyte [14], the 
semantic boundary is being addressed via the establishment of 
an action research collaboration between the analytical team and 
key academic advisor committees on research and retention. 
Action research and its cyclical nature is particularly well-suited 
for the development and implementation of information systems 
[15, 16] and has been already applied, under the name of design-
based research, for the development of EWS in higher education 
[1].  

The first step of the participatory cycle (Figure 1) adopted in 
this project, included a scoping session with advisors and the 
analytics team to identify and prioritize the users’ needs, 
requirements and resources available for the project. This 
process helped identify and outline the LA approach to be taken 
and was followed by an extensive period of research and 
development of the LA tool. The second step in the process 
consisted in the application of a mixed approach to the 
assessment of the results obtained – using both quantitative and 
qualitative data for analysis (part of the results of this 
assessment are discussed in this paper). Incorporating 
results/feedback from the assessment into the LA tool marked 
the third step of the first cycle. This cycle has been followed by a 
pilot phase, a new participatory cycle, for which assessment is 
currently underway. This will eventually lead to an ongoing 
implementation and associated participatory cycle(s). The 
implementation/adoption of the LA tool in advising is not 
intended to define the termination of the participatory cycle as 
continuous assessment and improvement of the LA tool is 
expected in the future. 

 

Figure 1: Participatory cycle 

In what follows, we contribute to what Rienties et al. [4] 
characterize as the ‘urgent need to develop an evidence-based 
framework of learning analytics’ that allows stakeholders to 
identify what works and doesn’t work in the development and 
implementation of a learning analytics program for student 
success. The contribution we provide to the suggested Learning 
Analytics Intervention and Evaluation Framework (LA-IEF) [4] is 
to show the importance that the semantic boundary [13] can 
have in facilitating knowledge production and flow in the 
development, assessment and implementation of a learning 
analytics tool.  

After a short description of the roles, processes and 
responsibilities of advisors participating in this study, and the 
development of the recommender, we will describe the 
methodological approach adopted and the results of the 
evaluation of the recommender output both quantitatively (via 
agreement with advisors’ evaluation of a sample of courses and 
students’ actual outcome in those courses) and qualitatively (via 
classifying knowledge advisors use to identify course 
enrollments at risk of failure). The results will highlight the 
contribution that this approach can give to the constructive 
integration of Learning Analytics in higher education settings. 

2 MATERIALS AND METHODS 

2.1 Advisors’ roles, processes and 
responsibilities 

While the roles of academic advisors vary from institution to 
institution, most fall within the administrative framework 
described by Habley [17]. This categorizes advising units from 
non-existent (faculty-only models) to completely self-contained 
models that guide students to graduation. The advising unit that 
partnered in this study, University Division (UD), operates 
within a self-contained framework, where students are advised 
in a generalized undergraduate advising unit until they are able 
to meet the requirements of admission into their major, at which 
time they are assigned to the advising unit for the major of 
choice. The main role of UD advisers is summarized in their 
mission statement [18]: 

 ‘Engage with students to assist their transition into 
Indiana University Bloomington, to educate them 
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about academic disciplines and enrichment 
opportunities, and to prepare them to progress into 
their chosen degree-granting programs’. 

The role of the advisors in UD differs slightly from the 
advisors in schools’ advising units. These differences are 
primarily due to specific major requirements at the various levels 
in the student progression through the curriculum, e.g. specific 
course requirements and academic standards. Nevertheless, all 
advisors guide students in the completion of university wide 
requirements as well, e.g. the general education curriculum. 
While the UD advisors’ primary focus is to help students 
navigate the path to finding the ideal academic major and gain 
timely admission into that major, advisors in the various school 
units are more focused on graduation. Retention and persistence 
initiatives are a critical component of the university’s strategic 
plan and advising is critical in bringing this effort down to the 
scale of the individual student by supporting initiatives that 
connect persistence and degree progression to course level 
performance and risk.  

The UD advising’s emphasis on coordinating impactful and 
widely adopted approaches to getting students admitted into 
their programs in a timely manner has, at times, resulted in the 
development, adjustment and adoption of policies and 
procedures which affect the advisors’ responsibilities. Changes 
often build on evidence emerging from the analysis of available 
data in specific areas of need or concern. Analytical efforts can 
be commissioned to or conducted in collaboration with the 
university’s analytic unit (Bloomington Assessment and 
Research (BAR)), like in the case of the study described in this 
paper. It is becoming common for advisors to use an informed, 
data-driven approach to provide specialized in-person outreach 
to students and to support in depth conversations on potential 
academic risks. The majority of an advisor’s efforts are directed 
towards one-on-one advising appointments, assessing risk and 
supporting students. Approximately an hour a day is reserved 
for outreach and answering student emails, making the need for 
efficiency in data provision and knowledge extraction 
particularly important.  

Advisors are given guidelines and templates that guide 
outreach to specific student populations throughout the 
semester. In particular, advisors are required to review student 
enrollments after grades are final and before the start of the next 
term in order to check if current enrollments look appropriate. 
This process is referred to as roster review and is based on a 
series of up to twenty templates that address different students' 
needs and issues ranging from: needing to register for specific 
courses (i.e. English composition), needing an alternate major, 
not meeting pre-requisite requirements for specific courses, etc… 
Roster review requires access to multiple databases that provide 
student data regarding grades, attendance, majors, and other 
information as a snapshot of the students’ progress. Other data is 
provided in the form of interactive dashboards developed in 
Tableau (see e.g.  [19]) that visualize information at an 
aggregated level representing macro level trends and patterns 

related to students’ progression through the curricula, and 
performance-related factors affecting it. 

Access to this data, combined with the experience advisors 
accumulate during their career, equip the advisors with the 
knowledge necessary to evaluate whether a student is facing a 
difficult semester or enrolled in a course for which she/he is 
potentially at risk of earning a low grade.  Roster review is also 
combined with individual student-level assessment and 
customized advising; where the advisor meets with students 
individually to gain in depth understanding of strengths and 
weaknesses of the student so that support, if needed, can be 
more impactful and achievable, effectively communicated, and 
individual goals can be set. When these interventions take place, 
notes are placed into the student’s own permanent records so 
that when the student does move on to their major, future 
advisors are able to understand more of the context surrounding 
the student’s overall academic progress. 

The workload represented by the roster review, along with 
various other key times in which advisors are required to reach 
out to specific student populations, e.g. before admission 
deadlines into specific majors, makes the need for the 
prioritization of the student outreach particularly important. The 
identification of students intending to enroll in a course where 
they might be at risk of earning a low grade using an LA tool, 
can aid in this process, provided that there is sufficient 
confidence placed in the tool. 

2.2 Recommender 
Bloomington Assessment and Research, (BAR), the IR team at 
this research intensive institution, was tasked with the 
experimental application of machine learning algorithms, widely 
used in e-commerce for product recommendation, to student 
records in order to help predict student performance in any 
given course. The critical requirement and focus of the system, 
as defined by the key stakeholders, was to focus on predictions 
that would facilitate students in the pursuit of their academic 
objectives instead of steering them towards alternative paths, not 
of their choice, where they would be statistically more likely to 
succeed. In analytical terms, this translated to the optimization 
of machine learning algorithms in the identification of course 
enrollments with predicted low grades (defining students ‘At-
Risk’), i.e. C grades or lower in a scale from F to A. 

Given the grade distribution of courses at this institution, the 
problem was then addressed as a search for rare case events. The 
selective admission criteria, dismissal policies and overall high 
performance (i.e. grade inflation [20]) results in grades skewed 
towards GPAs of A’s and B’s with only about 12% of grades 
being C or below [21]. The predictive model (or recommender) 
resulted in a combination of Matrix Factorizations algorithms 
(MF), with bias and λ weights; and an ensemble of three 
classification algorithms: Random forest, Gradient boosted trees 
and Support vector machines (refer to [21] for a comprehensive 
discussion of the Learning Analytics algorithms applied – paper 
available upon request). MF was exclusively based on grades 
from F to A earned by students in previous terms. For the 
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classifiers, data consisted of the principal components of courses 
the students took in terms leading to the prediction, number of 
previous low grades, cumulative GPA of the student, standard 
deviation of the grades and student bias from the MF. 

Grades and final recommendations were given on a scale 
with three levels: Low (At-Risk - positive), Medium and High. 
Models were trained by adopting a cost-based optimization 
metric building on the confusion matrix represented in Table 1: 

Table 1: Confusion matrix 

 Predicted 
High Avg Low 

A
ct

ua
l 

High a b c 
Avg d e f 
Low g h i 

  
From this contingency table three dimensions were derived: 
 

1 – Catch rate: the ratio of true positives i and actual lows 
(g + h + i); 
2 – Overhead: the ratio of true positives i and predicted 
lows (c + f + i); 
3 – Accuracy: the ratio of correctly classified over all cases 
(a + e + i)/ (a + b +…+ i). 

Optimization was obtained by maximizing all three 
dimensions: 

 
 J = Max (Catch rate * Overhead * Accuracy) 
 
The project focused on four families of majors 

independently: Business, Biology, Education and Exploratory. 
This allowed the models to be more homogenous in terms of 
course enrollments and academic preparation by training on 
students with shared curriculum. Moreover, adjustments at the 
level of both the algorithms and the data pipeline (i.e. the 
application of a Random Under Sampling RUS for the data input 
to the classifiers) were made to optimize the prediction of correct 
Low grades, i.e. the Catch rate, to the detriment of the overall 
Accuracy.  

Classifiers then, were used on the top 1-5% of the enrolled 
courses to take advantage of their greater discriminative power, 
while MF prediction was used for all other courses. Overall MF 
with bias and λ weights resulted in an accuracy of between 0.47 
and 0.55 for Business and Biology respectively, an Overhead 
between 0.2 (Business) and 0.33 (Education), and a Catch rate 
between 0.4 and 0.52 for Business and Education, respectively. 
The ensemble of the classifiers for the courses with highest 
enrollment returned, in general, higher values in the three 
dimensions compared to the MF prediction for the same courses. 
In particular, Accuracy was between 0.43 for Biology students in 
CHEM-C341, and 0.77 for Business students in BUS-G202. 
Overhead was between 0.41 for Business students in BUS-G202 
and 0.82 for Education students in PHSL-P215. Finally, Catch rate 

values were between 0.18 for Business students in BUS-G202 and 
0.96 for Education students in Chem-C117. The ability to achieve 
Overhead above 0.33, meaning that we could predict Low grades 
at a rate above random selection, represented an improvement 
from models that were not optimized for low performance, 
which performed better on the Average and High grade ranges, 
which is the most common outcome among the students in the 
population.  

Only courses associated with predictions with a false positive 
rate below 66% (i.e. Overhead > 0.33) are considered to be valid 
actionable information and provided to the stakeholders (i.e. 
academic advisors). Given the emphasis on helping students, the 
recommender by-design over predicts course enrollments at risk. 

2.3 Assessment and data collection 
The next step following the rendering of data and the first 

step towards the establishment of a LA-IEF, was to send out a 
survey to the advisors that allowed for both quantitative and 
qualitative comparison of the algorithm’s performance 
predictions and advisors’ evaluation of student course outcomes. 
In the spring of 2017, an online survey was administered to a 
group of thirty academic advisors. Students were randomly 
selected from the pool of students predicted to be At-Risk 
(students who were predicted to receive a low grade in at least 
one course) and assigned to an advisor. Each advisor was 
required to evaluate ten students and up to five of their course 
enrollments, and was assigned at least one student predicted to 
be At-Risk. The advisors were to evaluate each student 
enrollment in their customary way, mark the At-Risk courses for 
the student and explain reasons for their evaluation. Twenty-five 
advisors responded to the survey giving a response rate of 83%. 

2.3.1 Quantitative data analysis. This analysis is based on 
cases from the survey data in which student enrollments resulted 
in grades between A and F, as well as for those courses for which 
the algorithm produced valid actionable information as defined 
above. These criteria ensure that the recommender is evaluated 
within its limiting data and use boundaries, placing the learning 
analytics tool in a favorable position vis a vis the complex 
universe in which students and advisors operate. This resulted in 
a total of 427 records that are compared by producing a series of 
three contingency tables: 1- comparing advisors’ evaluation and 
recommender prediction, 2- comparing actual student 
performance and advisors’ evaluation and 3- comparing actual 
student performance and recommender prediction.  

2.3.2 Qualitative data analysis. This analysis is based on 
open-ended inputs to the survey. After identifying a course as 
At-Risk, advisors were asked to report the reasons for that 
evaluation. A total of 322 reasons were collected and analyzed. 
The text was analyzed by two advisor-researchers who adopted a 
grounded theory approach [22, 23] for the identification of 
relevant themes in the data. The two coders worked first 
independently adopting an open coding approach [22]. They then 
met to reconcile the identified themes. Inter-coder reliability was 
then estimated using Kappa statistic in SAS (see [24] for a 
discussion). This analysis resulted in agreement at mostly 
Substantial level and Moderate level (except in one case) 
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indicating a strong convergence in themes identified by advisors. 
To produce the final set of codes, the coders met to reconcile all 
the cases in the dataset.  

Codes were then analyzed quantitatively with the aim of 
identifying themes’ abundance, i.e. via simple frequency 
distribution, and identifying themes’ associations (building on 
the axial coding phase discussed in [22], i.e., calculating 
association rules at the level of individual course enrollment to 
highlight co-occurrence of themes in the data). In this case we 
report for a rule A è B (following [25]: 8-69): 1) Support - the 
probability that a course enrollment has both themes on the 
right and left side of the identified rule; 2) Confidence - the 
probability that an enrollment has themes in B given they have 
the themes identified in A; 3) Expected confidence -  the 
probability an enrollment was coded at rule B; and 4) Lift - the 
rate between confidence and expected confidence. Finally, 
coding results were further explored by applying network 
analysis using Gephi 0.9.1 to aid with the identification of central 
themes (core categories, selective coding in [22]) and further 
exploration of themes’ associations and strength. In particular, 
Betweenness Centrality ([26] as cited in Gephi 0.9.1 
documentation) and edge weights were two statistics applied. 

3 RESULTS AND DISCUSSION 

3.1 Quantitative 
Table 2 shows that for the comparison between advisors’ course 
evaluation and recommender prediction for the courses, the 
recommender predicted a greater amount of positive At-Risk 
enrollments. Results show a strong convergence between 
advisors and recommender identification of At-Risk enrollments, 
where 113 of 143 cases advisors considered to be At-Risk (or 79% 
of the cases) the recommender had also predicted in the same 
category. Instead, only 46% of cases evaluated as Safe by the 
advisor were also classified Safe by the recommender, possibly 
the result of the algorithm casting a wider net on the 
identification of At-Risk performances.  

Tables 3 and 4 show the comparison between actual student 
performance at the end of the semester and the advisors’ 
evaluation and the recommender prediction, respectively. Of the 
143 cases of students who performed within the At-Risk level, 
advisors evaluated 59% of them in this category, while 
recommender predicted 87% of them correctly. However, the 
amount of true positive for the advisors was 59% against 47% for 
the recommender prediction 

3.2 Qualitative 
Text Box 1 lists and describes the ten themes coders identified in 
the evaluations of At-Risk outcomes provided by the advisors. 
The majority of the themes relate to issues of performance 
indicated by a variety of markers. These can be very specific to 
the course enrollment evaluated, e.g. the student struggled in a 
previous enrollment in that course (Repeat course), does not have 
the pre-requisite or did poorly in the pre-requisite (Pre-requisite) 

or has low test scores (Test scores). Other themes relate to 
general issues of performance, e.g. struggle in the academic area 
or skills needed in the academic area of the course evaluated 
(Similar course, Quantitative), or the student is showing general 
signs of academic struggle like earned a probation status or has 
irregular grades patterns (GPA, Inconsistent performance). Finally, 
themes identified students At-Risk due to behavior markers, like 
lack of motivation or goals, or missing advising appointments, 
etc… (Behavior). 

Table 2: Comparing advisors evaluation and recommender 
prediction 

 Recommender Prediction 

Advisors 
Evaluation 

Safe At Risk Total 

Safe 131 153 284 

Row % Safe 46 54  

At Risk 30 113 143 

Row %At Risk 21 79  

Total 161 266 427 

Table 3: Comparing actual student performance outcome 
and advisors evaluation 

 Advisors evaluation 

Actual Student 
Performance 

Safe At Risk Total 

Safe 226 58 284 

Row % Safe 80 20  

At Risk 58 85 143 

Row %At Risk 41 59  

Total 284 143 427 

 
Figure 2 reports the frequency distribution of codes for the 

themes identified. Thirty percent of the course enrollments were 
identified as At-Risk in part because of performances in similar 
courses (Similar course). This theme is followed by the themes of 
GPA and Quantitative, accounting for more than half of the 
codes for all cases. Issues that related more specifically to the 
course are also well represented: Repeat course accounts for 10% 
of the codes, Pre-requisite accounts for 7% of the codes. Behavior-
related issues contribute to about 3% of all codes for all cases. 
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Table 4: Comparing actual student performance outcome 
and recommender prediction 

 Recommender Prediction 

Actual Student 
Performance 

Safe At Risk Total 

Safe 142 142 284 

Row % Safe 50 50  

At Risk 19 124 143 

Row %At Risk 13 87  

Total 161 266 427 

Text Box 1: Themes 

Similar course: This category is for risk associated with a 
course for which a student struggled in a similar courses. For 
example, a student struggled in Math and Chemistry and 
therefore is at risk in Physics, or struggled in Public Affairs 
courses and is therefore at risk in additional Public Affairs 
course. 
Repeat course: The student is repeating a course, usually 
following a grade of C or lower or a W in the previous 
enrollment. 
Pre-requisite: Student does not have the pre-requisite or did 
poorly in the pre-requisite course. 
Difficult course: Student is not prepared for the difficulties of 
a rigorous course and the course has a high CDFW rate and/or 
is known to be difficult (CHEM C117, ANAT A215). This also 
includes upper level courses when a student is not ready for an 
upper level course. 
Quantitative: Student does not have the required quantitative 
or math skills for the course. 
Withdrawal/Incomplete: Student has either a withdrawal or 
an incomplete on the transcript, often multiple withdrawals. 
Especially an issue if the student is attempting to take the same 
class again. 
GPA: Low Cumulative or Term GPA. This includes students on 
Probation. 
Inconsistent performance: Irregular grades. Either within a 
term or term to term (i.e. some semesters high, some low or 
grades within a term ranging from A-F). 
Behavior:  Issues with motivation or goals. Showing 
problematic behaviors such as not showing up for 
appointments, attendance, etc. 
Test scores: Students with low Aleks (a math placement test), 
or SAT scores. 

 

 

Figure 2: Coded themes frequencies 

Associations between themes, or axial coding, are reported in 
Table 5. Themes associated with Quantitative appear to have 
greater strengths, with lifts up to 4.17 for Test scores è 
Quantitative (and vice versa), for example. The Quantitative 
theme also appears in more than half of the associations with a 
confidence level above 50%. Similar course is the most 
represented theme among associations at higher confidence 
levels, where it is found associated with Inconsistent performance, 
Difficult course, Withdrawal/Incomplete and Pre-requisite. These 
associations highlight the importance that advisors attribute to 
performance in previous enrollments in areas that require 
similar skills. Quantitative skills appear to dominate the risk 
attribution, which might be a reflection of the overall stronger 
relationships existing between courses that rely on quantitative 
or mathematical skills. However, the association rules analysis 
also highlights the importance that other pattern identification 
have for risk evaluation. For example, we see high confidence in 
associations between Difficult course è Similar Course, Pre-
requisite è Similar course, and Inconsistent performance è 
Similar course. 

The network represented in Figure 3 shows the 
interconnections between themes and it confirms the 
associations identified above – for clarity, courses are excluded 
from the representation. Node size is proportional to 
Betweenness Centrality of the node, while the labels are sized 
proportionally to the node weighted degree. Edges are sized 
proportionally to the weighted degree as well. Weights for two 
connected nodes were calculated as the sum of co-occurrence of 
two nodes. The network resulted in a diameter of 4, with a 
radius of 2, an average path length of 2.4 and an average 
weighted degree of 21. The theme Similar course appears to have 
the most central role in the network, with the greatest value of 
Betweenness Centrality and shows strong connection with 
Quantitative, Inconsistent performance, Withdrawal/Incomplete 
and Prerequisite. More peripheral are the themes Behavior, Test 
score, and Difficult course. GPA, despite weaker weighted edges 
displays the second largest Betweenness Centrality measure in 
the network. These results highlight the importance that the 
holistic view of performance has in guiding the evaluation of 
risk. It seems to indicate that specific performance issues 
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indicated by markers like withdrawal from or repeating a course 
are usually evaluated within an assessment of the student 
performance in specific academic or skill areas (Similar course) or 
the student performance trajectory (GPA).  

Table 5: Association rules for course enrollments 
(maximum items 4, minimum confidence level 10) 

 

4 DISCUSSION 
Results show a strong convergence between the Learning 
Analytics tool developed and the advisors’ course evaluation. 
From a quantitative point of view, up to 79% of the courses that 
the advisors would have considered being At-Risk were also 
flagged in the same category by the LA tool. From a qualitative 
point of view, we can identify a convergence of knowledge used 
in the evaluation. In particular, as expected, course performance 
is by far the most important data element used by both the LA 
tool and advisors. Moreover, advisors value an integrative 
approach to this evaluation. This is indicated by the importance 
of the themes Similar course and Quantitative in a way that 
identifies broader academic areas of weakness for the student. 
More case-specific markers of risk, e.g. Repeat course, 
Withdrawal/Incomplete, Pre-requisite and Difficult course are also 
important but still assessed within the broader student academic 
performance captured by the theme of Similar course or GPA as 
indicated by the centrality of these two themes. This 
interpretation of the data shows strong alignment with the 
feature reduction approach taken by the LA tool both in the case 
of MF and for the classifiers applied in the tool [21]. 

The comparison of the knowledge produced and used in the 
LA tool and the evaluation criteria emerging from the advisors’ 
survey also highlights areas of divergence that can guide future 

developments of the LA tool, identify the role that the system 
can play in advising, and identify areas affecting adoption of the 
LA-derived information. 

 

 

Figure 3: Themes network: Node size is proportional to the 
Betweenness Centrality value of the node; edges are 

proportional to the weighted degree of the connection 

This study showed a discrepancy between advisors’ 
evaluation and recommender prediction in terms of the number 
of false negatives identified (see Table 3 and Table 4). Advisors 
have a rate of false negative of 41% against 53% for the 
recommender prediction. This difference in evaluation approach 
and error level for the LA tool might impact the level of trust in 
the prediction if it is presented without acknowledging its 
presence. At the same time, knowing the limitations of the 
prediction can help identify the role this knowledge can have in 
advising. For example, discussions are ongoing with advisors on 
the use of recommender predictions to prioritize roster review (a 
review of student enrollments before the start of term), during 
student-advisor meetings, as well as on ways to build on LA 
predictions to enhance student-advisor communication so that 
advisors can more effectively and efficiently support the advice 
given to students in need. Involving advisors in the process of 

Set size Expected confidence Confidence Support Lift Number of cases Rule
2 20 83.33 3.28 4.17 10  Test scores ==> Quantitative
2 3.93 16.39 3.28 4.17 10  Quantitative ==> Test scores
3 5.57 13.11 2.62 2.35 8  Quantitative ==> Similar course & Difficult course
3 20 47.06 2.62 2.35 8  Similar course & Difficult course ==> Quantitative
2 16.07 36.36 6.56 2.26 20  Repeat course ==> Withdrawal Incomplete
2 18.03 40.82 6.56 2.26 20  Withdrawal Incomplete ==> Repeat course
3 20 42.31 3.61 2.12 11  Withdrawal Incomplete & Similar course ==> Quantitative
3 8.52 18.03 3.61 2.12 11  Quantitative ==> Withdrawal Incomplete & Similar course
3 9.18 17.39 2.62 1.89 8  Similar course & Quantitative ==> Difficult course
3 15.08 28.57 2.62 1.89 8  Difficult course ==> Similar course & Quantitative
3 53.11 100 3.28 1.88 10  Quantitative & Inconsistent performance ==> Similar course
3 53.11 100 2.62 1.88 8  Quantitative & Difficult course ==> Similar course
3 20 35.71 3.28 1.79 10  Similar course & Inconsistent performance ==> Quantitative
3 9.18 16.39 3.28 1.79 10  Quantitative ==> Similar course & Inconsistent performance
3 12.46 21.74 3.28 1.74 10  Similar course & Quantitative ==> Inconsistent performance
3 15.08 26.32 3.28 1.74 10  Inconsistent performance ==> Similar course & Quantitative
3 16.07 23.91 3.61 1.49 11  Similar course & Quantitative ==> Withdrawal Incomplete
3 15.08 22.45 3.61 1.49 11  Withdrawal Incomplete ==> Similar course & Quantitative
3 53.11 78.57 3.61 1.48 11  Withdrawal Incomplete & Quantitative ==> Similar course
2 9.18 13.11 2.62 1.43 8  Quantitative ==> Difficult course
2 16.07 22.95 4.59 1.43 14  Quantitative ==> Withdrawal Incomplete
2 20 28.57 4.59 1.43 14  Withdrawal Incomplete ==> Quantitative
2 20 28.57 2.62 1.43 8  Difficult course ==> Quantitative
2 53.11 75.41 15.08 1.42 46  Quantitative ==> Similar course
2 20 28.4 15.08 1.42 46  Similar course ==> Quantitative
2 53.11 73.68 9.18 1.39 28  Inconsistent performance ==> Similar course
2 12.46 17.28 9.18 1.39 28  Similar course ==> Inconsistent performance
2 20 26.32 3.28 1.32 10  Inconsistent performance ==> Quantitative
2 12.46 16.39 3.28 1.32 10  Quantitative ==> Inconsistent performance
2 9.18 10.49 5.57 1.14 17  Similar course ==> Difficult course
2 53.11 60.71 5.57 1.14 17  Difficult course ==> Similar course
2 53.11 60.53 7.54 1.14 23  Prerequisite ==> Similar course
2 12.46 14.2 7.54 1.14 23  Similar course ==> Prerequisite
2 20 20 3.61 1 11  Repeat course ==> Quantitative
2 18.03 18.03 3.61 1 11  Quantitative ==> Repeat course
2 53.11 53.06 8.52 1 26  Withdrawal Incomplete ==> Similar course
2 16.07 16.05 8.52 1 26  Similar course ==> Withdrawal Incomplete
2 53.11 25.45 4.59 0.48 14  Repeat course ==> Similar course
2 53.11 15.79 3.93 0.3 12  GPA ==> Similar course
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developing this tool adds to the trust in the predictions made as 
well as making it more useful in their daily practice. From an 
analytical point of view, the qualitative data highlighted areas 
for tool evaluation, analysis and improvement. 

Questions that emerged ranged from more specific analytic 
needs (e.g. how can we account for withdrawals and 
incompletes, repeats and inconsistent performance in the 
machine learning algorithms applied?) to questions related to the 
wider institutional context to understand how much the 
information provided by the LA tool adds to policies already in 
place to identify and help students at risk, e.g. probation status. 

5 CONCLUSIONS 
As enrollments rise so do increased demands on advisor time.  
Well-placed and interpretable data insights from our predictive 
models will release advisors from the tedious task of evaluating 
student records to identify students at risk.  This, in turn, allows 
advisors to focus their efforts on more meaningful tasks such as 
talking with our students about their academic aspirations and 
making the most of their academic experiences. 

Knowledge flow is critical to affect change in organizations. 
Lack of attention to this aspect can result in resistance to the 
diffusion of useful knowledge, or imposition of sub-optimal 
knowledge systems. In this paper, we provide an example of how 
a participatory approach involving actors with a stake in the 
development of a Learning Analytic system, applied to advising, 
can be effective in enhancing exchanges at the level of what [13] 
defines the semantic boundary. Knowledge transfer across this 
boundary not only results in better understanding of the 
potential applications of LA in advising, it also results in 
effective opportunities for improvement of LA-specific tools. The 
collaborative approach also establishes the needed environment 
for the development of an effective ‘evidence-based framework 
for learning analytics’ [4], because it facilitates critical 
knowledge flow between LAs development, application, 
knowledge use and related interventions. 
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