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Abstract 
In this qualitative study (N=6), we explored insights of first-year students’ instructors and advisors into an early 
identification system aimed at detecting non-thriving students in the context of an all-campus first-year orientation 
course for undergraduates. Following the development of that prediction model in a bottom-up manner, using a 
plethora of available data, we focus on how its end-users could help us understand the underlying mechanisms 
that drive the identification of non-thriving students. As findings suggest, participants were appreciative overall of 
the prediction and its timing and came up with various behaviours that could explain non-thriving, mostly 
motivation and engagement. They suggested additional data that could predict non-thriving, including background 
information, academic engagement, and learning habits. 
 

Notes for Practice 

• Change terminology regarding early identification systems from survive to thrive, to reflect students’ 
potential realization 

• Combine quantitative and qualitative approaches for model construction to achieve reliable, authentic 
learning analytics 

• Set institutional policies regarding a wide range of data types, to support effective data-driven 
decision-making 
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1. Introduction 
Early prediction of non-desired academic behaviours has been recognized as an important step in bringing at-risk students 
back on track. In higher education, such prediction models — frequently referred to as early warning systems (EWSs) — 
have been mostly developed to identify performance or dropout in the context of a course or an academic program (Liz-
Domínguez et al., 2019; Na & Tasir, 2017). Such a prediction will allow early intervention to bring the at-risk students to a 
successful completion of their academic endeavour (Lizzio & Wilson, 2013; Pérez, 1998). 

EWSs use various types of data as indicators for their predictions; among the most common are demographics, 
assignment submission, grades, attendance, and patterns of using learning management systems (Liz-Domínguez et al., 
2019). This is usually done using a purely quantitative approach, feeding the models with as much data as available. 
Therefore, understanding what the best predictors are to identify at-risk students, how to build a prediction model, and when 
is the most optimal time to suggest a prediction are all part of a well-established field of inquiry, usually considered as part 
of the research in learning analytics or educational data mining (e.g., Howard et al., 2018; Hu et al., 2014; Waddington et al., 
2016). 

Since EWSs are aimed at having a positive impact on student academic progression, some intervention is usually 
required upon their prediction. That is, red flags raised by the EWSs should be visible to relevant stakeholders, be it students, 
instructors, advisors, program heads, etc. Hence, stakeholders’ understanding and engagement with EWS-driven 
notifications, the interventions that follow such notifications, and the impact of these interventions are also the focus of an 
ongoing line of inquiry (Freeman & All, 2017; Klerkx et al., 2017; Lizzio & Wilson, 2013; Michaeli et al., 2020). 
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However, so far there has been a lack of research that connects these two sides of the EWS coin. That is, how education 
stakeholders interpret the very mechanism that drives the prediction model — a qualitative endeavour by its very nature — is 
still under-researched. This angle, taken in the current study, may help enhance such models and improve their use. Our main 
goal was to explore and unpack education stakeholders’ insights into the underlying mechanisms that drive the prediction 
model with which they were engaged. 

Importantly, we also had another goal — to revise the common language, mostly negative, used in this field. We desire to 
shift the discourse in a more positive direction and to be explicit about this. Therefore, instead of talking about early warning 
systems that raise red flags to                                                                                                                                 enable 
interventions for preventing dropout or failure, we talk about early identification for non-thriving that allows for a boost to 
help students thrive and reach their top potential. In other words, non-thriving is not about failing, but rather about not 
fulfilling your potential to the fullest. By doing so, we operationalize thriving in a way that raises the bar from simply 
surviving a course to getting a specific high grade (B and above, as will be explained below). 

This semantic twist may have far-reaching implications, since data — and the language used to speak about data — 
simultaneously constitutes practice and is constituted by it (Kommoju, 2019, p. iv), therefore changing the discourse is an 
important first step towards changing the way we look at and act upon student behaviour. Risk or non-thriving is a condition 
or situation; hence it should not be used to describe a person (Strauss, 2019). A similar approach was suggested by 
Ocumpaugh et al. (2017) in their redesign of data-driven reports to counsellors; for example, carelessness was relabelled as 
meticulousness, confusion as adequate help-seeking, and boredom as interest level. This shift from a negative framing to a 
positive framing may impact decision-making, hence may impact student success. Since most of the existing literature still 
uses terms like early warning systems, at-risk, intervention, and dropout, we will use them in the Literature Review section 
when referring to previous studies and will shift towards our suggested framing in the sections that follow. For meeting these 
dual goals, we defined the following research questions: 

1) Given an existing data-driven early identification system for non-thriving, how do end-perceive its validity and 
usefulness? 

2) Which further variables, on which the current model is not based, could help in predicting non-thriving? 
3) What are the end-users’ perceptions of the shift to focus on thriving? 
The rest of the paper is organized as follows. In the next section, we review the most relevant, up-to-date literature in two 

aspects: early identification of non-thriving students, and education stakeholders’ engagement with prediction models. Then, 
in Section 3, we fully describe the methodology underlying our study. In Section 4, we present the findings from our 
exploration, and while doing so we make sense of them in light of the literature. Finally, in Section 5 we discuss our findings 
and their implications to the use and research of EWSs. 

2. Literature Review 
2.1. Predicting Students At-Risk 
Higher education has some far-reaching benefits for individuals and may benefit society at large. At an individual level, for 
example, people who achieve higher levels of education earn more money and are healthier than others. From a broader 
perspective, higher education graduates, compared to others, pay more taxes and contribute more to the functioning of their 
communities (Hout, 2012; Ma et al., 2019). Therefore, dropout from higher education has become a major point of interest, 
which then increased the interest in students who are at-risk for dropping out of their academic studies (Akçapınar et al., 
2019; Freeman & All, 2017; Nik Nurul Hafzan et al., 2019; Valentine et al., 2011). Recently there have been substantial 
efforts to develop and study data-based prediction models that would alert education stakeholders to at-risk students; these 
are used within EWSs and are mostly studied under the umbrella of learning analytics and educational data mining 
(Ifenthaler & Yau, 2020; Lawson et al., 2016; Na & Tasir, 2017). 

Three major issues are most relevant to such endeavours, namely, the definition of at-risk, the variables used for 
prediction, and the method by which the prediction is implemented. First, the target variable should be well defined. 
Different definitions of at-risk have been suggested. Non-thriving is one alternative that raises the bar from at-risk of failing 
a course or losing overall retention status to an assumption that students should not just survive a course but thrive and 
complete the course beyond a passing grade (Bartolini et al., 2020; Syed et al., 2019). One of the most common of these 
refers to the risk of dropout, either from a full program or from a single course. Such predictions attempt to identify which 
students might not complete the academic path they initiated and to support these students until successful completion 
(Biswas et al., 2019; Borrella et al., 2019; Cohen, 2017; Yukselturk et al., 2018). Another approach aims at predicting 
student achievement; that is, identifying an at-risk behaviour at a lower threshold. Here, the chosen focus influences the 
prediction — e.g., a single course versus the whole course of study — using various points in time, starting from early in the 
first semester until the final grades for the full program (García-Poole et al., 2019; Lammers et al., 2017; Lehmann, 2014; 
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Tsiakmaki et al., 2018). Of course, there are other approaches to defining at-risk — or its counter term, success — including 
student satisfaction, persistence, acquisition of skills and knowledge, and career success (cf. Alyahyan & Düştegör, 2020). 

Second, the variables upon which the prediction of at-risk students is built should be determined. A plethora of factors 
have been demonstrated to be effective in predicting at-risk behaviour. A recent literature review of the factors predicting 
student academic success categorize such factors into five main groups (Alyahyan & Düştegör, 2020): 

1) Demographics, including gender, age, and socio-economic status 
2) Prior academic achievement in both university and pre-university studies 
3) Environment, including the type of program, semester duration, and class type 
4) E-learning activity, focusing on the online components of the learning 
5) Psychological, for example, stress or anxiety, motivation, or self-regulation. 
Another recent review presented similar findings, dividing the factors impacting dropout into nine dimensions, including 

study conditions, academic integration, social integration, personal efforts and motivations for studying, information and 
admission requirements, prior academic achievement in school, personal characteristics, sociodemographic background, and 
external conditions (Kehm et al., 2019). 

Third, the mechanisms underlying the models or algorithms should be set. Data mining and machine learning have been 
widely used in recent years to build such prediction models (Agrusti et al., 2019; Manrique et al., 2019; Tamada et al., 2019). 
While data mining generally refers to merely the identification of hidden patterns in large datasets, machine learning-based 
algorithms are unique in the sense that they can improve automatically via experience. The latter achieve very high levels of 
accuracy while predicting dropout; a recent literature review had identified 19 machine learning-based models, all of which 
achieved an accuracy of 91% or higher (Tamada et al., 2019). 

2.2. Education Stakeholders’ Engagement with Prediction Models 
Supporting education stakeholders’ decision-making with data is a process consisting of several steps. We differentiate 
between two major components: overt and covert. The overt components are visible to the stakeholder, those by which they 
make their decisions. This includes the output of the data-based analyses, usually presented in a friendly, actionable manner, 
either by summary reports or by dashboards. On the other hand, the covert components are invisible, usually including the 
data analyzed and mechanisms for analyzing it. When studying education stakeholders’ engagement with EWSs, it is most 
common to explore their engagement with the overt layer, referring to aspects like design issues or actions taken (e.g., 
Michaeli et al., 2020; Molenaar & Knoop-van Campen, 2019; van Leeuwen et al., 2019). However, the engagement of 
education stakeholders with the covert layer of such systems has been barely studied. 

Teachers and instructors are among the most common users of education-related EWSs. Therefore, their understanding 
of the models underlying such systems should be emphasized. In a way, this point of view is similar to Oh and Oh’s (2011) 
notion that the application of model-based views in science classrooms requires a clear understanding of the nature of models 
and modelling in science (p. 1110). Therefore, key stakeholders should be taken as an integral component of any learning 
analytics implementation (Tsai et al., 2018). This is most important considering the distrust teachers may develop towards 
data-driven implementations, attributed mostly to the subjective nature of numbers, the fear of power diminution, and 
approaches to design and implementation (Tsai et al., 2021); it was recently pointed out that such a tendency is particularly 
prominent when referring to preditions for students at-risk (Kollom et al., 2021). On the other hand, involving teachers in the 
early stages of learning analytics design, particularly engaging them with data collected on students, may improve their 
pedagogic and assessment practises, leading potentially to the development of more suitable learning analytics tools 
(Holstein et al., 2019; Vezzoli et al., 2020). Interestingly, one of the standards for educators, published by the International 
Society for Technology in Education (Crompton, 2017), refers to teachers as analysts who understand and use data to drive 
their instruction and promote their students. 

Moreover, the ways by which stakeholders interpret the model may impact their use of it, and consequently its 
effectiveness (Herodotou et al., 2019; Sun et al., 2019), which is why it is imperative to study end-users’ understanding of 
such models. Eventually, incorporating quantitative and qualitative approaches for model construction — that is, building on 
available data and stakeholders’ insights, respectively — would help develop models driven by reliable, authentic data 
(Whitman, 2020). 

3. Methods 
3.1. Research Participants 
Our participants included six higher education faculty and counsellors (two males, four females) from the University of 
Notre Dame, a medium-sized private top-20 institution (a total of 8,731 undergraduate students by Fall 2020) located in the 
Midwest U.S. (see Table 1). The overall student body is 53% male and 47% female. 
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All participants had been associated with the development and running of a First-Year Experience (FYE) course, or the 
Introduction to Engineering Course (Intro to Eg), which are described in the next section. The FYE course serves all first-
year students (over 2000), and the Intro to Eg has a typical enrollment of 400 students. Of the six participants, two served 
only in an instructional role (course coordinator and TA) in the Intro to Engineering Course. The other four participants 
served in an academic advising role for Intro to Eg and in an advising or instructor role in the FYE course. Two out of four 
advisors were veterans with 20+ years of experience, one of the advisors was recently hired, and both the Intro to Eg 
instructor and TA had less than two years of teaching experience. 

Table 1. Information About the Participants 
Participant Gender Academic Role Course 
P1 Male Course Coordinator & Instructor Intro to Eg 
P2 Male Teaching Assistant Intro to Eg 
P3 Female Advising Dean Intro to Eg & FYE 
P4 Female Advising Dean, Course Coordinator & Instructor FYE 
P5 Female Advisor & Instructor Intro to Eg & FYE (respectively) 
P6 Female Advisor & Instructor FYE 

3.2. FYE and Intro to Eg and the Non-Thriving Prediction Models 
The First-Year Experience (FYE) course, first presented in 2015, is mandatory for all first-year students and draws on 125+ 
instructors, each of whom leads a standardized section of no more than 19 students. Consisting of two one-credit-hour 
semester-long courses (Fall and Spring semesters), with a total of about 30 weeks, the FYE course helps students make a 
meaningful transition to college life by integrating their academic, co-curricular, and residential experiences. Based on their 
performance in the course assignments, students are awarded a letter grade, with passing grades being (from highest to 
lowest): A, A-, B+, B, B-, C+, C-, D. 

As a mastery-based course, FYE is designed with the expectation that all students who put in the necessary effort should 
not only succeed but also be on a pathway to thrive. As a result, on average, 90% of the students get an A as their final grade, 
with a standard deviation of 1.4% every semester. This is why the following operationalization was chosen for non-thriving: 
A student was defined as non-thriving based on their grade at week 6 of the Fall semester — which is considered an early 
stage of the course — if it was B- or lower. Since this is the only class that all incoming first-year students take, the course 
was designed from the start to be optimized to collect meaningful assessment data for early detection of student engagement 
and retention. Therefore, various types of available digital traces — i.e., learning management system log activity data, 
weekly exported gradebook scores, and lecture video analytics — were used to develop an early non-thriving prediction 
model. The earliest and best predictor for non-thriving found by the model was missing two or more weekly preparation 
homework assignments. This model is in line with previous models in the sense that early grade points and early engagement 
cues were found to be predictive of the course final grade (Gray & Perkins, 2019; Williams et al., 2021), hence allowing for 
early prediction that is actionable and useful in assisting at-risk students (Balfanz & Byrnes, 2019; McMahon & Sembiante, 
2020). 

Our predictions were sent to the advising dean and course coordinator, and they passed it along to the course advisors 
and instructors. They, in turn, contacted the students identified and gave them early boosts; these boosts included a 
personalized learner action plan and a customized set of campus resources (e.g., tutoring, mental health services, etc.). 
Boosting helped 85% of these students to improve by at least a letter grade from midterm to finals. A full description of the 
development and implementation of this prediction model can be seen in Syed et al. (2019). 

Evolving from this success in FYE, the Introduction to Engineering course adapted a similar model, based on historical 
data, to identify students who might be non-thriving at the end of the semester and boosted those students in an attempt to 
improve their performance in the course. This first-year engineering gateway course, serving over 400 students a year, found 
that a trigger of 80% or lower grade on the first three homework assignments combined (out of the maximum score on those 
assignments) was the most effective for that task. Furthermore, students who responded to the personalized action plan in 
their boost email performed better than those who did not respond and better than those who would have been boosted based 
on the same trigger in the 2017 and 2018 fall semesters (Bartolini et al., 2020). 

Given that the university had a 98% retention rate from first to second year for Fall 2019 to Fall 2020, the goal of these 
two large gateway first-year courses was to use learning analytics to create a system that would go beyond identifying at-risk 
students who may benefit from an intervention. Rather than just helping students survive, this prediction model was designed 
to help all students thrive. With the risk of incorrectly labelling students as at-risk and executing interventions, early boosts 
allowed students an opportunity to improve their course grades, and with enough time for doing so. 
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3.3. Research Approach and Tools 
This study took a qualitative approach. Data collection involved in-depth semi-structured interviews conducted by the two 
authors in November 2019 at the University of Notre Dame. Interviews lasted between 36 and 51 minutes, and were 
conducted either individually (P3, P4) or with two participants together (P1+P2, P5+P6). The interviews were audio-
recorded and fully transcribed before analysis. The design of the interviews allowed us to deviate from the protocol, based on 
participants’ narratives and insights, to fully capture their perceptions on the topic. The questions for the interview protocol 
are presented in Table 2. 

Table 2. Interview Questions 
# Question 
1 What is your role in the university, and how are you associated 

with the FYE prediction model? 
2 In your opinion, who is a non-thriving student? 
3 To what extent do you think that the historical data, upon which 

the model was built, could be generalized to future students? 
4 Which actions did you take upon getting the model prediction 

of non-thriving students, and did it help them? 
5 Do you think those students who were predicted as non-thriving 

understood the mechanism of the model? 
6 Imagine that you could have access to any data about the 

students — which data would you wish for? 
7 Do you believe thriving students should be notified too? 

3.4. Data Analysis 
Whereas the initial prediction model was done externally — using a top-down and purely quantitative approach — the 
interview data were qualitatively analyzed using the conventional (inductive) data analysis approach, that is, in a bottom-up 
manner, with the researchers immersing themselves in the data independently to allow new insights to emerge (Hsieh & 
Shannon, 2005). Before coding the data, the two authors had read the interview transcripts and discussed their understanding 
of them. Then, coding of participants’ statements was conducted mostly by the first author, with frequent discussions 
between the two authors about the emerging codes, until full agreement was achieved. Organizing the coded statement into 
higher-level themes was done by the two authors jointly. Therefore, the resulting themes are a product of a thorough spiral 
process of analyzing the data, which allowed us to answer the research questions thoroughly. 

4. Findings 
4.1. Insights into the Prediction Mechanism (RQ1) 
4.1.1. Is the model valid and well timed? 
Overall, participants seemed satisfied with how the model had worked, suggesting its validity. As one participant put it, “in 
the years that we had [the model], it was pretty steady, […] a pretty good predictor” (P3). Another participant linked the 
model prediction to the actions taken upon its identification of non-thriving students, arguing for its validity, saying that “a 
model is acceptable if [predicted] information was given to advisors and instructors and they did something [and] fewer 
people [were] getting a B and below” (P2) — as indeed happened. Therefore, there was overall agreement that the model 
could be used as-is, because there weren’t any significant changes to the course (P2), or — looked at a different way — “if 
the nature of the class changes, then all bets are off, […] then we won’t know what it means. It could mean anything” (P3). 
Furthermore, our participants agreed that an early-as-possible prediction is a good practice: 

 
If we categorize them into the, you know, at-risk students, we want to get to them right away because if we don’t, then 
they get in trouble quickly, both academically and then emotionally also. (P5) 
At the end of the semester, it’s too late to do anything. (P3) 
Why wait to midterm to find out if a kid is struggling? (P4) 
 
One of the interviewees associated early identification with the data-driven culture of U.S. high schools: 
 
The reality in high school is, with whatever the software they use, to report things, [the students are] being graded on 
everything. They get graded on, you know, if they turned up for lunch on time, and the parents are also getting that. And 
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so they’re actually used to getting that formative quick feedback all of the time. And I think we don’t do a good enough 
job of giving them this quick feedback. (P6) 
 
One of the main arguments supporting the notion of intervention as early as possible was that the action to be taken was 

rather simple, and could be carried out at any point. Even a single email notification, or a short conversation, may lead 
students to change their direction and eventually succeed in the course. As two of the participants put it, “I was stunned how 
much it helps […] I was really surprised. […] It’s mostly about awareness” (P3); “when we made an intervention, the 
majority of the students self-corrected and finished the course successfully” (P4). 

Early identification allowed our participants to implement a simple early boost, like a face-to-face meeting with 
identified students. During these meetings, they would make “sure we let the students know what resources are there [… as] 
they might not be aware of office hours” (P1) or “help them find programs that will be funded to help these students” (P5). 
Notably, these meetings were perceived as more effective than email notifications, as sometimes non-thriving may be 
associated — as will be detailed below — with difficulties in handling the new academic life; “so if you can’t plan your life 
out and you can’t submit homework on time, you’re probably not very on top of your email, which means that you’re not 
going to see this opportunity to come through” (P1). 

4.1.2. What’s in a grade? 
Recall that the definition for non-thriving in the FYE course was based on a B- grade in week 6 of the course and that the 
best predictor for that was missing two or more weekly preparation homework assignments. Such a threshold for labelling 
non-thriving — or one similar to it — was overall agreed upon by our participants; they suggested that “anyone who gets 
less than a B in [the course] isn’t thriving. But it could be that really we’re looking at the C minuses” (P6), or “Non-thriving 
at the end of the semester, it was deemed as a B” (P1). One participant raised the need for a more comprehensive view on 
student achievement in other courses as well: 

 
The obvious ones are the students whose […] initial grades are low and who are struggling, especially in more than one 
course. If you have students that are actually doing fine and there’s one course giving them trouble, that’s not non-
thriving. (P3) 
 
So, upon agreeing on a grade-based identification, how do we set up the predicted values? In other words, how do we 

decide which grades are indicative of non-thriving? Should it be based on a quantitative, data-driven approach or a 
qualitative, observation-based approach? Recall that among our interviewees, two were involved with building a prediction 
mechanism for another course (not the FYE). They described how a combination of different mechanisms led them to that 
decision. One of them took a bottom-up approach and was plotting all the students, trying to figure out where [non-thriving] 
was (P2), while the other had gone the other way: 

 
Let me look at the non-thriving. Are there any trends among the non-thriving? [...] Can we find any commonality 
between those? And then, is that different than the general population? (P1) 
 
Based on this joint approach, they concluded that students whose total homework performance at the six-week early 

semester cutoff was below the class average (B-) were predicted as non-thriving. For them too, grades are only a proxy for a 
broader problem, specifically, not using the available resources: 

 
That typically means that you’re not using the resources that are available to you to do well on it, which then would 
trigger that you would continue to not use those resources. (P1) 
 
Importantly, the notion of irregularity in handling assignments — the best predictor for non-thriving — was perceived as 

a proxy for a broader issue, like disengagement or learning habits: 
 
We knew from advising […] that there’s always the students who don’t connect. So we’d started to think about at what 
points can we find out any student who’s showing signs of disengagement. (P4) 
Sometimes what the grade means is you just didn’t study the right way. […] Sometimes the grade means you don’t have 
the background and we need to get you a tutor to catch you up. (P3) 
 
Indeed, another interviewee first mentioned that a non-thriving student is “Someone […] whose motivation is lacking,” 

but immediately made it clear that this lack of motivation will be reflected in academic behaviour: 
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So they’re not motivated to either be here […] and so they’re not engaged. […] They’re not going to class. They’re not 
involved in activities outside the classroom. They may have a cohort of students, but it’s very small and they’re probably 
similar in their lack of motivation. […] They’re not achieving everything that they can achieve, both in and out of the 
classroom because they don’t want to be here. (P6) 
 
Other participants emphasized that for first-year students, non-thriving may be associated with other factors, such as 

mental health (e.g., homesickness or stress) and substance abuse. In that sense, the specific course chosen for prediction has 
served as a good testbed since it was designed to assist first-year students to adjust to college and is the only common course 
all students take during the first and second semester. The course is mostly about learning habits and adjustment and not so 
much about content. As one of the interviewees put it, comparing to a standard, content-based Chemistry course: 

 
In Chemistry, if you went to a school that had Honors Chem[istry] and then you did AP Chem[istry] and then you did a 
second semester, […] of course you’re going to do well in Chemistry. […] But you may not know how to study […] So 
what do those grades mean in Chemistry? You’re not sure what they mean, it could just mean that you didn’t have the 
background or whatever. But in this [FYE course], it’s pretty much every student has an equal chance to do well in this 
class. […] And so it’s a little pure […] about, in some sense, your understanding of or attitude towards doing the work. 
(P3) 
 
Another participant put it this way: “if he’s [a student] not doing [weekly homework] for a one-credit class […] he’s 

probably not doing it in Calculus or Chemistry” (P4). 

4.2. What Else Can Help in Identifying Non-Thriving? (RQ2) 
We asked our participants to think about more types of data that might be useful in predicting non-thriving students, 
encouraging them not to be limited by existing practices of data collection, even to imagine that any data they could think of 
may indeed be available. Taken together, participants mentioned a wide range of data, covering different aspects of the 
learning process, based on their experience in teaching or advising. We grouped these into several categories. 

4.2.1. Background information 
Some basic information about their students was explicitly mentioned by participants as data that would be helpful. Our 
participants referred to data about students with disabilities (P5), particularly in the context of any sort of need for extra test 
time (P2). Additionally, our participants were interested in data about students’ general life habits; for example, are they 
sleeping? (P1), or how much time do they spend on social media? (P6). Another item of background data that participants 
wished to get was related to college familiarity, that is, whether they could adjust quickly, and how familiar they were with 
the Notre Dame system (P1). One of the participants elaborated on that as a cue to non-thriving: 

 
If we meet with them and they’re not sure of the questions that they’re asking, or if the questions are pretty far out 
[…] — like first-generation students, for example, may not know exactly what to expect — so those are also students to 
watch [out for]. (P5) 

4.2.2. Academic engagement 
Under this category, participants regarded two aspects of academic engagement. First, and more prominently, they referred 
to achievement, wishing for data like “One Test Score, AP, credits, those sorts of things” (P1); first exam scores (P5); “SAT 
scores, Calculus […] or Physics in high school” (P5); “mid-semester grades and then their final grades for the first semester” 
(P5); homework grades (P3). Note that the variety of scores mentioned refer to different types of assessment tasks and to 
different points in time. 

The second aspect related to data about their studies referred to the extent to which students were engaged with their 
academic assignments. An obvious cue would be “whether they were not completing the requirements of this class” (P6). 
However, even when completing a task, it may be useful to have a deeper look at how the students were engaged with it: 

 
Some of them put a lot of work into [the final course portfolios, and] I don’t know if we spend enough time […] looking 
at that level of work. Some kids really invest in it [with] interesting graphics and design work. Other kids totally 
perfunctory, other kids late, insufficient. So maybe a little bit more time on the longer assignments and that might be 
more text mining. (P4) 
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4.2.3. Learning habits 
Our participants considered the learning process as a broad endeavour and therefore were interested in data that reflected 
student academic activity not limited to achievement. This was referred to from three points of view. First, they were 
interested in data about student study habits, for example, “How organized is the person? Do they have a planner?” (P1); 
“Do you have a system for getting your homework done? Do you have a place in which to study? When do you start 
studying for the test? How did you study for the test?” (P3); “When are they preparing for class? How many hours they’re 
putting into preparation” (P6). 

Second, our participants suggested that data about attendance and engagement would be helpful. Indeed, these are key to 
success (Torenbeek et al., 2013). In that context, they wished to know “Are they coming to class every day? […] Are they 
there on time?” (P3); “or if they do come to class [and] they don’t participate, [or if] they’re not doing any of the homework 
or the class prompts” (P6). As one participant put it, “attendance […] is the single best indicator of who’s going to have not 
just a low grade here or there, but the kids who do not graduate, the kids who are on probation. My biggest problems […] all 
stem from excessive absences” (P4). Another participant extended her view on engagement to the classroom dynamics: 

 
I’d also like to have a way of capturing the classroom dynamic and seeing how students interact, […] who’s at least 
listening, who’s participating. (P4) 
 
The third aspect regarding students’ learning habits regarded the use of resources. This is important since “giving the 

students resources doesn’t necessarily prepare them [if] they don’t know how to use the resources” (P1). So, participants 
wished to know more about the resourcefulness of their students: 

 
Where do [they] get [their] help from? […] do they ever see the professor? Do they ever see the TA? […] Is it the kid 
next door? Is it tutoring? Are you not asking anybody for help? (P3) 
Do they have study groups? Are they going to tutoring. Are they going to office hours? (P1) 
 
One participant emphasized that this issue could be detected even before the beginning of the semester: 
 
In the summertime when we prepare their schedules […] they have to give us input […] and if we have trouble hearing 
back from them […] that can be a good indication. (P5) 
 
One participant mentioned that some cues could be extracted from the online learning environment he was using, since 

“the video watch […] gives a little bit of insight into some of this stuff” (P1). 
Relevant to the issue of learning habits were also participant mentions of students’ nonacademic habits, especially 

whether they were athletes and what sports are they in; do they have a balance with the curriculum and co-curriculum? (P5). 

4.3. Every Student Can Thrive (RQ3) 
Referring to the change in terminology — from detecting dropout to identifying non-thriving — and considering their 
overall appreciation of the model and the various behaviours depicted, we asked participants to think about the notion of 
early notification on thriving. This idea stems directly from the assumption underlying this shift in terminology, according to 
which every student should be encouraged to thrive and fulfill their potential. 

Notably, we got mixed reactions on this idea. Those who supported it, some of whom even practised it, explained that in 
some cases, students — mostly in their first year — need perspective about their achievement. As one participant put it, 
“sometimes they have all A’s. It’s like you’d think they would know […] but often they need to be told [that they are on 
track]” (P3). Even if students are aware of their achievement, “recognizing it may be helpful, as they […] live in their own 
little world” (P1). This could be easily done, as one participant explained her practice: 

 
I would have a little slide and I’d say, you know, the average grade was this. So I kind of gave them a sense of, you know, 
as a class […] 87% of you got this. (P4) 
 
For those participants who appreciated the idea of notifying on thriving, there was a clear educational agenda underlying 

it, which is aligned with the very idea of changing the terminology. As one of them put it: 
 
I view myself as somebody that wants to help the students, not just as the gatekeeper of knowledge. I want to make sure 
that we are supporting first-year students. […] I feel they can thrive [if we] give them the skills that they need to do that 
[… if] we remove all barriers for their succeeding. (P1) 
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Another participant mentioned that she was deliberately telling students, “as they leave [a meeting]: ‘You’re doing well, 
it’s going well, this is good,’ as to decrease their level of anxiety” (P3). Importantly to the very notion of thriving as fulfilling 
one’s potential, one participant emphasized that in some cases, “a student’s best effort is going to be a C, and if they’re 
connected on campus and got friends, they’re involved in groups — that student to me is still thriving […] that’s the most 
they can achieve” (P6). 

Contrary to this approach, other participants did not support the idea of notifying thriving students, stating that these 
students may not benefit from it. If anything, it may be too much pressure: “They’re under a ton of pressure as it is” (P5). 
According to this point of view, the very notification may even harm students, as it could boost their confidence above a 
realistic level and they might “get overconfident and […] quit working as hard as they need to because they think, ‘Oh, well 
I’m doing great’” (P2). P2 was also worried about a scenario where he might say “a 90 or above is great and [the student may 
think that only] 95 is great, so they may actually [think …] ‘That’s not my level of standards.’” 

5. Discussion 
In this study, we qualitatively analyzed different stakeholders’ insights into early identification of non-thriving in the context 
of first-year university students. Overall, our participants appreciated the model’s effectiveness. Such appreciation is crucial, 
since models are only effective if they help their end-users make decisions based on their predictions (Kappen et al., 2018). 
They were also appreciative of the opportunity for early boosting, which was rather simple. Recent literature reviews of early 
warning systems have argued that for an intervention to be effective, it should better be tailored to student needs. However, 
many schools lack the resources for such interventions (Balfanz & Byrnes, 2019; McMahon & Sembiante, 2020). Therefore, 
a short meeting may serve as the first low-cost step towards assisting the detected student. However, this may not be 
sufficient in preventing the predicted outcomes (Plak et al., 2022). 

Our qualitative analysis helped us understand what drives the irregularity in handling assignments, which was found by 
the model to be the best predictor for non-thriving. Mostly, it was about student motivation and engagement, which were 
indeed shown to be associated with non-thriving (Dames, 2019; Taylor & Harrison, 2018). Also, mental health and substance 
abuse — which our participants mentioned — may also be associated with non-thriving (Iorfa et al., 2019; Seppälä et al., 
2020). 

Interestingly, our participants did not agree on whether those students who are predicted to be thriving should be notified. 
In practice, early warning systems are mostly used for detecting at-risk students (Balfanz & Byrnes, 2019; McMahon & 
Sembiante, 2020). The idea of notifying thriving students, however, is well established in many educational systems, 
particularly in higher education institutions where student honour systems have been implemented for decades and have 
proven success in maintaining students’ quality of academic work (e.g., Seaver & Quarton, 1976). Interestingly, both 
thriving and non-thriving notifications may result in improved achievement following the notification (Wright, 2020). The 
disagreement between our participants echoes the complexity of feedback acceptance among students, which depends on the 
feedback itself, on the context in which it is given; and on individual capacity; it may also yield various emotional responses 
(Henderson et al., 2019; Lim et al., 2020). 

5.1. Which Data Can Help in Predicting Non-Thriving? 
Notably, our findings suggest that early identification of non-thriving should be based — as end-users suggested — on a 
plethora of data types that could target improvements to the next iteration of the first semester, first year, early non-thriving 
prediction model. The first category includes background information, and most of the factors mentioned by our participants 
may indeed be relevant to student success in higher education: student disabilities are inherently assumed, and empirically 
proven, to be associated with objective challenges in higher education (Richman, 2013); sleep habits were shown to be 
negatively associated with academic performance (Owens et al., 2017; Suardiaz-Muro et al., 2020); and preparation for 
college may indeed increase a student’s chances of succeeding (Cates & Schaefle, 2011; Woods-Weeks, 2017). In contrast, 
habits of social media use, mentioned by our participants, may not straightforwardly indicate a student’s chances of 
succeeding in higher education (Holmes et al., 2020; Mastrodicasa & Metellus, 2013). 

A second category that predicts thriving is academic engagement. As studies have repeatedly shown, success in higher 
education may indeed be predicted by a wide range of grades, either from their early stages of academic studies or from prior 
studies (O’Neill et al., 2011; Paura & Arhipova, 2014; Rovira et al., 2017). Engagement may also be related to success; one 
possible explanation relies on the time invested in school work (Masui et al., 2014; Wagner et al., 2008), while another refers 
to the benefits of using elaboration strategies (Cebesoy & Akinoglu, 2012; Weinstein, 1982). 

Finally, the third category is learning habits, which is again a relevant factor in succeeding in higher education (Lammers 
et al., 2001; Nakayama et al., 2017; Selvig et al., 2015). Among these, the use of resources, mentioned in our study, is 
associated with academic achievement (Selvig et al., 2015). Interestingly, regarding academic habits, previous studies have 
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shown mixed results, with some showing that college athletics may contribute to academic success (James, 2013), while 
others show that sports hinders the academic experience of student-athletes (Stiles Hanlon, 2018). 

It is interesting to compare the types of data we found relevant for instructors for early identification of non-thriving with 
the perceptions of end-users about the data relevant to prevent dropout. This may be inferred from the host of factors that 
teachers perceive as leading to dropout, including low academic achievement, lack of effort or motivation, irregular 
attendance, disciplinary issues, and lack of parental involvement (Doll, 2010; Kennedy, 2017; Knesting-Lund et al., 2013; 
Owen, 2009; Zabalou, 2021). In terms of data, the categories we found pertaining to non-thriving are similar to those 
associated with dropout, which strengthen the importance of the terminology shift we suggest here. Therefore, changing the 
terminology will not require changing the whole student support system, since it relies on similar grounds in both cases. 
Contrarily, it may help educators and administrators understand that this support system should treat the student as a whole 
person. As we have seen, some participants in this study explicitly support this notion. Moreover, it may emphasize that 
thriving, which is a student’s inner state, is also dependent on students themselves, hence promoting it should be considered 
a dual effort by both students and institutions (Larsen et al., 2019). This echoes O’Shea et al.’s (2016) suggestion of 
changing the discourse regarding diversity in the student population; instead of talking about disadvantaged students, they 
suggest talking about inclusion, which also highlights that both parties — students and institutions — should take part in this 
process. 

Still, how to realize and implement such prediction models based on the rich data suggested here is an open question. 
Some types of data may be relatively easy to collect — for example, academic achievement (via learning management 
systems), or background information (via institutional administrative databases) — but even this collection —specifically, 
the triangulation of data from multiple datasets — may present higher education policy-makers with important ethical and 
privacy considerations (Willis et al., 2016). On the other hand, even before considering ethical and privacy issues, other 
types of data may prove a challenge to detect automatically in the first place, like engagement, learning habits, motivation, or 
social media activity. While feasible in principle (Dang & Koedinger, 2020; Hutt et al., 2021; Molenaar et al., 2020), 
detection of such variables may be heavily dependent on many contextual factors — such as systems used or sociocultural 
background — and require extensive efforts in building valid, reliable prediction models. As a first step, such data could be 
collected in a self-report manner that still can improve prediction (Salehian Kia et al., 2021). 

5.2. Institute-Level Policies and Practices 
At the institutional level, our findings suggest that data-related policies and practices should refer to a wide range of data to 
support learners. Based on our participants’ experience, student success may be associated with-, and therefore predicted by, 
a plethora of factors. Hence, collecting these measures and incorporating them within EWSs may be beneficial. Such policies 
should be defined and carried out as part of an institutional structure that supports the relevant stakeholders while developing 
appropriate practices across different contexts and employing ethical standards (Vuorikari & Castaño Muñoz, 2016; Scholes, 
2016; Willis et al., 2016). Designing these policies and practices together with the different stakeholders, including students, 
is preferable in handling this process (Tsai et al., 2020). 

Lastly, these policies should also refer to the actions to be taken once a prediction model triggers an early identification. 
In the case of the model studied here, even a minor intervention — such as notifying the student, or having a short talk with 
them — may be helpful (Syed et al., 2019). Indeed, self-awareness and some consultation — even, as simple as a check-in, 
check-out — have been shown to be effective as an intervention tool for at-risk students (Hawken et al., 2014; Lizzio & 
Wilson, 2013; Zhang et al., 2014). However, one should consider that different predicted measures may require other 
interventions. In any case, such intervention should be considered as an important component of the learning analytics cycle. 
This cycle begins with learners, who generate data, which is processed into metrics, which are then used to inform actionable 
interventions, which in turn impact learners (Clow, 2013). While doing so, it is important to resolve potential ethical and 
privacy-related dilemmas — which may be inherent to measuring student behaviour (Macfarlane, 2015) — hence the 
institutional policy should encourage transparency of the full learning analytics cycle and should listen to student voices 
(Ifenthaler & Schumacher, 2016; Jones, 2019; Lawson et al., 2016; Sun et al., 2019). 

5.3. Conclusions and Implications 
In this study, we explored the insights of higher education stakeholders into a non-thriving prediction model. Overall, the 
model was appreciated as helpful, and we were able to identify some of the factors that may explain its predictions, including 
background information, academic engagement, and learning habits. Our findings may help in designing better prediction 
models, and to inform institution-level engagement with students vis-à-vis the notion of non-thriving, compared with the 
current common notion of survival. 

Indeed, since the launch of this initial research in FYE, not only has it continued and expanded into Intro to Engineering, 
as reported here, but it has also been replicated and implemented in the Intro to Chemistry course (Schalk et al., 2021), and 



 
 

 

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License, Attribution - NonCommercial-NoDerivs 3.0 Unported 
(CC BY-NC-ND 3.0) 

212 

currently three of the biggest gateway first-year STEM courses (Calculus, Economics, and Biology) are also working on 
adopting this early prediction model for non-thriving. Moreover, we are working on a cross-course dashboard for advisors 
and deans to monitor non-thriving students across multiple courses. Such a dashboard will further and better support the 
important mission of helping every student to fulfill their potential. Future avenues of research will include testing the 
implementation of that cross-course dashboard from various stakeholder perspectives. Also, we suggest testing our non-
thriving early identification model in other institutions and different educational and cultural contexts. 

Importantly, we believe that our suggested shift from focusing on survival to focusing on thriving has some important 
implications. First, it may reduce harm to those students who might have been labelled as failures upon being predicted as 
potential dropouts. Second, it may support the infusion of learning analytics in institutions where dropout is not a problem, 
hence efforts in such technologies are supposedly redundant. Changing the terminology will make learning analytics relevant 
to these institutions, as the ultimate goal is now not to prevent dropout, but rather to support every enrolled student. Lastly, 
the focus on thriving sets a new standard for the way institutions of higher education communicate the notion of success to 
their students. Therefore, we truly believe that adopting this change in terminology may positively impact higher education 
at large. 

5.3.1. Limitations 
Of course, this study is not without its limitations. First, this is a qualitative study limited by the number of participants. 
Furthermore, it was situated at a single university, which may be characterized by a specific culture of education, 
technology, and implementation of technology in the educational process. Our findings should be validated by similar 
studies in other institutions and countries. Second, it was focusing on a single EWS, aimed at predicting the non-thriving of 
first-year university students in the context of an orientation-like course. Therefore, the study should also be replicated with 
other EWSs. Additionally, even when considering this narrowed-down point of view, the sampled population does not 
necessarily represent the whole user population of the studied EWS. Despite these limitations, we feel that the current study 
can contribute to promoting better data-driven decision-making for students. However, our policy recommendations should 
not necessarily be considered as immediate action items, but rather as suggestions for furthering the study in this field. 
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