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Introduction and Abstract 
The behavioural economics concept of "nudging" first introduced by Cass R. Sunstein and Richard H.  
Thaler in their seminal 2008 book Nudge: Improving Decisions about Health, Wealth, and Happiness, 
has rapidly gained traction in the spheres of public policy, healthcare and education. "Nudging" is a 
technique of architecting choices in a way which preserves freedom of choice but guides choosers 
toward an outcome which they would gauge beneficial to themselves. To achieve this, a choice 
architect (“nudger”) combines some predictive data with a typical human cognitive or heuristic bias in 
order to influence the chooser (“nudgee”) to make an advantageous choice. 
 
Universities, looking for ways to maximise their investment in recruiting students, have looked to this 
concept as another tool to assist in retaining students through to graduation. Focusing on student 
success, experiments in higher education have explored potential effective nudges using educational 
technology and learning management systems (LMS). Techniques range from tactical point solutions 
focused on one course to multi-year proactive interventions involving various stakeholders committed 
to an on-campus students’ success. Despite enthusiasm, deployment of nudges is still at an immature 
level and untethered to comprehensive retention strategies. 

Purpose 
This paper defines the concept of a successful “nudge” in the context of higher education and 
examines available empirical research for how they are applied with technology. Furthermore, the 
author proposes a “maturity model” to critique the current state of nudges and challenges institutions 
to become more sophisticated in their use of this behavioural technique. 

Research questions 
  

 How to define a successful "nudge" in the context of higher education? 
 How are higher education institutions testing and implementing nudges with predictive 

analytics and learning technologies today? 
 How mature are current techniques, and how could institutions aspire to a more sophisticated 

approach? 

 

Search criteria used 
The author was inspired by a previous reading of Nudge: Improving Decisions about Health, Wealth, 
and Happiness. 

The author continued with Google searches: 

big data nudge policy 

big data nudge education system ethic 

In the Gothenburg library’s website Supersearch: 
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result nudge lms 

From these searches, there was a wealth of material in the results and their respective referenced items 
to seek out specific articles directly. 

Review 

Important Definitions 

What is a “nudge?” and its objective? 
Thaler and Sunstein (2008) discuss the concept of a “choice architecture,” or presenting choices in a 
premeditated way, as key to defining a “nudge.” One example is a school cafeteria staff who wants to 
encourage students to eat more fruit or vegetables and less junk-food options. They pre-cut the fruit 
and vegetables and place them in pleasing arrangements at eye level, whilst moving the junk-food 
items just slightly out of reach. The students are still free to choose junk food, but are more likely to 
choose the fresh fruit and vegetables than previously. Such a scenario combines two concepts from 
Thaler and Sunstein’s extensive list of decision heuristics: priming (presenting choices in ways 
intentionally designed to influence decisions) and the availability heuristic (most people will choose 
what is most easily available).  

Thaler and Sunstein define a nudge as “any aspect of the choice architecture that alters people’s 
behaviour in a predictable way without forbidding any option or significantly changing their 
…incentives (p 6).” An ideal nudge should maintain freedom of choice, yet influence the chooser 
toward an outcome which makes them “better-off, as judged by themselves” (p 5).  

Institutions of public policy and of higher learning have eagerly explored the “nudge” concept and 
how combining predictive analytics with low-cost interventions can positively impact key 
performance metrics for their organisations. 

Defining “better-off” 
 
The goals of the student chooser “nudgee” and the university “nudger” may or may not be aligned, and 
this colours what the “nudgee” believes “better-off” means. A student can have a range of intents, 
from wanting to graduate from the institution in question, gauging whether that institution is the right 
fit for him or her personally, or deciding whether university is the right choice at all (Barefoot, 2004). 
 
In contrast, universities in contrast appear to have a clear goal: keeping retention numbers up. In some 
countries such as the U.S., they are awarded funds according to enrolment levels. Furthermore, 
retention numbers are publicly available and institutions with low results are suspect (Barefoot, 2004). 
As a result, most research on nudging to-date focus on programmes to encourage student “persistence” 
and inputs to completing courses or degrees. 
 
Although the ethics and implications of nudging students to choose a different course of study or drop 
out is a compelling and necessary topic, as are the considerations around use of student data, this paper 
will not focus on these subjects. Rather, it will assume the student wishes to be as academically 
successful as possible at his or her current institution. Therefore, “success” for degree students is 
completing a given course, ideally with the best possible grade, and ultimately, graduation. MOOC 
students may or may not be enrolled in a degree or programme, so the emphasis is on completing a 
single course.  

Quality nudging 
 
A successful nudge therefore: 
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1. retains a student freedom of choice, 
2. influences a student’s choice toward his or her academic success in the current institution, 
3. measurably and/or persistently impacts students’ behaviour, 
4. and significantly: the students react positively to the intervention. 

Thaler and Sunstein (2008) observe that, “people are most likely to need nudges for decisions that are 
difficult, complex, and infrequent, and when they have poor feedback and few opportunities for 
learning (p 247).” This is an apt description of a typical university student’s experience. The following 
maturity model defines a hierarchy of attempts to implement corresponding nudges. 

Nudging Maturity Model 
This proposed Nudging Maturity Model is inspired by the Bersin by Deloitte Frameworks and 
Maturity Models. Bersin’s useful models are commonly discussed in HR thought leadership and 
provide a good shorthand to illustrate the organisational sophistication in a given business practice 
such as learning, performance management, or the use of analytics or technology in that practice 
(Bersin by Deloitte, LLC., 2014). 

The maturity model ascends in complexity from the bottom up. The higher levels assume 
implementation of the lower levels. The following discussion will describe each level and give 
relevant examples of currently-available research.  

 

Fig 1: Nudging Maturity Model 

Level 1: “Tinkering at the Edges” 
 
Approaches at this level are tactical in nature and directed solely to the student. They focus on 
encouraging students to get the best score possible on an assignment, combating procrastination or 
encouraging persistence in one selected course, either on-campus, online, or in a Massively Open 
Online Course (MOOC). The results are for research purposes only and the approaches haven’t been 
widely implemented. 

Martinez (2014a, b) studied the effect of e-mailed nudges to thousands of MOOC students. One study 
found the messages correlated with increased quiz attempts, regardless of whether they were framed 
positively (how many students were performing better than the recipient) or negatively (how many 
other students were performing worse than the recipient), most significantly with students who were 
already adhering to the timetable. Positively-framed messages correlated with higher course 
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completion. A follow-up study (2014b) tested informational e-mail nudges to a randomised group of 
students simply informing them, “our analysis of the previous iteration of this course shows that 
students who choose to do the quizzes late perform worse than those who do them earlier,” and 
encouraging the students “to try the next quiz earlier” (p 18). Students who opened the e-mail were 
more likely to complete the entire course than the control group. 

Another informational nudge from research team of Smith, White, Kuzyk, and Tierney (2018) studied 
both online and on-campus students, with the hypothesis that keeping students proactively informed of 
their current course grades would improve performance. A script generated a message on returned 
assignments, stating how a student’s performance on a given assignment would affect his/her current 
grade and what score was needed to increase the final grade. Students who received the messages 
demonstrated a consistent increase of assignment scores. Additionally, the first nudge was the most 
persistent in influencing behaviour for the rest of the term. In a further measure of success, students 
reported they appreciated receiving the messages. 

Nudges aren’t only messages; they can be part of instructional design. Diver and Martinez (2015) 
continued their study on MOOC students and found that students who consume fewer videos and 
interact less on student forums are less likely to complete their courses. They proposed introducing 
more coercive measures into the content, such as blocking further progress in the course until a certain 
amount of the video has been played, or even embedding the required quizzes into the videos. 

These minimal nudges are ad-hoc in nature, not tied to any consistent theoretical framework. Yet the 
results are encouraging and can conceivably be included as components of a more comprehensive 
approach. 

Level 2: Reactive 
 

Nudges at the Reactive level include other stakeholders around the student, such as instructors or 
teaching assistants, yet they are still mainly hinge on student activity. They use simple algorithms 
calculating LMS data, although one example includes student historical academic performance as a 
variable. 

The first example is standard functionality available in the Blackboard LMS, popular in the higher-
education sector. The Retention Centre and Performance Dashboard display rudimentary activity 
metrics to the instructor for assistance in understanding which students may need an intervention. 
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Fig 2: Blackboard LMS Retention Centre (Blackboard Help, n.d.) 

 

 

Fig 3: Blackboard LMS Performance Dashboard (Blackboard Help, n.d.) 
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The instructor can also configure e-mails to fire automatically based on certain criteria such as: missed 
deadlines, grades, course activity, and LMS use. The algorithms behind this standard functionality are 
not sophisticated yet they require a good deal of configuration by individual instructors for each 
course. This makes them cumbersome and unappealing to attempt without great IT support.  

As Blackboard is so prevalent in higher education, it is of interest to know whether they are beneficial 
to help instructors facilitate better student outcomes. To find out, Walsh’s (2015) study found a strong 
positive correlation between the typical activity metrics and fourth-year students’ final grades, and 
weaker correlations for second-and third-year students. Instructors had so little expertise in the tool’s 
functionality that they required a workshop before they could even provide feedback for the study. 
Once oriented, instructors quickly saw the potential benefits and without exception mentioned they 
needed data from other systems for a more complete picture. This is consistent with other researchers’ 
findings in the learning analytics field, which are critical of LMS dashboards. They assert that they do 
not provide a comprehensive overview of student activity in other systems, nor good ways to analyse 
activity in discussion boards (Long & Siemens 2011; Dringus, 2012). 

Purdue University realised the same and developed a custom application called Course Signals (CS) to 
use on top of their Blackboard LMS (Arnold & Pistilli, 2012). The university implemented CS 
beginning in 2007, then monitored student retention quantitatively and student and faculty reactions 
qualitatively until 2011. CS’ algorithm predicts which students may be at risk using weighted factors 
including performance in the course, interactions in the LMS, academic history prior to Purdue, and 
various student characteristics interfaced from other systems. The CS algorithm produces a weighted 
risk score and "traffic light," which is visible to both the instructor and students on their respective 
system dashboards. A yellow or red rating, may prompt instructors and students to initiate mitigating 
actions. 

The Purdue study compared a control group of students who had no courses with the CS available in 
the LMS with students who had at least one or more. Retention rates for students who had even one 
course with CS applied were markedly higher by their last year of university. The control group from 
the 2007 cohort had a retention rate of 69.4% retention by year four, contrasted with a group of 
students who had two or more courses with CS applied and had a retention rate of 93.24% by their 
expected graduation year. Returning to the definition of a successful nudge, 89% of 1500 surveyed 
students were positive about CS, stating it helped them feel like less of "just a number" and coached 
them on where to get further assistance. Instructors reported students with CS available were more 
proactive earlier in the term.  

These two examples demonstrate how activity metrics for an individual student, combined with some 
limited information outside of the LMS, can encourage persistence in courses and eventually, 
graduation. The next level attempts to rely less exclusively on student activity data, incorporating 
predictive analytics. 

Level 3: Proactive 
 
Nudges at the Proactive level move beyond the individual student, toward statistical correlations of 
several factors over years’ worth of aggregated student data. They are targeted to stakeholders who 
can intervene when a student’s performance flags as at-risk, even before the student is aware, and may 
integrate data from several IT systems. 

The salient example in this level is Georgia State University (GSU), whose custom “Early Warning 
System” (EWS) predicts students at-risk for not completing their degree programmes on time or for 
dropping out (Bohannon, 2017). The system compares data from students who graduated with those 
who did not, to find correlating risk factors. Academic advisors receiving a warning nudge are able to 
intervene early to discuss with students where they might be having difficulty, be it with personal 
issues, course load, a key prerequisite for further courses, maths skills, or time management.  
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The EWS’s retention results have been significant, closing the graduation gap between at-risk students 
and boosting Science, Technology, Engineering and Maths (STEM) graduation rates of their African-
American students. Such encouraging results influenced the U.S. Department of Education to grant $9 
million for a pilot project of 11 institutions to launch randomly controlled trials of the GSU system on 
their own campuses. 

Level 4: Predictive 
 
There are no empirical studies of approaches at this proposed level of maturity yet, although 
researchers in student retention and learning analytics hint at the need for such (Barefoot, 2004; 
Dringus, 2012; Fetzner, 2013; Long & Siemens 2011). 

Nudging strategies at this level, were they to exist, would acknowledge that student persistence is not 
solely reliant on academic achievement. Furthermore, the data to flag correlations lives in other 
systems outside the LMS and beyond algorithms based on historically successful students. 
Understanding retention requires information about the entire constellation of factors around the 
individual student: his or her personal situation, peers and social environment, and the organisational 
behaviour of the institution. It also considers data on why students leave that particular institution, not 
only on who succeeds. In fact, Barefoot (2004) contests that students in the U.S. do not generally drop 
out due to academic failure, and Fetzner (2013) found that although online students primarily struggle 
with keeping to deadlines, the contributing top reasons for this are either personal or disengagement 
with the instruction style. 

A data-driven strategic risk model would incorporate existing, well-researched frameworks to isolate 
where other aspects of the university experience impact student retention including: 

1. The student’s personal, social, emotional states and commitment to the institution. The 
67-question Student Adaptation to College Questionnaire (SACQ), (Baker & Siryk, 1989) 
asks students about their academic achievement, social, personal-emotional, and attachment to 
the institution. “Pulse” surveys are an increasingly common feature in today’s commercially-
available LMS and wellness applications. Students or dormitory residential assistants could be 
presented pulse questions from the SACQ to gauge whether there are factors beyond the 
coursework which may be affecting student morale, and academic advisors could intervene 
accordingly. More controversially, data around visits to the campus gym or dining hall would 
indicate whether students are looking after their physical well-being. 

2. The institution’s organisational behaviour and its effect on student retention. Berger and 
Milem (2000) introduce five organisational behaviour dimensions of the typical university; 
Bureaucratic, Collegial, Political, Symbolic and Systemic and analyse each of these in terms 
of impact to student outcomes. Sample findings include that students respond well to collegial 
environments with good communication and the opportunity for participation, but are turned 
off if they sense collegiality is only for staff, are affected by impersonal bureaucracy, or sense 
significant politics at play. An enlightened organisation might honestly diagnose where there 
are opportunities to nudge away distasteful elements of say, bureaucracy.  

3. Understanding why students transfer or drop out: Barefoot (2004) mentions that attrition 
occurs evenly across the spectrum of student academic performance, and even the best-
performing students leave due to, “boredom, lack of academic challenge, poor ‘institutional 
fit,’ failure to connect to the campus social systems, financial problems, general dissatisfaction 
or desire to transfer elsewhere” (p 12). Bowen, Chingos, and McPherson (2009) found that 
fully 40% of “highly qualified” students attend institutions for which they are overqualified, 
and are thus more likely to give up than their peers at more selective universities. It is in 
institutions’ benefit to understand more about what is causing departing students to do so and 
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perhaps feed these results back to their recruiting teams, before exclusively implementing 
nudges targeted at retention. 

Discussion and Conclusion 
Available research on nudging and predictive analytics directed toward student retention is still in a 
nascent form at most universities, and is overwhelmingly coming from the U.S. This may be due to the 
relative abundance of private as well as publicly-funded institutions competing for federal funding 
based on student retention (Barefoot, 2004). 

Most universities have the rudimentary (Reactive) functionality of their LMS available, which is at 
least a start. To take advantage of their sunk costs in the LMS, universities should devote resources to 
nudging instructors in using the system. This can include improving system useability and providing 
IT resources to help the instructors. Instructors demonstrated in the Walsh (2015) study that although 
they aren’t technicians, they are capable of learning how to use the LMS and to see possibilities for 
further improvements. 

Nudges are meant to be low-cost and virtually invisible, yet positively impactful to the “nudgee.” This 
does not imply nudges cannot be part of a concerted strategic effort based on existing research, to be 
applied to all aspects of the student experience.  
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