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Abstract 
This work discusses a nudging intervention mechanism combined with an artificial intelligence (AI) 
system for early detection of learners’ risk of failing or dropping out. Different types of personalized 
nudges were designed according to educational principles and the learners’ risk classification. The 
impact on learners’ performance, dropout reduction, and satisfaction was evaluated through a study 
with 252 learners in a first-year course at a fully online university. Different learners’ groups were 
designed, with each receiving a different set of nudges. Results showed that nudges positively impacted 
the learners’ performance and satisfaction, and reduced dropout rates. The impact significantly 
increased when different types of nudges were provided. Our research reinforced the role of AI as useful 
in online, distance, and open learning for providing timely learner support, improved learning 
experiences, and enhanced learner-teacher communication. 
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Introduction 
Software systems to assist learners and support teachers’ tasks in higher education (HE) have evolved 
in recent years. HE institutions, particularly fully open and distance universities, have shared their vast 
expertise about using these systems in a range of educational environments (Castro, 2019). When 
combined with artificial intelligence (AI) techniques, these software systems have become intelligent 
systems (Chen et al., 2020) capable of analyzing large educational datasets coming from learning 
management and other university systems (Siemens & Baker, 2012). Inferred knowledge has enabled 
educators to make decisions based on evidence, thereby impacting education in different dimensions 
(Chassignol et al., 2018). 

AI-based systems improve learner success and retention by enabling early detection and support of 
online learners at risk of failing or dropping out; these are key concerns in online learning (Grau-
Valldosera et al., 2019). To this end, we developed an adaptive intelligent system (called LIS system) 
with predictive analytics, a progression dashboard, automated nudges, and recommendations based on 
AI classification algorithms. There has been considerable research in early detection of at-risk learners. 
Although predictive models and systems have been proposed (Arnold & Pistilli, 2012; Márquez-Vera et 
al., 2016; Ortigosa et al., 2019; Vasquez et al., 2015), subsequent support for learners is still an open 
issue. Our work aimed to develop a nudging intervention mechanism in conjunction with an AI-based 
system to detect at-risk learners early, and to evaluate the system’s overall impact on learner 
performance, dropout rates, and student satisfaction. 

 

Literature Review 
Nudges are “interventions that preserve freedom of choice that nonetheless influence people’s 
decisions” (Sunstein, 2015, p. 2). Their effectiveness has been evaluated in health (Bucher et al., 2016), 
human-computer interaction (Caraban et al., 2019), and across disciplines (Benartzi et al., 2017; 
Hummel & Maedche, 2019). 

In education, recent work (Weijers et al., 2020) has stated that the application of nudging has been 
sparse, constituting a new research field. Nevertheless, the literature suggested that nudges impact 
engagement, task completion, and the study of learning resources (Kraft & Rogers, 2015; Martinez, 
2014; van Oldenbeek et al., 2019; York et al., 2019). As Mitrovic et al. (2019) noted, nudges foster 
constructive learning, while Piotrkowicz et al. (2020) discussed the effectiveness of nudges in lifelong 
e-learning. The systematic review by Damgaard and Nielsen (2018), which included online and distance 
learning experiences, provided valuable insights: (a) learners appreciate nudges; (b) nudges produce 
short-term effects; and (c) nudges rarely produce positive effects for all learners.  

Overall, these findings suggested that it is better to focus on improving short-end goals that are not 
behaviors themselves, and that personalized nudges are required. AI allows for such personalization. 
AI-based systems oriented to support at-risk learners early (Márquez-Vera et al., 2016; Ortigosa et al., 
2019; Vasquez et al., 2015) have produced forecasting information, and learners can be nudged through 
feedforward mechanisms to prevent failure outcomes (i.e., short-term goals). Although there has been 
discussion about what is considered feedforward (Reimann et al., 2019; Sadler, 2010), it typically refers 
to future-oriented feedback applied to upcoming assignments. Furthermore, nudges have promoted a 
learner-teacher relationship that may positively impact learners’ satisfaction and learning outcomes 
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(Ajjawi & Boud, 2018; Eom et al., 2006; Sparks et al., 2015). Therefore, our choice to build a nudging 
intervention mechanism within the LIS system to complement educational feedback, a cornerstone to 
support online learners (Martínez-Argüelles et al., 2015), was appropriate.  

 

System Overview 

Study Context 
All educational activity at the Universitat Oberta de Catalunya (UOC) occurs within its virtual campus. 
Courses are organized in virtual classrooms attended by teachers. The educational model is learner-
centered; it provides all learning resources as well as continuous assessment combined with summative 
evaluation tailored to each course. There are two types of feedback to support learners—general and 
personalized. General feedback is addressed to all learners who share a virtual classroom, and is 
provided by teachers through their blackboard, a communication space where the teacher can post 
relevant information about the course. After each activity is assessed, each learner also receives 
personalized feedback, together with her mark.  

The Early Warning System 
As part of the LIS system, an early warning system (EWS) detects learners at risk of failing or dropping 
out. The EWS uses AI techniques to detect these learners through their grades for the continuous 
assessment activities (CAA) and each learner’s profile. The system considers the number of courses the 
learner has enrolled in, whether she is a new learner, how many times she has enrolled in the course, 
and her grade point average. 

The predictive model is trained with anonymized data from past learners. The predictive model for a 
course consists of as many submodels as CAAs in the course where the most suitable classification 
algorithm is applied in terms of accuracy, from among decision tree (DT), k-nearest neighbors (KNN), 
support vector machine (SVM), and naive Bayes (NB). For each CAA, a prediction is issued. Using the 
submodel associated with the CAA being analyzed, a simulation detects the minimum grade for a 
learner to obtain in the next CAA in order to avoid risk of failing. The submodel uses the learners’ profile 
and her earlier CAA grades to simulate all possible grades for the next CAA, thereby identifying the 
grade that will change the prediction from fail to pass. This minimum grade is compared with the grade 
the learner finally obtains for the CAA. Such comparison generates a risk warning level (high, moderate, 
low) using a green-amber-red semaphore, similar to Arnold and Pistilli (2012). Prediction is 
personalized because it depends on her profile and previous CAA performance. Each CAA is 
qualitatively graded (i.e., A, B, C+, C-, or D); grades from C+ to A indicate a pass. The grade N means 
the learner did not deliver the CAA. Figure 1 shows the progression dashboard for a learner who has 
received the warning level classification for the first CAA.  
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Figure 1 

Learner’s Progression Dashboard 

 

When the learner is notified about a risk warning level (e.g., high risk of failure because she obtained a 
C- grade), the risk level distribution for the subsequent CAA is also adjusted. Thus, the learner knows 
in advance which grades she must obtain in the next CAA in order to pass the course (according to 
Figure 1, she needs a minimum C+ grade). Both teachers and learners are notified of an at-risk 
classification, though the main focus is on learners likely to fail, in order to apply interventions to revert 
the at-risk situation. An in-depth analysis of the EWS is available at Baneres et al. (2020).  

The Intervention Mechanism 
Table 1 summarizes the types of messages and nudges supported by our intervention mechanism, as 
outlined in the classification system proposed by Damgaard and Nielsen (2018). Table 1 also includes 
information on personalization levels and suggested content. The nudges supported by the intervention 
mechanism are a consequence of an in-depth analysis of the continuous assessment strategies at UOC 
and semi-structured interviews with expert teachers.  

Messages were linked to each CAA in the course. Two events deal with developing the CAA, while two 
events are associated with assessing it. The messages were triggered automatically by the system on the 
teacher’s behalf when certain events and conditions hold, and messages were sent by e-mail from the 
teacher to the learners.  
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Informational messages (I1) were associated with beginning the CAA. All learners received the same 
message (i.e., low personalization is required) containing information about the CAA’s objectives, 
learning outcomes, and the available learning resources. I1 also highlighted the importance of good 
planning and urged learners to develop this skill.  

Messages could be scheduled, so a few days after the CAA started, learners could be sent a reminder 
(R1) that the CAA had begun. The degree of personalization was medium because the teacher could set 
receipt of R1 to only those who have not accessed the virtual classroom since the CAA began. Learners 
having trouble were prompted to contact the teacher for individualized assistance. Similarly, R2 was 
sent when the CAA deadline approached. Only learners who had not submitted the CAA received R2, 
and the teacher specified that the R2 trigger occurred a set number of days before the R2 deadline.     

Table 1  

Nudges Supported by Intervention System 

CAA stage Event Message type Nudge type Personalization 
level  

Suggested 
content 

CAA 
development  

Beginning  Informational 
(I1) 

Goal setting 

Informational 

Low CAA in context 
Available 
learning 
resources  

Advice for goal 
setting and 
planning 
Importance of 
communication 
spaces 

  Reminder 1 
(R1) 

Reminder  

Social 
belonging 

Assistance 

Medium Warning that 
CAA has started 
Encourage 
learner to 
participate or be 
aware of 
communication 
spaces 

Boost the 
learner to 
contact the 
teacher in case 
of problems 

 Submission  Reminder 2 

(R2) 

 Warning that 
CAA deadline is 
close 

Submission 
requirements 
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CAA 
assessment   

Solution Feedback 
message 1 
(FM1) 

Informational 

Goal setting 

Assistance 

Extrinsic 
motivation 

Medium  Advice about the 
CAA solution 
and alternative 
solutions 
Suggestion to 
improve 
planning 
Provide key 
concepts and 
competencies 
for the 
upcoming CAA 

Provide learning 
resources 

Options to pass 
the course 

Teacher 
assistance 

 Mark Feedback 
message 2 
(FM2) 

Informational 

Assistance 

High  Predictive 
statement, 
warning level, 
and options to 
pass 
(feedforward) 
Teacher 
assistance 

 
FM1 was linked to the teacher’s published CAA solution, and it supported medium personalization—the 
message changed depending on whether the learner submitted the CAA. It was possible to distinguish 
between learners who simply failed to submit the last CAA and those who had not submitted two or 
more consecutive CAA. Learners who submitted the CAA received information about using the solution 
to enhance their learning as well as alternative solutions. Learners were encouraged to compare their 
answers to the teacher’s solution, ask questions, and review their planning.  

Learners who had not submitted the CAA were advised about the key concepts and competencies to 
succeed in the upcoming CAA as well as the learning resources they should study; they were urged to 
ask for individualized assistance. They may also have received extrinsic motivation. Learners who had 
not submitted more than one CAA received information about alternatives to achieving a passing grade 
(e.g., mandatory CAA, an examination when the semester ends), and they could also unsubscribe from 
the messaging system if they wished. 

FM2 was sent when the CAA was graded; it explained the prediction issued and pushed learners to 
consult their dashboard to improve their warning level in the next CAA. FM2 varied depending on the 
learner’s warning level, allowing for high personalization. Learners at low risk received a congratulation 
message. Learners could be classified as at medium risk for three reasons, and the message differed in 
each case. First, the learner passed the CAA but with a grade lower than the minimum grade suggested 
by the EWS. Second, the EWS model inaccurately predicted that she was not at risk, in which case the 
EWS indicated the model’s lack of accuracy and warned her about potential future problems. Third, the 
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EWS inaccurately predicted that the learner was at risk. Learners at high risk received different 
messages, depending on whether or not they submitted the CAA (i.e., the system distinguished between 
one or several consecutive non-submitted CAAs). Learners who submitted but failed and were at risk, 
and for whom the prediction is accurate, received a message that positively valued their effort and 
offered personalized assistance.  

The intervention mechanism was able to adapt. Teachers were able to choose which messages to send 
depending on course characteristics. Some messages could be combined. For example, I1 could be 
integrated into FM1 when CAAs were related. Similarly, FM1 could be integrated into FM2 when the 
CAA solution and grades were published at close to the same time. However, it was mandatory to 
provide FM2, as it dealt with the issued predictions, which were probability estimations. To avoid 
discouragement or overconfidence, which could have negatively impacted their performance, learners 
must have understood the uncertainty level.   

 

Methodology 

Research Questions 
We proposed that higher personalization at the appropriate time in a course positively impacted 
learners’ performance and satisfaction. Using a nudging intervention mechanism combined with an 
EWS supported both these requirements. Therefore, we identified three research questions: 

1. Is there an impact on learners’ performance when different nudge types are received?  

2. Is there an impact on the dropout rate during the continuous assessment when different nudge 
types are received?  

3. What are learners’ opinions about the usefulness, engagement, and their own mood based on 
the different nudge types received? 

Research Method  
LIS system development followed a mixed research methodology (see Figure 2) that combined an action 
research methodology with a design and creation approach (Oates, 2006). 
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Figure 2 

Research Method 

 

Once a problem was detected and shared (i.e., learners’ at-risk identification and support was required), 
an artifact solution (i.e., the LIS system) was suggested. Next, the artifact was gradually implemented 
and tested in real scenarios following an iterative cycle of plan-act-reflect. After each cycle, an evaluation 
was done according to performance measures. Depending on the results, changes in the artifact were 
introduced, causing a new cycle until the final artifact was obtained. The research we present 
constituted a cycle (see Figure 3) conducted in the second semester of the 2019–2020 academic year, 
where the nudging intervention mechanism was tested.  

Participants 
The study participants were learners from the computer science bachelor’s degree. Participants were 
enrolled in the first-year Computer Fundamentals course where they learned to analyze and synthesize 
digital circuits and developed an understanding of the underlying computer architecture. Learning 
resources for the course were text-based and multimedia materials. The continuous assessment model 
comprised three assessment activities (CAA1, CAA2, and CAA3) as well as the final project (FP). A face-
to-face exam at the end of the semester complemented the continuous assessment. Although the 
activities were assessed using a qualitative scale, grades (Gr) were transformed at the end of the 
semester to numerical values (A: 9/10, B: 7/8, C+: 5/6, C-: 3/4, and D: 0/1/2). The final mark (FM) was 
computed as follows: 

FM = MAX (10%GrCAA1 + 10%GrCAA2 + 10%GrCAA3 + 35%GrFP + 35%GrEXAM, 50%GrFP + 50%GrEXAM) 

As we can observe in the previous formula, it was possible for learners to pass the course without 
performing CAA1, CAA2, and CAA3, but the final project (FP) and the exam were mandatory. Teachers 
conditioned learners must have reached a minimum grade of 4 on both the FP and the exam to pass; 
the grading system went from 0 to 10, with 5 as the lowest passing grade. 
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Computer Fundamentals was a suitable course for our analysis because there was a low academic 
success ratio (40% to 50% from enrollment), mainly due to students who dropped out. Although it was 
possible to pass the course without performing some CAA, teachers knew that learners who did not 
perform them had difficulties. Previous research (Rodríguez et al., 2019) concluded that dropout rates 
in the course were related to failing or not submitting the CAA. Several factors have affected that. First, 
learners were required to manage their academic work plus professional and family commitments. As 
well, learners reported that their course workload sometimes meant they were faced with similar 
deadlines for multiple CAA. Finally, learners encountered difficulties in the course content, CAA 
perceived difficulty and length, and the appropriateness of learning resources. These factors were even 
more relevant because it was a first-year course, and many learners were new to online education.  

Figure 3 

Research Procedure 

 

The risk level classification depended on the accuracy of the predictive model available through the 
EWS, which included as many submodels as CAAs in the course. Table 2 shows the accuracy of the 
submodels for Computer Fundamentals. The metrics were: (a) the number of at-risk learners correctly 
identified (TP); (b) the number of non-at-risk learners correctly identified (TN); (c) the number of at-
risk learners not correctly identified (FP); (d) the number of non-at-risk learners not correctly identified 
(FN); (e) the global accuracy of the model (ACC); (f) the accuracy when detecting at-risk learners (TPR 
true positive rate); (g) the accuracy when distinguishing non-at-risk learners (TNR, true negative rate); 
(h) the F-score (F1.5) made up of a harmonic mean of the true positive value (precision) and the TPR 
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(recall) that weighted correct at-risk identification; (i) and the selected classification algorithm 
(classifier). The accuracy of detecting non-at-risk learners (TNR) started at 77.72% and reached a value 
of 94.69% in the last activity. Detecting at-risk learners (TPR) started at 71.78%, but it reached a similar 
value to the TNR in the last activity, namely 93.77%. In most cases, learners received the right nudges 
regarding their actual failing risk with this level of accuracy.  

Table 2 

Performance of the Predictive Model to Identify Potential Course Failure  

Submodel TP FP TN FN 
ACC 
(%) 

TNR 
(%) 

TPR 
(%) 

F1.5 

(%) 
Classifier 

PrCAA1 96 46 117 28 74.22 77.72 71.78 74.30 DT 
PrCAA2 192 74 279 15 84.11 92.75 79.04 83.32 DT 
PrCAA3 184 29 324 23 90.71 88.89 91.78 92.27 SVM 
PrFP 196 22 331 11 94.11 94.69 93.77 94.68 KNN 

 

We initially designed two learners’ groups to analyze the research questions, each receiving different 
nudge sets (see Figure 3). The UOC committee for research ethics required that learners consent to 
participate in any study following the European General Data Protection Regulation (https://gdpr-
info.eu/). Once consent was received, the LIS system processed the learners’ anonymized data. Due to 
this, a third learner group was included: the learners who declined to participate. Each of the three 
learner groups received the following nudges (see Table 1): 

1. All nudges: Learners who signed the consent and received I1, R1, R2, FM1, and FM2. 

2. FM2 only: Learners who signed the consent and received only FM2. 

3. Not signed: Learners who did not sign the consent and did not receive a nudge.  

Of the 389 enrolled learners in Computer Fundamentals, 170 (43.70%) learners signed the consent and 
were placed in the first group, 82 (21.07%) signed the consent and were placed in the second group, and 
137 (35.21%) learners who did not sign the consent were assigned to the third group.  

Instruments 
Three instruments were used for collecting data. First, quantitative data about learners’ performance 
and dropout rates were obtained from the institutional information systems. Second, data concerning 
learners’ risk came from the EWS. All data were stored in comma-separated values format. R language 
was used to merge and analyze the datasets. For the first research question, statistical significance 
analysis of performance was done using the unpaired two-sample Wilcoxon test due to the non-normal 
distribution of the final mark (Kruskal, 1957). Descriptive analysis showed the difference in median, 
mean, standard deviation, minimum, and maximum values. For the second research question, the 
dropout rate difference for each learners’ group was analyzed. Finally, for qualitative data, a 
questionnaire embedded into the EWS was used. Thus, the third research question was supported by 
analyzing Likert scale average values in this opinion survey.  

 

https://gdpr-info.eu/
https://gdpr-info.eu/


An Intelligent Nudging System to Guide Online Learners 
Rodríguez, Guerrero-Roldán, Baneres, and Karadeniz 

51 
 

Results 

Research Question One: The Impact of Different Nudge Types on Learners’ 
Performance 
First, we analyzed each group’s performance, and then, the groups’ statistical significance. Performance 
data were based on the learners’ final marks. The groups were filtered by removing learners who did 
not submit any CAA. Such learners dropped out of the course before submitting CAA1. Many of them 
did not start the course, so including them would have skewed the findings and conclusions.   

Table 3 summarizes the participants’ demographic information. There were 157 participants after the 
filtering process. Removing learners who dropped out from the beginning (those who did not start the 
CAA) mainly impacted the not signed group (i.e., 27.01%). Their impact on other groups was 
significantly less (i.e., 7.65% on all nudges group and 7.32% on FM2 only group). Concerning gender 
distribution, there was a gender imbalance, consistent with women’s minority presence in science, 
technology, engineering, and mathematics (Barr, 2014). Finally, participants’ ages ranged from 21 to 45 
years in all groups, and it did not influence the participation in the study.  

Table 3 

Demographic Information  

Participant category All nudges  FM2 only Not signed 

 n 
Participant 

rate  
n 

Participant 
rate 

n 
Participant 

rate  

Group 

 Filtered 

 

157 

 

92.35% 

 

76 

 

92.68% 

 

100 

 

72.99% 

 CAA not started 13 7.65% 6 7.32% 37 27.01% 

 Total by group 170  82  137  

Gender       

 Male 133 84.71% 68 89.47% 94 94.00% 

 Female 24 15.29% 8 10.53% 6 6.00% 

 Total by group 157  76  100  

Age range in years       

 (18–20) 6 3.82% 1 1.32% 1 1.00% 

 (21–25) 38 24.20% 23 30.26% 35 35.00% 

 (26–30) 33 21.02% 14 18.42% 22 22.00% 

 (31–35) 26 16.56% 12 15.79% 11 11.00% 

 (36–40) 24 15.29% 12 15.79% 12 12.00% 

 (41–45) 18 11.46% 7 9.21% 7 7.00% 

 (46–50) 9 5.73% 6 7.89% 7 7.00% 

 (51–55) 3 1.91% 1 1.32% 5 5.00% 
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 >55 0 0.00% 0 0.00% 0 0.00% 

 Total by group 157  76  100  

 

Table 4 summarizes the descriptive statistics for the groups by age distribution. The number of 
participants after the filtering process (filtered), as well as the median, mean, standard deviation (SD), 
minimum (min.), and maximum (max.) values of the final marks are shown. Each group was 
represented in all mark categories, but the median and mean were significantly higher when learners 
received nudges. Receiving all nudge types had even more impact on the final mark median. The grade 
distribution did not follow a normal distribution. There was a high dispersion from the minimum value 
(zero) to the maximum value (10), as indicated by the SD variability. However, comparing the median 
and the mean indicated that a large number of learners passed the course (grade equal to or higher than 
five) with higher grades when they received all nudge types. When receiving FM2 only, metrics values 
were similar. Finally, learners who did not receive nudges tended to fail the course irremediably. 
Regarding age distribution, we observe the same tendency. Learners in all age ranges who received more 
nudges improved their performance to a considerable extent. 

Table 4 

Final Mark Distribution: Descriptive Statistics for Each Group 

Age range in 
years 

Filtered Median Mean SD Min. Max. 

 All nudges 

(18–20) 6 8.50 6.48 3.57 0.00 9.90 

(21–25) 38 7.50 5.74 3.83 0.00 10.00 

(26–30) 33 7.20 6.47 3.64 0.00 10.00 

(31–35) 26 8.00 6.59 3.60 0.00 10.00 

(36–40) 24 7.80 5.75 4.31 0.00 10.00 

(41–45) 18 7.25 6.01 3.85 0.00 10.00 

(46–50) 9 7.30 6.84 2.87 0.00 9.90 

(51–55) 3 7.00 5.67 5.13 0.00 10.00 

>55 0 -- -- -- -- -- 

Total by 
group 

157 7.60 6.16 3.73 0.00 10.00 

FM2 only 

(18–20) 1 2.00 2.00 -- 2.00 2.00 

(21–25) 23 5.90 5.16 3.70 0.00 10.00 

(26–30) 14 5.10 4.76 3.49 0.00 10.00 

(31–35) 12 7.20 5.74 4.17 0.00 10.00 

(36–40) 12 6.10 5.45 3.84 0.00 10.00 

(41–45) 7 5.60 4.50 4.40 0.00 10.00 
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(46–50) 6 8.45 7.35 3.69 0.00 9.90 

(51–55) 1 7.30 7.30 -- 7.30 7.30 

>55 0 -- -- -- -- -- 

Total by 
group 

76 5.80 5.26 3.72   0.00     10.00 

Not signed 

(18–20) 1 0.00 0.00 -- 0.00 0.00 

(21–25) 35 0.00 2.82 3.30 0.00 9.10 

(26–30) 22 0.00 2.15 3.44 0.00 9.30 

(31–35) 11 7.30 5.36 4.35 0.00 9.80 

(36–40) 12 7.65 4.95 4.42 0.00 9.90 

(41–45) 7 2.00 4.03 4.47 0.00 9.30 

(46–50) 7 2.45 3.95 4.27 0.00 9.60 

(51–55) 5 0.00 1.87 3.75 0.00 7.5 

>55 0 -- -- -- -- -- 

Total by 
group 

100 0 3.32 3.83 0.00 9.90 

 
The unpaired two-sample Wilcoxon test was used to check the statistical significance of the distribution 
of the improvement in final marks. The null hypothesis was that the scores were worse or equal when 
more nudges were received. Table 5 shows the comparison among all groups. 

Table 5 

Results of the Unpaired Two-Sample Wilcoxon Test on Final Mark Distribution 

Group Group 
comparison 

p-value Significance a Hypothesis 

All nudges FM2 only 0.021 * Reject 

All nudges Not signed 2.3e-08 **** Reject 

FM2 only Not signed 0.00028 *** Reject 

Note. a Significance: * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001. 
 
Although the hypothesis was rejected in all cases, there were different significance levels. The 
comparison with the learners who did not sign was clearly significant (i.e., p-value 2.3e-08 compared to 
the all nudges group and 0.00028 compared to the FM2 only group). Thus, obtaining some additional 
nudges during the CAA positively impacted learners’ performance. When comparing different nudge 
types (i.e., all nudges vs. FM2 only), the significance level was lower with a p-value of 0.021. However, 
there was still some significance when receiving all nudge types. The results were consistent with the 
descriptive statistics of Table 4. Receiving FM2 gave learners information about the assessed CAA and 
their risk level only. However, receiving additional nudges enlightened learners with information about 
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competencies to acquire in the next CAA, skills needed from the previous CAA, and reminders about 
the next submission. Figure 4 summarizes the results with a notched box-and-whisker plot.  

Research Question Two: Impact of Receiving Different Nudge Types on Dropout 
Rates   
We analyzed how the dropout rate was affected depending on the nudge types provided. We excluded 
learners who did not submit any CAAs and the FP. Consequently, Table 6 does not summarize dropout 
for CAA1 because such learners were excluded from the analysis. As a result, Table 6 reports the dropout 
rate for each CAA and the FP showing the number of participants (filtered), dropped out learners (n), 
and percentages of learners within the group (%).  

Figure 4 

Box-And-Whisker Plot of the Final Mark Distribution With Corresponding p-Value of the Unpaired 
Two-Sample Wilcoxon Test 

 
Table 6 

Dropout Rate for Each Group and Assessment Activity 

Group Filtered CAA2 CAA3 FP 

n % n % n % 

All nudges  157 14 8.92 26 16.56 45 28.66 

FM2 only 76 6 7.89 13 17.11 25 32.89 

Not signed 100 26 26.00 38 38.00 57 57.00 
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The dropout rate was higher for learners who did not sign the consent. By the end of the semester, more 
than half of them had dropped out. Computer Fundamentals is a first-year course; many learners were 
new to university studies and to online learning. These factors greatly influenced the dropout rate, 
which was 35.21% on average. However, at the end of the semester, the dropout rate for learners who 
received nudges (FM2 only or the complete set) was lower than the average.  

Research Question Three: Learners’ Opinions About Usefulness, Engagement, and 
Their Mood Regarding Different Types of Nudges 
Once each CAA was graded, the risk level assigned, and the prediction for the upcoming CAA made 
available, learners were prompted to answer a short opinion questionnaire. Answers were based on a 
Likert scale from 1 (strongly negative) to 5 (strongly positive). There were three questions: (a) Do you 
think the received messages are useful? (b) Are you going to continue the course? and (c) What is your 
mood after receiving the messages? Since the survey was embedded in the EWS, we were able to 
associate the learners’ responses with their group. Table 7 summarizes the results and shows the Likert 
scale average values on the three questions for each CAA and the FP.  

Table 7 

Learners’ Opinion About the Nudges: Usefulness, Engagement, and Their Mood 

Group Usefulness Engagement Mood Responses 

 CAA1 

All nudges  4.00 4.04 3.88 74 

FM2 only 3.82 4.00 3.73 38 

 CAA2 

All nudges  3.85 3.89 3.83 91 

FM2 only 3.74 3.84 3.82 50 

 CAA3 

All nudges  4.03 4.05 3.86 87 

FM2 only 4.03 4.00 3.90 39 

 FP 

All nudges  3.90 4.04 3.89 85 

FM2 only 3.68 3.88 3.71 41 

Note. Sample sizes: all nudges (n = 157), FM2 only (n = 76). 

 
All learners considered that the nudges were helpful for their learning process, with an appraisal higher 
than 65% on average and reaching values near 75%. Learners who received all nudge types provided a 
higher appraisal. A similar effect was observed in engagement with a value higher than 70%. Learners 
who received more nudges expected to continue the course with a slightly higher value. Finally, learners 
considered they had a positive mood during the course with a value higher than 65% on average and 
higher appraisals when more nudges were received.  
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Discussion 
Concerning the first research question, learners performance improved when more nudge types were 
received. The statistical significance between learners who did not sign the consent and received no 
nudges, and those who did, was high (i.e., p ≤ 0.001). Learners who did not sign the consent received 
only a final grade, the CAA solutions in the virtual classroom, and general feedback through the 
teacher’s blackboard, without any personalization. Each learner needed to reflect on her mistakes from 
the CAA solution all on her own and perform this reflection on time. It was difficult for her to know her 
likelihood of passing. A learner who agreed to be in the study also needed to carry out this reflection, 
but nudges helped her to do this and set the appropriate time in which to carry out the reflection. The 
groups who received all nudges or FM2 only received messages with a high degree of personalization. 
FM2 in particular had a large impact on a learner’s performance because it helped her know her place 
in the course and where to go next. As a feedforward message, it provided learner assistance on how to 
address the CAAs thereafter. It also gave a backward view of her achievement in past CAAs and a 
forward view of her likelihood of passing. Despite the discussion about what is considered feedforward 
(Reimann et al., 2019; Sadler, 2010), its value for “focusing attention on the potential for uptake of 
information and the necessity of action” is clear (Reimann et al., 2019, p. 10). 

When comparing groups of learners who signed the consent, performance was still significant in the 
group who received all nudges. Results were consistent with the literature. Reminders and 
informational nudges (Martinez, 2014) enhanced performance and completion rates. Furthermore, 
when learners received more nudges, they improved their performance significantly in all age ranges 
with a remarkable result: performance was better by learners aged 31 to 40 years. Research in online 
settings (Cheung & Kan, 2002; Didia & Hasnat, 1998) has also observed that maturity, combined with 
previous online learning experience, improved self-regulation and impacted performance. 

In terms of research question two, there was a significant reduction in dropout rates in the groups that 
received all nudges and those who received FM2 only. These learners felt better supported and guided 
as a result of the teacher’s recommendations. Learners who did not sign the consent may have felt alone. 
Only proactive learners used the different communication channels (i.e., the virtual classroom forums 
or the teacher’s e-mail). The big difference was in terms of who started the possible dialogue (Ajjawi & 
Boud, 2018). For those who did not sign the consent, it was always the learner who initiated dialogue. 
For students who received nudges, these messages opened the opportunity to reply to the teacher and 
create a teacher-learner relationship. Our results were consistent with the literature; meaningful 
teacher-learner relationships created supportive learning environments (Sparks et al., 2015), and 
promoted self-efficacy and motivation. We cannot underestimate the efficacy of learners receiving 
messages in their e-mail. Such messages signalled that some action was expected of the learner at a 
specific time. Learners who did not consent to participate did not receive this signal. They needed to be 
proactive and access the virtual classroom frequently to be aware of what was going on. Otherwise, they 
ran the risk of reacting too late, which partially explains why online learners have tended to concentrate 
their efforts in courses where they have better performance (Grau-Valldosera et al., 2019). Finally, the 
results showed a significant decrease in the dropout rate among the groups that received all the nudges 
and the group that received FM2 only. In the literature, some have argued that reminders significantly 
impact task completion and engagement (Kraft & Rogers, 2015; York et al., 2019), and informational 
nudges about competencies to address current activity are necessary (Martinez, 2014) in order to 
encourage learners to revisit previous learning resources and activities.  
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Regarding the third research question, our results showed that learners were satisfied with the nudges 
they received. As Eom et al. (2006) claimed, the teacher’s personalized messages impacted satisfaction. 
Martínez-Argüelles et al. (2015) found a relationship between motivation and mood with receipt of 
personalized information from the teacher. A similar effect was observed in engagement: learners who 
received more nudges were more likely to expect to continue the course. Finally, learners’ mood was 
appraised more positively when more nudges were received. Higher values were obtained on usefulness 
and engagement, while slightly lower values were obtained regarding learners’ mood but still were 
above the average. Thus, the learners’ opinions about usefulness, engagement, and mood were positive.  

Finally, we note some research limitations. Learners decided to participate in the pilot, inducing an 
auto-selection bias due to the institutional ethical requirements. These were usually the most engaged 
learners, and their performance is typically better. There is also a gender bias inherent to the course. 
Auto-selection mainly affected the first and second research questions, while mortality bias (i.e., 
learners who discontinued using the system and did not answer the opinion survey) affected the third 
research question.  

 

Conclusions 
Our contribution is twofold. First, we present a nudging intervention mechanism combined with an 
EWS based on AI techniques. Teachers choose which nudge types are appropriate according to 
educational principles and also when to send them. The nudges are personalized according to learners’ 
risk level and profile, and learners can be nudged with feedforward to prevent a failure outcome. As far 
as we know, few studies have focused on feedforward nudges; most studies have focused on automatic 
messages with marks (Clarizia et al., 2018) rather than on nudges to encourage learners, or just on 
detecting at-risk learners (Vasquez et al., 2015). Our intervention mechanism automatically manages 
nudges based on the EWS predictions and risk classification.   

Second, we study the nudging intervention mechanism in a real online educational setting. The research 
questions allowed us to analyze their usefulness and effectiveness. Results suggest that nudges 
positively impact learners’ performance and satisfaction. Moreover, their performance and satisfaction 
increase when more nudge types are sent. 

Our findings have a significant impact on online, distance, and open learning practice, reinforcing the 
role of AI in extracting relevant information from datasets in order to enhance the teaching-learning 
process. The benefits of our approach are diverse: timely learner support and guidance, better learning 
experience, personalization, and effective learner-teacher communication. Our experience shows that 
this approach can coexist with other available feedback mechanisms. 

Nevertheless, our intervention mechanism can achieve even better personalization levels. In future 
studies, the EWS could make better use of learners’ data by detecting new learner classes with particular 
problems (e.g., dropout, self-regulation, special needs), thereby improving the efficacy of nudges. For 
example, repeater and novice learners have different needs compared to high-performance learners. A 
deeper qualitative analysis, including interviews and focus groups, should be performed to better 
understand learners’ appraisal of nudges’ effectiveness. Finally, a longitudinal study to analyze learner 
cohorts is required to see if the results persist across semesters.  
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