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Abstract 

Modelling students’ learning behavior has proven to be a fundamental indicator of their success or failure in 

online courses. However, many studies ignore properly considering such modelling while predicting students’ 

risk of failure. This study proposes a new educational data mining approach, called StudModel, that 

automatically models students based on their learning behavior, and accordingly predicts their risk of failure 

in courses. Briefly, a three-layered students’ learning model with respect to their content access, engagement, 

and assessment behavior in a course is developed, and then clustering and classification methods are employed 

to put students into low- and high-risk of failure categories. To evaluate the approach, three courses with 

different numbers of students from the Moodle system of the University of Tartu were used. Our findings 

showed that StudModel achieved accuracies higher than 90%, outperforming many state-of-the-art approaches 

in predicting students’ risk of failure in courses with different numbers of students (with deep neural network 

being among the best classifiers). Furthermore, using a local interpretable model-agnostic explanations 

approach, the StudModel provides explanations on its decisions which can nurture educators, practitioners, and 

learners’ trust in such predictions. These reveal that it is feasible to accurately and transparently predict 

students' risk of failure in online courses by using their current activity data that is available in most online 

learning environments, not their past performance or demographic data that either cannot be controlled by them 

or might be unavailable. 
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1. Introduction 

Educators would have the opportunity to provide students with some specific or additional instructions, 

or to adjust their pedagogical strategies if they knew in advance whether their students are at risk of 

failure in a course. Student failure in courses is among the most important challenges faced by educators 

during the teaching-learning process. According to numerous researchers, one of the vital steps to 
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boosting the likelihood of students’ academic success is detection of students at failure risk in a course, 

and then notifying their teachers and themselves to take essential actions (e.g., [1]). Predictions of 

students’ risk of failure in courses is one prospective way toward this step [2]. Nowadays, many 

institutions and instructors employ LMSs (learning management systems) for teaching and supporting 

online learning due to their potential in managing learning resources, as well as monitoring learning 

progress of students. Basically, these LMSs produce a vast amount of educational data that could be used 

for multiple purposes, such as optimizing the learning environments and adjusting teaching strategies to 

enhance students’ learning.   

Educational data mining (EDM) is a developing field concerned with designing and advancing new 

approaches exploring data from educational settings aimed at discovering new insights about students’ 

learning process and the environments that are used for their learning. Through application of EDM 

approaches, educators and educational institutes will have the chance to take essential measures or make 

necessary decisions during the learning process. Providing timely feedback, recommending 

individualized learning paths, and courses and learning materials are among the many ways that EDM 

approaches can support both the learning and teaching process [3]. Another example of EDM approaches 

is prediction systems for detection of students at risk of failure in courses.  

To make a highly accurate prediction, such systems usually require different data amount, and this 

depends on the approach in use and the parameter that is being predicted. Basically, in order to develop 

highly performed prediction, many existing EDM methods suggest using a big load of data for training 

their models. Nonetheless, a large amount of data does not ensure a highly accurate prediction. Therefore, 

identifying and properly modeling students’ relevant dynamic characteristics and variables are the most 

challenging task in achieving a decent prediction system [4, 5]. Students’ learning behavior regarding 

accessing learning resources, engaging with peers, and taking assessment tests are among the most 

essential dynamic characteristics, affecting their success or failure in online courses (e.g., [6]). Many 

studies have highlighted students’ activity data logged in online learning environments (like Moodle) as 

a way to represent their learning behavior in online courses (e.g., [7]). Moreover, they report that different 

students’ activity types can potentially be considered as predictor (or indicator) of their success or failure.  

Even though modelling students’ learning behavior has proven to be a fundamental indicator of their 

success or failure in online courses, many studies ignore to properly consider such modelling (using their 

activity level) while predicting students’ risk of failure (e.g., [8]). Furthermore, while the related research 

has shown good performance, they often ignore some underlying factors. These comprise building 

students’ model taking into account different aspects of their learning behavior during a course (e.g., their 

content access, engagement, and assessment behavior), application of advanced yet simple approaches in 

EDM for prediction of risk of failure, and prediction of risk of failure in a course by modelling students’ 

learning behavior derived from their activity data. Moreover, typically, their models neither explain their 

predictions (lack of interpretability), nor are tested on new unseen courses. With regard to the latter, it is 

worth noting that some EDM research have only been validated and tested on one course (or dataset) 

using cross-validation techniques, and the practicality of their prediction models has not been investigated 

on further unseen courses. This research aims to address some of these gaps by proposing a simple, 

generalizable, and interpretable EDM approach that automatically models students based on their 

learning behavior of content access, engagement, and assessment in online courses, and accordingly 

predicts their risk of failure. To this aim, the following research questions have been set:   

⚫ Can modelling students learning with respect to content access, engagement, and assessment during 

courses be used to accurately predict their risk of failure in online courses? 

⚫ Can a robust, interpretable, and generalizable educational data mining approach be developed that 

by using students’ activity data transparently detects students at risk of failure in the future courses? 

Contribution of this research can be summarized as follows. First, the proposed approach identifies 

low-performing students that are at risk of failure, providing educators with opportunities to take 

necessary actions. Second, it considers comprehensive students’ learning behavioral patterns with respect 

to their content access, engagement, and assessment behavior in a course to develop learning behavior 
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models, and accordingly predicts their risk of failure in online courses. Third, it develops a generalizable 

student modelling approach that can accurately detect students at risk of failure in different unseen 

courses. Fourth, by offering explanation on its predictions, it nurtures educators and learners’ trust in 

such decisions, leading to more meaningfully employing machine learning-based models in the context 

of supporting learning and teaching. 

In the following sections, related research, the proposed EDM approach, experimental results, and 

discussion and conclusions have been presented, respectively. 

 

2. Related Work  

Educational data mining has shown a great potential when it comes to analyzing a big volume of data in 

the field of distance education [9]. It employs almost all data mining method spectrum and has addressed 

all various data mining tasks (e.g., [10–16]). Numerous recent researches have highlighted the increasing 

upsurge of the EDM field, e.g., for learning management systems [17]. These learning environments 

usually store different types of data, such as participation rate and regularity in courses, downloading (or 

viewing) its relevant activities such as quiz, or resources such as videos, URLs, and e-books. EDM 

approaches are often employed to mine such data so as to provide educators and students with various types 

of supports to eventually improve academic and learning achievement. Some examples of such services 

are timely feedback and recommendations, prediction of success or failure of students, early identification 

of students at risk (with learning difficulties), offering personalized learning, and so forth [18]. 

Prediction of students’ outcome and learning behaviors in online courses is among the key areas of 

EDM that can be grouped into three types of predictive problems: prediction of students’ performance 

(e.g., [19]), prediction of students’ failure or dropout (e.g., [20]), and prediction of students’ achievement 

or grade (e.g., [21]). Because students’ achievement or grade in a course is considered among the most 

crucial factors for their future academic success, a number of EDM research have been developed for 

prediction of students’ grade or achievement in a course. For instance, in their predictive models for 

course achievement or students’ performance, [22] included students’ class attendance, [23] used 

students’ grades from previous semesters, [24] included demographic data of students such as gender, 

age, and family background, [25] included prior grade point average of students, and [26] utilized 

students’ performance in entrance exams. As it is apparent, many of these works ignore considering 

activity data of students during a course and instead take into account past performance or non-academic-

related data of students in their model. Some of such predictive models clearly overlook that neither some 

of these predictor variables—e.g., demographics, psychometric factors of students, or their past 

performance—can be controlled by teachers or students, nor they might be available (due to reasons like 

data privacy). Therefore, instead, more EDM studies concerning predictive models should consider 

including students’ activity data during a course in their model as they are logically amongst the finest 

predictors of students’ performance. 

Students’ failure or poor academic achievement in a course, which is usually measured with course 

grade or achievement test scores, is among the most important individual predictors of academic failure 

[27]. Several EDM approaches have been applied to educational data for predicting achievement or 

grades of students in courses. For instance, [28] employed matrix factorization and regression-based 

approaches to predict grade of students in future courses. Their findings show that matrix factorization 

outperforms other methods in prediction of students’ future grades. In another study, [29] proposed an 

algorithm to predict students' grade in a class. Their proposed method learns the optimal prediction for 

each student in a timely manner and could successfully predict with 75% accuracy whether students will 

pass the course. In a different attempt, [30] have put forward a new approach to predict students’ risk of 

failure in online courses by modelling their engagement rates. Their predictive model could achieve the 

accuracy of 89% and revealed that while higher engagement rate is important, consistency in interaction 

over time is the most crucial in predicting students’ risk of failure. 
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Although different studies included multiple variables related to students’ activities during courses and 

accordingly have achieved good results with their models, yet they often overlook some important 

factors. For instance, some ignore simplicity of the EDM approaches for practitioners or the 

interpretability of the predictive model, while some do not properly work with fewer data and are 

unsuitable for being used in courses with small amounts of data. Moreover, most existing works 

concerning prediction of students’ achievement or risk of failure in courses ignore properly modeling 

student learning behavior or preferences during the courses. To build on the existing works, this work 

proposes a simple, generalizable, and interpretable EDM approach to develop student models of learning 

behavior during a course, including students’ behavior regarding accessing learning resources, engaging 

with peers, and taking assessment tests. 

 

3. Method  

3.1 Problem Description 

We assume that there exists a set of students’ actions logged to the system (or features) referred to as 

𝐹 = {𝑓1, 𝑓2, … 𝑓|𝐹|} wherein each feature includes activity data of a set of students referred to as 𝑈 =

{𝑢1, 𝑢2, … , 𝑢|𝑈|} that are aggregated to the system during a course. A set of student features are further 

used to model their learning behavior in each course, represented by 𝐵 = (𝑏1, 𝑏2, 𝑏3). More specifically, 

𝑏1 denotes students’ behavior with regard to accessing content of online learning materials contents (like 

course view, resource view, resource download, URL view, etc.), 𝑏2 revolves around modelling students 

engagement behavior with other class members (e.g., forum view discussion, add discussion, add 

comments, and so forth), while 𝑏3 represents students’ assessment behavior during a course (such as quiz 

view, quiz attempt, assignment view, etc.). Each student u is associated with 𝐵𝑢 . Given the afore-

mentioned information, we seek to predict students’ risk of failure, i.e., low or high. In doing so, we take 

into account if students will have had necessary learning activities or behaviors regarding the course 

materials content access, engaging with other class members, and assessment during a course. Notions 

used in this research are listed in Table 1. 

 

Table 1. Notations 

Notation Explanation 

𝑈, u A set of students and a specific student, 𝑈 = {𝑢1, 𝑢2, … , 𝑢|𝑈|} 

𝐹, 𝑓 A set of features and a specific feature, 𝐹 = {𝑓1, 𝑓2, … 𝑓|𝐹|} 

𝐵, 𝑏 A set of models of learning behavior and a specific model of learning behavior, 𝐵 = (𝑏1, 𝑏2, 𝑏3) 

𝑏1
𝑐𝑎 , 𝑏2

𝑒𝑛 , 𝑏3
𝑎𝑠 The predefined list of features associated with model of each learning behavior (content access, 

engagement and assessment), 𝑏1
𝑐𝑎 ⊂ 𝐹, 𝑏2

𝑒𝑛 ⊂ 𝐹, 𝑏3
𝑎𝑠 ⊂ 𝐹 and 𝑏1

𝑐𝑎 ∩  𝑏2
𝑒𝑛 ∩  𝑏3

𝑎𝑠 = ∅ 

P The set of performance metrics 

C The optimal classification method 

 

3.2 StudModel: The Proposed EDM Approach 

Fig. 1 shows the overall architecture of the proposed EDM approach, and the following sections 

elaborate the approach further. 

To start, various groups of students’ activity data logged in the online learning system are used to 

develop feature vectors and feature vector spaces, that are logical representation of students learning 

behavior in online courses, for each student in each course. These feature vectors that signify students’ 

level of activity—and are continuous with multiple values to represent each student—are then used to 

model their learning behavior (learner model) during online courses. More explicitly, as shown in 

Equation (1), the aggregation of students’ action logs is used to establish the student’s feature vector. And 
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then, for modeling each student's learning behavior, we predefined the list of features that were related to 

each student's learning behavior pattern, namely 𝑏1
𝑐𝑎, 𝑏2

𝑒𝑛 and 𝑏3
𝑎𝑠, for their learning behavior with respect 

to content access, engagement, and assessment. These feature vectors are then used to generate three 

numeric values that are used to model students’ learning behavior (or to identify patterns of their online 

learning behavior), namely accessing learning resources, engaging with peers, and taking assessment 

tests, see Equation (2) and Algorithm 1. Basically, students’ three-layered model forms a comprehensive 

learning behavioral pattern for a course. More explicitly, students’ actions (or activity data) help to infer 

whether the student’s preference—which is correlated to their course achievement (see the statistical 

analysis in Table 2)—is to study by accessing learning materials (e.g., course view, resource view, URL 

view), simply by taking assessment tests (e.g., quiz view, assignment view, quiz attempt, assignment 

submission), by engaging with peers and/or the instructor (e.g., forum add discussion, forum view 

discussion), or perhaps all. This could further help the learning system and educators to take necessary 

remedial actions, according to the student’s model, during the semester.  

 

 
Fig. 1. Overall architecture of the StudModel approach. 

 

 Algorithm 1 presents the StudModel approach for prediction of students’ risk of failure through 

modelling their learning behavior. In the first step, a three-layered students’ model (𝐵𝑢), including content 

access (𝑏1), engagement (𝑏2), and evaluation (𝑏3) behavior is developed for each course. More explicitly, 

students’ feature vector (𝐹) is firstly inputted from our dataset. The students’ features are different 

according to the courses. For example, the first course has features such as course resource viewed, course 

modules viewed, feedback viewed, feedback received, assignment submitted, assignment viewed, and 

posts created and updated in the forum. In addition to some of these features, the second course includes 

features like course materials downloaded, URL viewed, quiz view, quiz attempt, forum discussion 

viewed, discussion created in forum, and discussion viewed in forum. As the feature vectors mostly deal 

with attributes on a different scale, a min-max normalization was performed at this stage, mapping the 

minimum and maximum value in 𝐹 to 0 and 1 respectively. This feature vector is used to create three lists 

representing students’ behavior of content access, engagement, and evaluation in a course. In the second 

step, the student models are then inputted to a clustering method (i.e., X-means) to group students who 



Page 6 / 16                                                           A Three-Layered Student Learning Model for Prediction of Failure Risk in Online Learning 

exhibit similar categories of behavior into the number of clusters found by the clustering method. Unlike 

many other clustering methods, this method does not require predefinition of the number of clusters, and 

it automatically determines the optimal number of clusters. To ensure that students with similar behavioral 

models are clustered together, a further cluster analysis is performed, (semantically) assessing the clusters 

to confirm the appropriateness of clusters formed in mapping student risk of failure. In the third step, a 

predictor is trained and used to classify students into different classes (i.e., low- and high-risk). To do so, 

each student model which consists of three different layers is used as an input to several different 

classification methods using three different performance measures to identify the highest performed 

classifier for the prediction task. The classification methods include k-nearest neighbors (KNN), support 

vector machine (LibSVM), deep learning, rule induction, decision tree, random forest, neural network, 

logistic regression, and naïve bayes. To avoid overfitting, we used an evolutionary optimization method 

(i.e., genetic algorithm) to fine-tune the hyperparameters in our algorithms. For instance, while using deep 

learning, we considered regularization, and reducing hidden layers and their corresponding nodes; for the 

decision tree, we employed both pre and post pruning techniques; for naïve Bayes, we used Laplace 

correction; and so on. The evaluation metrics employed to measure performance of each method are 

accuracy, precision, and recall. Observe that the classification methods and performance measures used 

are among the most widely cited and used classification methods in EDM research. In the final step, the 

local interpretable model-agnostic explanations approach is employed to explain the predictions made by 

the classifiers. 

 

𝐹 = {𝑓1, 𝑓2, … 𝑓|𝐹|} (1) 

𝐵 = (𝑏1, 𝑏2, 𝑏3) (2) 

 

Algorithm 1. Generalizable approach for prediction of students’ risk of failure through modelling their learning 

behavior 

Input: feature vector 𝐹, 𝑏1
𝑐𝑎 , 𝑏2

𝑒𝑛 , 𝑏3
𝑎𝑠 

Output: prediction of failure risk for students  

1: Initialize 𝑛 = |𝐹|, 𝑠𝑢𝑚𝑙1 = 0, 𝑠𝑢𝑚𝑙2 = 0, 𝑠𝑢𝑚𝑙3 = 0 

2: while 𝑖 < 𝑛 do  

3:      𝑙1 = {𝑥|𝑥𝑖 ∈ 𝑏1
𝑐𝑎} 

4:      𝑙2 = {𝑥|𝑥𝑖 ∈ 𝑏2
𝑒𝑛} 

5:      𝑙3 = {𝑥|𝑥𝑖 ∈ 𝑏3
𝑎𝑠} 

      Min-max normalization for F 

6: For j in 𝑙1: 

7:     𝑠𝑢𝑚𝑙1 = 𝑠𝑢𝑚𝑙1 + 𝑗 

8: For j in 𝑙2: 

  9:     𝑠𝑢𝑚𝑙2 = 𝑠𝑢𝑚𝑙2 + 𝑗 

 10: For j in 𝑙3: 

 11:     𝑠𝑢𝑚𝑙3 = 𝑠𝑢𝑚𝑙3 + 𝑗 

 12: 𝑏1 =
𝑠𝑢𝑚𝑙1

|𝑙1|
, 𝑏2 =

𝑠𝑢𝑚𝑙2

|𝑙2|
,  𝑏3 =

𝑠𝑢𝑚𝑙3

|𝑙3|
     

 13:  𝐵 = (𝑏1, 𝑏2, 𝑏3) 

 14: Apply X-means clustering method to find optimal number of clusters and class labels 

 15: Perform cluster analysis 

 16: Apply classification methods using the class labels 

 17: Compare performance of classification methods through cross-validation and independent dataset testing  

 18:            𝑃c = 𝑝1, 𝑝2, 𝑝3, … , 𝑝𝑛  

 19:  while 𝑖 ≤ 𝑛 do 

 20:      if Pci > 𝑃𝑐𝑖+1 then  

 21:          C ← 𝑐𝑖 

 22:     else 

 23:          C ← 𝑐𝑖+1 

 24:    end if 
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 25: end while 

 26: Select classification method C with highest performance  

 27: Use the C to predict students’ risk of failure 

 28: Return prediction of failure risk for students 

29: Use the local interpretable model-agnostic explanations approach to explain the predictions 

 

Table 2. Statistical analysis 

  
content access 

(b1) 

engagement 

(b2) 

assessment 

(b3) 
final grade 

Teaching and reflection I content access (b1) 1.00 0.22 0.32 0.09 

 engagement (b2) 0.22 1.00 0.17 0.20 

 assessment (b3) 0.32 0.17 1.00 0.43 

 final grade 0.09 0.20 0.43 1.00 

 count 242.00 242.00 242.00 242.00 

 mean 0.08 0.09 0.21 75.12 

 std 0.10 0.15 0.12 12.66 

 min 0.00 0.00 0.00 49.00 

 max 0.44 1.00 0.60 94.00 

Digital literacy content access (b1) 1.00 0.77 0.66 0.61 

 engagement (b2) 0.77 1.00 0.69 0.69 

 assessment (b3) 0.66 0.69 1.00 0.72 

 final grade 0.61 0.69 0.72 1.00 

 count 92.00 92.00 92.00 92.00 

 mean 0.22 0.21 0.49 82.40 

 std 0.14 0.13 0.20 17.41 

 min 0.00 0.00 0.00 49.00 

 max 0.64 0.80 0.88 100.00 

Teaching and reflection II content access (b1) 1.00 0.33 0.41 0.32 

 engagement (b2) 0.33 1.00 0.23 0.22 

 assessment (b3) 0.41 0.23 1.00 0.40 

 final grade 0.32 0.22 0.40 1.00 

 count 224.00 224.00 224.00 224.00 

 mean 0.16 0.18 0.46 90.51 

 std 0.10 0.15 0.12 11.66 

 min 0.00 0.00 0.00 49.00 

 max 0.61 0.95 0.75 100.00 

 

4. Experimental Results 

4.1 Datasets and Statistical Analysis 

To properly evaluate the StudModel approach, data from three courses with different number of 

students from the Moodle system of the University of Tartu in Estonia is used. The blended courses used 

were entitled “Teaching and Reflection I” with 242 students, “Teaching and Reflection II” with 224 

students, and “Digital Literacy” with 92 students. All courses are among the compulsory basic module 

of teacher education studies on both bachelor and master level at the Institute of Education. The aim of 

the first course is to give an introduction to child development and main learning principles, while the 

second course focuses more on student diversity, assessment and interventions. The third course revolves 

around the components of digital literacy, as well as its evaluation, application, and possibilities for 

improvement in the educational context. To create our datasets, different types of students’ action 



Page 8 / 16                                                           A Three-Layered Student Learning Model for Prediction of Failure Risk in Online Learning 

(activity or features (F)) data are extracted, including number of times: (1) course resource viewed, (2) 

course modules viewed, (3) course materials downloaded, (4) feedback viewed, (5) feedback received, 

(6) forum discussion viewed, (7) discussion created in forum, (8) book chapters viewed, (9) book list 

viewed, (10) assignment submitted, (11) assignment viewed, (12) discussion viewed in forum, (13) post 

created in forum, (14) comments viewed, (15) posts updated in forum, and (16) posted created. Besides, 

number of attempts to quizzes and assignment, and grades were considered.   

Before proceeding with the analysis, it is essential to investigate how different parts of the student 

model for each course correlate with their course grades. As Table 2 shows, there exists a positive 

correlation between content access, engagement, and assessment, and the course grade in courses. This 

shows that there are correlations between different layers of students’ learning behavior model and the 

final grade of the course.  

 

 
(a) 

 
(b) 

 
(c) 

Fig. 2. Cluster analysis of (a) teaching and reflection I, (b) digital literacy, and (c) teaching and 

reflection II. The y-axis is according to average aggregation function. 
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4.2 Categorizing Students with Similar Behavioral Model  

To categorize students with similar behavioral models, X-means clustering method is employed with 

further statistical cluster analysis—k min=2, k max=60, numerical measure=EuclideanDistance, 

clustering algorithm=K-means. Briefly, this method makes use of heuristic to identify the correct number 

of centroids. Fig. 2 illustrates results of X-means clustering for the courses (where the y-axis uses average 

aggregation function), along with mean and standard deviation of clusters. 

According to the results, cluster A with the average grade of 81.00, 90.92, and 93.27, assessment of 

10.47%, 18.45%, and 13.88% larger, content access of 7.98%, 22.50%, and 52.24% larger, and 

engagement rate of 12.10%, 22.16%, and 83.45% larger than the overall population (datasets) could be 

considered as a group of students with low risk of failure in the first, second, and third course, 

respectively. On the other hand, cluster B with average grade of 57.32, 53.58, and 54.62, assessment of 

31.75%, 58.70%, and 7.86% smaller, content access of 19.15%, 71.60%, and 29.59% smaller, and 

engagement rate of 36.72%, 76.88%, and 47.27% smaller than the overall population can be considered 

as a group of students with high risk of failure in the first, second, and third course, respectively. The 

values for the cluster centroids of both courses are shown in Table 3. It is worth noting that in some other 

courses more or less clusters could be established, and to have more or less personalization for each 

student, one could form more or less clusters on the data which leads to more or less detailed clusters. 

 

Table 3. Cluster centroids 

 
content access engagement assessment 

Cluster A Cluster B Cluster A Cluster B Cluster A Cluster B 

Teaching reflection I 0.124 0.071 0.416 0.033 0.264 0.204 

Digital literacy 0.271 0.063 0.261 0.049 0.584 0.204 

Teaching reflection II 0.238 0.110 0.338 0.097 0.522 0.422 

 

4.3 Classifying Students into Different Classes  

After clustering students with similar learning models, a classifier is trained for classifying students 

into two different classes, namely high- and low-risk of failure. Nine different classification methods 

were implemented on both courses using three performance metrics (accuracy, precision, and recall 

referred to as P). 

 

4.3.1 Validation-test phase: cross-validation  

Table 4 shows performance measures of classification methods, using 5-fold cross-validation, for both 

courses. The cross-validation was employed as it is considered among the best and most reliable 

validation methods for the future accuracy of a predictive model. Simply put, it has been employed as it 

enables us to test how well our models is able to get trained by some data and then predict data it has not 

seen (within the same course or dataset). The choice of k involves a tradeoff between the error prediction’s 

efficiency and accuracy, and k = 5 or k = 10 are usually preferred as they have shown empirically to 

produce test error rate estimates suffering neither from excessive high variance nor very high bias. 

According to this result, for the teaching and reflection II course, while most classifiers predicted the 

labels with accuracy (or percentage of correct predictions) higher than 95%, deep learning outperformed 

other algorithms with accuracy of 99.56%. The “±” denotes one standard deviation (computed from the 

five model accuracies), where the smaller value indicates more stable model. Precision can be considered 

as a measure of quality and recall as the measure of quantity. In case of the teaching and reflection II 

course, high value for precision and recall shows that when the model predicted the high-risk of failure, 

it was often correct, and when the example was actually high-risk of failure, the classifier often detected 

correctly, respectively.  
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For the digital literacy course, deep learning and logistic regression appeared to be highest performing 

methods, while SVM happened to have the lowest performance. Lastly, logistic regression and KNN 

showed the best performance for the teaching and reflection I course. Overall, considering the accuracy 

and its standard deviation, precision, and recall, it can be concluded that deep learning and logistic 

regression are among the best performing algorithms regardless of the size of the courses. 

 

Table 4. Performance measure of classification methods (using cross-validation) 

  Accuracy Precision Recall 

Teaching and reflection II KNN 96.00 (±6.74) 95.75 (±6.72) 92.57 (±13.56) 

 LibSVM 96.88 (±3.37) 100.00 (±0.00) 91.61 (±8.88) 

 Deep learning 99.56 (±0.99) 100.00 (±0.00) 98.75 (±2.80) 

 Rule induction 93.29 (±2.76) 90.34 (±2.76) 91.15 (±7.64) 

 Decision tree 94.66 (±2.52) 95.14 (±4.98) 90.14 (±3.30) 

 Random forest 95.99 (±4.27) 94.54 (±9.13) 95.22 (±4.95) 

 Neural network 98.66 (±1.71) 98.81 (±2.38) 97.56 (±2.82) 

 Logistic regression 99.11 (±1.22) 98.82 (±2.63) 98.82 (±2.63) 

 Naive Bayes 95.97 (±3.68) 94.06 (±6.84) 95.07 (±8.14) 

Digital literacy KNN 97.78 (±3.04) 98.57 (±3.19) 98.57 (±3.19) 

 LibSVM 93.57 (±5.88) 92.48 (±6.89) 100.00 (±0.00) 

 Deep learning 98.95 (±2.35) 100.00 (±0.00) 98.67 (±2.98) 

 Rule induction 97.78 (±3.04) 98.67 (±2.98) 98.57 (±3.19) 

 Decision tree 97.89 (±4.71) 98.57 (±3.19) 98.57 (±3.19) 

 Random forest 97.84 (±2.96) 98.67 (±2.98) 98.46 (±3.44) 

 Neural network 98.91 (±2.17) 100.00 (±0.00) 98.61 (±2.78) 

 Logistic regression 98.95 (±2.35) 98.75 (±2.80) 100.00 (±0.00) 

 Naive Bayes 93.63 (±6.58) 86.43 (±19.63) 90.00 (±13.69) 

Teaching and reflection I KNN 99.59 (±0.91) 97.50 (±5.59) 100.00 (±0.00) 

 LibSVM 99.58 (±0.93) 100.00 (±0.00) 96.67 (±7.45) 

 Deep learning 99.58 (±0.93) 100.00 (±0.00) 96.67 (±7.45) 

 Rule induction 99.18 (±1.12) 97.50 (±5.59) 97.14 (±6.39) 

 Decision tree 99.18 (±1.13) 97.50 (±5.59) 96.67 (±7.45) 

 Random forest 99.18 (±1.13) 100.00 (±0.00) 93.81 (±8.52) 

 Neural network 99.17 (±0.96) 97.22 (±5.56) 96.88 (±6.25) 

 Logistic regression 99.59 (±0.91) 100.00 (±0.00) 97.14 (±6.39) 

 Naive Bayes 97.09 (±3.16) 84.14 (±14.66) 100.00 (±0.00) 

 

4.3.2 Application phase: testing on independent courses  

To further test the practicality and performance of the prediction models on the real-world future cases, 

the model trained on each course was tested on two different independent courses. For instance, the model 

trained on dataset of the teaching and reflection I course was tested on the disjoint digital literacy course 

in order to determine the classification error. The same testing process was carried out for other courses. 

Figs. 3–5 illustrate performance measures of classification methods on independent courses. 

According to this result—with regards to the accuracy, precision, and recall—for the teaching and 

reflection II course, neural network followed by deep learning and decision tree showed the highest 

accuracies while being tested on the digital literacy course (with accuracies around 90%). Comparing 

these with the results from the cross-validation, there is only around 9% drop in the accuracy showing 

the stability, generalizability, and practicality of the classifiers. Surprisingly, the trained model on the 

teaching and reflection II course could successfully, with the same accuracy obtained by cross-validation, 

predict the labels of the independent course of teaching and reflection I (using decision tree and rule 

induction algorithms). When trained on the digital literacy course, which has a rather smaller size than 

the other two courses, the error of the prediction slightly increased and the best performing classifiers 
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could achieve 78% for the teaching and reflection II course, and 93% for the teaching and reflection I 

course. Like previous cases, deep learning showed the highest performance. Lastly, training on teaching 

and reflection I course could manage to successfully predict the correct labels with accuracies of around 

94% for the other two independent courses. While KNN and SVM were the highest performing 

algorithms, deep learning showed to have overperformed many other algorithms. Overall, it was shown 

that regardless of the testing method (cross-validation or independent datasets), our proposed method 

seems to be robust, generalizable, and practical for unseen courses. 

 

  

(a) (b) 

Fig. 3. Performance measure of classification methods for the teaching and reflection II course using 

independent courses of (a) digital literacy and (b) teaching and reflection I. 

 

  
(a) (b) 

Fig. 4. Performance measure of classification methods for the digital literacy course using  

independent courses of (a) teaching and reflection II and (b) teaching and reflection I. 

 

  
(a) (b) 

Fig. 5. Performance measure of classification methods for the teaching and reflection I course using 

independent courses of (a) teaching and reflection II and (b) digital literacy. 
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4.4 Prediction Explanation and Prescriptive Analytics  

To better understand the predictions, this study employed prediction explanations using the local 

interpretable model-agnostic explanations approach. Basically, this approach produces a neighboring set 

of data points, and accordingly determines the local attribute weights in that neighborhood using 

correlation. Table 5 demonstrates explanation on prediction made by deep learning algorithm on the 

digital literacy course (the model was trained on teaching and reflection II). In the table, 24 examples 

from the 92 examples of the independent dataset (digital literacy course) along with predictions and color 

highlighting of attributes are illustrated, where red and green indicates the value of the attribute that are 

contradicting or supporting the prediction, respectively. For instance, in the first row, the attribute 

assessment supports prediction of cluster_0 (i.e., cluster A = low risk), while cluster_1 (cluster B = high 

risk) is the correct label. In other words, the support predictor is making the model to predict wrongly in 

case of the first example. In case of example 20, both assessment and engagement support the predicted 

label (cluster_0), whereas content access contradicts the predicted label. Finally, in example 8, all the 

three attributes contradict the correctly predicted label, with assessment being the strongest contradictor.  

 

Table 5. Explaining the prediction made by deep learning algorithm on the independent dataset (the 

digital literacy course) 

Label 
Prediction 

(label) 

Confidence 
content access engagement assessment 

Cluster B Cluster A 

Cluster B Cluster A 0.076 0.924 0.078 0 0.391 

Cluster B Cluster B 0.943 0.057 0.020 0.000 0.232 

Cluster B Cluster B 0.820 0.180 0.027 0.001 0.271 

Cluster B Cluster B 0.999 0.001 0.079 0 0.109 

Cluster B Cluster B 1.000 0.000 0.003 0.000 0.000 

Cluster B Cluster B 0.999 0.001 0.071 0 0.106 

Cluster B Cluster B 0.924 0.076 0.061 0 0.240 

Cluster B Cluster B 0.988 0.012 0.015 0 0.184 

Cluster B Cluster B 1.000 0.000 0.002 0 0 

Cluster B Cluster B 1.000 0.000 0.026 0 0.011 

Cluster B Cluster B 1.000 0.000 0 0 0.004 

Cluster B Cluster A 0.001 0.999 0.046 0.001 0.535 

Cluster B Cluster B 1.000 0.000 0 0 0 

Cluster B Cluster B 1.000 0.000 0.050 0.012 0.046 

Cluster B Cluster B 1.000 0.000 0.141 0.007 0.042 

Cluster B Cluster A 0.010 0.990 0.136 0.112 0.410 

Cluster B Cluster A 0.071 0.929 0.066 0.129 0.347 

Cluster A Cluster A 0.000 1.000 0.125 0.005 0.639 

Cluster A Cluster A 0.000 1.000 0.218 0.256 0.766 

Cluster A Cluster A 0.000 1.000 0.339 0.265 0.523 

Cluster A Cluster A 0.000 1.000 0.381 0.278 0.586 

Cluster A Cluster A 0.001 0.999 0.130 0.114 0.502 

Cluster A Cluster A 0.000 1.000 0.233 0.237 0.547 

Cluster B Cluster A 0.049 0.951 0.093 0.118 0.361 

Red and green indicates the value of the attribute that are contradicting or supporting the prediction, respectively. 

 

 

Finally, Table 6 lists 10 random examples where the prescriptive analytics makes use of an evolutionary 

optimization method to find the optimal attribute values maximizing the likelihood for low risk of failure. 
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The analytics uses the trained deep learning model on the digital literacy course. In so doing, ten constant 

values were assigned to the attribute assessment (with an assumption that every student should take 

assessment when taking a course, if he/she is to pass the course).  As can be seen in the table, the optimal 

values or settings (in other words, values for engagement, content access, and likelihood of low and high 

risk) have been prescribed. For instance, according to the trained model, if a student’s engagement and 

content access are 0.475 and 0.331 in a course (considering the constant value of 0.5 for the assessment), 

he/she will have a 99% likelihood of being classified as low risk of failure. However, if value for 

assessment is set to 0.05, it is prescribed that the optimized inputs are 0.473 for engagement and 0.498 

for content access to have 55% likelihood of being categorized as low risk of failure. 

 

Table 6. Result of the prescriptive analytics (10 examples) 

Example 
Prediction 

label 

Confidencea) 
content access assessment engagement 

Cluster A Cluster B 

1 Cluster A 0.546 0.454 0.498 0.050 0.473 

2 Cluster A 0.986 0.014 0.507 0.100 0.474 

3 Cluster A 0.656 0.344 0.001 0.150 0.474 

4 Cluster A 0.992 0.008 0.499 0.200 0.474 

5 Cluster A 0.978 0.022 0.429 0.250 0.475 

6 Cluster A 0.989 0.011 0.507 0.300 0.472 

7 Cluster A 0.841 0.159 0.186 0.350 0.474 

8 Cluster A 1.000 0.000 0.507 0.400 0.472 

9 Cluster A 0.952 0.048 0.035 0.450 0.463 

10 Cluster A 0.999 0.001 0.331 0.500 0.475 

a)Cluster A = cluster_0 = low risk, and Cluster B = cluster_1 = high risk. 

 

5. Conclusion 

This study has investigated the effectiveness of a student modelling-based predictive model for 

estimating their risk of failure in a course. As previously shown, the results presented reveal that our 

proposed EDM approach, called StudModel, is capable of automatically modelling students according to 

their learning behavior and preferences, and with high accuracy predict their risk of failure in different 

courses. This could provide educators with opportunities to identify students that are not performing well 

and adjust their pedagogical strategies accordingly. More specifically, by employing the StudModel, 

educators can potentially provide students with timely feedback or support based on their category of 

risk. In this regard, [31] found that, compared to summative feedback at the end of the semester, regular 

and timely feedback—derived by different means such as prediction of students’ risk of failure—hold a 

great potential to motivate students that leads to enhancing their academic achievement. The StudModel 

approach is robust, generalizable, easy to use and interpret, and could be used on various online and 

blended courses, offering personalized learning to different groups of students. More specifically, any 

online learning environment that logs various students’ actions (or activity data) during a course could 

benefit from the StudModel approach.  

Results reported in this research differ from several existing EDM approaches for prediction of 

students’ failure in online courses. For instance, on the one hand, while there are studies that develop 

student models for prediction of their achievement or performance in online courses (e.g. [4, 32, 33]), 

they mostly rely on particular type of data that are either related to students’ learning style like Felder 

Silverman Learning Style Model (e.g., [34]) or students’ personality traits, e.g., Big Five Model [34]. 

One challenge with such attempts is the fact that such student models often fail to support educators in 

identifying weak students or reducing academic failure rate, as they are occasionally built upon static 

characteristics of students (not their dynamic characteristics that projects their actual learning behavior 
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during a course). Furthermore, while some of these EDM-based approaches take into account both 

dynamic and static characteristics of students, they require particular type of data, or their development 

is complex. For example, to infer students’ personality traits (based on the Big Five Model), [33] collected 

self-reported data on students’ openness to experience and extraversion. Accordingly, they developed a 

model to predict students’ achievements. Similarly, to model students according to their learning style 

(e.g., Felder Silverman Learning Style Model), [35] used some specific type of students’ data that may 

not exist in all online learning environments, and ignores some informative students’ activity data that 

can easily be found in all online learning environments. The argument is that a generalizable EDM 

approach should consider data types and requirements of different online educational systems and be 

applicable to various learning systems on different platforms.  

On the other hand, there are several EDM-based approaches for predicting students’ risk of failure or 

course achievements in online courses that, without limiting themselves to a specific types of data, have 

shown a good potential (e.g., [27–29]). Nonetheless, these studies either overlook modeling different 

aspects of students’ learning behavior, or they include students’ past performance or demographic data. 

The StudModel approach benefits from a simple, yet accurate algorithm that considers various types of 

students’ activity data during a course to build a multi-layered student model so as to have a comprehensive 

students’ learning behavioral pattern which can later be used for prediction of their failure risk. Unlike 

many of the aforementioned existing works that require specific types or a large amount of data to build 

their predictive model, the StudModel approach: (1) pays the utmost attention to different types of 

students’ activity data which are available in most of online learning systems and are logically amongst 

the best predictors of students’ failure risk in online courses (i.e., learning resource content access, 

engagement with peers, and taking assessment tests), (2) is robust and generalizable as it can detect 

students’ risk of failure in different courses with different number of students, (3) is interpretable because 

it provides explanation on its decisions by highlighting both supporting and contradicting predictors for 

each decision, and (4) outperforms many of the existing state-of-the-art approaches by achieving 

accuracies over 90% in courses with different size. Aside from the high performance, applicability, and 

generalizability of the StudModel, its interpretability could result in nurturing educators, practitioners, 

and learners’ trust in such decisions, leading to more meaningfully employing machine learning-based 

models in the context of supporting learning and teaching. Consequently, our findings provide evidence 

that using various types of students’ activity data which are available in most online learning systems, it 

is feasible to predict students risk of failure in online courses through modelling their learning behavior 

by using a robust, interpretable, and generalizable educational data mining approach.  

A few limitations of this study could be regarded as directions for future research. For example, even 

though we have effectively modelled students’ learning behavior and accurately predicted their risk of 

failure in courses, the StudModel approach does not pay attention to students with medium risk of failure 

and only detect those that are at low or high risk of failure. In future works, it would be useful if the 

StudModel approach can benefit from multi-class classification so it can also identify students with 

medium risk of failure. Another limitation of this work is that the StudModel approach has not been put 

into practice yet and its effectiveness and generalizability in practice is unknown. Moreover, considering 

students’ time series behavior would enable our proposed approach to provide educators with 

identification of students with learning difficulties in a timely manner. Therefore, another future work 

could be to consider students’ time series behavior, investigate the generatability of the approach using 

data from different platforms, and integrate the proposed approach into an online learning environment 

to provide educators and learners with individualized feedback and instructions. 
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