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Abstract. Recently, the growing number of learners in Massive Open Online 

Course (MOOC) environments generate a vast amount of online comments via 

social interactions, general discussions, expressing feelings or asking for help. 

Concomitantly, learner dropout, at any time during MOOC courses, is very high, 

whilst the number of learners completing (completers) is low. Urgent interven-

tion and attention may alleviate this problem. Analysing and mining learner com-

ments is a fundamental step towards understanding their need for intervention 

from instructors. Here, we explore a dataset from a FutureLearn MOOC course. 

We find that (1) learners who write many comments that need urgent intervention 

tend to write many comments, in general. (2) The motivation to access more steps 

(i.e., learning resources) is higher in learners without many comments needing 

intervention, than that of learners needing intervention. (3) Learners who have 

many comments that need intervention are less likely to complete the course 

(13%). Therefore, we propose a new priority model for the urgency of interven-

tion built on learner histories – past urgency, sentiment analysis and step access.    

Keywords: MOOCs, FutureLearn, Comments, Priority in Intervention. 

1 Introduction 

Today, with the successful development of MOOC environments, they are playing a 

vital role in education. In an online world, learners can access knowledge and numerous 

high-quality resources [1]. This attracts a large learner cohort with different abilities. 

At the same time, the dropout rate is high enough to be a serious problem. There are 

many reasons for dropping out, including learners’ need for instructor intervention [2].  

MOOC platforms have an asynchronous discussion forum tool that provides a venue 

for learners to communicate with others [3]. It is a crucial component and can be utilised 

in different ways, involving social interaction, discussion, or as an essential part of a 

teaching strategy [4]. Also, it is the main communication tool between learner and in-

structor [5] for feedback, support, and encouragement [6].  
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Instructors’ interventions are an essential teaching activity in MOOCs, to help learn-

ers [7]. However, due to the high ratio of learners-to-instructors, it is very hard to mon-

itor all learners’ comments. Thus, the problem of detecting urgent posts has stirred re-

searchers to solutions primarily framed towards a text classification problem [8] [9] 

[10]. However, such approaches did not consider the study of the learner’s behaviour.      

We conjecture it as essential to understand learners’ behaviours before proposing 

intervention. Hence, after analysing the distribution of comments that need interven-

tion, we additionally explore the relation between high-frequency commenters and their 

behaviours, in terms of their access and completion rates. We define high-frequency 

(HF) commenters as learners who have many comments that need intervention, and 

formulate the following research questions: 

RQ1: What is the behaviour of learners who need an urgent intervention? 

• RQ1.1: Is there a relationship between the number of comments written by the 

learners that need urgent intervention and the average number of comments? 

• RQ1.2: Is there a relation between high-frequency (HF) commenters and their 

number of steps accessed? 

• RQ1.3: Is there a relation between HF commenter number and completion-rates? 

RQ2: Can we design an effective intervention priority framework based on behaviour? 

2 Related Work    

Before the era of MOOCs, researchers were already analysing the need of instructor 

intervention in discussion forums in asynchronous virtual learning environments [11]. 

Recently, instructor intervention is one of the hot research directions for MOOCs [12]. 

The most common approaches focused on the use of text classification methods [8] [9] 

[10] [13]. Some were based only on Natural Language Processing (NLP), others in-

volved other features. They deployed different types of machine learning algorithms 

(shallow and deep neural networks models). Other relevant attempts [14] [15] [16] pre-

dicted urgency as one of three different tasks (confusion, sentiment and urgency), but 

they also involved only text-based methods. 

In [17], the instructor intervention problem in MOOC forums was tackled by using 

the sequence of posts and combined features from these posts. They considered instruc-

tor posts as intervention. Chandrasekaran et. al. [18] proposed several studies on in-

structor intervention in Coursera forums. For instance, [19] proposed a taxonomy of 

pedagogical interventions for automated guidance to instructors. Moreover, [20] inves-

tigated discourse relations and used PDTB (Penn Discourse Treebank) based features 

to predict the need for instructor interventions. For position bias in intervention context 

[5] they showed that there is a bias in instructor intervention. They improved interven-

tion classifier performance when they removed bias from the training data. In [3] they 

studied instructor intervention based on a deep learning model, and thread structure.     

While these works provide solutions to the instructor’s intervention problem, learner 

behaviours’ relation to urgent intervention need remains unstudied. Specifically, we 

want to analyse how HF commenters behave on MOOC platforms. The main idea in 

this paper is enhancing intervention by prioritising it as an intelligent filtering system. 
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This priority is generated based on learner behaviour. To the best of our knowledge, the 

priority in intervention shown in this paper has not been seen before in the literature. 

3 Methodology 

This section presents our dataset and methodologies. 

3.1 Dataset 

The raw corpus dataset we utilised was provided by the FutureLearn platform [21], 

namely, the ‘Big Data’ course, Run 2. The course was conducted during 2016 on an 

over 9 weeks scale and, a.o., it contains English comments text. We then focus only on 

the first half of the course (5 weeks), with its subset of 5790 comments. This is done as 

early intervention on urgent comments is considered more appropriate than late inter-

vention, as most learners tend to drop out in the first stages of the course [22] [23]. 

Gold Standard Corpus Creation. The collected 5790 text comments were manually 

labelled to assign urgency and they were annotated by domain experts. From these ex-

perts, two are instructors at the Department of Computer Science at the University; in 

addition, one is an author of this paper. We gave Agrawal et al. [24] instructions to 

annotators, to manually classify comments onto the urgency scale (1-7), (1: no reason 

to read the post – 7: extremely urgent: instructor definitely needs to reply). After com-

pleting the annotations, we excluded (four) comments containing anything other than 

(1-7). To validate these labels we used Krippendorff’s α’ [25]. However, we found that 

the agreement between these annotators was very low. To alleviate this, we converted  

the scale to binary (1 to 3→0 , 4 to 7→1). Then, we applied a voting process between 

the three annotators, resulting in a binary-class label as: 0 → Non-Urgent; 1 → Urgent. 

As this is real data, possibly unsurprisingly, the resulting data is biased towards the 

(Non-Urgent) class, with 883 comments as Urgent (15%) and the rest as Non-Urgent. 

Dataset Statistics. The 5786 comments were created by 873 unique learners 

(commenters) in 5 weeks. Number of steps and comments per week appear in Table 1. 

Table 1. Statistics of the gold standard corpus. 

Week 
# of steps 

(week) 

# of comments 

(week) 

# of active 

learners (week) 

Average com-

ments per 

learner (week) 

1 11 2130 749 2.84 

2 12 1600 419 3.81 

3 15 1123 236 4.75 

4 11 753 180 4.18 

5 4 180 92 1.95 

 

Fig. 1. (left) illustrates the number of comments written over 5 weeks. This number 

decreased gradually, dropping to 180 comments in the last week, from 2130 comments 
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in the first week (-99.9%). Every week has a different number of steps to complete. 

Thus, we also represented the number of comments per steps (Fig. 1, right) on the tem-

poral axis. These numbers oscillate more – showing some topics to trigger more com-

ments than others – although the overall numbers follow the downwards trend. 

 
Fig. 1. The number of comments in every week (left) and in every step (right). 

Who is, however, writing these comments? To inspect the distribution of the number 

of, what we call, active learners (commenters) who wrote the comments every week 

and step, we visualised them as shown in Fig. 2.  

 
Fig. 2. Active learners (commenters) in every week (left) and in every step (right). 

Next, we observed comments that need urgent intervention, to focus on their trend. 

Hence, we visualised a line graph over the 5 weeks, to explore how urgency changed 

over time (Fig. 3, left). Overall, the first weeks had a higher percentage of comments 

needing intervention (Fig. 3, left), drawn from a higher number of comments (Fig. 1, 

left). The fluctuation from week 4 to 5 is due to the drastic drop in overall comments. 

We also visualised percentages of urgent comments for every step, (Fig. 3, right), which 

showed high fluctuation. We further graphically compared results between Urgent and 

Non-Urgent comments number across (weeks, steps) in Fig. 4 (left, right).   
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Fig. 3. The percentage of urgent comments for every week (left) and for every step (right). 

 
Fig. 4. Comparing Urgent and Non-urgent comment numbers for every week (left) and every 

step (right). 

3.2 Exploring Urgency and Learner Behaviour 

As an initial step, to understand learners’ behaviour in writing comments, we explored 

the relationship between the number of comments written by the learners who need 

urgent intervention with the average number of comments. Then, to explore the effect 

of urgency on learner behaviour, we explored the relationship between HF commenters 

and their learning behaviour – here we simply compared it to the number of step ac-

cesses. We defined a learner who needs urgent intervention (HF commenters) as per 

equation 1; let n: number of comments, u(c): urgent comments and c: a comment. 

                                     𝐻𝐹 𝐶݉݉𝑒݊ݐ𝑒ݏݎ = ∑ 𝑢ሺ𝑐ሻ∞𝑛=1∑ ሺ𝑐ሻ∞𝑛=1 = ͳ                                        (1) 

We calculated the average number of step access for each group (Non-Urgent) and HF 

commenters (Urgent) to track how every group behaves on the platform. 
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Finally, we addressed completers with respect to their need of intervention. We de-

fined completers according to equation 2;  where, total access steps: number of total 

access per learner, total course steps: total number of steps in a course.       

          𝐶݈݉𝑒ݐ𝑒ݎ = ݏ𝑒ݐݏ ݏݏ𝑎݈ 𝑎𝑐𝑐𝑒ݐݐ ≥ ݏ𝑒ݐݏ 𝑒ݏݎݑ𝑎݈ 𝑐ݐݐ ∗ Ͳ.8Ͳ                     (2) 

We define completers as in Eq. 2 because, in spite of the large number of previous 

studies, a formal definition of learners dropout is lacking [26]. Therefore, we went with 

the definition in [23], we defined completers are learners whose number of steps ac-

cessed is equal or higher than 80%.  

3.3 Priority in Urgent Intervention    

In this study we propose a new intervention framework designed to add prioritising to 

urgent comments based on learners’ history, to assist instructors’ decision, optimise 

their time and ability to adapt their intervention. We begin by supposing that, when the 

instructor intervened, some of these comments were potentially urgent. Then, for these 

potentially urgent instances we add priority (high-, mid- or low), depending on the 

learner risk level. The idea is to focus on learners, understand their behaviours and do 

a segmentation based on 3 variables (urgency, sentiment analysis and number of ac-

cesses).  

Our model includes two phases (see Fig. 5), first phase (prediction phase): using a 

supervised classifier to predict if the comments need a response urgently or not. Second 

phase (intervention priority phase): takes the output of the previous phase (urgent com-

ments) as input. Then, adds a priority to these comments based on the history of learners 

who wrote these comments using unsupervised machine learning (clustering). There-

fore, based on these groups we assign different priorities to comments.    

 

Fig. 5. Priority in urgent intervention framework. 

Prediction Phase. Here we apply the state-of-the-art in text classification, Bidirectional 

Encoder Representations from Transformers (BERT) [27] to predict urgency. 

Intervention Priority Phase. We study the behaviour of learners based on three vari-

ables (urgency, sentiment analysis and step access). We selected these three variables 

because they address RQ1.2 and RQ1.3. Moreover, a sentiment analysis study [13] 

found a negative correlation between urgency and sentiment analysis; meaning urgent 

comments correlate with negative sentiments. The processing was as follows:  
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Urgency. To find the learners for whom most of their comments need intervention, we 

calculate the number of urgent comments for each learners. After that, we clustered in 

an unsupervised manner all the learners into three groups, by assigning each learner 

based on the number of urgent comments, to a specific cluster.  

Sentiment Analysis. We analysed every comment to extract sentiment polarity into three 

categories (positive, negative, and neutral) sentiment using the VADER tool. We se-

lected this tool because it is a well-known tool and some researches proved that 

VADER outperforms Text Blob in social media [28] [29]. Then we found the overall 

average value of sentiments for each learner and created sentiment clusters, low senti-

ment number indicating high-risk learners. 

Steps Access. For each learner, we calculated the number of step accesses. Then we 

clustered learners into three groups, based on these values. A high step access number 

is an important indicator of learning activity, possibly connected to high motivation. 

For every variable (urgency, sentiment analysis and step access), we clustered all 

learners into three groups, by applying natural breaks optimisation with the Fisher 

Jenks algorithm [30] as it works on one dimensional data. Therefore, every learner has 

three scores that represent the three clusters’ variables (urgency, sentiment analysis and 

steps access). We calculated an overall score for every learner as in Eq. 3. 

Overallscore=urgencycluster-score+sentimentAnalysiscluster-score+stepAccesscluster-score         (3)                                                   

Thus, the overall score will be between (0-6). Then, we mapped the overall score onto 

different levels of risks: Higher than 3→ High risk; Higher than 1→ Mid risk; Others           

→ Low risk. Then, we segmented learners as below: 

• High risk: learners who have high overall score from three variables (urgency, sen-

timent analysis and access steps). 

• Mid risk: learners who have middle overall score from three variables. 

• Low risk: learners for whom overall score from three variables is low.  

Based on these levels of risks we computed the priority to the intervention for all po-

tentially urgent comments – see  Algorithm 1. 

Algorithm 1. Priority of Intervention (C, U, S, M) 

Input:  
i) C: Stream of potentially urgent comment instances. 
ii) U: Number of urgent comments for each learner.  
iii) S:  Average value of comments’ sentiment for each learner. 
iv) M: Number of steps access for each learner. 

Output: 
i) Urgent comments with the priority intervention results. 
Method: 
   Build 3 learner clusters for Urgency. 
   Build 3 learner clusters for Sentiment Analysis. 
   Build 3 learner clusters for Steps Access. 
   Compute the Overall Score. 
   if Overall Score is higher than 3 then  High risk learner.  
      Urgent comment = high priority intervention. 
   else if Overall Score is higher than 1 then  Mid risk learner. 
      Urgent comment = mid priority intervention. 
  else 
      Low risk learner. Urgent comment = low priority intervention. 
  end if 
End Algorithm 
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4 Results and Discussions 

RQ1.1: Is there a relationship between the number of comments written by the learners 

that need urgent intervention and the average number of comments? 

To inspect learners' writing behaviour, we transformed an average number of comments 

into an urgency bar chart (1 urgent comment, 2 urgent comments, etc), as shown in Fig. 

6. Interestingly, we observed that, usually (but not always), if a learner writes more 

comments that need intervention, they tend to write more comments in total. This is 

useful in that they do not ‘give up’ and present longer time to be ‘dealt with’.   

 
 

Fig. 6. Relation between urgent comments (urgency) and average number of comments. 

RQ1.2: Is there a relation between high-frequency (HF) commenters and their number 

of steps accessed? 

As (Fig. 7, left) shows, we calculated the average number of steps accessed for the HF 

learners or Urgent and Non-Urgent group. We found that, in general, both groups access 

learning materials, but the average number of steps access in the Urgent group was 

lower (33 steps). This difference is statistically significant (Mann-Whitney U test: p < 

0.05). Consequently, the key observation indicates more learning activity and thus po-

tentially increased motivation for learners with comments not needing intervention. 

RQ1.3: Is there a relation between HF commenter number and completion-rates? 

The result of the relation between urgency and completion is shown in (Fig. 7, right). 

As we can see, HF learners who require urgent intervention are less likely to complete 

the course only (13 %). This difference is statistically significant (Mann-Whitney U 

test: p < 0.05). From this result, we conclude that learners who need intervention tend 

not to complete the course. We think this is one of the reasons for the high dropout rate. 

This confirms the need for intervention for urgent comments.  
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Fig. 7. For each group: average number of steps accessed (left), completion rate (right). 

RQ2: Can we design an effective intervention priority framework based on behaviour? 

As per section 3.3, we proposed a framework containing two phases. We suppose that 

the instructor can decide to intervene after 5 weeks (our data). In the prediction phase, 

we used a stratified 5-fold cross validation to estimate the performance of classification 

model. To evaluate BERT, we measured accuracy averaged over two classes (Urgent, 

Non-Urgent), Recall, Precision and F1-score for the (important, minority) Urgent class 

(Table 2). We prioritise the Recall metric that gave us the rare Urgent cases rather than 

Precision – preferring to ensure we are capturing all urgent cases.  
Table 2. The results of BERT model (Precision, Recall, F1-score for the Urgent class). 

Accuracy Precision Recall F1-Score 

0.90 0.65 0.72 0.68 

In the intervention priority phase, there are 387 commenters who have at least one com-

ment that needs Urgent intervention. Table 3 shows the minimum (min) and maximum 

(max) for each variable in every cluster. For Urgency labelling, we used the label re-

sulting from our manual annotators with voting mechanism, not the one predicted by a 

classifier, to increase accuracy.  
Table 3. The minimum (min) and maximum (max) for each variable in every cluster. 

Cluster 
Urgency 

‘min : max’ 
Sentiment Analysis  

‘min : max’ 
Steps Access 

‘min : max’ 
0 ‘1 : 3’ ‘27 : 75’ ‘35 : 52’ 

1 ‘4 : 9’ ‘7 : 24’ ‘15 : 34’ 

2 ‘10 : 28’ ‘-3 : 6’ ‘0 : 14’ 

Finally, to further validate the effectiveness of this proposed model, we computed the 

relation between different risk groups of learners identified (high, mid, low) and their 

completion-rates. The distributions are visualised in Fig. 8. From this box plot we note 

that most of completion-rates of high-risk learners are very low, whilst mid risk learners 

have average ones and for low risk learners, the completion ration is very high. This is 

further confirmation that our risk model, based on data from the first half of the course, 
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and refining our potential urgency model, can correctly find learners at risk for not 

completing their course, and separate them from the other two milder risk groups.  

 

Fig. 8. Boxplot for groups of learners’ risk and their completion-rates. 

We need here to discuss what constitutes a good classifier of urgent intervention, in 

terms of best trade-off between false positives (incorrectly identifying learners requir-

ing urgent intervention) and false negatives (failing to identify learners who require 

urgent intervention). We arguably interpreted it here by giving priority to intervention 

on urgent cases; hence false negatives were more problematic than false positives. 

Please also note that learners who need intervention but do not use the comments as 

communication means are not a target of this research; they would need other means of 

identification. We also do not compare with work associating comments to participa-

tion in MOOCs [31] [32]– as the focus here is on intervention. Further work can link 

with the work on pedagogical interventions for automated guidance to instructors [19], 

as well as evaluating how interventions guided by our procedure presented impact on 

learner progression.  

5 Conclusion  

In this paper we addressed the automatic, intelligent intervention problem in MOOCs. 

We offer an analysis of learner comments for urgency. We demonstrate that learners 

with high step access rate require less intervention to their comments, whilst step access 

of high-frequency commenters are less than that of other commenters. This might be 

due to a decrease in learners’ motivation to continue accessing the course material, 

when they have many comments that need intervention. In addition, we confirmed that 

most course completers did not need much intervention to their comments. Based on 

these findings, we have constructed a framework and algorithm for priority of inter-

vention, to encourage instructors to help their learners and support them by focusing on 

learners with high risk first, to improve the potential outcomes of the intervention. This 

framework can be used in intelligent system in MOOC environments. Future work can 

look into interventions guided by our procedure and its effect on learner progression, 

as well as using coefficients to allocate different importance to the three criteria (ur-

gency, sentiment analysis and number of accesses) and other optimisation means for 

the performance of the intervention procedure. 
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