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ABSTRACT  
Improving competence requires practicing, e.g. by solving tasks. 
The Self-Assessment task type is a new form of scalable online task 
providing immediate feedback, sample solution and iterative im-
provement within the newly developed SAFRAN plugin. Effective 
learning not only requires suitable tasks but also their meaningful 
usage within the student’s learning process. So far, learning pro-
cesses of students working on such Self-Assessment tasks have not 
been studied. Thus, SAFRAN was extended with activity logging 
allowing process mining. SAFRAN was used in a first-year com-
puter science university course. Students' behavior was clustered 
and analyzed using log data. 3 task completion behavior patterns 
were identified indicating positive, neutral or negative impact on 
task processing. Differences in the use of feedback and sample so-
lutions were also identified. The results are particularly relevant for 
instructors who can tailor adaptive feedback content better to its 
target group. The analytics approach described may be useful for 
researchers who want to implement and study adaptive and person-
alized task processing support. 

Keywords 
Sequence pattern analysis, Self-Assessment tasks, students task 
processing behavior, distance learning. 

 

1. INTRODUCTION 
Teaching can be described as a sequence of teaching-learning pro-
cesses planned and designed by teachers [31]. As a central 
instrument for planning, controlling, and evaluating these pro-
cesses, exercises in the form of tasks have long played a significant 
role in the learning context [24]. They serve to promote learning 
effectiveness by helping to apply and consolidate knowledge 
learned. This applies to both traditional and multimedia learning 
opportunities. Online tasks in particular offer many advantages. 
Students are able to work on them independent of location and time 
and receive immediate feedback on their performance. Students are 

able to learn and test their knowledge independently and, in some 
cases, self-directed, without the direct instruction and support of 
teachers as well as other students. However, there are also limita-
tions. Learning in a virtual environment is, for example, apart from 
live sessions with teachers, predominantly an asynchronous learn-
ing process. When working on tasks students are left to their own 
devices and must show initiative if they do not understand some-
thing. This is a hurdle that not every student can overcome, which 
often leads to incorrect understanding or even abandonment of the 
task [16, 7]. Students can often receive feedback after completing 
a task, but this may not be helpful for or used by every student [15].  

1.1 Self-Assessments as a competency-enhanc-
ing task type  
The use of competency-enhancing (complex and problem-oriented) 
tasks that students can complete independently is intensively dis-
cussed by researchers and teachers [18, 22]. But not all traditional 
assessment strategies can be applied to online courses. For exam-
ple, there are differences in the way a task is presented, the type of 
task, the complexity of the task, and appropriate support during the 
task. However, most tasks are at the lower two levels of Bloom's 
taxonomy [4] and are thus of lower complexity. 

Recent developments enable scalable competency-enhancing tasks 
in online environments [12, 30, 8, 27, 29]. Self-Assessments can be 
used to set complex tasks; thus, they belong to the competency-
enhancing task types. They are a special type of tasks with which 
students are able to evaluate their own solution based on assessment 
criteria and thus assess their own performance without third parties 
having to act as mediators. Students shall become a feedback pro-
vider themselves and gain an understanding of what a good work 
in the subject looks like, assuming they can accurately evaluate 
their own solution [2, 5]. But Self-Assessment tasks alone are not 
self-explanatory in case of an error in one's own solution. They are 
difficult to scale up in a virtual learning environment. Therefore, 
additional feedback is needed, which helps students to correct their 
own solution. This problem was identified and solved by [12] and 
implemented in a Moodle virtual learning environment [30]. In this 
approach, students begin the Self-Assessment process by selecting 
a relevant learning task to complete. Then the task, including in-
structions, is displayed and students are asked to create and submit 
a solution. After that, a list of assessment criteria set by the instruc-
tor is presented, a sample solution is provided on demand, and 
students are asked to evaluate the submitted solution. After the stu-
dents have evaluated the solution using the provided assessment 
criteria, feedback based on their Self-Assessment is automatically 
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selected from a feedback database defined by the trainer and pre-
sented to the students. Using the feedback, students can then reflect 
on the quality of their learning products and improve their solution 
in a new iteration (create, upload, self-assess the improved solution 
again, receive feedback, and accept or reject another iteration) until 
they self-assess their solution as correct or good enough or decide 
to complete the exercise [12, 13].  

This type of online task is well suited to examine the task pro-
cessing behavior patterns of students and their handling of feedback 
and sample solutions because, on the one hand, it consists of a rea-
sonable set of possible task processing steps. On the other hand, it 
can be used to set and solve complex tasks of varying difficulty. 
For this reason, the process was adopted for use in a LMS.  

1.2 Self-Assessment plugin: Improvement and 
Implementation 
The prototypical implementation from [30] is a Moodle quiz type 
plugin. Since this form of quizzes was somewhat cumbersome in 
the implementation of the intended iterative process of working on 
Self-Assessment tasks and slowed it down, the support of the pro-
cess was re-implemented as a Moodle activity plugin named 
SAFRAN (Self-Assessment with Feedback RecommendAtioNs), 
and thereby a simpler and faster editing process enabled. In addi-
tion, students were able to write their solution directly into an editor 
field, which was previously only possible by uploading .pdf, .png 
and .jpg files. Furthermore, additional information, such as process 
steps, clicks on feedback links, clicks on sample solutions and rat-
ings of feedbacks with additional reasons for negative feedback, 
were saved in a log.  

Figure 1 shows the user interface as well as the process of working 
on a Self-Assessment task in the enhanced SAFRAN plugin. In the 
first step, a student works on the task and submits his solution. In a 
second step, the student evaluates his solution by rating whether 
each indicated criterion is fulfilled by the submitted solution 
(checked) or not (unchecked). In the final step, the student receives 
feedback appropriate to his or her Self-Assessment of his or her 
solution. Here, the student has also the possibility to get access to 
the sample solution. Now, the editing process of the task can either 
be repeated to improve the solution based on the feedback or the 
provided sample solution, or the student may switch to another task, 
perform other activities within the course, or finish the task.   

However, it is not yet sufficiently known how students actually pro-
cess tasks of such type during the learning process. In order to 
provide students with usable and beneficial Self-Assessment tasks 
in a virtual learning environment, it is necessary to study how stu-
dents deal with solving such tasks during their learning process. In 
this context, a closer look at the use of feedback and sample solu-
tions is also relevant, as these are among the most important 
building blocks of the task-solving process. 

To address these gaps, this study will answer the following two re-
search questions: 

RQ 1: How do students work with Self-Assessment Tasks in SAF-
RAN and what differences can be observed in the way they process 
them? 

RQ 2: What behavioral patterns can be observed in the use of feed-
back and sample solutions by students when processing Self-
Assessment tasks in SAFRAN? 

 
Figure 1. Example of a student’s interaction with the SAFRAN 
plugin 

 

 

 



2. RELATED WORK 
Since the start of digitalization in the educational environment and 
especially later on due to the transfer of traditional face-to-face 
teaching to technologically supported distance teaching accelerated 
by the COVID-19 pandemic [1], recent research has been con-
cerned with the learning behavior of students in virtual learning 
environments. Research into this area provides information about 
the learning processes of different students. This knowledge is im-
portant to enable and support the successful acquisition of 
knowledge by students as much as possible [33]. An important 
point here is that knowledge acquisition, development and use can 
be identified through the observation and analysis of the handling 
of tasks [21]. Many studies use good grades as an indication of 
knowledge acquisition and use [19, 17, 34, 23, 9, 6, 3].  

For example, in analyzing the activity logs of 124 participants from 
three Moodle courses at three different universities, [34] found a 
significant positive correlation between task completion and final 
grade. Their study also showed that students, who were very active 
within the course and had many logged events, received the highest 
grades. [17] found a similar result when analyzing the handling of 
Self-Assessment tasks. They found a positive correlation between 
engagement in the tasks and good performance in the final exam. 
For this purpose, they examined log data as well as the self-reports 
of 159 students of an Economic and Business Education university 
course.  

In general, one could assume from this that students, who actively 
engage with the course and complete assignments, perform well. 
However, it remains unknown how these tasks were used for learn-
ing. For example, if the tasks were mandatory tasks that possessed 
a deadline. Thus, the completion of tasks was bound to obligatory 
aspects, such as time, correctness, and quantity. This could distort 
the picture of how tasks were handled. Thus, in most studies, a 
strong increase in activity was always observed during or shortly 
before a deadline [34, 9].   

[25] recognized this lack of interpretability and limited their study 
to pure practice tasks without evaluation. They analyzed the poten-
tial relevance and impact of conducting non-evaluative assessments 
before rated assessments in an online mathematics course at a uni-
versity. They found that the performance of practice tasks had a 
positive impact on the chances of passing the subject. However, as 
the complexity of the tasks increases, the relevance of participation 
in non-assessment practice tasks also increases. This result is con-
sistent with standard learning theory [21]. [19] also investigated 
quiz-taking behavior. They analyzed students' interactions in sev-
eral online quizzes from different courses and with different 
settings using process mining. Four different behaviors were iden-
tified, a standard quiz-taking behavior, a feedback-using behavior 
(students using feedback from previous attempts), the use of learn-
ing materials during the task, and multitasking behavior 
(performing other learning activities in the course while working 
on a task). 

Thus, it is known that such behavior patterns exist, but little infor-
mation is available on how students engage with tasks and whether 
there are differences in usage. Behavioral patterns of feedback and 
sample solutions use related to task completion are also not consid-
ered. However, this is important in order to gain a better 
understanding of how tasks are used and to provide appropriate 
learning opportunities for diverse students. Therefore, with this 
study we try to gain insight into the behavior of students in dealing 
with tasks and the corresponding feedback as well as sample solu-
tions. 

3. METHODS 
To identify task processing behavior patterns of students in a real 
learning environment with Self-Assessment tasks and correspond-
ing feedback as well as sample solutions, the task processing 
behavior of students will be investigated by means of learning ana-
lytics.  For this purpose, a time period within the course is chosen 
where it can be assumed that students are not engaged in exam 
preparations or settling in within the course. First, the study design 
as well as the used dataset will be explained, followed by data col-
lection and analysis methods used. 

3.1 Study Design and Dataset 
For the study, 254 students of a computer science course on oper-
ating systems and computer networks were selected who 
volunteered to use an adaptive Moodle learning environment in 
winter term (WT) 2022 and agreed to the study by signing the con-
sent form, which was approved in advance by the university's data 
protection officer. Students were informed about the use and han-
dling of their data. Only anonymized data was used for analysis. 
Alternative printed and digital learning material was offered to non-
participating students. 

The course was divided into four course units. In each of these 
units, course material and exercises, such as multiple choice (23 
occurrences), assignments corrected by tutor (30 occurrences) and 
Self-Assessments (41 occurrences), were provided. Assignments 
had a deadline and had to be submitted on time, all other exercises 
could be completed voluntarily and had no restrictions regarding 
deadline and repeatability. In addition, a usenet forum, recordings 
of live sessions, and questions for exam preparation were offered. 

The Self-Assessment tasks [14] used in the study were evenly dis-
tributed over the individual learning units of the course. The level 
of difficulty of the tasks was determined by the teacher and was on 
average in the medium range. The number of Self-Assessment cri-
teria ranged from 2 to 7. 

The course started on October 1st, 2022 and ended on February 3rd, 
2023. The course was completed with a final exam at the end of 
semester. In order to get an insight into the learning process, a pe-
riod of eight weeks was chosen in the middle of the course from 17. 
October 17, 2022 to December 11, 2022. During this period, it was 
expected that students …: 

• have already completed the introduction of the learning 
environment. 

• are aware of the materials and exercises offered in the 
course.  

• are not yet in the exam preparation phase. 

 

Table 1 lists all possible activities that are distinguished during task 
processing by the SAFRAN plugin and stored in the log database. 
Thus, the task ID, the number of attempts, the selected criteria with 
which the student has evaluated his solution, the activity in which 
the student is, the timestamp, the user ID and the percentage of 
points achieved are stored. The activities that a student can perform 
while working on a task are limited by the plugin. Students are gen-
erally able to select a task from a list of tasks and thus open it 
(open_task_from_list). They can write a solution to the task in the 
editor and submit this solution for Self-Assessment (request_eval-
uation). They can evaluate their own solution based on criteria and 
get feedback for this self-evaluation (request_feedback). After-
wards, students can follow feedback links (clicked_on_link), view 



the sample solution (request_sample_solution), repeat the task (re-
peat_same_task), call up the next task in the list (open_next_task), 
or again select a task from the list (open_task_from_list). In addi-
tion, data on the feedback rating, a reason for each negative rating 
and the kind of feedback, were also collected. 

Table 1. An overview of stored task-based properties 

pre-processed task 
activities meaning 

questionid ID of the task 

attempt number of attempts by student for each 
task 

user_error_situation number and order of selected criteria 
of a task iteration 

state 

activities of students within a task in-
cluding: 
- cancle_task (go back to course page) 
- clicked_on_link (clicked on a link in 
the feedback) 
- open_next_task (used button to the 
next task) 
- open_task_from_list (used task list to 
choose a task)  
- repeat_same_task (repeaded the same 
task) 
- request_evaluation (handed in solu-
tion and started rating) 
- request_feedback (rated the solution 
and got feedback) 
- request_sample_solution (opend the 
sample solution) 
- viewed_task_history (looked at their 
prior solution and solution rating) 

datetime time the activity is called 
userid ID of the user 

achived_points_per-
centage 

result of student's last Self-Assessment 
attempt, compared to the maximum 
achievable assessment result 

feedbackid ID of feedback 

feedback_rating positive (1) and negative (0) rating of 
feedback by user 

feedback_reason reason for negative feedback given by 
students 

 

From these traces of the participants' interaction with the Self-As-
sessment plugin, the following indicators were created and used: 

• Number of attempts by students for each Self-Assess-
ment. 

• Number of sessions students have spent in SAFRAN. 
• Number of Self-Assessment sessions per user 
• Students' processing time for each Self-Assessment ses-

sion. 
• Number of task changes inside a session 
• Number of completed tasks 
• Number of sample solution calls per Self-Assessment 

task by students 
• Time needed for students to view the sample solution af-

ter requesting feedback. 
• Average percentage of points achieved on student Self-

Assessment attempts 
• Sequences of the different states and questions. 

3.2 Data Collection & Analysis 
Considering the objective of this study, it is an exploratory study 
using k-means clustering [26] and process mining methods [28] to 
identify and map students' behavioral patterns when completing 
Self-Assessment tasks, as well as to identify how they deal with 
feedback and sample solutions.  

The trace data logged by the SAFRAN plugin were extracted from 
the database, cleaned, and processed for analysis. To determine the 
optimal number of clusters (groups of students), the with-cluster 
sum of squares WCSS [32] and the average silhouette measure [20] 
were used as clustering quality measures (Appendix 1 Fig 6, 7, 8). 
Process mining is used to identify processes based on the trace data 
(Leno et al., 2018). This data is thereby analyzed and mapped into 
a process model by using the sequence of events to construct the 
graph. Here, nodes correspond to activities, arcs represent relation-
ships, and each node and arc is annotated with the corresponding 
frequency. The pm4py [10] Python process mining library was used 
to construct the process map.  

In addition, to understand the relationship and significance of the 
use of sample solutions during task processing, the Pearson corre-
lation was applied [11]. The Pearson correlation coefficient 
indicates a linear relation between two indicators and denotes the 
confidence interval at which the coefficient is significant. It ranges 
between −1 to +1 and values closer to −1 and +1 imply a strong 
correlation. A negative correlation coefficient implies a decrease in 
one indicator would result in an increase in another indicator, and 
vice versa. 

 

4. RESULTS AND DISCUSSION 
4.1 General results on task processing, use of 
feedback and sample solutions by students 
From a total of 254 observed participants, 144 dealt with Self-As-
sessment tasks at least once during the selected period. Thereby, 
the 41 available Self-Assessments were processed 1496 times.  

During the study period, a student worked on an average of 11 tasks 
(SD=8.8). The average time needed to complete one task was 3.3 
minutes (SD=3.2). Based on their own assessment, students 
achieved an average correctness of 80% (SD=24.2) of their solu-
tion. The tasks were completed in an average of four (SD=3.9) 
independent activity periods (sessions). A session lasted an average 
of 34 minutes (SD=34). Within a session, students switched tasks 
an average of 9.5 times (SD=9).  

Tasks were repeated an average of 1.3 times independent of ses-
sions (SD=2.2). The average time from requesting feedback to 
check one’s own solution to requesting the sample solution was 15 
seconds (SD=4). 

The sample solution was viewed a total of 570 times by students, 
whereas the percentage distribution of views for sample solutions 
to completed tasks was M=38%. To understand the relationship and 
significance of the use of sample solutions during task processing 
(Fig. 2), a correlation between the achieved relative score and the 
sample solution calls per task was found to have a strong significant 
negative correlation (-0.70, p<0.0001%). Thus, it could be assumed 
that a student with a low achieved task score is more likely to re-
quest the sample solution than a student with a high score. 



 

 
Figure 2. Students call of sample solution 

 

4.2 Differences in students' Self-Assessment 
task processing 
In general, three process clusters could be identified from the data. 
These clusters show respective process flows that the students per-
formed during their Self-Assessment task processing sessions.  

 
Figure 3. Process tree of the first cluster 

Cluster 1 (N=47) shows an intensive processing of tasks (Fig.3). 
Students in this cluster worked on the tasks for a longer period of 
time (M=43 min., SD= 26.1). Thereby, students in this cluster have 
worked on 11 tasks on average (SD 7.1), where solutions were par-
tially or completely correct. Time on task is approximately 3.9 
minutes. Based on their own assessment, students in this cluster 
achieved an average correctness of 81.5% (SD=23) of their solution 

and repeated a task an average of 2.5 times (SD=2.9). The sample 
solution was accessed 503 times by these students (50.1%). Stu-
dents in this cluster seem interested in constructing their own 
correct solution (mastery of task) as evidenced by on average 2.5 
repetitions leading to a relatively high correctness level. Students 
employed multiple pathways (i.e. activity sequences) mirroring dif-
ferent learning strategies, e.g., using feedback for improvement or 
using sample solution to identify and to correct deficits. Most fre-
quently, students open a task, request a self-evaluation, request 
feedback, request sample solution, and repeat the task. The less fre-
quently used pathway is students open a task, request a self-
evaluation, request feedback, and repeat the task. As indicated by 
the relatively high correctness level, the Self-Assessment task type 
supports students with different learning strategies. 

 

 
Figure 4. Process tree of the second cluster 

The second cluster (N=83) shows a less intensive task processing 
(Fig.4). Students in cluster 2 worked on average about M=17.6 
minutes (SD=7.9) in one session. Thereby, students in this cluster 
worked on 8 tasks partially to completely on average (SD=8.4). 
Time on task is approximately 2.2 minutes. According to their own 
assessment, students in this cluster achieved an average correctness 
of 80.2% (SD=25.3) of their solution and repeated a task an average 
of 0.8 times (SD=1.6). The sample solution was accessed 67 times 
by these students (13.2%). 

Students typically opened a task, request evaluation, request feed-
back, request sample solution, followed by a repeat same task or 
quit or open next task. The less frequently pathway is open task and 
next task/quit. Students in this cluster could either be successful 
learners who reached a high enough score with, at maximum, one 
iteration in shorter time than students in cluster 1. Or they could 
exhibit superficial self-evaluation behavior by selecting all criteria 
as fulfilled and thereby reaching an inappropriate high score.  

Similar results can be observed in the log data of mandatory assign-
ments (reviewed by correctors). This suggests that the probability 
that students exhibit superficial self-evaluation behavior is rather 
low, but cannot be excluded (cluster 1 (N=28) = 76% assignment 
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correctness, cluster 2 (N=41) = 72% assignment correctness, clus-
ter 3 (N=4) = 73% assignment correctness). 

 
Figure 5. Process tree of the third cluster 

The third cluster (N=14) exhibits an incomplete task completion 
process (Fig.5). Students in this cluster never finished tasks and 
were limited to just opening different tasks. In doing so, they were 
active in a session for about M=8 seconds on average, SD=0.2,  and 
switched between tasks about 2 times (SD=16). 

Students in this cluster typically opened a task and then opened an-
other task or quitted. Thus, students seem to be interested in getting 
a quick impression of the task, and may not be interested of work-
ing on the task. Students in this cluster often disappear from the 
course without further activity in the LMS. 

 

5. CONCLUSION 
In this study, a process-oriented approach was used to analyze the 
behavior of the students when dealing with Self-Assessment tasks 
and to identify differences (RQ1). In addition, the handling of feed-
back and sample solutions during the processing of Self-
Assessment tasks should be considered more closely (RQ2). For 
this purpose, the process model from [12] was adopted and the pro-
totypical implementation from [30] was adapted and further 
developed. The newly created Moodle Activity Plugin SAFRAN 
was able to offer students a simpler iteration of Self-Assessment 
task and could also provide additional information about the activ-
ities carried out in connection with students’ task processing. 

In general, three different ways of processing the Self-Assessment 
tasks in the SAFRAN plugin could be observed. These would be an 
intensive Self-Assessment task processing, as seen in cluster 1 
(Fig.3), as well as a moderate task processing of Self-Assessment 
tasks as seen in cluster 2 (Fig. 4). The process flows in clusters 1 
and 2 differ only minimally, since the process steps for solving a 
task are largely specified by the SAFRAN plugin. They differ only 
in the proportionality of the activities (pathways). Thus, in cluster 
1 the proportionality is approximately uniformly distributed across 
all activity options, whereas students of cluster 2 predominantly 
choose one specific process per session and keep it. Students in 
clusters 1 and 2 differ significantly in the average time required per 
session and task, in the number of times a sample solution is re-
quested, and in the average number of repetitions per task. All these 
values are higher in cluster 1 than in cluster 2. Cluster 3, however, 
is very different from the other two in that it shows only a minimal 
task process. This mostly consists of just opening the task. Students 
in this cluster could be classified as task browsers. Similar behav-
ioral patterns could be detected by [12, 19].  

Based on the average Self-Assessment scores achieved, both Clus-
ter 1 and Cluster 2 appear to be beneficial behaviors. However, this 
is not true for Cluster 3, which has an unfavorable task processing 

pattern. Here, the system would have to adaptively respond to stu-
dents with such task processing patterns and motivate them to 
perform tasks in a favorable manner. 

Regarding the use of feedback and sample solutions while pro-
cessing Self-Assessment tasks, it could be observed that students 
use both feedback and sample solutions. Sample solutions are gen-
erally accessed relatively often, but this can strongly vary per task. 
It seems that the achieved score has an influence on the use and the 
necessity of a sample solution. The lower the achieved score, the 
more often students request a sample solution. Based on the aver-
age size of the feedback texts (approx. 33 words) and the amount 
of time students spend on the evaluation page (approx. 15 seconds) 
that provides feedback, it can be assumed that the feedback has 
been fully read and taken into account. The fact that students still 
call up the sample solution despite having received feedback could 
be due to the fact that for some students the feedback does not seem 
to be sufficient, so that efforts are apparently made to obtain the 
information that is still missing with the help of the sample solution. 
Such behavior indicates that the information content of existing 
feedback is not always sufficient and should be enriched with addi-
tional information. However, this should be adaptively adjusted to 
the specific needs of students according to their diversity-related 
characteristics. 

5.1 Limitations 
The study was only conducted for one course and one subject area, 
limiting the generalizability of the results. Further studies should 
therefore also include other subject areas. Since the study period is 
relatively small compared to the entire semester, no change in 
learning behavior over time was examined. Also, beneficial task 
processing patterns were be determined based on Self-Assessment 
results and the intended Self-Assessment task processing only. 
However, since we do not yet have results from the final exam, the 
benefits of the identified task processing patterns cannot be con-
firmed yet.  

In addition, there were also students who did not show any activi-
ties of Self-Assessment task processing. However, this does not 
necessarily imply drop-out, since they could have done other activ-
ities in the course, such as reading or mandatory assignments.  
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8. APPENDIX

 
Figure 2. The with-cluster sum of squares (WCSS) result 

 

 
Figure 7. The average silhouette measurement result 

 

  
Figure 8. The distortion score elbow result 


