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Abstract

Building on previous work where we investigated the correlation between perceived test complexity and
student performance using a subset of data from a single subject, this study expands the scope to
provide a more comprehensive analysis. This time, we engage with a more robust dataset that spans
an entire academic year, including 1801 records from 47 students across 9 subjects, covering 89 distinct
activities.

Our aim remains constant — to explore whether there is an alignment between the professor's and
students' perceptions of assignment complexity and how these perceptions influence the students' final
performance. Professors were asked to rate the difficulty level of each assignment they administered,
and students were requested to provide their perceived complexity upon submitting their solutions.
Notably, these perceptions were collected independently, with neither party privy to the other's
assessment. Student time on assignment was also measured by looking at the assignment start date,
submission date and assignment due date. Two variables were extracted from this to help better
understand student perception of assignment difficulty by looking at the time each student spent on a
given assignment.

We employed the k-means clustering algorithm to discern patterns in the relationship between the
differences in complexity perceptions and student performance. The findings revealed a clear trend:
students who perceive an assignment to be more difficult than their professor's rating tend to achieve
lower scores. Although exploratory in nature, these findings have significant implications. They hint at
the potential of leveraging perceptions of complexity as a tool for early identification of students likely to
excel or struggle in a subject. This research reaffirms the importance of considering perception data as
a valuable adjunct to performance metrics in higher education.

These conclusions emphasize the importance of monitoring not only students' performance but also
their perception of test complexity. This can provide a more holistic view of their learning process and
help educators create a more supportive and effective learning environment.

Keywords: Student performance, student performance prediction, exam complexity, learning
management systems, k-means clustering, student procrastination, cluster analysis, assignment
difficulty, student assignment perception.

1 INTRODUCTION

Understanding how well students are doing in the world of higher education is frequently more
complicated than simply looking at exam results. Nonetheless, a student's performance on exams is
almost always the most important factor considered when determining whether or not the student will
be recognized, receive a scholarship, or be admitted to a variety of schools. Although each student has
a different approach to learning [1], grades are most often formed using uniform scales, not considering
variance in student personalities. Some researchers have already proposed measures to evaluate
academic achievements in terms of an individual student’s goals and aspirations [2, 3]. Most higher
education institutions also tend to evaluate student’s knowledge on semestral exams, a practice that
offers a great room for improvement by utilizing a more frequent evaluation window [4, 5]. Studies
analyzing predictors of student success at university have shown that these predictors vary from faculty
to faculty [6]. Moreover, the grade performance has proven to be influenced by various parameters like
student’s motivation, beliefs or attitude [7]. In today’s world most educational institutions utilize some



kind of learning management systems (LMS) to enhance their student’s experience, which can also
influence the student’s academic achievement [8, 9]. There is also a huge change in who visits
universities as today's students belong to generation Z, a generation that completely differs from its
predecessors - the Millenials [10]. The different mindset and approach that these students have toward
learning and toward life in general, can be used to further adapt the way students are examined and
have their knowledge graded.

Taking into consideration these challenges for giving a fair and correct grade to each student on each
subject, we tried to look for various self-reporting measures and characteristics that can be used to
better predict and evaluate student performance. One of these included analyzing student’s personality
traits to forecast their success in programming courses [11]. The current study was inspired by other
researchers who found a clear correlation between student perceived test difficulty and exam results
[12, 13, 14]. Students and professors tend to evaluate the exam complexity differently [15]. Students
usually consider the majority of exams to be more difficult than they actually are [16]. Still, it looks like
students are generally more accurate judges of task difficulty than teachers. For controlling the quality
of the assignments, their reflection of the subject, and the degree of skill students should have to pass
it, consistency between students and professors is crucial.

In an effort to build upon our previous work on how student perception of exam difficulty correlates to
exam grades [17], we decided to replicate the study by using a larger dataset and evaluating the results
on different study subjects. In our previous research, we focused on analyzing the correlation between
exam complexity perception and exam grade on students attending the structured programming subject
at a software engineering college program. In that work, we identified 2 groups of students who are
statistically different among each other regarding their success on the programming course. One group
rated most of the exams as being harder than what the professor rated them to be, and the other group
rated most of the exams as being easier than what the professor rated them to be. The first group tended
to score worse, while the latter group that perceived exams as easier than the professor did, tended to
get greater results on the same exams. These two clusters of students were clearly divided and there
were no larger ambiguities between each cluster's members. These results are useful for better
adjusting the learning material, early spotting huge discrepancies in test complexity and providing better
overall experience for students. In this paper we are looking at the complexity levels and exam grades
students got on 9 subjects, including programming, mathematical and social science subjects. Because
the 9 subjects include different activity types throughout their duration like homeworks, laboratory
experiments, exams, tests, quizzes and similar, in the wording of this paper, the words exam and
assignment are used interchangeably throughout this paper.

We included the time variable in our research after being further motivated by the work of Yang [18],
who investigated how the habit of student procrastination affects the overall performance of the students.
In his research, Yang took into consideration the start date of the assignment, the date when students
first viewed the task, the submission date, and the due date in order to evaluate the amount of time that
each student spent working actively the amount of spare time each had on a certain assignment and
how this affected their final marks. In the current study that we are conducting, we took into account
both the amount of time that each student spent working on each individual assignment as well as the
amount of time that remained until the deadline. This was done in order to gain a better understanding
of the clusters as well as the ways in which differences in perceived difficulty, in conjunction with the
amount of time that an individual devotes to a specific task, reflect on the overall performance of the
student on that particular task or assignment.

Cluster analysis has been chosen as the main methodology for performing the analysis, since it has
been established as a suitable technique for analyzing educational scenarios [19, 20]. Clustering offers
an appropriate way to analyze the huge amounts of server log data to understand student learning and
thus enable educational data mining (EDM). In this paper we are using k-means, a non-hierarchical
clustering algorithm, to analyze characteristics of student behavior [21]. This type of analysis is suitable
for testing our hypotheses as it groups the students into clusters or groups so that students within a
given group are similar to each other and different from the students in other groups. We look into
difficulty perception so we expect to have a group of students who consider assignments as easier than
the professor and a group of students who consider it as more difficult. Clusters like these can be further
divided in more granular ones, by introducing other variables. In our study we are looking into the time
it took each student to submit a solution from the time the assignment became available and expect to
have the initial cluster further divided regarding the proportion of time each student spent on a given
assignment.



2 METHODOLOGY

The experiment that forms the basis of this study was carried out by 47 first-year students who were
enrolled in a software engineering program over the entirety of the academic year. The students were
enrolled in a total of 9 classes that required them to turn in graded assignments, and they were
responsible for a combined 89 of these assignments throughout the course of the school year. The
dataset contains 1801 records, with each record containing information on a student's grade and the
level of difficulty they rated each assignment as having. Important dates for each assignment were also
logged. These dates include the date each assignment became available (or the assignment start date),
the date it was due and the date on which each student submitted the solution.

For delivering the activities to the students, the professors used a custom-built learning management
system (LMS). When scheduling an assignment through this platform, the professors had to fill certain
fields, like which students should see the assignment, when it should become available, and then a
required field to choose the assignment difficulty on a 1-10 scale. When the students received the
assignment, they were not aware of the difficulty level their professors chose. When uploading the
assignment solution, the students had to fill a required field indicating the assignment difficulty. The
professor would then proceed to check and grade each assignment. While reviewing the assignment,
the professor could see the difficulty level each student chose. Each professor had to insert the grade
for each assignment in the same learning management system. For each assignment the LMS tracks
the assignment start date, due date and student submission date. We use these dates to analyze the
time each student spent on a given assignment. The workflow described here left us with data in the
data format given in Table 1.

Table 1. The data format of the dataset used in the research

Activit Student Professor Points Score Start Due Submission
y difficulty level | difficulty level available date date date

The first step that we took was to normalize the final score to a maximum of 10 points. This was
necessary both because various assignments were assessed differently and so that we could maintain
consistency throughout the analysis. Assignments that were evaluated on a scale ranging from 0 to 100
as well as a scale ranging from 0 to 5 were normalized in this manner together with the results that
students obtained on them. As a consequence, every assignment score is displayed on a scale ranging
from O to 10.

The length of time that was allocated to do each assignment and hand in the solutions varied from one
assignment to the next. Some assignments, such as laboratory exercises, quizzes, or semester exams,
lasted for two to three hours, while others, such as homeworks, lasted for several days or even longer.
We extracted two additional variables in order to examine the amount of time each student spent working
on a certain assignment in a consistent manner, beginning with the date the assignment was assigned,
continuing with the date it was submitted, and ending with the date it was due. One of these new
variables is the percentage of time students spent on assignment, and the other was the percentage of
time that remained before the assignment was due. This way, regardless of whether the task was due
in a few hours or many days, we may determine, for example, that a student used forty percent of the
time allotted to complete the work, while the remaining sixty percent of the time was free time.

After preprocessing the data to have it in the desired format and anonymizing it to preserve student’s
data privacy, we utilized the k-means clustering algorithm to partition the students into a certain number
of clusters, each containing most similar students. Clustering algorithms have been applied in the
context of education to pinpoint the various learning strategies students utilize on LMS and how these
patterns connect to their general performance [22, 23]. Additionally, clustering has been used to
categorize students according to their preferences and use of various kinds of educational materials
[24]. Clustering approaches have been used to predict the difficulty of particular programming issues,
with a high accuracy score [25], in a somewhat different context. Our implementation of k-means
focused on adopting 2 different perspectives: perception of exam difficulty, featuring the variables
associated with how both professors and students perceive the difficulty of the grading event, and time
spent on the assignments containing variables measuring how much time it took for them to submit their
assignments relative to the time they had available. Both perspectives were combined to obtain our final
clustering solution.



3 RESULTS

In this section, we reveal and discuss the results of our analysis. The analysis had a qualitative
component, where we looked to discover in which variables the resulting clusters would be different
from one another. This analysis was complemented with a quantitative analysis featuring how the
different clusters are distributed across 3 different variables. The first variable was level_difference
which measures the difference between the professors’ perceived level of difficulty of the assignment
and the student’s perceived level of difficulty. The second variable, time_spent_exercise_% measures
the proportion of the total time available that had passed until submission relative to the total time
available (meaning that values greater than 1 represent submissions made after the due date). The third
variable, points_acquired, refers to the total amount of points received by the student for that assignment
(normalized between 0 and 10).

3.1 Qualitative analysis

Figure 1 presents the qualitative profiles of the distinct clusters obtained from our approach. We
identified four unique groups. Clusters 1 and 2 consist of students who perceived the assignment as
easier than their professor did and, on average, scored higher grades than their peers. The key
difference between these clusters is the time spent until submission, with students in cluster 1 dedicating
significantly more time than those in cluster 2.

Clusters 0 and 3 exhibit similar patterns in terms of difficulty and outcome but differ in the time elapsed
from start to submission relative to the total time available for assignment completion. These findings
align with our previous research [17], suggesting that discrepancies between student and professor
assessments of assignment difficulty could be valuable indicators for predicting student performance.

Interestingly, contrary to our expectations, late submissions, who are usually associated with higher
degrees of procrastination behavior, did not necessarily translate into poorer assignment performance.
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Figure 1. General qualitative profiling of the clusters resulting from k-means. Left: vertical axis plot showing
the qualitative results obtained from the final clustering solution (for the sake of comparison, all variables
were normalized to the range [0,1], Right: Number of assessment submissions attributed to each cluster.

3.2 Quantitative analysis

To better understand the real-world implications of our qualitative differences, we analyzed three
variables: level_difference, time_spent_exercise_%, and points_acquired. Figure 2 shows that students
in clusters 1 and 2 perceived the assessments as less difficult than their professors did, by nearly 2
points out of 10. These students also scored higher on the assessments compared to those in other
clusters. In contrast, students in clusters 0 and 3 perceived the assessments as more difficult than their
professors did and scored lower grades.

The introduction of the percentage of available time used until submission adds another layer of
analysis. While this variable doesn’t seem to impact the final assessment result, it helps characterize
different student behaviors. Cluster 0 includes submissions that used nearly 100% of the available time
but performed relatively worse. Submissions in Cluster 1 took just as long but tended to receive near-
perfect grades. Submissions in Cluster 2 were completed rapidly and also achieved better grades, while
Cluster 3 represents fast submissions that resulted in poor performance.



We hypothesize that Cluster 0 submissions were made by students prone to procrastination, while
Cluster 3 submissions were from students who may have answered impulsively without reflecting on
their approach. Cluster 2 may include submissions from well-prepared students who are up-to-date with
their materials, and Cluster 1 may represent students who are perfectionists and dedicate all available
time to ensure they provide a correct answer. Further research is needed to confirm these hypotheses.
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Figure 2. Boxplots showcasing the distribution of variables level_difference, time_with_exercise_%, and
points_acquired across the different groups.

4 CONCLUSIONS

This research presented in this paper is a continuation of our earlier research in which we looked into
how discrepancies in perception between students and instructors about the difficulty of assignments
can reflect on the score that students earn on each assignment. In the previous study, only students
who had taken the structured programming class in their first year of college were analyzed. In the
current study, we work with the same students, but we take into account the difficulty perception
differences and the score they got on assignments from all 9 subjects they had taken in their first year
of college. Programming, mathematics, and various aspects of social science are included in these
subject areas.

We also considered including the assignment start time and due date in addition to the time the student
submitted the solution in order to extract two additional variables that we include in our analysis:
time_with_exercise_% and time_left_ %. This idea was inspired by other researchers working in the
same field who also used the time variable in their analysis (which is described in the introduction
section). The first thing to take into consideration is the amount of time that students actually spent
working on their assignments out of the total amount of available time for solutions. It is expressed as a
percentage due to the fact that different kinds of assignments from different classes typically have
different allotted amounts of time to complete them; some of them allow hours, while others allow days
for working on a solution. The second variable is the reciprocal of the first one and indicates the
proportion of the available time for the assignment that students did not use. Alternatively, it indicates
the amount of time that remains between the time the assignment was submitted and the date it is due.
It is represented in percentages for the same reasons.



The results discussed in the previous section confirm our earlier findings, this time across all ranges of
different subjects. Students who perceive the assignment as more difficult than the professor, once more
prove to be worse on assignment results. On the contrary, students who perceive them as easier, tend
to score better. The time variable helped us explain the 4 clusters better, that there are students who
perceive the task as easier and either spent little or spend much time solving it and then students who
perceive the task as more difficult and either spent only a little or they spend much time solving it.
However, the time to solve the assignment doesn’t seem to influence the assignment scores, which is
counterintuitive since we would expect procrastinators and students who submit work near the deadline
to have worse results than students who submitted in a timely fashion.

While doing this study, we identified certain areas that can be further analyzed in more detail in order to
have more conclusive results. One of them is analyzing the clusters in the context of groups of subjects.
In the current study we took the holistic approach to look at the complete dataset containing data from
various subjects. There is an opportunity to divide the subjects by the area they cover, for example
subjects covering programming topics, subjects covering mathematical skills, subject converting social
sciences etc. and to perform the analysis in that manner. By doing so, certain patterns may prove to be
valid only for a certain study field and more tailored conclusions can be drawn regarding the nature of
the subject at hand. Another area where the current experiment can be extended is analyzing the
assignments by their type. In this study, again, using the holistic approach, we treated different types of
assignments in the same way which was the reason the time variables had to be represented in
percentages. In our dataset the assignments are already separated by types like homeworks, laboratory
exercises, tests, exams etc., each taking different time to complete. Different assignment types require
different skills and approach to solve, which is why analyzing different assignment types separately can
lead toward different conclusions regarding assignment type.

Finally, the importance of this study is that it confirmed the effect that perception toward a given
assignment difficulty has on the success of solving the same assignment. In educational context, this
can be utilized to better adjust the course curricula, offer more personalized learning approach to each
student regarding his/her perception, early identify struggling students, provide a more targeted support
to them, identify high performers, offer additional materials or learning opportunities to excellent students
and by doing so improve the complete learning experience in general.
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