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ABSTRACT
Important learning happens outside organized lectures and labs,
but much of the interaction between these educational design con-
structs and the study behavior of computing students is unknown.
In this study, we follow a group of computing students through
their first semester in order to explore these dependencies. Through
weekly reports, students tracked their study behaviors in a CS1
course. An exploratory cluster analysis was performed, mapping
the students’ organization, independent study, planning and priori-
ties, time engagement, and use of different study environments. By
comparing these aspects of student behavior to design parameters
at both the program and course levels we get a holistic understand-
ing of the student-driven learning environment. The results of this
analysis confirm that there are close relationships between the ed-
ucational design and when, where, and how students study. Three
characteristics were identified: the home alone tendency, the exec-
utive action factor and the organized activities component. These
results were used to outline the room for action, which can support
computing educators to identify the adjustable educational design
parameters that will most significantly affect the students’ study
behaviors.
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1 INTRODUCTION
Students’ individual study behaviors are closely intertwined with
the educational design of courses and study programs. Educators
can explicitly adjust certain aspects of this ecosystem of learning,
but not others. For example, we can change educational design
parameters such as the number of courses, learning activities, and
assessment regime. On the other hand, students’ tacit study be-
haviors are not as easily altered, especially when, where, and how
students study. It is where study behavior meets educational de-
sign that we find the student-driven learning environment, further
defined here as the study activities that students engage in on their
own, and the relation of these activities to the organized teaching
and learning activities. Recently there has been increased interest
in gathering and analyzing behavior data in order to learn about
how students study and learn [19], but few contributions have
focused on the holistic student experience. Therefore this paper
aims to examine what characterizes the student-driven learning
environment for first year computing students, and specifically the
interaction between educational design parameters (lectures, labs,
assignments) and study behavior (when, where and how).

By understanding what drives students’ study behavior, educa-
tors can implement more effective designs and innovations, and
it is essential that the computing discipline be investigated in this
manner. Computing education has its own specific challenges along
with the general issues highlighted by the learning sciences [1, 21].
From previous research on computing students’ study behavior,
we know that the classroom experience is not always the central
aspect of a student’s study day [25]. Instead of lectures and teachers,
students tend to rely more on online resources and their own in-
dependent work. The behaviors of higher-performing students are
characterized by soliciting help, seeking out extra resources, taking
extensive course notes [16], starting assignments early, working
incrementally [10], attending lectures [5], keeping to an average
workweek [30], and applying consistent behaviors throughout the
semester [11]. In contrast, lower-performing students are more
inclined to memorizing code, getting answers from others without
understanding them, not working on assignments post-deadline
[16], using the internet, working with others, and relying on tuto-
rials and model solutions [5]. In general, many researchers agree
that study behaviors and non-cognitive factors contribute strongly
to students’ performance and achievement [7, 24, 29].

When it comes to the learning environment, research has found
that students benefit from being part of a learning community [4],
and that a holistic focus on all aspects of the learning process and
environment is valuable for students and educators [27]. There
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seems to be a strong connection between the way that students
study and certain educational design parameters, such as manda-
tory assignments [13] and individual assignments [12]. For example,
assessment practices have been found to drive individual learning
even when peer learning is advocated to students [12]. Also, manda-
tory tutorials have been found to increase submissions and early
starts on assignments [30]. The structure and teaching of a course
defines the learning environment, and educators should consider
the implicit message that these factors convey to students [28].

1.1 Computing Education Design
The current research examines students in the first semester of
several similar programs at one specific university. We use the word
‘program’ to describe the organization of students into a specific
field of study, otherwise commonly referred to as major or school.
Regardless of how the first year of a computing program is designed,
there are some common elements. There will be organized teaching
activities, such as lectures and labs, where an educator is present.
In addition, there will be some forms of organized learning activity,
such as assignments, project work or deliverables, often related to
a form of assessment. Students also have access to resources, such
as books, websites, teaching assistants (TAs) or other tools, as well
as physical areas in which to study and meet peers. The way that
students act when preparing for or taking part in these activities
constitutes the students’ study behavior [29].

General higher education can be viewed at three levels: program,
course, and student level. The program level includes courses with
specific learning outcomes, learning activities, teaching staff, and
assessment methods, as well as overall learning outcomes and goals
for the students within the program. The course level includes the
teaching and learning activities for a specific course, and the student
level includes the student body and student life. The program and
course level will have certain design parameters that constitute the
educational design as a whole. These parameters pose questions
about design aspects that educators must consider. For instance,
how many courses there are in a semester (program level), the use
of assignments and assessment in a course, and if the course open
to all students or reserved for one study program (open or closed
enrollment).

2 THE STUDENT-DRIVEN LEARNING
ENVIRONMENT

Learning environments are essential to student learning, but they
are tricky to define and measure [9, 26]. Educational psychologist
John B. Biggs described learning environments in his seminal work
on student learning processes in the 1980s. In his 3P model of
learning in higher education – presage, process, and product –
he describes how “students undertake, or avoid, learning for a
variety of reasons; those reasons determine how they go about
their learning, and how they go about their learning will determine
the quality of the outcome” [3, p.5]. An important part of the presage
is the teaching context. In addition to the learning environment,
presage includes the curriculum, assessment, and teaching methods.
Common for these factors is that the institution controls them,
whereas the other aspect of presage, the student characteristics,
exists prior to the learning and relates to the student. The final two

parts of the model, process and product, are related to the students’
approaches to learning and the learning outcome. The current
study focuses on one of the presage factors, namely the learning
environment. How a student learns is influenced not just by the
teaching context but by the student’s perceptions of the learning
environment [17]. Thus, the quality if the learning can be altered
by changing the educational design parameters and importantly
the student perceptions of the learning environment [9, 22].

As the 3P model suggests, there will be learning environments
present within each course, as well as the at the program level. It
is in these interactions that we have the student-driven learning
environment (SDLE), which is based on the individual students’
perspective and describes how they navigate and interact with the
educational design constructs across courses within a program. It
is student-driven because it is the student who has to navigate be-
tween organized activities and independent study, prioritizing and
balancing the course load, managing their time, and using physical
study spaces. The authors’ previous work on the relation between
computing students’ study behaviors and educational design further
divides the SDLE into the following five dimensions [18]:

Table 1: The five dimensions of the SDLE

Dimension Description

Organization How students interact with orga-
nized learning activities and man-
age their independent study.

Independent study What tactics the student employs
outside of organized learning activ-
ities.

Planning and priorities Management of the course load.
Time engagement When the students study: what

days and what times of the day.
The study environment Where the students study.

3 METHODOLOGY
The current study is designed as a case study [6, 31] aimed at describ-
ing and explaining aspects of how first-year computing students
study. The case can be viewed as the first semester of a comput-
ing program, where the phenomenon of studying is researched
holistically [2] by following a group of students throughout their
studies.

To characterize the student-driven learning environment, we
need to know what the students do when studying computing,
what educational design parameters they interact with, and how
this progresses over time. The research involves two main data
sources: weekly learning reports handed in by the students along
with their assignments, and the educational design parameters in
the investigated study programs. It is important to note that the
first author was part of the teaching staff, thus gaining essential
insight into the educational design; however, that author was not
involved in the assessment of the students. Ethical approval was
granted by the Norwegian Centre for Research Data (841439).



3.1 The Case
The research was carried out at a large university in Norway during
the 2019/20 academic year. Students follow a set plan, taking four
equally weighted courses each semester. The courses in the first
year vary somewhat from program to program, but all the programs
involved in this study included some mathematics courses as well
as a course in scientific philosophy in the first semester. Common
to all programs are an introductory programming course using
Python (CS1).

The current study aimed to investigate the students’ journey
through their first semester. The students begin the semester in
mid-August with a two-week social and academic introduction
program. After that, the ‘regular’ semester lasts for ten weeks,
followed by an exam period of four weeks. This study is based on
the common introductory programming course, but the research
perspective is on the whole semester, including the other courses
taken. The course is taught with theoretical, programming, and
exercise lectures, as well as weekly assignments. Two of the ten
assignments are ‘mock exams’, where instead of having a whole
week to work on it, students must complete the assignment within a
two-hour session in an auditorium. The assignments were assessed
by TAs on a pass/fail basis but did not count towards the final grade.
In order to qualify for the final exam, which accounts for the whole
grade, the students must have completed eight out of ten weekly
assignments, including at least one mock exam.

The students participating in this study were all enrolled in a
computing study program: computing engineering, informatics,
technology management, engineering and ICT, communication
technology, or teaching and computing. There was a total of 544
students, of whom 203 (37%) consented to take part in the research
study. The gender distribution in the course is approximately 70/30
male to female, and in the participation group, 60/40. The students’
age and ethnicity were homogeneous, with an average age of 20
and no international students.

3.2 Data Collection and Variables
Along with the weekly assignments, participants handed in a learn-
ing report in which they recorded when, where, and how they
had worked on the assignments. From these weekly reports, stu-
dents’ study behaviors were modeled and tracked. Organization
was measured by students indicating how much time they spent on
the following activities: lectures, sessions with TAs, collaboration,
working alone in proximity to peers, or working alone. Independent
study was measured by students indicating to what extent (very
often – never) they used the following tactics: doing the assignment,
examples from lectures, reading the book, taking notes, working
self-made examples, using the internet, videos, or memorizing. Plan-
ning and prioritizing was measured by having students compare
how much time they spent on other courses, such as mathematics
or scientific philosophy, to their effort in CS1 (a lot more – a lot less).
Time engagement was measured by tracking what days (Monday –
Sunday) they were working on the assignment, as well as an indi-
cation of what times (morning, afternoon, evening, or all day). The
study environment was measured by students reporting to what
extent (very often – never) they used the following areas to work on
the assignment: the open computing labs, the general study areas,

the library, the cafeteria, their home, or somewhere else off-campus.
The wording of the questions in the learning reports was created
by combining various study behavior surveys and questionnaires
[14, 15] and revising them for the current educational context.

3.3 Threats to Validity and Limitations
This study is based on self-reported data, which poses a threat to the
validity of the research. Students could have been dishonest in their
reporting or unmotivated to answer, or they might have had trouble
remembering exactly what they did that week. These are always
concerns when basing research on surveys and questionnaires;
however, efforts were made to ensure that students felt comfortable
reporting ‘bad’ behaviors. They were informed on several occasions
that the researcher was not involved in the grading of assignments
or the exam and that the reports were confidential. Examining the
data, it is clear that many students were not afraid to be honest;
however, that does not mean everyone was. On the other hand,
the large number of observations (2035 in total) might offset an
occasionally flawed report. In addition, there are some limitations
to the case study methodology, especially with only one institution
being involved [2]. Future research is needed to further explore the
results from this study in other educational context.

Table 2: Cluster analysis of the SDLE dimensions

Study behavior Clusters

𝑘 Description Freq.
Organization 1 Lectures 313

3 Alone and lectures 286
2 Alone 265

Independent study 1 Assignment 324
4 Assignment and lecture examples 190
5 Assignment and internet 179
2 Internet and book 90
3 Assignment and book 81

Planning and priorities 2 Spent more time on mathematics 188
3 Spent more time on CS1 111
1 Spent more time on non-CS 60

Time engagement 6 Late, weekends 177
5 Late, work week 165
1 Afternoon 148
3 Late, towards deadline 134
4 Work week 120
2 Early 105

Study environment 3 Home 469
4 Study area 107
1 Home and lab 196
2 Lab 92

4 ANALYSIS AND RESULTS
The analysis of the learning reports consists of two parts: a descrip-
tive analysis and a cluster analysis. In order to explore the SDLE,
and specifically how study behaviors interact with the educational
design parameters, we examine how the five dimensions described
in Table 1 developed over the semester. This was done by graphing



the various study behavior variables by week. Note that mock ex-
ams were in weeks 4 and 8, and that week 11 was the first week of
the exam period and had no lectures or assignments.

In addition, we wanted to examine the interconnections between
the various elements of the dimensions. A cluster analysis was
performed in Stata on the different study behavior variables. K-
median clustering with random initial group centers was run until
a fitting model was found, exploring the number of clusters from 1-
20 as described by Makles [20]. Frequency tables of the best fitting
clustering were used to describe the clusters. The results of the
clustering analysis are presented in Table 2, sorted by the size of
the cluster for each dimension. These clusters depict tendencies in
when, where, and how the students study, and will be described in
detail in the following subsections, along with the results from the
descriptive analysis.

Figure 1: Organization over the first semester

4.1 Organization
For the organization dimension, we see from Figure 1 that time
spent in lectures and studying alone are the most predominant
characteristics. Lecture participation seems to go down after the
first two weeks, while time working alone fluctuates according to
the exams in weeks 4, 8 and 11. The remaining parameters, time
with TAs, collaboration, and working with other students, were
stably low.

The cluster analysis produced three clusters. The first cluster
consists of students who spent most time in lectures but also work-
ing alone. The third cluster describes students who mostly worked
alone, and the second was a combination of working alone and
in lectures. All groups spent little time on collaboration, but some
time with TAs and other students.

4.2 Independent Study
Three parameters stand out in the examination of independent
study as shown in Figure 2: doing the assignments, using the inter-
net, and working on examples from the lectures. Where the first
two seem to dip in use in the weeks with exams, the use of lecture
examples goes up.

Under independent study, five clusters were formed. Four clus-
ters were related to doing the assignment (1) or doing the assign-
ment along with either reading the book (3), doing lecture examples
(4), or using the internet (5). The last cluster (2) was made up of
students who preferred using the book and the internet. Common
to all clusters was that self-made examples, videos, and memorizing
were unpopular tactics.

Figure 2: Independent study over the first semester

4.3 Planning and Priorities
The descriptive analysis of the planning and priorities dimension
(Figure 3) indicates that mathematics courses have a higher priority
than the introductory programming course, while the scientific
philosophy course is consistently lower. The cluster analysis further
explores this, finding three clusters. Cluster 1 describes students
who, in general, spent more or the same time on calculus, discrete
mathematics and philosophy, compared to CS1. Students who spent
more time on mathematics (both calculus and discrete), but less
on philosophy, were placed in the second cluster. The third cluster
describes the students who spent the same or less time on all other
courses, hence spent the most time on CS1.

Figure 3: Priorities over the first semester, with CS1 pre-
sented as a uniform 3



(a) (b)

Figure 4: Time engagement over the first semester

4.4 Time engagement
To examine students’ time engagement, we look at what days they
studied as well as what time segment of the day. The descriptive
results in Figure 4 seem to indicate that the total time use goes down
towards the end of the semester; however, this is probably due to
using frequency instead of mean. All days of the week seem to be
used for studying; however, weekdays are slightly above weekends.
Furthermore, students seem to be studying more in the afternoon
and evening than during the morning.

The cluster analysis of students’ time engagement and found
that students can be divided into six clusters. The first two clusters
describe students who prefer to study in the afternoon (1) or early
in the day (2) but tend to use all days of the week. The third cluster
describes students who tend to study late in the day and more on
the days before the deadline. Cluster four is for students who study
according to a regular workweek. The last two clusters describe
students who prefer studying later in the day during either the
workweek (5) or the weekend (6).

Figure 5: The study environment over the first semester

4.5 The Study Environment
When exploring where students are studying, two characteristics
emerge from the descriptive results in Figure 5. The home environ-
ment seems to be the preferred place to study for these computing
students. Next in line are areas on campus intended for studying:
the computing labs or general study areas. Libraries, cafeterias,
and off-campus sites were, to a large extent, not used. The cluster
analysis found four clusters. Students tended to divide their time
between home and the open computing labs (1), or mostly the lab
(2), home (3), or the general study area (4). These three locations
are popular across the clusters, while the library, cafeteria, and
off-campus sites are equally unpopular for all groups.

5 DISCUSSION
Examining the results of the descriptive and cluster analysis collec-
tively, we identify three main findings, which together constitute
the characteristics of the SDLE for these computing students. The
characteristics must be viewed in relation to the design parameters
of the courses and programs in this case.

5.1 The Home Alone Tendency
Looking at organization and the study environment together, there
seems to be a strong tendency for computing students to study at
home and to study alone. Although we have not checked whether
these are the same students, this is still a striking tendency. Previous
research on the effect of the study environment is not clear on
whether the home is an advantageous place to study; however, some
studies have shown that studying in peace and quiet is preferred
by most students [23]. On the other hand, we know that learning
computing is a collaborative process and that students benefit from
learning communities [4]. Another concern regarding the home
alone tendency is that access to help and support is valuable [16],
and for these computing students, help is found mainly on campus.

Possible explanations for the home alone tendency can be found
in the educational design parameters. During this semester, all
assignments in CS1 were individual, and very few of the other
courses employed any form of collaborative activity. Furthermore,



the computing labs and the general study areas on campus are
known to be crowded. It can often be difficult to find a place to
study, especially as these are new students.

5.2 The Executive Action Factor
When students manage their time and handle their course load,
they are constantly making executive decisions, although in many
cases these might be more reactive than proactive. This group of
computing students seems to have a preference to avoid working in
the morning and on weekends; no other clear trends can be found.
Previous work has found that high performing students are likely
to follow a regular workweek and not to work at nights and on
weekends [30].

Considering the balance and priorities, the results suggest that
mathematics was largely prioritized above CS1. It is important to
note that all courses had equal credit, and that participation in
lectures and labs was not mandatory and did not count towards the
grade in any way. It is reasonable to assume that the students’ exec-
utive actions would be affected if one or more courses implemented
mandatory participation, perhaps guiding all students towards a
more structured study week [8].

5.3 The Organized Activities Component
The results further indicate that the learning activities, in this case
assignments, were even more of a driving factor for student behav-
ior than lectures. The analysis of how students study independently
shows a clear assignment-based approach, which is not unexpected
[25]. The assignments are the backbone of this course, and when
learning programming, it has been established many times that
students must do programming in order to master it. This percep-
tion that the assignments drive student behavior is in line with
previous research [13]. Across all behavior dimensions, it is evident
that students study differently during weeks where there are mock
exams (4 and 8) or after the assignments are finished (11). This
indicates that the way students are assessed largely impacts when,
where, and how they study. During mock exams, they spend less
time at home and more in the study areas, use the internet less, and
focus more on lecture examples, note-taking, and reading the book.
Similarly, during the exam preparation week they spend more time
on campus, memorizing and note-taking more, and make more use
of videos.

5.4 Implications
The current study represents one case at one institution with one set
of design parameters, but it does offer some generalizable features
and areas for future research. First, we must consider the room for
action within the SDLE, that is, what we can and cannot change.
One dimension for consideration is time: what can be changed
quickly and with short term effects, and what is more of a long-term
change? All parameters at the program level are long-term because
there are many other stakeholders involved, which brings us to the
next dimension: control. The question of who controls the various
parameters and can make decisions and implement change varies
from institution to institution. Most parameters are managed by
the responsible professor and are, therefore, department controlled
at the course level. On the other hand, campus layout, scheduling,

and semester design are controlled by the institution. Finally there
is the dimension of resources: time and finances. The best example
of this is in the course dimension, where making changes to the
learning activities and assessment will often imply more educators
or increased time commitments from the existing educators.

The role of the current study is to help computing educators
find the educational design parameters that can be changed and
that have the greatest impact on the students’ study behavior. Con-
sidering the dimensions of the room for action and the findings
from this study, we have some examples of changes to the design
parameters that should be considered and researched further:

• Increased use of group activities is a learning activity that
will decrease the time students spend alone, and perhaps
encourage more time on campus. This is a short-term, low-
resource change that can be implemented by the educator,
with a potentially high impact.

• Scheduling of lectures and lab in a more coherent and holis-
tic manner across courses can help students structure their
studies better. This is a long-term, low-resource change at
the program level, with potentially high impact.

• Changing the assignment structure or including the assign-
ments in the formal assessment will change the students’
time use and activity planning. This is a short-term, medium-
resource change at the program level with potentially high
impact.

6 CONCLUSIONS AND FUTUREWORK
This paper has investigated the relationship between study behavior
and educational design parameters encompassed in the student-
driven learning environment. By examining weekly reports from
the student participants, we have found close relationships between
the educational design and when, where, and how students study.
Results from a cluster analysis indicate that students are studying
all days of the week, and mostly later in the day. This might indicate
that students are working evenly, but it might also be a symptom
of a heavy timetable and fragmented study behavior. Furthermore,
a majority of the students tend to prefer working from home, or
to a lesser extent using the computing labs or study areas. Exactly
what drives these choices, beyond the assignment structure, is not
clear from this data and should be a question for future research.

For the programs studied in this research the educational design
scope and course structure are strictly controlled at the department
level or above. Nevertheless, the dimensions of the SDLE applied in
this study can serve as a tool for other researchers and educators,
and can help to identify the local room for action. Computing edu-
cation is experiencing a surge of students while at the same time
being urged to increase throughput without additional resources.
Understanding when, where, and how first-year computing stu-
dents are learning can inform educational design decisions and
provide insight for innovations.
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