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Abstract. In this paper, we use student agency analytics to examine
how university students who assessed to have low agency resources de-
scribe their study experiences. Students (n = 292) completed the Agency
of University Students (AUS) questionnaire. Furthermore, they reported
what kinds of restrictions they experienced during the university course
they attended. Four different agency profiles were identified using robust
clustering. We then conducted a thematic analysis of the open-ended an-
swers of students who assessed to have low agency resources. Issues relat-
ing to competence beliefs, self-efficacy, student-teacher relations, time as
a resource, student well-being, and course contents seemed to be restric-
tive factors among the students in the low agency profile. The results
could provide guidelines for designing systems for smart education.
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1 Introduction

Digitalization, increased computational power, and advances in data storage
have led to vast amounts of data collected from educational domains [5]. It is
envisioned that it will soon be possible to store and assess the learning behav-
iors and outspread the educational history of individual students [4]. Extracting
knowledge from these enormous quantities of data and leveraging them to im-
prove education require “smartness” that integrates technology with educational
domain knowledge and pedagogical theories.

Learning analytics is a research discipline that emerged with the growing
availability of educational data and the demand for understanding these data.
It bridges the interface of these large educational datasets and computational
visualization and analysis methods for communicating meaningful and actionable
patterns that assist individuals in decision making about teaching and learning
[17, 19]. Thus, learning analytics provides one viable option to embed smartness
into systems of the educational domain.
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Smart education — an emergent concept — is currently taking a form un-
der continuous multidisciplinary discussion and there already exists several at-
tempts to define and characterize it [22]. A research framework developed in
[22] presents that smart education consists of three elements: smart learners,
smart pedagogies, and smart learning environments. Smart learners possess rel-
evant competence: a specific set of skills and knowledge to succeed in modern
society. Smart pedagogies take into account the needs of different learners us-
ing four different instructional strategies: class-based differentiated instruction,
group-based collaborative learning, individual-based personalized learning, and
mass-based generative learning. Smart learning environments provide engaging,
intelligent, and scalable possibilities for education. In general, the purpose of
smart education “is to improve learner’s quality of life long learning” [22, p. 15].

Student agency is a multidimensional concept that describes important con-
stituents of intentional and purposeful learning; it emphasizes students’ experi-
enced opportunities to influence their learning and their perceptions regarding
their capacity to learn in the complex and dynamic learning situations [10, 9].
The data is collected using validated Agency of University Students (AUS) Scale
measuring students’ experiences of their agency in three resource domains and
their respective factors: personal domain (2 factors; Competence beliefs and
Self-efficacy); relational domain (3 factors; Equal treatment, Teacher support
and Trust); and participatory domain (6 factors; Participation activity, Ease of
participation, Opportunities to influence, Opportunities to make choices, Inter-
est and utility value, and Peer support) [10, 11]. The AUS domains and factors
assess learners, pedagogical arrangements, and learning environment being, thus,
linked to the three constituents of smart education.

In the previous study utilizing learning analytics [9], we applied robust statis-
tics and machine learning to questionnaire data on student agency, with calling
this analyzing process as student agency analytics. This article focuses on the
experiences of those university students who assessed to have low agency re-
sources. The following research question was set: What kinds of restrictions do
the students in the low agency profile experience in the courses they have at-
tended? Besides answering the research question, we also aim to exemplify how
student agency analytics relates to smart educational systems in general.

2 Materials and Methods

The research data consist of online questionnaire responses of 292 first and
second-year students in three faculties from the University of Jyväskylä, Fin-
land. The data were collected using the AUS Scale [10, 11] consisting of 58 items
in a five-point Likert scale (1 = fully disagree, 2 = partly disagree, 3 = neither
agree nor disagree, 4 = partly agree and 5 = fully agree). Higher scores on the
Likert scale indicated higher levels of agency. Also, the students were given an
opportunity to describe their experiences in the course with a few open-ended
questions.
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We analyzed the data using a mixed-methods approach where we first used
robust clustering for deriving student agency profiles and then conducted a qual-
itative thematic analysis on a selected subset of open-ended question data. All
pre-processing, data analysis, and visualization was performed in Python 3.7.1
using Pandas, Numpy, Matplotlib and Seaborn libraries, except imputation of
missing data was done in R using testing package implementing method de-
scribed in [12]. Clustering was done using a custom script based on the work
done in [8].

Fig. 1. Agency analytics service is either data controller or data processor depending
on the use case.

Part of the data was collected using the Webropol questionnaire tool, and
in two courses, we used a questionnaire tool included in our agency analytics
service (Fig. 1). The service as a whole is under development, and the main aim
of this service is to be able to separate the data controller and data processor
[18]. Agency analytics service can be used directly in a web browser, or an
educational institution could integrate it into a learning management system.
In the latter case, the institution can possess the data in its database and send
only the minimum required amount of pseudonymized data to analytics service
for processing.

The collected dataset contained missing Likert values (1.43 %). These data
were missing at random (MAR) [13] and imputed using the k-nearest neighbor
(k-NN) method described in [12]. Inverted questionnaire items were inverted
using linear scaling. Factor pattern matrix of the AUS questionnaire factor model
was used to calculate the individual student agency factors. The agency factors
were scaled to represent the original AUS questionnaire Likert scale from 1 to 5.
These factors were then clustered into four student agency profiles (P1-4 in Fig.
2, 4, and 5). The clustering provides the prototype students of each cluster and
assigns individual students to these clusters. Clustering was based on a k-means
algorithm with the spatial median as a distance measure [2]. A more detailed
description of the analysis process is depicted in [9].

In addition to the AUS questionnaire, the students were asked to answer
open-ended questions to get more detailed knowledge of their study experiences.
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In this paper, we concentrate on analyzing the student-experienced restrictions
in their courses about which they wrote in their responses to one particular ques-
tion, which was: Which factors in this course do you think hindered or limited
your learning? The responses were then analyzed using a thematic analysis [3].

Rigorous thematic analysis is a time-consuming research method. Thus, clus-
tering and assigning students’ open-ended answers into corresponding profiles
helped us to concentrate on an interesting subset (students in the low agency
profile) of responses in the thematic analysis. For conducting the thematic anal-
ysis for the open-ended answers, we used a procedure by Braun and Clarke [3]
consisting of six phases. This approach is argued to be well suited also for edu-
cational data [14]. The analysis concentrates on semantic layer [3] of the student
answers to find out how they describe their study experiences.

The thematic analysis was performed by the first two authors, both having
degrees in the field of education and extensive teaching experience. Intercoder
reliability [6] was not formally assessed as the analysis involved the generation of
the initial coding. Instead, the analysis was based on the researchers’ independent
work followed by in-depth discussions and negotiations of the final interpreta-
tions several times during the analyzing phases to meet intercoder agreement
[7]. By providing the outline of the thematic analysis process, quotations when
applicable (quotations have been translated from Finnish by the first author),
the explanation of the key codes, and the final thematic map (Fig. 3), we aim
to provide evidence for the reader to assess the dependability of our research.

3 Results

Based on our previous research on student agency [9], the individual student
agency factors were clustered into four profiles. Fig. 2 presents the general agency
profile (GAP) of all students and the deviations of the four individual profiles
(P1-P4) from GAP. The different profiles P1-P4 depict the prototype students
in each profile. The profile P1 is considered as the low agency profile. As can
be seen from the Fig. 2, the students in this profile have lower values in all
AUS factors. In particular, they are characterized by weak competence beliefs
and self-efficacy as learners. P4, on the other hand, is called the high agency
profile. The students in this profile generally have high values in most of the
AUS factors. Notably, the students in P4 perceived that they had been treated
equally in the study group, and they experienced teacher as more supportive
when comparing to students in other profiles.

The low agency profile P1 consisted of 42 students, and 41 of them had an-
swered the open-ended question about their learning restrictions. Fig. 3 presents
the thematic map of the themes and respective codings we have derived from the
answers of students belonging to the P1 profile. The themes (e.g., competence
beliefs, time as a resource) are denoted inside circles surrounded by the codes
(e.g., difficult contents, personal obligations) relating to a particular theme. The
size of the code represents the number of times the code has occurred in the
data. For example, the code fast instruction pace occurred more times than the
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Fig. 2. General agency profile (GAP) and individual profile deviations (P1-P4). Factor
values represent the original questionnaire Likert scale.

code lack of understanding. The links between codes denote that the students
have mentioned them in relation to each other in their answers. Many more links
could have been added based on common sense. However, in our analysis, the
codes were linked only if the student has explicitly stated them to be interlinked.
For example, one student brought out that “overlapping studies ... hard to fo-
cus on many things at the same time”; thus, the codes overlapping studies and
difficult to concentrate are linked together.

Next, we describe the results of the thematic analysis and their links to
student agency profiles. In the P1 group, the students brought out issues that
mostly linked to personal and relational resources of agency. Students in P1
reported having low agency primarily in the factors of competency beliefs, self-
efficacy, and in all factors representing the relational resources of agency. These
results will be discussed in detail as follows. Furthermore, three other significant
themes — time as a resource, student well-being, and course contents — will be
elaborated.

Personal resources of agency. As illustrated in Fig. 2, the students in the
low agency profile P1 reported lower competence beliefs and self-efficacy when
comparing to the students in other profiles. Some students reported even lower
values than 2 (partly disagree) (Fig. 4) for both aforementioned dimensions.
Low competence beliefs refer, for example, to student-experienced lack of under-
standing of the course contents, the lack of basic knowledge, and experiences of
the course contents as too challenging, while low self-efficacy refers to students’
beliefs in not succeeding well in the course and tasks [10].

In their open-ended answers, students in the P1 reported negative past ex-
periences and negative perceptions as a learner. Furthermore, students in the
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Fig. 3. The results of the thematic analysis: the thematic map and coding of the data
in the low student agency profile (P1).

P1 reported lack of competence and lack of basic knowledge and understand-
ing (e.g., “The lack of basic knowledge has been the biggest challenge”). They
perceived the course contents as too difficult, and they felt that they could not
learn the basics or embrace new knowledge. Some students reported that their
experienced lack of competence also led to frustration and stress (e.g., “If I don’t
know things I get easily frustrated with the course tasks”, “If there is no basic
knowledge, it is difficult to build new knowledge, and it only creates unnecessary
stress”).

Relational resources of agency. Even though the GAP (Fig. 2) showed
rather high values (near to or over 4) in the factors representing relational re-
sources — equal treatment, teacher support and trust in teacher —, the students
in the low agency profile P1 reported somewhat more moderate values. Some
students reported values lower than 3 (Fig. 5), which indicates they experience
relational resources as less supportive than the students in other profiles. Equal
treatment depicts the equality between students and equal treatment of students
by the teacher, while trust in teacher and teacher support reflect the attitudes
and supportive actions of a teacher [10].

The thematic analysis supported the findings derived from the aforemen-
tioned quantitative analysis. The students in P1 reported the teacher being unin-
terested in students and being difficult to approach (e.g., “A couple of teachers do
not seem to be interested in students and they are very difficult to approach with
questions”), having an unfriendly attitude, and possessing pedagogical shortcom-
ings (e.g., “I don’t see the teacher has the pedagogical skills to teach us who are
new to this topic”).

Time as a resource. It is argued that student’s time is the most precious
resource [1]. The argument is supported by our thematic analysis, where the lack
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Fig. 4. The personal resources of student agency. Factor values represent the original
questionnaire Likert scale.

of time was one of the most cited restrictive aspects of studying. Lack of time
was mentioned due to personal obligations (e.g., working during the studies)
or issues relating to studying (e.g., high workload). It was also associated with
overlapping studies, as some students had many courses going on at the same
time. Overlapping studies might be the result of personal choices or curriculum
schedule. One major issue in P1 was the experienced fast instruction pace in the
course, which was mentioned as, for example, “fast progression” or stating that
“new things come at a great pace”. To sum up, time seemed to be a complex
resource in our material, and its importance depends on the student’s situation.

Student well-being. According to a concise definition, student well-being
is “a sustainable state of positive mood and attitude, resilience, and satisfaction
with self, relationships, and experiences at school” [16, p. 7]. The students in
P1 mentioned in their answers several aspects, which we interpreted belonging
into a student well-being theme. The students reported, for example, difficulties
to concentrate on studying, negative past experiences (e.g., bullying) and stress.
Furthermore, the experienced stress was mentioned to be related to overlapping
studies and lack of basic knowledge.

Course contents. The students mentioned limitations relating to the con-
tents of the course. A few students complained about the unclear instruction
and structure of the course, which was mentioned to be related to the lack of
teacher support (e.g., lack of instruction). One interesting point was that some
students experienced a low input-output ratio in the course. They felt that even
if they work hard, it does not affect the outcome of the course. For example, one
student commented that there had been no direct connection between course
results and time used.
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Fig. 5. The relational resources of student agency. Factor values represent the original
questionnaire Likert scale.

4 Discussion and Conclusion

Student agency analytics can be considered to support smart education. It uti-
lizes the approach of learning analytics to provide knowledge, which can be used
to promote better learning. Moreover, it could be used to help learners to ac-
quire skills they need in a modern and rapidly changing world; help them to
become smart learners. By utilizing student agency analytics as a service, it
can be embedded into existing learning environments to enhance their smart
capabilities.

In terms of quality of education, it is essential to take attention to the stu-
dents having low agency. They might be unable to benefit from the education
in their competence development, or they might otherwise be at risk of “falling
behind”. Identification of those students is possible by using a validated ques-
tionnaire and appropriate learning analytics methods. Also, our qualitative the-
matic analysis revealed different experiences, which hindered and limited learn-
ing among the students belonging to the low agency profile. By using a mixed-
methods approach, it is possible to acquire more in-depth insight into students’
study experiences.

By identifying the students’ different experiences of agency, instructors can
provide more personalized support. Especially, meaningful contacts with aca-
demic staff are important and recognized in the research literature. For example,
students interviewed in [20] found contacts with lecturers problematic because
of lecturers being remote, inaccessible, and unable to communicate academic
expectations. Same problems were experienced by the low agency students in
our analysis. Students reported teachers to be difficult to approach, and they
did not get enough instruction and guidance. Also, students in the low agency
profile reported lack of competence and lack of basic knowledge. Thus, in the
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low agency profile, there is an inherent need for support and experienced a lack
of support at the same time.

Furthermore, our thematic analysis revealed that the reasons for students
mentioning lack of time as a restrictive aspect are manifold. It might not be
sufficient to track the time a student has used in a virtual learning environment.
Nor it would be “smart” education to send automatic reminders to students, for
example, to watch course videos, if they have problems with time management,
competence, or well-being. Instead, it would be essential to know, for instance,
why the student does not have enough time to study or what aspect in student’s
competence is restricting them from learning new.

Providing personalized support for students using smart technologies in ed-
ucation requires that systems must be able to extract and distill the learners’
different experiences into useful information. Educators can utilize the informa-
tion to make pedagogical decisions. The outcome of our thematic analysis is a
thematic map (Fig. 3), which starts to resemble and form a knowledge graph.
A knowledge graph is a general framework for presenting entities and their rela-
tionships [21]. The student-reported restrictions can be seen as nodes and their
reported relations as edges in the knowledge graph. From the semantic point of
view, many words students use to describe their study experiences are so-called
suitcase words [15], which have multiple meanings attached to them. It could
be possible to depict these meanings as a knowledge graph. This possibility is
the leading idea of our future work as we aim to develop automated handling
of open-ended student feedback. Such a system could allow us to process and
utilize student feedback at a larger scale. Our thematic analysis contained a lim-
ited amount of student answers. Thus, further research is needed to gain more
understanding of the learners’ experiences in different student agency profiles.

The present study contributes to the discussion of how learning analytics and
smart technologies in education can be utilized to benefit the learners as well as
educators. We used mixed-methods to analyze university students’ agency and
study experiences among the students belonging to the low agency profile. In
our research data, especially issues related to competence beliefs, self-efficacy,
student-teacher relations, time as a resource, student well-being, and course con-
tents were identified as restrictive factors among the students in the low agency
profile. To conclude, the “smartness” in education could mean, for example,
providing relevant and timely knowledge about the students’ individual study
experiences for the basis of pedagogical and institutional decision-making.
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