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The COVID-19 era massively accelerated digitalization of higher 
education and afterwards higher education institutions have partially 
reverted to their pre-pandemic modes of operation.  In this study, 
we applied learning analytics to gain understanding of higher 
education students' experiences. We analyzed data on their self-
efficacy beliefs and teamwork experiences. Data from 654 students 
were collected from two temporally distinct, identical courses, first 
at the beginning of the COVID-19 pandemic in fall 2020 and then 
after lockdowns ended in 2023. Our findings reveal a significant 
increase in self-efficacy post-pandemic, indicating that pandemic 
period may have influenced higher education students' self-efficacy 
beliefs. A moderately positive relationship between the students' 
self-efficacy and their self-assessed team contributions was found. 
These insights deepen understanding of higher education students' 
study experiences and support the development of evidence-based 
educational practices applying learning analytics. The results 
highlight the need for higher education institutions to consider the 
development of students' self-efficacy when designing collaborative 
learning processes, as supporting self-efficacy improves the study 
experience and presumably has an impact on teamwork. 
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1 Introduction 
 
Higher education is undergoing digital transformation, while responding to both 
future workforce and technological demands (Gaebel et al., 2021). Digitalized 
education has increasingly required students to be self-directed (Song & Hill, 2007). 
In 2020 the COVID-19 pandemic catalyzed a massive shift towards online learning, 
leaving students to navigate their educational paths in isolation. Students were forced 
to develop new learning strategies to succeed as their contact with teachers and peers 
diminished, and opportunities for interaction and feedback became less frequent 
(Holzer et al., 2021; Koh & Daniel, 2022). There is a paradoxical dual impact 
enhanced by the pandemic on the student’s lives.  
 
As the world entered the post-COVID era, educational institutions began gradually 
reverting to their pre-pandemic modes of operation without, however, completely 
returning to the old way (e.g. Zancajo et al., 2022). Indeed, studies have shown that 
COVID-19 changed higher education students’ learning strategies to a more 
continuous habit, improving their efficiency (Gonzalez et al., 2020; Martin et al., 
2023). The pandemic accelerated the digitalization of education significantly, which 
led to a decline in student well-being (Holzer et al., 2021; Schmits et al., 2021). This 
decrease led higher education institutions to invest into student well-being more 
heavily than before (Sarasjärvi et al., 2022; Van de Velde et al., 2021). Within an era 
of transformation, this shift in the learning paradigm necessitates research-based 
knowledge to understand students' experiences thoroughly, which is essential to 
implement meaningful, learner-centered education. There is a need for studies 
investigating students' resilience, changes in learning requirements, and abilities and 
regulation during COVID-19 and in post-pandemic era (Holzer et al., 2021; Müller 
et al., 2021). 
 
The digital transformation has opened new avenues to examine learning processes 
and student's experiences through learning analytics, which refers to the collection, 
analysis, and reporting of educational data on learners and their environments to 
better understand and optimize learning (Long & Siemens, 2011). For example, data 
from student’s learning paths can be used to explore study experiences during 
learning processes (Ifenthaler  et al., 2017; Heilala et al., 2020). In recent years, 
learning analytics has attracted significant interest in the field of higher education, as 
it is expected to contribute to the development of high-quality, learner-centered 
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education (Axelsen et al., 2020; Nunn et al., 2016; Oliva-Cordova, 2021) by 
informing decisions related to learning processes through insights into learners’ 
behaviors and preferences (Jayashanka et al., 2019). However, to assess study 
experiences and their changes in higher education, relevant data must be collected 
and analyzed, for example, by gathering information on students’ experiences 
through self-assessments (Aksovaara et al., 2024). 
  
Study experience is an important indicator of a successful learning process, with a 
positive correlation with both academic achievement and learning outcomes (Elliott 
& Shin, 2002; Goh et al., 2017; Heilala et al., 2020). Study experience in higher 
education results from many factors, including individual traits (e.g., self-efficacy, 
competence beliefs, and motivation), relational aspects (e.g., interactions with peers 
and instructors), and participatory perspectives (e.g., opportunities to influence and 
personalize learning processes) (Goh et al., 2017; Jääskelä et al., 2021).  Self-efficacy 
refers to individuals’ beliefs in their own abilities to succeed in specific tasks or 
activities (Bandura, 1993) and has emerged as an important construct in research 
over the last 30 years. Self-efficacy is known to play a predictive and mediating role 
in relation to students’ achievements, motivation, and learning (Parpala & Lindblom-
Ylänne, 2012). Self-efficacy significantly impacts on students learning outcomes by 
increasing the ambitions in goal setting and positively affecting self-regulation of 
learning and study performance (e.g., Coutinho & Neuman, 2008; Kryshko et al., 
202; Papinczak et al., 2008; Pintrich, 2003; Prat‐Sala & Redford, 2010, 2). 
 
In this study, we applied explorative learning analytics to gain understanding of 
higher education students' experiences.  We analyzed data on students’ self-efficacy 
beliefs and teamwork experiences. Data was collected from two identical 
implementations at the very beginning of the COVID-19 pandemic in fall 2020 and 
after educational practices had stabilized to their post-pandemic form in 2023.  We 
consider the following research questions: 
 

RQ1 How has the COVID-19 era affected higher education students' self-
efficacy?  

RQ2 How does self-efficacy relate to higher education students’ self-assessed 
contributions on teamwork? 
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2 Methods and analysis  
 
The research context was a two ECTS blended learning course, which is a mandatory 
course for first- and second-year undergraduates studying at a university of applied 
sciences (UAS). Our focus is on the collaborative phase (Phase 2; see Figure 1). This 
phase occurs between two asynchronous, online learning phases (Phases 1 and 3) of 
the course. The study was approved by the research review board of the UAS 
institution under study. 

 

Figure 1: Course structure 
Source: Own 

 
2.1 Data collection and participants 
 
Data collection was carried out across two identical implementations of the course. 
The structurally identical collaborative processes guiding self-directed teamwork and 
studying were built on the Moodle platform in both implementations and they 
included identical learning tasks and reflections. The first course implementation (A) 
took place in fall 2020 at the beginning of the COVID-19 pandemic, and the second 
(B) in 2023 after the pandemic had subsided. Participants (N = 654) represented a 
diverse range of educational fields, and the gender distribution among the 654 
participants was nearly even, with males constituting 55% (194) and females 45% 
(159) implementation A. Implementation B maintained a similar balance, with males 
at 54% (162) and females at 46% (137). The collection of research data was 
seamlessly integrated into the course workflow in Moodle. During the learning tasks, 
the students reflected on their own actions within a team, four times during the 
collaborative working week, at the end of each day (see Figure 1). This enabled 
understanding of the daily variations of students’ experiences. In addition, the 
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students’ evaluated their self-efficacy beliefs as part of the learning task within Phase 
3 (see Figure 1).  
 
2.2 Measures  
 
The self-efficacy scale by Parpala & Lindblom-Ylänne (2012) is an effective 
instrument for measuring self-efficacy in higher education, whose reliability and 
validity have been tested. The scale consists of five statements (see Table 1), where 
the agreement level is measured using a five-point Likert scale (1=Fully disagree, 
2=Somewhat disagree, 3=Neutral, 4=Somewhat agree and 5=Fully agree). Based on 
students' responses to these five statements, the mean variable for self-efficacy 
beliefs (SES) was calculated (Cronbach’s alpha .893). The SES scores derived from 
this calculation represent the students' overall self-efficacy beliefs, with higher scores 
denoting stronger convictions in their academic abilities. 
 

Table 1: The statements of self-efficacy beliefs and Cronbach's alpha values 
 

Statements of self-efficacy beliefs  Cronbach's 
Alpha 

I expect to be successful in my studies. .863 

I am confident that I can understand even the most difficult things 
related to my studies. .875 

I am sure that I can understand the basic concepts in my field. .880 
I believe I will succeed in my studies. .864 
I am sure I can learn the skills required for my field well. .863 

 
During daily learning tasks (R1-R4, see Figure 1), students reflected on their own 
activity and contributions within a team using two selected statements. An overall 
self-assessed mean variable (SAA) was calculated by combining the responses of the 
individual statements (SAA1 & SAA2) (see Table 2). 
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Table 2: Mean variables for self-assessed own activity 
 

Variable Statements reflecting activity and 
contributions Items Mean Std. 

Dev. 

SAA1 “I was an active team member.” 4 4.01 0.585 

SAA2 “My actions benefitted the team's work.” 4 4.30 0.544 

reSAA Overall self-assessed contribution to teamwork 
from SAA1 & SAA2 8 4.13 0.510 

 
3 Results 
 
As defined by Chatti et al. (2012), data mining, social network analysis, information 
visualization, and statistical techniques belong to the methodological landscape of 
learning analytics. Here, we confine ourselves to statistical methods, more precisely 
to comparisons and correlation analysis, where the tests were conducted using the 
IBM SPSS v. 28.0 in a pseudonymized form. 
 
Concerning RQ1, we start our investigation of the impact of the COVID-19 
pandemic on students' self-efficacy beliefs by comparing the SES profiles between 
implementations A and B (see Table 3). The starting point is that in both instances, 
SES was always rated high, above four on a one-to-five scale. 
 

Table 3: SES at the beginning of (A) and after (B) COVID-19 
 

SES N Mean Std. Dev. Mean Rank Sum of Ranks 
A 353 4.11 .618 278.84 98,432.00 
B 301 4.43 .562 384.56 115,753.00 

 
Initial analyses confirmed the non-normal distribution of SES data, as evidenced by 
the Shapiro-Wilk tests (statistic = .914, df = 654, p < .001). Consequently, Mann-
Whitney U test was used to assess the differences between the SES datasets in A and 
B. The results of this test were profound, showing a significant disparity in SES 
between A and B (U = 35951.000, Z = -7.187, p < .001), with the mean ranks 
indicating a higher SES in implementation B, as detailed in Table 5. This difference 
is not only statistically significant but also of medium to large practical importance 
(Cohen's d = .593), as depicted in Figure 2. 
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Figure 2: Boxplots of SES for instances A and B 
Source: Own 

 
In addressing RQ2, a correlation analysis was conducted. Self-efficacy SES and self-
assessed own contribution SAA both demonstrate relatively even distributions 
around their means of 4.2560 (SD = 0.61277) and 4.1270 (SD = 0.50993). Initial 
analyses confirmed the non-normal distribution of both SES and SAA. 
Consequently, the nonparametric Spearman's rho was used in the correlation 
analysis, revealing a moderate positive relationship between SES and SAA (ρ = .444, 
p < .001, two-tailed). It can be concluded that there is an association between SES 
and SAA, such that higher self-efficacy indicates higher self-assessed contribution. 
Nonetheless, the correlation is not so significant that the value of one variable could 
be predicted by the other.   
 
When comparing early and post-pandemic measures separately, the correlation 
between SES and SAA was consistently positive (A: ρ = .465, p < .001; B: ρ = .337, 
p < .001), though it decreased slightly post-pandemic. The same holds true for the 
individual aspects of the self-assessed contribution; namely, for the Spearman's rhos 
between SES and SAA1/SAA2 (SAA1 in A: ρ = .392, p < .001 and in B: ρ = .252, 
p < .001; SAA2 in A: ρ = .451, p < .001 and in B: ρ = .336, p < .001). Again, in both 
cases, the moderate correlation decreases slightly in the post-pandemic case. This 
means that factors other than self-efficacy, whose level was found to be very high in 
case B, explain more of the variability of the self-assessed contribution. To this end, 
interesting negative correlations between the second statement (SAA2 “My actions 
benefitted the team's work.”) and its standard deviation (SAA2_SD) were found: in 
A: ρ = -.398, p < .001 and in B: ρ = -.384, p < .001. This means that lower variability 
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of the self-assessed benefit was associated with the higher overall level. Again, this 
association was slightly stronger at the beginning of the COVID-19 period than in 
2023. 
 
4 Discussion and conclusions 
 
In this study, learning analytics provided a data-driven exploration to understand the 
study experiences (see e.g. Heilala et al., 2020; Jääskelä et al., 2021; Silvola et al., 
2021). The data collection was integrated into students’ daily reflections of their own 
activity and contributions within a team enabling daily based tracking of their 
experiences. This data-driven approach provides opportunities for more learner-
centered teaching and learning design (Cohen, 2018; Neelen & Kirschner, 2020), by 
enriching our understanding of students' varying experiences during collaborative, 
blended learning processes. Increasingly, learning analytics are being utilized to 
enable personalized learning and improve learning experiences with cost effective 
manners (Wong et al., 2023). Integrating data collection into the reflection process 
additionally supports the student's workflow and it has been shown how continuous 
reflection enables maintaining the student’s activity, which is on the other hand 
known to improve the learning curve (Millar et al., 2021). Enabling the seamless 
integration and tailoring of analytics to students' varying learning processes can be 
identified as an area for further development. 
 
The role of digitalization increased during COVID–19 and was a significant catalyst 
for changes that have profoundly impacted educational environments, even 
triggering a paradigm shift in how teaching and learning are organized (Gaebel et al., 
2021; Holzer et al., 2021). The results of the present study offer insights into higher 
education students' self-efficacy at the beginning of and after the COVID-19 
pandemic and the relationship between self-efficacy beliefs and student’s reflections 
of their own activity and contributions within a team.  
 
Even if the level of self-efficacy was high in general, it was found that the post-
pandemic self-efficacy was significantly higher than it was at the beginning of the 
pandemic era. The results indicate that the COVID-19 era might have impacted on 
students' self-efficacy beliefs. Theories supporting this view may relate to the 
understanding that self-efficacy positively influences metacognitive learning 
strategies and academic performance (Hayat et al., 2020). It is known that the 
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pandemic brought significant changes to study routines, including remote learning 
which necessitated more independent studying. Our results may indicate that the 
increased role and amount of online learning during the COVID-19 period in 
general has built up their confidence in relation to self-regulated learning and 
engagement (Gonzalez et al., 2020; Martin et al., 2023; Mou, 2023). Students might 
have also developed new learning strategies to succeed (Holzer et al., 2021; Koh & 
Daniel, 2022). 
 
Our results also showed a moderate positive relationship between the students' self-
efficacy and their self-assessed own activity and contributions in teamwork, 
suggesting that student’s self-efficacy beliefs might offer an indicator of their abilities 
to contribute to team outcomes. This finding is in line with the results from studies 
on professional skills development through collaborative learning (including 
teamwork), where self-efficacy was the only significant predictor of the learning 
results (Yadav et al., 2021). Self-efficacy is strengthened through positive feedback 
and experiences of success (see Bandura 1997), which improves study experiences 
and the development of skills. The results are related to the students’ self-efficacy 
having a predictive and mediating role in relation to their achievements, motivation, 
and learning (see, e.g., Dinther et al., 2011). Therefore, it is necessary for higher 
education institutions to pay more attention to the development of students’ self-
efficacy when designing collaborative learning processes and offer support strategies 
for building student's self-confidence. Supporting self-efficacy could improve the 
quality of teamwork and vice versa. 
 
The COVID-19 pandemic and the era of digital transformation have prompted 
higher education institutions to develop peer learning solutions as student well-being 
has declined. Collaborative learning and studying in small groups are increasingly 
emphasized in both higher education and in workplace learning (Guo et al., 2020). 
However, collaborative learning is a complex, multidimensional phenomenon 
influenced by several factors. Therefore, it is beneficial to gain a deeper 
understanding of the interplay between the various student related elements 
affecting team dynamics and contributions. Future research should also continue to 
explore the effects of other psychological factors, e.g., motivation, on collaborative 
learning dynamics using larger datasets (see also Charalambous et al., 2021; Hannam 
University & Shin, 2018). Higher education institutions should pay more attention 
to creating curriculums that bolster students' well-being and academic success (van 
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Dinther et al., 2011). In this, the information produced by analytics about the student 
experience is a key constituent. 
 
It is crucial to connect learning analytics to the reflection process so that 
understanding the student experience is possible dynamically and during learning 
processes within its varying phases. Knowledge of this up-to-date experience would 
also enable the provision of up-to-date guidance and targeted support to the student. 
A more diverse and in-depth examination of the learning experience would benefit 
from large datasets, from which integrated learning analytics could be used to 
identify factors influencing students' experiences. 
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