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Abstract
The COVID-19 pandemic challenged universities to maintain teaching, leading to online classes becoming the standard 
teaching mode and accelerating digitalization. Learning from the influence of these developments on students’ technol-
ogy commitment may hold valuable information for various stakeholders. The present study investigated the develop-
ment of three facets of technology commitment in higher education during the first two semesters under the COVID-19 
pandemic: technology acceptance, technology competence belief, and technology control belief. The sample consisted 
of N = 132 graduate students at one German university who filled out questionnaires at two measurement points in two 
waves. The change in all three facets of technology commitment over time was examined with latent change models. 
There was a significant increase in technology competence belief. This change was stronger for students in the second 
COVID-19 semester than those in the first COVID-19 semester. Participants’ age, sex, and the number of webinars attended 
during the semester of data collection had no significant effect on the change in the three facets of technology com-
mitment. Overall, the present study provides new insights into the development of technology commitment during the 
COVID-19 pandemic, proposes an explanatory approach for the change in technology commitment, and emphasizes the 
relevance of direct experience with technology in the development of technology competence belief at different skill 
levels. The results indicate that students can increase their level of technology competence belief, by engaging directly 
with new technology.

Keywords  COVID-19 · Digital teaching · Experiential learning theory · Online courses · Technology commitment · 
Technology competence belief

1  Introduction

In December 2019, COVID-19 emerged and paralyzed the world for an unknown while. The obvious impact of the 
pandemic triggered a need for location-independent workplaces and worked as an accelerator of the (involuntary) 
digitalization. Gärtner et al. [1] pointed out that the COVID-19 pandemic led to difficulties in university life and teaching 
operations due to the sudden change in context factors and low experience with digital education. Combined with Yüce’s 
studies [2–4], it becomes clear that various nations are struggling with the same problems and that experiencing oneself 
dealing effectively with technology is an essential task of contemporary times. Distance teaching in higher education 
went from a less popular option to the means of choice. Coincidently, it opened an exceptional chance to study how 
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social interaction within online classes in the form of web conferences, the most applied digital form of teaching [5], 
shaped the technology commitment of a broad user spectrum. In this exceptional situation, the majority of students at 
German universities were facing a largely new technology by participating in webinars instead of face-to-face teaching. 
These exceptional circumstances made it possible to investigate students’ development of technology commitment in a 
phase of an unprecedented digitalization push. Given the importance of investigating technology commitment during 
COVID-19, it is not surprising that other authors have already focused on this topic [6, 7]. However, the previous studies 
have produced contradictory findings. While Berling et al. [6] found an increase in technology competence belief during 
the COVID-19 pandemic, Rogge et al. [7] found increases in the facets of technology acceptance and technology control 
belief, but not for technology competence belief.

Based on these contradictory findings, the present study aimed to generate further evidence concerning change in 
technology commitment during COVID-19. More specifically, it examined change in technology commitment in higher 
education students during the first and second semesters of the COVID-19 pandemic. To this end, the three facets of 
technology commitment were measured according to Neyer et al.’s [8] technology commitment model at the beginning 
and the end of online classes. Hypotheses about changes in the facets of technology commitment were derived based on 
theoretical deliberations with a particular focus on experiential learning processes, as postulated in experiential learning 
theory [9, 10], as well as empirical findings on change in technology commitment during COVID-19 [6, 7].

A change in technology commitment during the COVID-19 pandemic would be of great interest to various interest 
groups, such as students, lecturers, and curriculum managers. First and foremost, students could benefit from improving 
their technology commitment, as this may also improve their learning experiences. They could be more empowered 
to use digital tools and resources, leading to a richer and more interactive learning environment for students [11]. At 
the same time, a change in students’ willingness to use technology would be important for lecturers. Teachers could 
use appropriate technological tools profitably depending on the students’ technology commitment [12]. Curriculum 
managers could use the results to optimize and further develop their degree programs with regard to comprehensible 
technology interaction, ensuring that students have acquired the necessary technology skills at various points in their 
studies [12].

2 � Theoretical background

2.1 � Technology commitment

Neyer et al.’s [8] model of technology commitment is based on Davis’ [13–15] technology acceptance model, which 
explains technology use by technology acceptance, as well as more recent developments in personality psychology 
that consider individual differences in technology-related beliefs. The technology acceptance model is a variation of the 
theory of reasoned action [16, 17] but does not implement personality factors like competence and control belief, which 
are considered in more recent developments of the theory of reasoned action [18]. One attempt to close this research 
gap was made by Arning and Ziefle [19], who studied users’ attitudes toward technology and their performance and 
considered personality characteristics as moderators. More recently, Neyer et al. [8] criticized the technology acceptance 
model for missing personality traits and proposed an integrative model of technology commitment that consists of three 
facets: technology acceptance, technology competence belief, and technology control belief.

Technology acceptance represents an individual’s subjective opinion about technology and technology change. It 
refers to individuals’ personal relationship with technology rather than their perceived importance of technological 
innovation for society. During the COVID-19 pandemic, the technology of internet-based videoconferences in terms of 
online classes allowed to maintain teaching at universities. The experience of being able to take part in online classes, in 
contrast to the alternative of not taking part and being slowed and inhibited in one’s own university career, should have 
led to an increased acceptance of online classes and their advancements at this time.

Technology competence belief is defined as the expectation to be able and proficient to act in interactions with technol-
ogy. It can be considered a self-concept that is based on individual experiences with technology and the expected ability 
to adapt the existing experience to new technology and use it self-effectively. During the COVID-19 semesters, many 
students had the experience of using online classes successfully. This experience could have led to the self-perception 
to act competent with new technologies.

Technology control belief relates to individuals’ expectations concerning the results of their technology-related actions. 
It reflects the extent to which individuals perceive technology as controllable. With increasing experience with online 
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conferences, the own dealing with this technology is likely to become more confident. With an increased use of a tech-
nology, one will encounter similar problems, which one can handle more easily with increased experience. As a result of 
the experience of satisfactorily handling problems with web conferences, one could develop the perception to be able 
to control this concrete technology to some degree.

Technology commitment was considered in the context of various studies and from different perspectives, which 
emphasizes the importance of the construct. For example, Wicki et al. showed in their study on the user behavior of 
autonomous vehicles that technology commitment significantly influences the choice of whether to use an autono-
mous vehicle [20]. Furthermore, Kretschmer and Terhaen evaluated a virtual reality-based training course from the field 
of intralogistics and examined, among other things, technology commitment in terms of usability, user experience, 
mental workload, and intrinsic motivation. Their study found a significant negative correlation between the facets of 
technology acceptance and mental workload [21]. In addition to the contexts of automated transport and work-related 
virtual training, the importance of technology commitment has also been examined in health- and education-related 
studies. For example, in a study by Voderholzer et al. on whether technology commitment affects the therapy results of 
videoconference-based cognitive behavioral therapy, it was found that neither technology commitment nor a sustainable 
working alliance affected therapy success [22]. Ratz et al. investigated the influence of technology commitment on the 
identification of health-related lifestyles related to dropouts from web-based intervention studies on physical activity 
in older age. They found that although latent lifestyle profiles were associated with dropout, they were independent of 
technology commitment [23].

In education, a study by Reich-Stieber and Eyssel on attitudes toward educational robots showed that technology 
commitment is a significant predictor of attitudes toward educational robots [24]. Furthermore, some exploratory stud-
ies have examined technology commitment during COVID-19. In one study, which mainly focused on the relationships 
between mobile work and work ability, Berling et al. [6] measured technology competence at two measurement points 
before and after the outbreak of the pandemic in a sample of employees in Germany. They found a significant increase 
in technology competence across time, suggesting that the pandemic may have led to an increase in this technology 
commitment facet.

In contrast to Berling et al. [6], Rogge et al. [7] examined the development in all three facets of technology commit-
ment after the beginning of the pandemic. Specifically, they measured technology commitment at three measurement 
points (T1, T2, T3) with three cohorts of teacher trainees studying in a bachelor’s program at a German university at the 
beginning (T1) and the end of the lecture period (T2) and at the end of the semester (T3) in the first three semesters 
under COVID-19. They found an increase in technology acceptance in the summer semester of 2021 as well as increases 
in technology control belief in the summer semester of 2020 and the winter semester of 2020/21. Interestingly, technol-
ogy competence belief showed no significant change in any semester under COVID-19 in their study.

2.2 � Experiential learning theory

Experiential learning theory [9, 10] describes the process of learning through experience as well as adult development 
and offers a theoretical framework for experience-led education. To corroborate hypotheses about change in the facets 
of technology commitment, the focus in this section is on the core concept of the experiential learning theory: the 
learning cycle.

The learning cycle depicts a framework of learning that gains its dynamic through the two dual processes of action 
versus reflection and experience versus abstraction. All four modes of the learning cycle are understood as experiences, 
gathering experience through Concrete Experience (CE) and Abstract Conceptualization (AC), and transforming experience 
through Reflective Observation (RO) and Active Experimentation (AE). Integrating these patterns moves the learning cycle, 
in which a CE provides the basis for RO, which is transformed into an AC that is validated through AE.

For example, consider a student who struggles with an online class platform because she cannot hear and speak with 
the other students (CE). The student processes this experience and concludes she does not use the platform correctly. 
To investigate possible errors in her operation of the platform, she observes other students who also use the platform 
and compares her settings with those of her classmates (RO). Subsequently, she develops ideas about why she has 
experienced technical malfunctions (AC). After that, she tries several settings on the platform and enters the next online 
course with modified settings (AE). Consequently, she can participate actively and interact with others during the online 
class and has a much better experience (CE). In sum, she understands that it is productive to consider setting options to 
be able to participate in online classes adequately and satisfactorily.
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Real-world examples like this illustrate that experiential learning theory, especially the concept of the learning cycle, 
applies to human–computer interaction and can explain technical learning with the relevant technology by experiences. 
Furthermore, it is likely that the described learning experiences contribute to an increase in technology commitment 
to the technology used.

3 � The present study

The present study examined change in the three technology commitment facets—technology acceptance, technol-
ogy competence belief, and technology control belief—in a sample of university students studying in the Master of 
Education during the first two semesters of the COVID-19 pandemic. A longitudinal study, including two waves (first 
and second COVID-19 semester) was conducted, with two measurement points each at the beginning and end of the 
respective semester (T1 and T2). An increase in all facets from T1 to T2 was hypothesized. Moreover, it was tested in an 
exploratory manner whether change in the various facets depended on survey wave, number of webinars attended in 
the respective semester, age, or sex.

Considering the theoretical deliberations above, as well as the fact that an increase in each facet of technology com-
mitment during COVID-19 has been found in at least one empirical study [9, 10], it was assumed to find increases in all 
three facets of technology commitment. Specifically, an increase in technology acceptance was anticipated for theoretical 
reasons as new digital technologies made it possible to keep teaching during the COVID-19 pandemic. This experience 
should have led to an increasing acceptance of technology and technological advances among students. Regarding 
technology competence belief, an increase was expected, as students should have had the experience of being able to 
successfully operate web conferences during the COVID-19 pandemic. As a result of increasing experiences with web 
conferencing, according to experiential learning theory, there should be an increase in competence in using this digital 
technology, which should be reflected in higher technology competence belief. With regard to technology control belief, 
an increase was expected because, with increasing experience with web conferencing, one should become more and 
more confident in dealing with it. Moreover, after frequent use of a web conference, one may encounter similar problems, 
which one can increasingly solve with increasing experience. As a result of this knowledge and experience of being able 
to solve problems in dealing with web conferencing, there is likely an increasing impression of being able to control 
technology (in this case, the specific technology of web conferencing) to a certain extent.

4 � Method

4.1 � Context of the study

The study took place at the beginning of the COVID-19 pandemic in the context of a research project that aimed to 
examine the impact of the pandemic on the student body and university operations. Due to the contact restrictions at 
the time of the project administration, many universities had switched their face-to-face teaching to online teaching, 
which went hand in hand with implementing new digital technologies, such as video conferencing. The fact that Ger-
man students did not have sufficient digital competence before the pandemic [25] made an investigation of develop-
ment in technology commitment in the context of the pandemic particularly interesting. In the present study, students 
were confronted with a new teaching mode using webinars as a substitute for face-to-face teaching in teacher training 
programs, which was not feasible during the COVID-19 pandemic. The data was collected within seminars in which the 
lecturers sent the students links to online surveys, which the students completed during the seminars.

4.2 � Research design

The present quantitative field study used a longitudinal design with two measurement points, T1 at the start and T2 at 
the end of the semester, in two waves (summer semester of 2020 and winter semester of 2020/2021). At each measure-
ment point, participants were asked to fill out questionnaires on the construct of technology commitment, including 
the facets of technology acceptance, technology competence belief, and technology control belief.

This longitudinal approach allowed the same variables to be observed over a longer period to examine changes 
and developments in technology commitment. Thus, with regard to the research question of the present study, the 
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longitudinal approach had the central advantage that changes in technology commitment during the COVID-19 pan-
demic could be examined. Moreover, this design allowed to test for possible differences in change in technology com-
mitment during the first and second semesters under COVID-19.

4.3 � Sample

The sample consisted of 132 students (65.15% female) with an average age of M = 25.2 years (SD = 5.07). All participants 
were teacher trainees in the Master of Education and attended an online class in educational psychology at one German 
university during the first year of the COVID-19 pandemic. Participants attended, on average, the ninth semester of their 
teacher training (M = 9.08, SD = 2.77). All participants studied several subjects, of which 80% studied a language, 73% 
studied social sciences, 27% natural sciences, and 20% studied art or sport. During online teaching, lecturers and students 
were at home on their devices. On average, participants attended M = 4.86 online classes (SD = 3.94) in the semester of 
data collection. A power analysis showed that this sample would have allowed us to detect effects of d = 0.3 with a power 
of 0.93 at an alpha level of 0.05 in paired-sample t-tests (two-sided). Although the hypotheses were tested using more 
sophisticated analyses (see Data Analyses section), this power analysis indicated that this study had sufficient power.

4.4 � Procedure

The data was collected during the summer semester of 2020 (first wave) and the winter semester of 2020/2021 (second 
wave). Thus, the survey period covered nearly the whole first year of the COVID-19 pandemic. Data collection took place 
in 13 online courses on educational psychology. Data at T1 were collected in the week following the first session; data at 
T2 in the week following the last session of each course. Data were collected using online questionnaires in LimeSurvey 
[26]. Every participant was assigned an individual identification number to ensure complete anonymity and to link the 
individual data derived from the two measurement points. The questionnaire was part of a larger survey for quality 
management of digital education due to the COVID-19 pandemic. Participants rated their technology commitment at 
both measurement points. At T1, they also provided demographic information. At T2, they indicated how many webinars 
they had attended in the current semester. Completing each questionnaire lasted around 15 min.

In order to meet the ethical requirements, the participants were informed in the seminar about the objectives and 
course of the study, as well as about the rights of the participants and the voluntary nature of participation in the study. 
This information also appeared in written form at the beginning of the online survey. Subsequently, the participants 
were presented with a consent form, which they had to agree to in order to take part in the study. With their consent, 
they agreed to the collection, processing, and storage of their data as well as the transmission of the data as part of the 
study. Rejecting the declaration of consent had no disadvantages or other consequences for the participants.

4.5 � Measures

4.5.1 � Technology commitment

The three facets of technology commitment were measured with the 12-item technology commitment scale [8]. This 
scale consists of four items to measure technology acceptance (e.g., “With regards to new technical developments, I 
am very curious”), technology competence belief (e.g., “For me, dealing with technical innovations is usually too much 
of a challenge”), and technology control belief (e.g., “It’s on me, if I’m successful with the usage of recent technological 
developments—it has little to do with chance or luck”). Participants rated all items at each measurement time point on 
a 7-point Likert scale, ranging from 1 = does not apply at all to 7 = fully applies. The negatively formulated items (those 
measuring technology competence belief ) were reverse-recoded. Cronbach’s α for all constructs at T1 and T2 ranged 
from 0.85 to 0.89. Technology commitment has also already proven to be reliable in previous studies, with Cronbach’s α 
ranging from 0.71 to 0.89 for all facets [10, 24, 27].

Support for the scale’s validity was provided by Neyer et al. [8] in three studies with different samples. The authors 
examined the scale’s construct validity by deriving hypotheses about the correlations between the technology commit-
ment scale and demographic variables, personality traits, intelligence, indicators of successful aging, and other scales 
for technology evaluation and experience based on previous studies. The results of the present study were compared 
with those of Neyer et al.’s studies [8]. For example, based on the available findings, Neyer et al. expected gender-specific 
differences in the sense of higher levels of technology commitment facets for men and were able to show this, which 
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could be replicated in the present study. Moreover, Neyer et al. assessed convergent, discriminant, and incremental valid-
ity based on their correlations with related scales on technology use and technology experience. Criterion validity was 
measured by whether technology commitment can predict current technology use and technology biography. Factorial 
validity was examined across the entire sample.

4.5.2 � Control variables

As control variables, participants’ age, sex, and the number of webinars in which they had participated in the semester 
of data collection were considered. In addition, it was considered whether the data came from the first or second wave.

4.6 � Data analyses

The analyses were conducted in Mplus 8.3 [28]. For model estimation, the implemented robust maximum likelihood esti-
mator (MLR) was used. This estimator has the advantage of using standard errors and goodness-of-fit statistics to correct 
for possible non-normality [29]. Technology acceptance, technology competence belief, and technology control belief 
were specified as latent variables to account for measurement error at the indicator level. Effect coding was used to scale 
the latent variables to maintain the original metric [30]. As depicted in Table 1, scalar measurement invariance for all three 
facets of technology commitment was confirmed and specified to ensure comparability of the latent variables over time 
[31]. Although the Δχ2-test became significant in the model comparison for technology control belief, scalar measure-
ment invariance was assumed, considering the small changes in the comparative fit index (CFI) below 0.01 and in the 
root mean square error of approximation (RMSEA) below 0.015 [32, 33]. To account for any residual effects that could not 
be attributed to the latent constructs, correlations between the same indicator variables across time were allowed [34].

Three univariate latent change score models were computed to estimate change in technology acceptance, technol-
ogy competence belief, and technology control belief over time [35, 36]. By way of illustration, Fig. 1 shows the model 
used to examine change in technology competence belief. In each model, the score at T2 was decomposed into the 
score at T1 and the difference between T2 and T1. To this end, the path coefficient was fixed from the facet at T1, and the 
change score to the facet at T2 to 1. The intercept of the facet at T1 and the change score were freely estimated, whereas 
the intercept of the facets at T2, as well as the residual variance of the facet at T2 was set to 0. The facet at T1 and the 
change score were allowed to correlate. Furthermore, the change score and facet at T1 were regressed on participants’ 
age, sex (0 = male, 1 = female), number of online courses attended, and the wave in which the data collection took place 
(0 = summer semester 2020, 1 = winter semester 2020/21) to examine whether these variables were related to the initial 
scores or changes in the facets.

Some participants did not fill out the questionnaire either at T1 (n = 12) or T2 (n = 55). To deal with these missing val-
ues, the full information maximum likelihood (FIML) procedure implemented in Mplus was used. Under the missing at 
random assumption (MAR), this model-based procedure to deal with missing data is unbiased and maintains the given 

Table 1   Tests of measurement 
invariance

N = 132

χ2 df p CFI RMSEA ∆χ2 ∆df ∆p ∆CFI ∆RMSEA

Technology acceptance
 Configural invariance 46.86 19 0.000 0.953 0.086
 Metric invariance 50.42 22 0.001 0.946 0.085 3.56 3 0.18 − 0.007 − 0.001
 Scalar invariance 51.39 24 0.001 0.950 0.078 0.97 2 0.68 0.004 − 0.007

Technology competence belief
 Configural invariance 47.66 19 0.000 0.957 0.069
 Metric invariance 50.32 22 0.001 0.960 0.063 2.66 3 0.57 0.003 − 0.006
 Scalar invariance 50.66 24 0.001 0.966 0.055 0.34 2 0.89 0.006 − 0.008

Technology control belief
 Configural invariance 8.40 19 0.982 1.000 0.000
 Metric invariance 12.25 22 0.952 1.000 0.000 3.85 3 0.14 0.000 0.000
 Scalar invariance 20.79 24 0.651 1.000 0.000 8.54 2 0.04 0.000 0.000
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statistical power. Since no observations are deleted using FIML, it is considered a superior procedure of data manage-
ment in comparison to traditional methods like listwise deletion [37].

The model fit was evaluated by referring to the common χ2-statistic as well as the CFI and RMSEA. To interpret the 
estimated model as a sufficient fit to the data, CFI values should not be lower than 0.9, and RMSEA values should not be 
larger than 0.08 [38].

5 � Results

5.1 � Preliminary analyses

As can be seen in Table 2, there were very strong positive correlations between technology acceptance at T1 and T2, as 
well as between technology control belief at T1 and T2. In contrast, the correlation between technology control belief at 
T1 and T2 was only moderately to strongly positive. The correlations between the different facets of technology commit-
ment were moderately to strongly positive, except for the nonsignificant correlation between technology competence 
belief and technology control belief at T2.

5.2 � Change score models

Table 3 presents the results of the latent change score models analyzing the changes in the three facets of technology 
commitment. As shown in Table 3, the fit of all three models was good (all RMSEA ≤ 0.05, all CFI ≥ 0.96).

5.2.1 � Change in technology commitment

In contrast to Hypotheses 1 and 3, the change scores of technology acceptance and technology control belief were 
nonsignificant (both ΔM ≤ 0.13, p ≥ 0.23), indicating a high stability of these facets across time. However, consistent with 
Hypothesis 2, the change score of technology competence belief was significantly positive (ΔM = 0.30, p < 0.001, d = 0.73), 
indicating a moderate increase in this facet (see also Fig. 2).

5.2.2 � Variance of the difference scores

The variances of the difference change scores varied over a wide range. While the variances of the change scores of 
technology acceptance and technology control belief were significant (0.53 ≤ s2 ≤ 1.18, p ≤ 0.001), the variance of the 
difference score of technology competence belief was not (s2 = 0.06, p = 0.35).

Fig. 1   Latent change score 
model to examine change 
in technology competence 
belief. The latent change score 
models for technology accept-
ance and technology control 
belief are equivalent to the 
depicted model
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5.2.3 � Correlations between initial levels and change scores

Correlations between the initial levels and change scores within the facets were moderately negative 
(− 0.56 ≤ r ≤ − 0.30), implying that participants with lower initial levels in a facet showed a stronger increase (or a 
weaker decrease) than participants with higher initial levels. However, the correlation between initial levels and 
change scores were only significant for technology acceptance and technology control belief (p ≤ 0.02), whereas it 
was not significant for technology competence belief (p = 0.07).

Table 3   Results of the latent 
change score models

N = 132

Technology acceptance Technology competence 
belief

Technology control 
belief

T1 Δ T1 Δ T1 Δ

M 4.17 0.13 5.66 0.30 5.18 0.03
S.E 0.12 0.11 0.11 0.07 0.10 0.14
p 0.000 0.228 0.000 0.000 0.000 0.851
d 0.02 0.73 0.13
s2 1.56 0.53 1.24 0.06 1.05 1.18
S.E 0.21 0.18 0.17 0.07 0.13 0.27
p 0.000 0.003 0.000 0.354 0.000 0.000
rT1, Δ − 0.30 − 0.48 − 0.56
S.E 0.13 0.27 0.11
p 0.017 0.072 0.000
Predictors
Wave (0 = summer semester 2020, 1 = winter semester 2020/21)
 b − 0.14 0.31 − 0.05 0.35 0.08 − 0.15
 S.E 0.24 0.24 0.20 0.15 0.19 0.35
 p 0.561 0.199 0.804 0.017 0.665 0.664
 β − 0.05 0.21 − 0.02 0.68 0.04 − 0.07

Webinars
 b − 0.04 − 0.06 − 0.09 − 0.01 − 0.08 0.09
 S.E 0.06 0.04 0.05 0.03 0.04 0.05
 p 0.470 0.126 0.080 0.849 0.064 0.082
 β − 0.09 − 0.02 − 0.21 − 0.05 − 0.20 0.21

Age
 b − 0.01 0.01 0.02 − 0.00 − 0.01 0.03
 S.E 0.03 0.02 0.02 0.01 0.03 0.04
 p 0.832 0.462 0.157 0.927 0.683 0.405
 β − 0.03 0.10 0.10 − 0.01 − 0.06 0.16

Sex (0 = male, 1 = female)
 b − 0.66 − 0.14 − 0.60 0.15 − 0.97 0.14
 S.E 0.24 0.25 0.23 0.12 0.20 0.27
 p 0.006 0.582 0.009 0.202 0.000 0.082
 β − 0.24 − 0.09 − 0.24 0.27 − 0.43 0.06

Fit Indices
 χ2(48) 56.749 63.438 52.468
 RMSEA 0.037 0.049 0.027
 CFI 0.981 0.964 0.987
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5.2.4 � Control variables

Participants’ age, sex, and number of webinars attended showed no significant effect on any change score. However, 
the wave of data collection had a positive effect on change in technology competence belief (b = 0.35, p = 0.02, β = 0.68), 
indicating a stronger increase in the second wave. In addition, the control variables showed no effect on the initial scores, 
with the exception of sex, which showed significant negative effects on the initial levels of all three technology commit-
ment facets, indicating higher technology commitment for males compared to females.

6 � Discussion

The aim of this study was to investigate changes in technology commitment among university students confronted with 
a new learning context during the COVID-19 pandemic. Based on experiential learning theory as well as the theoretical 
deliberations and empirical findings presented in the theoretical sections, it was expected to find an increase in all three 
facets of technology commitment: technology acceptance, technology competence belief, and technology control belief. 
In the following sections, the study’s main findings will be discussed, as well as its strengths and limitations.

6.1 � Increase in technology competence belief

The results of this study showed that technology competence belief increased over the period of one semester. This 
observed change suggests that increasing experience with technologies during COVID-19 may have affected students’ 
self-perceived competence in dealing with technologies. In terms of experiential learning theory [9, 10], it may be that 
students’ competence belief enhanced as a consequence of increasing experience with webinars and other digital tech-
nologies used during the pandemic, in that students moved permanently “along the learning circle” while gaining and 
transforming experience with new technologies. Thus, students may not only have learned how to use new technolo-
gies but may also have perceived this increase in competence. However, since the number of webinars attended had no 
significant impact on students’ change in technology competence belief, students’ participation in online courses likely 
was, at best, partly responsible for their increase in technology competence. This is also true given that the increase was 
stronger in the second COVID-19 semester, where students had already prior experience with online teaching.

It is noteworthy that, despite the significant change in mean technology competence belief across time, the very 
strong correlation between technology competence belief at T1 and T2 of r = 0.96 indicates an extremely high stability 
of this technology commitment facet (which was also higher than that of the other two facets examined). In line with 
this, the variance of the change score of technology competence belief also indicated no significant interindividual 
differences. Thus, students seemed to have benefited to a similar extent from the changes during COVID-19 in terms of 
gains in technology competence belief.

Fig. 2   Change in the three 
facets of technology commit-
ment. N = 132



Vol.:(0123456789)

Discover Education           (2024) 3:149  | https://doi.org/10.1007/s44217-024-00240-5	 Research

The present results contrast to Rogge et al. [7], who also investigated the facets of technology commitment during 
COVID-19 and found no significant increase in technology competence belief. However, it can be stated that Rogge et al.’s 
difference scores of the individual semesters also show a trend towards a slight increase in technology competence belief. 
The difference in the significance level may be due to sampling. While Rogge et al. [7] surveyed Bachelor’s students in 
their study, only Master’s students were surveyed in this study. On the one hand, Master’s students have a higher level 
of academic experience, enabling them to acquire knowledge and skills more effectively [e.g., 39]. In addition, the ability 
to adapt increases with the years studied [e.g., 40], which may translate to Master’s students being better able to adapt 
to new academic challenges. Thus, they may also be able to build up technology competence belief more quickly than 
Bachelor’s students, which were the sample in Rogge et al.’s study [7]. In contrast, Bachelor’s students are more likely to 
struggle to adapt to academic challenges in a university context [41], which might also apply when facing a new tech-
nology such as online webinars. On the other hand, it is not clear in the study by Rogge et al. [7] whether the students 
surveyed took part in courses at all, whereas lecturers surveyed all participants in the present study during ongoing 
seminars. Furthermore, Rogge et al. [7] collected data at three measurement points in their longitudinal study but only 
reported results and changes in the data from the first to the second measurement point. This raises the question of the 
extent to which the results would change if the data from the third measurement point were also considered.

Students’ digital competence is a critical factor for digital education, which was weak before COVID-19, especially in 
Germany. For example, in his study on digital media competencies of German students and their academic and career 
success, Senkbeil [25] showed that 20% of German first-year university students did not have a sufficient level of digital 
competence to start studying and that 53% of students in the 6th semester did not have a sufficient digital competence 
relating to the expected digital competence for their study phase. Considering the results of the present study from this 
point of view, it is to be expected, despite all tragedy, that the circumstances of the COVID-19 pandemic led to a benefit 
for the student population, at least with regard to their technology competence belief. This conclusion is further sup-
ported by the results of Berling et al. [6], who considered the relation between mobile work and work ability under the 
COVID-19 pandemic conditions and also found an increase in technology competence belief after the beginning of the 
pandemic.

6.2 � No change in technology acceptance and technology control belief

Technology acceptance did not change during the first two semesters of the COVID-19 pandemic in the sample exam-
ined in this study. An explanation of this finding could be that implementation difficulties accompanied the switch to 
digital teaching at university on the side of the students, universities, and educators. Furthermore, it can be assumed 
that students desired face-to-face teaching during the COVID-19 pandemic, which inhibited an increase in technology 
acceptance. Considering Davis’ [13–15] technology acceptance model, according to which technology acceptance is 
predicted by the usefulness and ease of use of a particular technology, online teaching could not have outperformed 
face-to-face teaching, which is why no change in technology acceptance was found.

Participants’ technology control beliefs also did not change throughout the considered period. One possible expla-
nation for this finding is that the technology used by all participants in this study (i.e., web conferences) is not always 
controllable. For example, factors on the technology side, such as an unstable internet connection, slow computer speed, 
or an outdated device, can lead to malfunctions and, as a result, decreased technology control perceptions. Further-
more, the nonsignificant change in technology control belief may have been due to experiences that other participants, 
especially significant others such as friends or people with whom participants had a particularly positive attitude, have 
experienced technology control problems during webinars, which created shared attitudes among participants that 
videoconferencing was difficult to control.

Another possible reason could be that the integration process of new technologies (e.g., online teaching instead of 
face-to-face teaching) as a reaction to the COVID-19 pandemic was organized differently at different universities, for 
example, related to the pre-pandemic experiences with educational technology, the university’s crisis communication, 
and available resources [42]. According to the experiential learning theory, this could have resulted in different levels of 
acceptance and control belief of the technology in question.

Interestingly, the results considering change in technology acceptance and technology control belief also stand in 
contrast with Rogge et al. [7], who found increases in technology acceptance in the summer semester of 2021 and tech-
nology control belief in the summer semester of 2020 and winter semester of 2020/2021. Possible causes have already 
been discussed in the previous subsection.
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6.3 � Strengths and limitations

The present study used a longitudinal design with two measurement points and estimated multivariate latent change 
models to examine change in three facets of technology commitment among university students attending online 
courses during the COVID-19 pandemic. Due to the pandemic, students were confronted with the direct switch from 
face-to-face to digital teaching. In this sense, the pandemic offered a unique chance to examine the development 
of technology commitment following a sudden change in the use of digital technologies at university and beyond. 
However, the study also has several limitations.

First, there was no control group to examine change in technology commitment under “natural” conditions (i.e., 
face-to-face classes) at the university. Accordingly, no causal effects can be derived from the COVID-19 pandemic 
on change in technology commitment. However, two other longitudinal studies conducted before the pandemic by 
Trauzettel [26] and Mertens et al. [43] found no significant changes in the three technology commitment facets. It 
should be noted that these studies were realized with older participants. Nevertheless, considering their findings, 
it seems rather plausible that the increase in technology competence belief found in this study is at least partly due 
to the switch to digital teaching, as well as other changes, especially regarding the use of technology, during the 
pandemic.

Second, no tests were conducted to measure technology competence directly but only collected self-assessments 
regarding technology competence belief. Thus, it remains uncertain whether participants’ actual digital competences 
have also increased during this study. However, several studies have shown that self-concepts of ability and actual 
abilities are strongly correlated and show reciprocal effects on each other (e.g., [44, 45]). Considering this, it seems 
conceivable that the participants in this study may also have shown an increase in their actual digital competence. 
The longitudinal investigation of reciprocal effects between self-concept and actual technology competence would 
be an interesting challenge for future studies.

Third, it is unclear to what extent the findings of this study can be generalized to other populations. This study only 
considered a specific sample of teacher trainees from one German university. Since the pandemic has ended, it is no 
longer possible to collect additional data to examine changes in technology commitment during COVID-19. Another 
point that Berling et al. [6] also discussed concerning their study’s results is that a selection bias could have occurred 
due to the voluntary nature of participation, meaning that more motivated students took part in the study, which 
could have distorted the results in a positive direction. In addition, Bailey and Kurland [46] pointed out another bias 
in studies on mobile work, which refers to participants possibly responding more positively because they preferred 
mobile work and were interested in a positive evaluation of mobile work and, consequently, a continuation of this 
work mode. With regard to the present study, it is possible that the students preferred online teaching compared 
to face-to-face teaching and, therefore, responded more positively to the effect that they rated their technology 
competence belief higher at T2 than at T1. However, this seems unlikely, as students in Germany reported that the 
sudden online teaching and increasing isolation in their studies have placed a heavy burden on them [47]. How-
ever, the findings of Berling et al. [6] suggest that an increase in technology competence during the pandemic also 
occurred in other populations.

Fourth, when comparing the results, it may be important to consider how a new technology or teaching mode is 
implemented. In our study, the development of students’ technology commitment was examined, but not the tech-
nical implementation of teaching by the universities. It could make a big difference whether online teaching is sud-
denly implemented due to an emergency or is well thought out and planned [48]. For example, Reiss-Anderson [49] 
pointed out the negative effects of unfavorable digitalization of teaching. Based on this finding, one could assume 
that the change to online teaching may have had different effects on student populations at different universities, 
depending on whether online teaching was implemented within or without the context of COVID-19.

Finally, it is unclear whether the change in technology competence belief in this study persisted over time or 
whether participants’ technology competence belief decreased after the pandemic when universities returned to 
face-to-face teaching. In this study, the participants were followed only for the period of one semester. Thus, no 
conclusions can be drawn about their long-term development in technology commitment.

Further research should be encouraged in accordance with the limitations listed here. Since the study was con-
ducted during the COVID-19 pandemic, it is impossible to replicate it under exactly the same conditions. However, 
future studies could test technology commitment and its facets in an experimental design to obtain data through 
external validation (e.g., by lecturers) to exclude any bias due to self-report, e.g., that it only feels as if one has become 
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more competent. The urgency to deal with a technology could be evoked, and a control group could be compared to 
the test group to see whether the external circumstances influence on technology commitment. With such a design, 
it would be possible to derive causal relationships for the development of technology commitment.

In addition, different populations should be tested in a comparable design to test any generalizability of the effect. 
Ultimately, it would also be interesting to reassess the people from studies tested during the COVID-19 pandemic to 
check whether the change in technology commitment is only a short-term or long-lasting effect. However, it is hoped 
that there may be other datasets collected during the pandemic by other researchers that would allow to examine the 
development of technology commitment during the pandemic and beyond.

6.4 � Summarized integration into other studies and implications

It would be desirable if this study was able to explain the differences between the single studies. However, this seems 
difficult, as various reasons (e.g., characteristics of the sample or learning environment) may be responsible for the partly 
different findings. In this context, it should also be noted that even Rogge et al. [7] found increases in technology accept-
ance and technology control belief only in some cohorts, so their findings were not even completely consistent between 
groups of students from the same university. Rather than speculating about reasons for the differences in the findings, 
especially between this study and that conducted by Rogge et al. [7], further data on the development of technology 
commitment during COVID-19 should be analyzed, should other researchers have collected them. Such additional stud-
ies and their integration in meta-analyses or systematic reviews may help to gain more valid estimates for changes in 
technology commitment during COVID-19 and to identify possible moderators of the strength of the effects.

Notwithstanding this, however, it is important to emphasize once more that the results of the existing studies examin-
ing change in technology commitment show that technology commitment can increase among students, possibly result-
ing from the confrontation with new technologies, partly forced by COVID-19. Consequently, students should be encour-
aged to engage with new technologies and digital learning environments to increase their technology commitment. 
This is also true since it can be assumed that higher technology competence belief leads to higher actual technology 
competence [44], which in turn brings new opportunities, for example, concerning the use of innovative digital teaching 
and learning methods. Improved technology skills could enable students to collaborate more effectively in digital envi-
ronments. In turn, this could positively impact the development of certain soft skills, such as social competence during 
teamwork [50]. Moreover, with improved technology skills, students’ opportunities in the job market should improve, as 
many employers demand technology skills [51]. Syahrin et al. [52] underlined the points made in their post-COVID-19 
study by showing that student teachers rated themselves as more technically competent after the end of the pandemic. 
They also hypothesized that student teachers with a higher level of technology competence belief were more likely to 
use technology in the classroom later in their careers and support their students regarding technology and its use.

This contrasts with the findings of Pathiranage and Kuranaratne [53], who compared the results pre- and post-
COVID-19 in their systematic literature review on the role of teachers concerning technology in education. They found 
that teachers rated themselves as very technologically proficient before COVID-19 but significantly less technologically 
proficient after the pandemic. According to the authors, this may be due to the fact that online teaching during the 
COVID-19 pandemic made teachers aware of their limitations in dealing with technology. Based on their finding, the 
authors emphasized the need for regular and adequate further training regarding the application of new technology 
in educational contexts. The present study can contribute here by showing how technology competence belief can be 
promoted, with a focus on students, by giving learners opportunities to engage with new technology, gain personal 
experiences with it, and, in a further step, use it to solve given problems and thus gain further experience with the new 
technology.

Reiss-Anderson [49] highlighted the relevance of decision-makers in the education sector with regard to digitaliza-
tion and the teaching of technology skills. On the one hand, it was described that there is no clear responsibility for 
promoting digital skills. On the other hand, it became clear that the lack of digital skills at the level of decision-makers 
for schools harms the support of school principals and thus inhibits the digitalization process. The author stated that the 
responsibility for digitalization processes on the part of the school principals lies with the decision-makers, with clear 
guidelines, a long-term plan, regular evaluation as well as further training for employed teachers; particularly given that 
an unfavorable use of technology can also lead to negative consequences.

Pathiranage and Kuranaratne [53] also pointed out that teachers with higher technology competence beliefs were 
more likely to use technology in the classroom than teachers with lower technology competence beliefs. Consid-
ering that Rogge et al. [7] and the present study found increases in students’ technology commitment facets after 
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exposure to new technology, it is, therefore, important for curriculum leaders to plan for future teachers’ exposure 
to technology in the sense of experiential learning, with appropriate curricula in order to promote their technology 
commitment. This could be reflected later in the increased integration of technology into the classroom and the 
corresponding promotion of their own students’ technology commitment in their own teaching activities. In this 
regard, this study proposes a possible model for promoting students’ and future teachers’ technology commitment, 
which could be further utilized in guidelines and curricula to promote an appropriate level of technology commit-
ment among students of the respective semester or grade level.

Thus, this emphasizes the relevance of research on technology commitment during the COVID-19 pandemic for 
students, lecturers, and curriculum managers. Importantly, building on this knowledge of the developments during 
the pandemic offers opportunities to adapt and further develop learning environments.

6.5 � Conclusion

In this study, the development of technology acceptance, technology competence belief, and technology control 
belief as facets of technology commitment were examined among students in higher education in the context of the 
COVID-19 pandemic. An increase over time was observed for the technological competence belief facet. The observed 
increase in technology competence belief highlights the dynamic nature of technology commitment, particularly in 
response to the unprecedented educational shifts during the pandemic, setting the stage for a deeper exploration 
of its long-term implications.

The present study’s findings are of particular interest concerning a broader understanding of technology com-
mitment and its change over time, particularly under the COVID-19 pandemic. The study proposes an experiential 
learning approach to explain how technology commitment can change and how it has changed among students 
during the COVID-19 pandemic. Thus, it contributes to the theoretical understanding of the development of technol-
ogy commitment and supports the assumptions of the experiential learning theory in the application of webinars 
in terms of change in technology competence belief. To summarize, research on change in technology commitment 
during COVID-19 suggests that all three facets of technology commitment have increased in individual populations, 
whereas no study reported any decrease in any technology commitment facet. These results correspond to the 
hypotheses postulated in the present research about an increase in the various facets through experiential learning. 
As a practical implication, this study offered suggestions for various interest groups, such as students, lecturers, and 
curriculum managers, on how to promote technology commitment.

However, future research is needed to examine the extent to which higher technology competence belief is actu-
ally predictive of actual technology competence. Accordingly, researchers are invited to follow the considerations 
made here, dig deeper into the matter, and address the questions raised in this paper in future studies with different 
samples and using diverse methods.
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