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Abstract
The present study examines university students’ acceptance of e-learning according to the Technology Acceptance Model 
(TAM). We also investigate the influence of external factors, including self-efficacy with digital media, self-regulated learn-
ing, prior experience, and affinity for technology, to extend the model with valid individual factors. Structural equation 
modeling with maximum-likelihood estimation served to evaluate the proposed research model, which included online 
questionnaire data from N = 225 undergraduates studying various subjects in 53 universities. The results indicate that the 
TAM is replicable regarding e-learning for German-speaking university students. Additionally, we found self-regulated 
learning and affinity for technology to be significantly positively related to the two main components of the TAM, per-
ceived ease of use and perceived usefulness, implying their importance in technology acceptance. However, self-efficacy 
with digital media and prior experience showed no significant impact on university students’ technology acceptance. 
We also found a significant positive relationship between attitudes toward e-learning and behavioral intention, showing 
that university students with positive attitudes are more willing to use it in the future. Therefore, higher education should 
consider students’ individual prerequisites for e-learning and support students during the use of e-learning environments, 
to promote the development of positive experiences and attitudes toward e-learning.

Keywords Technology acceptance · University students · e-learning · Self-regulated learning · Affinity for technology

1 Introduction

The use of digital technologies can support learning processes and adapt to learners’ needs, enabling ideal learning 
conditions [1]. Because e-learning is a digital technology that gained even more impact on university learning during 
the COVID-19 pandemic, it is the focus of the recent study and defined as “instruction that is delivered on a digital device 
that is intended to promote learning” [2]. E-learning includes digital media, a “wide variety of instructional material (via 
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audio, video, and text mediums) conveyed through e-mail, live chat sessions, online discussions, forums, quizzes and 
assignments” [3] which are used, for example, in learning management systems.

The Technology Acceptance Model (TAM) [4], a popular and valid model in the field of e-learning and technology 
acceptance [5], provides the basis of the current study. Although the examination of TAM [4] is well established, research 
gaps remain. Therefore, the objective of the current study is to merge important factors for successful e-learning with 
the TAM and to include two new factors in the TAM, namely self-regulated learning (SRL) and affinity for technology. In 
addition, the study investigates two inconsistent factors (self-efficacy, prior experience) in the model. The presented fac-
tors for learning contribute to successful learning with e-learning environments, but the best preconditions are useless 
when the learners are not willing to use e-learning environments. According to Pan [6], university students with low-level 
technology acceptance use fewer digital technologies than university students with a high level of technology accept-
ance. Introducing digital technology and supporting its use by university students as early as possible should reduce 
fears and misconceptions about it [7].

Over time, the TAM was extended with external factors to increase the explanatory power of the model. An important 
factor for learning successfully via e-learning is SRL. SRL is “a process whereby learners activate and sustain cognitions, 
affects, and behaviors that are systematically oriented towards the attainment of personal goals” [8]. Because learners 
have a lot of autonomy in e-learning environments, they must plan when and how to engage with the presented learning 
material, stay motivated, and reflect on their own learning progress [9]. Prior studies had only used SRL as an outcome 
of technology acceptance in the TAM [10], which leaves its influence as an external factor unclear. The current study 
scrutinizes SRL as an external factor in the TAM because it is an important requisite for online learning [11], so concluding 
that SRL is an external factor in the TAM seems reasonable. Assessing its component structure in TAM had not yet been 
pursued thus contributing to further evidence of how SRL affects technology acceptance.

Furthermore, individuals’ affinity for technology also plays an important role when learning via e-learning. Karrer and 
colleagues [12] define affinity for technology as a personality trait characterized by a positive attitude toward technology, 
enthusiasm about it, and accompanying trust in technological devices. This could lead to a high intrinsic motivation to 
use e-learning and promote successful e-learning. Because those with a positive attitude toward technology may be 
more likely to accept it, we exploratively included affinity for technology as external factor in TAM.

Together with self-efficacy, prior experience is one of the most examined external factors in TAM but there are incon-
sistent findings for both constructs regarding students. In their systematic review, Abdullah and Ward [13], analyzed the 
most frequently used factors in TAM for different target groups. They found satisfying results for the influence of self-
efficacy and prior experience on technology acceptance overall, but placing a focus on the student population reveals 
that 33% of the studies regarding self-efficacy and 78% regarding prior experience could not find a significant influence 
on technology acceptance. The systematic review by Rosli et al. [14] examined studies between 2020 and 2022 regard-
ing TAM in higher education focusing on the COVID-19 pandemic, indicating that the TAM is still a valid model after 
the pandemic. According to their findings based on N = 104 studies, self-efficacy, and prior experience were the most 
frequent external factors in TAM during the pandemic. The authors highlight that the two factors should be included in 
future studies because “they have major theoretical roots in TAM” (p. 14). This calls for further analysis of the two factors 
in student populations. Therefore, the current study contributes to further examination of the prominent, but inconsist-
ent factors self-efficacy and prior experience for the student population.

Another contribution of the current study concerns the validity of TAM in Western countries. In their systematic review, 
Granić and Marangunić [15] examined studies in the educational context using TAM regarding digital learning technol-
ogy. Their sample included N = 71 studies from 2003 to 2018 which comprise different educational target groups. When 
only students are considered regarding e-learning environments, their findings indicate a majority of studies coming 
from Asia (n = 28) compared to Europe (n = 8). The same results were reported for in-service teachers by Scherer and Teo 
[16]. In their meta-analysis, they examined N = 45 studies regarding technology acceptance of in-service teachers and 
revealed that most studies took place in Asian countries. These results are strengthened by the systematic review by 
Rosli et al. [14], revealing that most of the studies during the COVID-19 pandemic were also conducted in Asia, calling 
for more studies from Western countries.

Although there are studies from Europe regarding the TAM in e-learning, the number is still not sufficient to draw 
generalized conclusions for Western countries. This exposes a lack of studies on technology acceptance for university 
students in Western countries and especially Europe, which restricts the validity of the TAM for that population. In their 
meta-analysis with N = 51 studies, Schepers and Wetzels [17] revealed that one main factor in the TAM, perceived use-
fulness, was very influential in Western countries. The other main factor of TAM, perceived ease of use, was crucial in 



Vol.:(0123456789)

Discover Education           (2024) 3:114  | https://doi.org/10.1007/s44217-024-00195-7 Research

nonwestern cultures. This shows that technology acceptance differs between cultures. Hence, it is important to increase 
the studies in Western countries to increase TAM’s validity, enabling cross-cultural comparisons.

Based on the research gaps that the current study depicts, its objective is to analyze the influence of factors for suc-
cessful e-learning as external factors in the TAM, namely, SRL, affinity for technology, self-efficacy with digital media, and 
prior experience with e-learning, on the one hand. On the other hand, this study examines the technology acceptance 
of German-speaking university students by assessing their acceptance of e-learning environments, contributing to the 
extension of TAM’s validity for Western countries.

2  Theoretical background

2.1  The TAM

The TAM [4] (see Fig. 1) predicts users’ acceptance of technology and focuses on two main components that influence 
attitude, namely, perceived ease of use (PEU) and perceived usefulness (PU). The model assumes that if users perceive 
a specific technology as convenient and beneficial for their own performance, they are also more likely to develop a 
positive attitude toward it [18, 19]. Furthermore, such a positive attitude toward the technology increases users’ behav-
ioral intention to use it [20, 21] and, hence, its actual use [15]. Thus, attitudes as well as observable behavior determine 
technology acceptance.

We decided to use the TAM because the competing and often used model, the Unified Theory of Acceptance and 
Use of Technology (UTAUT) [22], could not be confirmed in its entirety [23]. Rondan-Cataluña et al. [24] compared vari-
ations of the TAM and UTAUT and revealed that the UTAUT2 [25] had the best model fit, but the TAM was comparable in 
explained variance for behavioral intention (R2 = 0.64).

A specific model for technology acceptance in the e-learning context is the General Extended Technology Acceptance 
Model for E-Learning (GETAMEL; [13]), which systematically included the five most examined variables in TAM. However, 
the results of studies on this model lack consistency [26]. This is because the influence of self-efficacy and prior experience 
is often not significant for students in the model. In the literature review by Abdullah and Ward [13], out of 31 studies 
on the impact of self-efficacy on PEU, 7 were not significant. Similarly, out of 18 studies regarding self-efficacy and PU, 
9 did not yield significant results. For prior experience, 4 out of 5 studies on PEU and 3 out of 4 regarding PU were not 
significant. That strengthened the decision to use the TAM for the current study.

Over time, researchers applied the TAM to the acceptance of different technologies, such as the Internet [27] and 
e-learning [28–30]. This supports claims of the TAM being well investigated and considered valid for different technolo-
gies [14, 31]. The next chapter describes TAM’s components in more detail and presents evidence for their relationships.

2.1.1  Perceived ease of use

One of the key components of the TAM is a technology’s perceived ease of use. PEU represents the user’s expectation 
regarding the degree to which a technology is “free of effort” [4]. Despite empirical evidence for a positive relation to PU 
[21, 29, 32, 33], some studies could not reveal this relationship [34–37]. Most findings indicate that if a system is difficult 
to use, no matter how useful it seems, users will not accept it [38]. Studies involving technology acceptance among 

Fig. 1  The technology acceptance model [4]
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university students in Oman found high-level e-learning acceptance and confirmed the positive relationship between 
PEU and PU [29]. The same was true for samples of university students from Parkistan [32] and China [39, 40], findings 
that also supported the positive relation between PEU and PU. In other words, if an e-learning system is easy to use, then 
users are more likely to perceive the system as useful.

Furthermore, PEU has a positive effect on attitude. If users perceive a technology as easy to use, they will likely have a 
positive attitude toward it as well [41]. Several studies with university students (e.g., [42, 43]) support this assumption. In 
their meta-analysis, Šumak et al. [44] examined N = 42 studies and revealed a positive relation between PEU and positive 
attitude, with a medium effect size.

2.1.2  Perceived usefulness

The second key component of the TAM is users’ perceived usefulness of a technology. Davis [4] originally defined PU as 
the belief that “using a specific application system will increase their job performance within an organizational context” (p. 
320). In the context of e-learning, PU refers to the belief that e-learning would facilitate users’ learning process. This belief 
directly relates to the attitude toward the technology [21]. Perceiving e-learning as useful leads to greater probability 
of developing a positive attitude toward it. According to Vladova et al. [37], PU positively relates to university students’ 
attitude toward e-learning [45]. Chibisa and colleagues [42] strengthened that assumption by examining a sample of 
163 pre-service teachers’ acceptance of e-learning.

2.1.3  Attitude toward e‑learning

As mentioned above, PEU and PU beliefs directly affect the attitude toward a technology. Attitude is “an individual’s 
positive or negative feeling about performing the target behavior (e.g., using a system)” [46]. The attitude toward a tech-
nology in the TAM consists of not only affective components but also cognitive aspects—for example, the belief about 
the technology’s actual use [20]. In its original form, the TAM included the attitude toward a technology. Currently, a 
controversial discussion continues about the role of attitudes in the model. Some researchers exclude attitudes from the 
model and assume a direct effect of PEU and PU on behavioral intention (e.g., [29, 47]). Others use the TAM in its original 
form, where attitude influences the behavioral intention directly, and PEU and PU only influence behavioral intention 
indirectly via their impact on attitude [16].

Recent empirical findings show that a positive attitude toward a technology strengthens the behavioral intention to 
use the technology [32, 41, 48], an important factor in the TAM that investigators should not neglect [49]. Furthermore, 
findings of the direct effect of PEU and PU on the behavioral intention to use the technology are inconsistent. Some 
studies also imply a negative correlation between the two factors [20]. By examining students’ technology acceptance in 
three different U.S. universities, Ranellucci and colleagues [50] promoted the positive impact of attitude on the behavioral 
intention to use e-learning.

2.2  External variables for technology acceptance

In its original form, the TAM could not explain all facets of technology acceptance [21, 51]. Venkatesh and Davis [52] 
included external variables to extend the model’s informational value, as did prior research that examined the relation of 
numerous external variables to the TAM’s key components, e.g., self-efficacy and social norms [13, 53]. The current study 
examines SRL, self-efficacy with digital media, prior e-learning experience, and affinity with technology.

2.2.1  Self‑regulated learning

According to Zimmerman [8], SRL describes a process in which learners try to reach their goals by invoking and retain-
ing cognitions, affects, and behaviors. Zimmerman [54] divides the learning process into three phases. The forethought 
phase serves as preparation for learning, initially, learners set goals and choose adequate learning strategies that seem 
beneficial in reaching the desired goals. The performance phase refers to the actual learning activity; cognitive strate-
gies (e.g., elaboration) particularly function to consolidate newly acquired knowledge, and volitional and motivational 
strategies (e.g., incentives) provide a basis for maintaining the learning activity. In the last phase—the self-reflection 
phase—learners undertake a performance evaluation by contrasting the goals set in the forethought phase with the 
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achieved results. SRL can comprise both different phases and different components, namely, cognition, metacognition, 
and motivation [55].

In TAM, SRL often serves as an outcome. Zheng and Wang [56] revealed PEU and PU as predictors of SRL, despite PEU 
showing a negative relation and PU showing a positive relation with SRL. In a study with adult learners in a public welfare 
course, Wang and Zhang [57] examined the influence of the SRL phases on the technology acceptance of web-based 
learning spaces. They found a positive predictive relationship between the forethought phase’s strategies and both 
PEU and PU. People with higher-level SRL skills perceived e-learning as useful and easy to use. There are mixed findings 
regarding behavioral intention. On the one hand, evidence shows behavioral intention positively relating to SRL as an 
outcome. Zhou and colleagues [58] examined the influence of behavioral intention on SRL, represented by goal setting 
and task and self-evaluation strategies, with 580 undergraduate students in China. They found significant positive paths 
for all three strategies in their model, indicating a positive relationship between behavioral intention and SRL. But the 
examined strategies do not illustrate the whole process of SRL because they focus on the metacognitive component. On 
the other hand, Al-Adwan [59] found a negative relationship between SRL as an input variable and behavioral intention, 
regarding the use of massive open online courses in Jordan. Due to the unknown impact of SRL on behavioral intention, 
the current study focuses on the investigation of the relation between SRL, PEU, and PU. The current study considers SRL 
an input variable (external factor) for technology acceptance. E-learning environments offer a high degree of autonomy, 
favoring learners with high levels of SRL because they are more skillful in planning, regulating, and adapting their learning 
process to reach their goals [60, 61]. This leads to the assumption that learners with high-level SRL perceive e-learning 
environments as easy to use and useful.

2.2.2  Self‑efficacy

Self-efficacy represents “people’s beliefs about their capabilities to exercise control over events that affect their 
lives” (p.1175) [62]. Self-efficacy is an important motivational part of SRL which is why it was included in several theo-
retical models regarding SRL [63]. For example, it influences whether a learning activity will be initiated [54]. Learners 
convinced that they could solve an exercise will more likely work for a solution, learners with low-level self-efficacy will 
become discouraged and may procrastinate about starting to learn. Therefore, the two constructs are positively related 
[64]. Bandura [65] assumes that self-efficacy is context-specific and, once established, stable for a specific context. Regard-
ing the specific context of e-learning, self-efficacy with digital media plays an important role. Hence, it represents the 
belief in how confident people feel about using digital media (e.g., e-learning environments) and whether they believe 
they can overcome technical obstacles. In prior studies, computer self-efficacy (e.g., [35]) often arose in TAM, but not 
self-efficacy with digital media. The present study’s focus is self-efficacy with digital media, concerning this desideratum 
and its relation to SRL.

In their meta-analysis, Abdullah and Ward [13] revealed 45 studies that confirmed self-efficacy as the antecedent of PU 
and PEU, making it the most frequent external factor figuring in the TAM. Obstacles will not hinder people with high levels 
of self-efficacy with digital media, who will continue with their learning activities, perceiving e-learning environments 
as effortless and easy to use [66]. Conversely, e-learning environments could easily frustrate people with low levels of 
self-efficacy with digital media and interrupt their use of e-learning environments more often. Previous studies showed 
a positive relationship between self-efficacy and PEU (e.g., [21, 35, 47, 67]) and PU (e.g., [21, 48]). But other studies could 
not find a predictive function of self-efficacy for PU (e.g., [47]) or even a negative relation [31]. Despite the mixed results 
regarding self-efficacy and PU, most findings suggest a positive relationship between the two constructs. Self-efficacy 
is therefore a widely considered factor for technology acceptance [68]

Research suggests that self-efficacy has a positive impact on behavioral intention [38, 69]. Self-efficacy beliefs con-
tribute to the initiation and maintenance of the learning process, and the final evaluation in the self-reflection phase 
can influence them. Empirical evidence can strengthen the positive relationship between self-efficacy and SRL [64, 70]. 
Thus, we consider the relation of the two constructs in our empirical model.

2.2.3  Prior experience with e‑learning

In the current study, prior experience with e-learning represents whether a user has used e-learning before. Studies of 
the TAM excessively study prior experience with technology. Evidence shows prior experience affecting the PEU, PU, and 
behavioral intention to use a technology [71]). In educational settings, learners without prior experience with e-learning 
require orientation before they can use the tool to support their learning process [72]. Consequently, according to Liu 
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and Pu [21], learners with more experience with e-learning can better endorse and use e-learning platforms. Regarding 
e-learning with high school students from Taiwan, Liu and colleagues [73] found positive effects of prior experience on 
PEU and PU. Experienced learners may find a system easy to use, experiencing it as useful for their own learning because 
they can incorporate their prior knowledge [74]. Research findings indicate not only a positive relation between PEU 
and PU with prior experience but also a positive impact on behavioral intention to use e-learning when users have prior 
experience [21, 71]. The findings by Liu and Pu [21] and Suki and Suki [71] supported this theoretical assumption, reveal-
ing experienced participants’ stronger intention to use an online learning community. The evidence shows that prior 
experience can positively influence PEU, PU, and behavioral intention to use e-learning.

2.2.4  Affinity for technology

TAM research has not yet examined affinity for technology often. Regarding PU, Drueke and colleagues [20] revealed a 
negative relation with affinity for technology. However, their results also showed a ceiling effect regarding affinity for 
technology in their sample of medical students, making the findings hard to interpret. For PEU, they found no significant 
effect. The unclear impact of affinity for technology in the TAM requires further investigation. Findings also show that 
people more oriented toward technology can better estimate whether a new technology is useful and find it easier to 
familiarize themselves with it, with less effort [12, 75].

2.3  Research model and hypotheses

Based on this theoretical background, we created a hypotheses-based research model to test the relations between the 
relevant constructs, deducing the following hypotheses (H):

H1: PEU of e-learning positively affects the PU of e-learning.
H2: PEU of e-learning positively affects the attitude toward e-learning.
H3: PU of e-learning positively affects the attitude toward e-learning.
H4: A positive attitude toward e-learning positively affects behavioral intention.
H5: SRL positively affects the PEU of e-learning.
H6: SRL positively affects the PU of e-learning.
H7: Self-efficacy with digital media positively affects the PEU of e-learning.
H8: Self-efficacy with digital media positively affects the PU of e-learning.
H9: Self-efficacy with digital media positively affects the behavioral intention to use e-learning.
H10: Self-efficacy with digital media positively affects SRL.
H11: Prior experience with e-learning positively affects the PEU of e-learning.
H12: Prior experience with e-learning positively affects the PU of e-learning.
H13: Prior experience positively affects the behavioral intention to use e-learning.
H14: The affinity for technology positively affects the PEU of e-learning.
H15: The affinity for technology positively affects the PU of e-learning.

The resulting model, including all deduced hypotheses, appears in Fig. 2.

3  Method

3.1  Sample

The sample consisted of N = 225 undergraduates from 53 different German-speaking universities. N = 218 participants 
studied at universities in Germany, n = 4 participants studied in Austria, and n = 1 participant studied in Switzerland and 
in Luxemburg, respectively. N = 1 participant did not provide information about his or her university. Most of the par-
ticipants studied at a brick-and-mortar university (n = 214); n = 11 participants studied at a virtual university. In total, the 
participants studied 34 different subjects. Most frequently, the participants studied teaching, psychology, and econom-
ics. Participants’ mean age was M = 23.18 (SD = 4.67) years, and on average, they were enrolled in the fourth semester 
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(M = 4.23, SD = 2.75). Regarding gender identity, n = 44 participants identified as male, n = 176 as female, and n = 2 as 
diverse. N = 3 participants did not provide gender identity information.

3.2  Procedure

The data were assessed by using non-probability, voluntary response sampling. An online survey was implemented 
on the platform Tivian and was disseminated via links on social media and placards in various university buildings. 
Participation was voluntary, and all participants used a consent form to confirm their consent to participate. Data were 
anonymized by the application of individualized codes. The participants received no monetary compensation, but psy-
chology and teaching university students could receive credit toward their studies. As an e-learning platform that is 
examined, we chose Moodle because this is a popular open-source e-learning platform that is often used for e-learning 
and is widely known by German-speaking students. Moodle’s high functionality has contributed to its widespread use 
as learning management system in higher education institutions across the globe. For example, learners can track their 
course progression via the course completion status and teachers can offer a variety of predefined tasks and activities 
(e.g., multiple choice quizzes, peer-review exercises, lessons, wiki [76]) which can be adapted to learners’ needs. Figure 3 
shows an example of a blended-learning environment in Moodle. Only participants who had previously taken courses 
on Moodle were eligible to participate in the study.

The completion of the survey took approximately 15 min, and it was possible to skip questions. The first part of the 
survey collected participants’ demographic information (e.g., age, gender identity) and the second part presented the 
relevant scales regarding the research questions. The next section further describes the applied instruments.

3.3  Instruments

To comprise all relevant variables of the TAM, PU and PEU of e-learning, the attitude toward e-learning as well as the 
behavioral intention to use it were assessed. As external variables assumed to influence technology acceptance, we 
assessed self-efficacy with digital media, SRL, affinity for technology, and prior e-learning experience.

PU was measured with six items by Masrek et al. [77]. All items were adapted to e-learning, and the current sample 
revealed excellent reliability (see Table 1). PEU was assessed with the System Usability Scale [78] consisting of ten items 
adapted to e-learning. As Table 1 shows, a high level of reliability for the current sample was found. The “attitude toward 
e-learning” scale [79] included 12 items that showed a high reliability (see Table 1). The behavioral intention to use 
e-learning was examined with three items by Venkatesh and Bala [80] which were also adapted to e-learning, resulting 
in excellent reliability for the current sample (see Table 1). Self-efficacy with digital media was measured with seven items 
in total. Five items were adopted from Lin et al. [81] and two items were adopted from Hung [82]. As Table 1 shows, an 

Fig. 2  Research model with paths and hypotheses
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acceptable reliability for the current sample was achieved. SRL was examined with a scale consisting of 55 items [83] that 
could be assigned to three different subscales, representing the three components of SRL (cognition, metacognition, 
and motivation). An acceptable to good reliability could be reached in the current sample (see Table 1). For this scale, 
a four-point Likert scale was used (1 = totally disagree, 4 = totally agree). Affinity for technology was measured with 19 
items by Karrer et al. [12]. In the current sample, a four-point Likert scale was used, and a high reliability was achieved (see 
Table 1). Prior experience with e-learning was assessed with a self-designed item (see Table 1) using a four-point Likert 
scale. If not reported otherwise, all scales were assessed by using a five-point Likert scale (1 = totally disagree, 5 = totally 
agree) and all items were translated to German.

3.4  Data analysis

SPSS (Version 28.01) was used to conduct descriptive and correlational analyses. To examine our hypotheses, we per-
formed structural equation modeling (SEM) with the lavaan package in R (version 2021.09.02). First, missing values were 
examined. In total, there were 25,774 values of which were 0.39% missing. 80.9% of all participants had complete data. 
The missing values were analyzed using the Little test. The test showed a nonsignificant result, indicating that all miss-
ing values are missing completely at random [χ2(4274) = 4361,54, p = 0.172]. Furthermore, the requirements to calculate 
SEM were considered. Different suggestions arose regarding the required sample size. According to Kline [84], a sample 
for SEM should include at least 200 participants, Matsunaga [85] refers to 150 participants as sufficient. Given that the 
previously mentioned sample sizes disregard the complexity of the estimated model, as a rule of thumb, the sample size 
should be five times greater than the number of items in the model [86]. With 113 items in our model, the sample size of 
N = 225 was not sufficient for the analyses. In the next step, multicollinearity was checked for all constructs. According 
to Field [87], correlations higher than 0.80 indicate multicollinearity between the variables, and Hair et al. [88] suggest 
that the variance inflation factor (VIF) should be lower than 10. All correlations and VIF scores were below the thresholds, 
indicating that no multicollinearity occurred. Moreover, the analyses revealed the violation of the assumption of normality 
because some variables (e.g., self-efficacy with digital media and PU) showed a non-normal distribution. Therefore, item 
parceling was applied to reduce measurement error. Parceling combines individual items into joint parcels, which has 
the advantage of reducing model complexity, resulting in a smaller required sample size [85, 89]. Furthermore, parceling 
compensates for non-normal distributed data, increases the power to identify model misspecifications, and stabilizes 
parameters [90]. Using the single-factor method to build parcels with equal factor loadings, three parcels per factor were 
established [91] for all constructs, except for SRL because of its multidimensionality. In this case, three facet-representative 
parcels representing the three components of SRL (cognition, metacognition, and motivation) were built. Due to the 
use of parcels, the sample size is five times higher than the items in the estimated model, indicating a sufficient sample 

Fig. 3  Example of a Moodle course. Note. The different icons represent different types of tasks. Blue icons indicate theoretical learning con-
tent, red icons indicate exercises
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size [86]. Supplemental material 1 shows the assignment of the items to the parcels. Following the recommendation of 
Hair and colleagues [92], a two-step approach was adopted. First, a measurement model was tested to confirm the reli-
ability and validity of the included constructs. Second, the proposed structural model was tested, examining the causal 
relationships between the constructs. For all statistical tests, a significance level of α = 0.05 was postulated.

4  Results

4.1  Descriptive results

Table 2 shows the descriptive statistics and correlations of the assessed manifest constructs. Compared to the theoretical 
mean of each scale, the means indicate that PEU, PU, attitude toward e-learning, self-efficacy with digital media, SRL, 
and behavioral intention were positive in the current sample; the experience and affinity for technology were moderate. 
Supplemental material 2 presents the descriptive statistics and correlations for the parcels. To confirm a multivariate 
normal distribution, Kline [84] recommended a skewness value lower than 3 and a kurtosis value lower than 10 for each 
construct. For skewness, the values are between − 0.79 and 0.22, resulting in an acceptable skewness for the distribution. 
The kurtosis values range from − 0.36 to 0.98, indicating no violation of the multivariate normal distribution assumption.

4.2  Measurement model evaluation

First, we examined the proposed measurement model by using SEM with maximum-likelihood estimation. We handled 
missing data with listwise deletion. To determine whether our research model was adequate, we examined the model 
fit and the measures’ reliability as well as the convergent and discriminant validity.

4.2.1  Model fit

The model fit was investigated by using the χ2-test. Furthermore, the comparative fit index (CFI), the standardized root 
mean square residual (SRMR), and the root mean square error of approximation (RMSEA) were chosen as indices to inter-
pret the fit of the measurement model. According to Hu and Bentler [93], the assumption of a good model fit depends on 
whether the CFI is higher than 0.95, the SRMR is lower than 0.08, and the RMSEA is lower than 0.06. All indices surpass the 
cut-off criteria, indicating that the proposed research model is robust (CFI = 0.96, SRMR = 0.04, RMSEA = 0.05). The χ2-test 
leads to a significant result (χ2(218) = 338.40, p < 0.001), implying that the data deviate from the proposed research model. 

Table 2  Correlations and 
descriptive statistics of the 
research constructs

* p<.05, ** p<.001

PEU Perceived ease of use, PU Perceived usefulness, ATE Attitudes toward e-learning, BI Behavioral inten-
tion, SWM Self-efficacy with digital media, TA Affinity for technology, EXP Prior experience, SRL Self-regu-
lated learning

Construct PEU PU ATE BI SWM TA EXP SRL

PEU –
PU 0.18** –
ATE 0.22** 0.74** –
BI 0.25** 0.26** 0.25** –
SWM 0.08 0.24** 0.31** − 0.01 –
TA 0.16* 0.26** 0.36** 0.07 0.45** –
EXP 0.06 0.10 0.16* − 0.02 0.23** 0.14* –
SRL 0.15* 0.22** 0.33** 0.26** 0.06 0.03 0.05 –
Mean 40.00 30.56 30.54 30.71 30.98 20.90 30.45 20.79
Standard deviation 0.97 0.87 0.62 10.21 0.66 0.51 0.65 0.43
Skewness 0.22 − 0.26 − 0.19 − 0.79 − 0.55 − 0.04 − 0.97 − 0.18
Kurtosis 0.02 − 0.25 0.20 − 0.36 − 0.14 0.10 0.16 0.98
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Given that the χ2-statistic is very sensitive to the sample size and the requirement of multivariate normal distribution, 
other fit indices (as the indices mentioned above) also deserve consideration [94].

4.2.2  Reliability and validity

To evaluate the proposed measurement model, we relied on three criteria by Fornell and Larcker [95]. They proposed 
that all indicator factor loadings should significantly exceed 0.50, and the reliability (Cronbach’s α) should exceed 0.70. 
Moreover, each construct should demonstrate an average variance extracted (AVE) greater than 0.50.

The analysis revealed items with factor loadings lower than 0.50. To ensure a good model fit, the model excluded all 
items with factor loadings below 0.50. This led to a large dropout of items that represented the motivational component 
of SRL. The factor loadings of the chosen indicators ranged between 0.50 and 0.97 for their corresponding factors, sup-
porting a reliable measure. Supplemental material 3 provides an overview of all chosen items and their factor loadings.

As Table 3 shows, the reliability scores (Cronbach’s α) indicate a high internal consistency, demonstrating good reli-
ability. Furthermore, the AVE scores for the factors support the high-level convergent validity of the measurement model.

According to Kline [84], assuming discriminant validity can occur when the correlations between latent variables 
are smaller than 0.80 and the AVE scores should exceed the square of correlations. All correlations between the latent 
variables are smaller than 0.80 (see Table 2) and the squared correlations (0.03–0.55) are smaller than the AVE scores 
(0.57–0.90), strengthening the discriminant validity of the model.

4.3  Structure model evaluation

After evaluating the measurement model, the structural model was examined by using SEM with maximum-likelihood 
estimation. The results reveal that the structural model, except for the χ2-test (χ2(213) = 365.06, p < 0.001), shows a good 
fit because all other fit indices exceed the minimum criteria (CFI = 0.95, RMSEA = 0.06, SRMR = 0.07). After confirming 
the fit of the structural model, the structural paths, t-values, and the variance explained (R2), were investigated. Table 4 
presents the estimated values and their significance. Of the 15 hypothesized relationships, seven were supported. All 
significant paths between the latent constructs were in the proposed direction. H1 was rejected because the results 
did not show a significant relationship between PEU and PU. However, in compliance with our hypothesis, we found a 
positive influence of PEU and PU on attitude toward e-learning, supporting H2 and H3. As proposed, the results indicate 
a positive relationship between attitude toward e-learning and behavioral intention, endorsing H4. The findings also 
show a positive relationship between SRL and both PEU and PU, confirming H5 and H6. However, the results showed a 
significant positive influence of self-efficacy with media on neither PEU, PU nor behavioral intention or SRL, leading to 
the rejection of H7–H10. Furthermore, in contrast to our hypotheses, prior experience showed no significant influence 
on PEU, PU, or behavioral intention, rejecting H11–H13. Affinity for technology proved a significant positive predictor of 
PEU and PU, supporting H14 and H15.

Figure 4 visualizes the resulting model. The affinity for technology and SRL, which explain 7% of PEU’s variance 
(R2 = 0.07), predict PEU. Both predictors also explain 21% of PU’s variance. PEU and PU explain 73%, whereas attitude 
explains 10% of behavioral intention.

Table 3  Reliability of 
measurements and average 
variance extracted

PEU Perceived ease of use, PU Perceived usefulness, ATE Attitudes toward e-learning, BI Behavioral inten-
tion, SWM Self-efficacy with digital media, TA Affinity for technology, SRL Self-regulated learning, AVE Aver-
age variance extracted

Scale Number of items Cronbach’s α AVE

PEU 9 0.86 0.83
PU 6 0.91 0.78
ATE 10 0.85 0.69
BI 3 0.96 0.90
SWM 4 0.80 0.57
TA 9 0.82 0.67
SRL 35 0.94 0.69
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5  Discussion

5.1  Summary and interpretation of results

The present study aimed to examine German-speaking students’ technology acceptance regarding e-learning envi-
ronments, based on the Technology Acceptance Model [4]. Moreover, we investigated the influence of further exter-
nal factors in the TAM—namely, self-efficacy with digital media, SRL, prior experience with e-learning, and affinity 
for technology—to extend the traditional TAM. The first research question was whether the TAM is replicable for 
e-learning environments of German-speaking students. The findings revealed a significant relation of PEU (β = 0.10) 
and PU (β = 0.83) with university students’ attitudes toward e-learning. The effect sizes reveal that in our study, PU was 

Table 4  Overview of model 
estimates and paths

PEU Perceived ease of use, PU Perceived usefulness, ATE Attitudes toward e-learning, BI Behavioral inten-
tion, SWM Self-efficacy with digital media, TA Affinity for technology, SRL Self-regulated learning, β esti-
mate, z z-value, p p-value

Hypothesis Path β Standard error z p Interpretation

H1 PEU → PU 0.10 0.07 1.38 0.167 Rejected
H2 PEU → ATE 0.10 0.03 1.94 0.052 Supported
H3 PU → ATE 0.83 0.04 13.37 0.000 Supported
H4 ATE → BI 0.32 0.15 4.36 0.000 Supported
H5 SRL → PEU 0.17 0.23 2.28 0.023 Supported
H6 SRL → PU 0.24 0.22 3.15 0.002 Supported
H7 SWM → PEU − 0.04 0.14 − 0.43 0.670 Rejected
H8 SWM → PU 0.18 0.13 1.87 0.062 Rejected
H9 SWM → BI − 0.12 0.15 − 1.47 0.141 Rejected
H10 SWM → SRL 0.07 0.04 0.83 0.409 Rejected
H11 EXP → PEU 0.02 0.10 0.26 0.796 Rejected
H12 EXP → PU 0.01 0.09 0.09 0.929 Rejected
H13 EXP → BI − 0.05 0.14 − 0.75 0.453 Rejected
H14 TA → PEU 0.20 0.19 2.07 0.039 Supported
H15 TA → PU 0.20 0.17 2.14 0.033 Supported

Fig. 4  Resulting model with model estimates. Solid lines illustrate significant paths



Vol.:(0123456789)

Discover Education           (2024) 3:114  | https://doi.org/10.1007/s44217-024-00195-7 Research

more influential on attitude toward e-learning than PEU. This is consistent with the cultural differences that Schepers 
and Wetzels [17] found. They reported that PU plays a more important role in Western countries than PEU. University 
students who found e-learning environments useful and easy to use developed a more positive attitude toward them 
than university students who believed e-learning environments were complicated and not user-friendly. Thus, we 
could take up and replicate previous findings regarding e-learning (e.g., [21, 42, 43]). Interestingly, however, research 
findings show that PEU is a stronger indicator than PU when considering its direct influence on behavioral intention. 
In their study, Hong et al. [39] examined N = 1568 preschool teachers from China concerning their intention to use 
educational technology. The resulting structural equation model showed a stronger influence of PEU (β = 0.75) on 
behavioral intention than PU (β = 0.09). This raises the question of whether both constructs’ direct effect should be 
considered or their effect of attitude as a mediating variable on behavioral intention. The controversy surrounding 
the use of attitude in TAM arises from studies that do not find a mediating effect of attitude in the model, suggesting 
a limited role of this variable (e.g., [96]) whereas there are studies that find the contrary (e.g., [97]).

In the current study, we decided to include attitude as a variable and found a significant positive relation between 
attitude toward e-learning and behavioral intention (β = 0.32), showing that university students with positive atti-
tudes toward e-learning are more willing to use it in the future. This result strengthens the assumption of the posi-
tive relationship between attitude toward e-learning and behavioral intention to use it, which studies by Al-Mamary 
et al. [41], Ranellucci et al. [50] and Farooq et al. [32] also revealed. However, more detailed research is needed on 
the role of attitude in TAM.

Contrary to our hypothesis, we found no significant relation between PEU and PU. This is in line with studies that 
also found no direct relation between PEU and PU (e.g., [36, 37]). But studies by Lazim et al. [43] and Hong et al. [39] 
presented evidence for an existing relationship between the two constructs. It is possible that the lack of a significant 
relationship between PEU and PU in our sample could be attributed to the fact that our sample had a very high expe-
rience with e-learning (M = 3.45). Due to the COVID-19 pandemic, the use of e-learning environments has become a 
common occurrence for students. As a result, they may be familiar with different types of e-learning environments 
and may use them without difficulty but have higher expectations to perceive a system as useful for themselves 
which decreases the influence of PEU on PU.

In sum, the first research question could be approved for the impact of PEU and PU on attitudes toward e-learning 
and its impact on behavioral intention, but not for a direct path of PEU and PU.

The second research question dealt with the influence of further external factors in the TAM, namely self-efficacy 
with digital media, SRL, prior experiences with e-learning, and affinity for technology. We examined whether and 
how these factors influence university students’ acceptance of e-learning. Surprisingly, the findings did not support 
self-efficacy with digital media as an external factor for the TAM, although computer self-efficacy proved several 
times to have a positive impact in the TAM context (e.g., [14, 67, 98]). Due to its context specificity, self-efficacy with 
digital media could be too general for the specific topic of e-learning, resulting in no positive relation with PEU and 
PU in our study. Our sample showed a high self-efficacy with digital media (M = 3.98), resulting in a ceiling effect and 
restriction of variance, and it seems that it no longer makes a difference whether e-learning is perceived as useful or 
user-friendly because people are convinced that they can handle the system no matter how much effort they need 
to use it. Although self-efficacy is high in the sample, this does not seem to influence the behavioral intention to use 
e-learning, which is contrary to our hypothesis. Our result is not in line with previous findings. Doan [99] examined 
the direct effect of technology self-efficacy on online learning intention and found a positive effect. Our result could 
be caused because the desire for face-to-face events was great during and after the COVID-19 pandemic [100] and 
e-learning is now rather avoided because personal social contacts are preferred.

Moreover, no predictive relation appeared between self-efficacy and SRL, which the current literature assumes 
(e.g., [64, 101]). This result subsumes findings from Wang and colleagues [102], who also found no direct relation 
between the SRL strategies and technology self-efficacy. In the case of this study, the fit between the self-efficacy 
and SRL items can raise questions. The SRL questionnaire refers to learning in general, the items to assess self-efficacy 
specifically address digital media. This deviation could have caused the absence of a potential effect. Self-efficacy 
also showed no impact on behavioral intention, inconsistent with previous literature. Self-efficacy was often identi-
fied as a positive predictor for behavioral intention regarding e-learning [51]. If not specific enough, the self-efficacy 
items’ wording could explain this.

According to the hypotheses, SRL proved a significant influence on PEU (β = 0.17) and PU (β = 0.24). The higher the level 
of university students’ self-regulation skills, the higher their levels of PEU and PU of e-learning environments will be. SRL 
includes skills that learning in digital environments requires—for example, goal setting and monitoring [103]. Therefore, 
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the frequent perception by people who use SRL of e-learning as easier to use and more useful is plausible. They have 
already developed and maintained strategies to cope with e-learning environments, leading to better learning outcomes.

Conversely, prior experience did not prove to be a positive predictor for either PEU and PU or behavioral intention. 
This does not conform with our hypothesis. The fact that only one item figured in assessing prior experience could have 
confounded the measurement. Therefore, future studies should aspire to more items in examining prior experience. 
Our research suggests that having experience with e-learning does not necessarily correlate to finding it useful or 
user-friendly and subsequently using it in the future. The sample group of students has considerable experience with 
e-learning. Due to digital teaching during the pandemic, e-learning environments have become a regular part of their 
studies. However, these experiences were not necessarily voluntary and hence cannot be considered as an indicator 
of PU, PEU, and behavioral intention. This raises the question of whether experience is still a meaningful predictor for 
technology acceptance for students nowadays because most of them have forced experience with e-learning due to the 
pandemic. However, there are also findings from post-pandemic studies that identify experience as a significant predictor 
of PEU and PU [104, 105]. The impact of experience in TAM after the pandemic calls for further investigation. Instead, the 
intrinsic motivation to use e-learning could play a more important role, which is reflected in the significant correlations 
with affinity for technology. Based on these findings, we conclude that prior use of e-learning does not guarantee an 
increase of PEU or PU, but the prior right choice of learning strategies does. A newly introduced external factor in the 
model was affinity for technology. The results promote assuming that university students open to using and interested in 
new technologies do perceive e-learning environments as useful and can use them without effort. Conversely, university 
students who do not like technology will avoid e-learning use, resulting in a negative perception.

Summing up, self-efficacy with digital media and prior experiences did not prove influential for e-learning accept-
ance in this study. But SRL and affinity for technology appeared as external factors that positively related to PEU and PU.

5.2  Limitations

Although the present study could replicate the TAM regarding e-learning for German-speaking university students and 
reveal further external factors for the model, there are also limitations to report. One limitation of the current study is its 
small sample size, which is just enough for examining structural equation models. Additionally, the sample was acquired 
with voluntary participants. This could have led to a self-selection bias including participants which were highly motivated 
to participate in the study and already interested in the examined topic. This might limit the generalizability and external 
validity of the findings. Furthermore, the distribution of data for some constructs was not normal, prompting the deci-
sion to use item parceling to compensate for this circumstance. It must be mentioned that item parceling is discussed 
controversially, because it leads to a loss of information, due to the aggregation of single items. Carefully weighing the 
advantages and disadvantages of item parceling before using it is advisable.

Another limitation is the large dropout of items representing the motivational component of SRL, due to low factor 
loadings, which may have caused missing important motivational aspects in this subscale.

Moreover, the high reliabilities for the scales SRL (metacognition) and behavioral intention indicate high correlations 
between the items of each scale and are as often considered excellent reliability [106, 107], but could also be an indica-
tor for measurement problems, such as redundant items [108]. The high Cronbach’s α and McDonald’s Omega values 
in the current sample for the SRL scale could be caused by the high number of items for this construct resulting in high 
Cronbach’s α values. Therefore, the reliability of this scale might be overestimated due to the number of items. In future 
studies, the instrument could be revised for the potential of reduction. For the behavioral intention scale, the high values 
might be caused by the small number of items in general and the high correlations between the items (r = 0.87–0.93). In 
our case, the high correlations are desirable because the items assess the same aspects of behavioral intention. On the 
contrary, the scale SRL (cognition) shows a rather low reliability which can be regarded as just acceptable and might be 
caused by the small number of items.

Self-report as the complete basis of the assessed data raises a methodological issue, in that data could be biased or 
intentionally faked to conform to social desirability. A mixed-methods approach—e.g., using and comparing a self-report 
questionnaire and interviewing people close to the participant regarding participant attitudes toward e-learning—would 
have improved the findings’ robustness.

Furthermore, SRL was not assessed specifically in the context of e-learning, but for learning in general. This could have 
influenced the fit with the other examined scales specifically formulated for e-learning.

Another limitation is the unspecific term of e-learning that Clark and Mayer [2] proposed, the basis for the recent 
study. E-learning includes a wide range of instructional methods (e.g., explanatory videos, microlearning units, 
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simulations); thus, it is a heterogeneous construct. The participants’ perception and interpretation of different e-learn-
ing components could have partially confounded the presented results.

Finally, the current study allows no conclusion about the actual use of e-learning environments; it just assumes 
that the behavioral intention will lead to its actual use, which the current study did not assess.

5.3  Implications

The current study offers both theoretical and practical implications. First, by investigating the relationship between 
acceptance-related factors and the intention to use e-learning, the study validates the use of TAM in explaining 
technology acceptance. Second, the proposed model expands TAM to incorporate important factors influencing 
German-speaking university students’ e-learning usage, such as SRL and affinity for technology.

As a practical implication, the findings have the potential to help overcome obstacles that prevent students from 
using e-learning environments. They can also be utilized to enhance the likelihood of students embracing e-learning 
as a component of their educational journey. In light of the challenges of distance education due to the COVID-19 
pandemic, educators must reassess their ability to cater to the requirements of their students and to understand the 
factors that may support or impede students’ acceptance of and engagement with distance learning environments 
The current findings indicate that SRL and affinity for technology play a significant role in how students perceive 
e-learning in terms of ease of use and usefulness. Therefore, it is important to foster these two constructs as early 
as possible by creating learning environments that promote autonomous, self-regulated learning and providing 
students with opportunities to use technological devices during their studies to reduce fear of technology and 
encourage its use as a study aid. By providing opportunities for mastery experiences, students’ confidence in using 
e-learning can be enhanced.

5.4  Conclusion

The current study contributes to a better understanding of university students’ technology acceptance regarding e-learn-
ing environments. The results showed that the TAM regarding e-learning is also valid for German-speaking university 
students, closing this research gap and providing further evidence for TAM’s validity in Western countries. The results 
indicate that university students with high-level SRL skills and affinity for technology will accept e-learning environ-
ments. Therefore, increasing SRL skills by incorporating explicit strategy use in university courses as early as possible 
is important. The confrontation with digital media and stepwise learning to use e-learning can reduce fears regarding 
technology, through mastery experiences that promote a positive attitude toward e-learning and technology. Moreover, 
for the first time, this study used SRL as input for the TAM instead of an output, using its component structure as parcels. 
The findings give initial insight into considering SRL as a factor for technology acceptance in the future.

The current study included self-efficacy with digital media as a new external factor for the TAM. Despite the current 
study finding no relation to PEU or PU, calling for more studies to confirm or refute the absence of an effect.

Additionally, future research should assess the actual use of e-learning to support the assumption that the behavioral 
intention to use it leads to the actual use of e-learning.

Furthermore, deploying a self-efficacy measurement specifically developed for e-learning environments would be 
interesting.
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