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Abstract
Background  Given the increasing complexity of illnesses and rapid pace of technological advancements in 
professional training, it is vital to offer nurses ample opportunities to hone their clinical expertise and skills, particularly 
in ensuring the delivery of premier medical care. This study aimed to determine the factors and predictors influencing 
nurses’ satisfaction with adopting mobile learning approaches in intensive care unit healthcare settings. Additionally, 
it sought to investigate the applicability of the technology acceptance model in explaining their inclinations and 
validating the measurement scales employed in the research.

Methods  The study employed a cross-sectional survey research design, utilizing a technology acceptance 
questionnaire and a learning satisfaction questionnaire. The survey was conducted in six intensive care unit 
departments. A total of 212 participants completed the survey as the primary instrument. Rigorous assessments were 
conducted to establish the content validity and ensure instrument reliability.

Results  The findings demonstrated that perceived usefulness was the most influential factor affecting nurses’ 
intentions to embrace mobile learning approaches, with perceived ease of use emerging as the principal determinant 
of perceived usefulness.

Conclusions  Incorporating mobile learning methodologies is paramount to increasing the calibration of professional 
nursing education programs. By effectively integrating digital information technology and tools, nursing educators 
can overcome teaching challenges, deliver innovative clinical nursing education content through mobile learning 
approaches, and foster optimal development in the field.
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Introduction
Patient safety considerations arise from high-quality 
nursing work. Therefore, improving nursing satisfaction 
is essential. To provide a satisfactory working environ-
ment for all aspects of nursing, managers must constantly 
arrange professional nursing knowledge and skills related 
to teaching courses. Scholars have also mentioned that 
improving nursing learning satisfaction can improve 
work efficiency and quality of care [1]. The most effective 
way to improve nursing learning satisfaction is to intro-
duce technology into professional nursing knowledge 
and skills related to teaching courses.

In the context of the coronavirus disease 2019 (COVID-
19) pandemic, information technology (IT) is necessary 
to enable professional staff to continue their education 
without shift limits and ubiquitous learning with no time 
limit, as well as to influence their learning satisfaction 
while improving their professional knowledge and skills 
[1, 2]. With the rapid development of IT, the cost benefits 
of utilizing mobile e-learning are particularly noteworthy, 
especially during the COVID-19 era, as it promotes unin-
terrupted continuous education, conveys the latest evi-
dence-based medical care information instantaneously, 
reduces the risk of infection, enhances the quality of 
care, and offers opportunities for contactless learning 
[3]. Thus, nurses’ daily clinical work must adapt to medi-
cal innovations. Researchers have also highlighted that 
professional staff with sufficient IT literacy can appro-
priately use e-commerce platforms, notice, and reduce 
the incidence of abnormal events, and improve patients’ 
self-confidence through their care [4, 5]. The goal of 
introducing IT into hospitals is to improve the quality of 
medical care, reduce medical care costs, and enhance the 
effectiveness of clinical medical work [6]. The Technol-
ogy Informatics Guiding Education Reform initiative rec-
ommends that all professional staff cultivate informatics 
skills and learn how to apply information from evidence 
and research for practical decision making [7].

Constructs in the extended TAM
Scholars have pointed out that nurses’ satisfaction with 
and application of the technology acceptance model 
(TAM) have demonstrated significant effectiveness in 
various healthcare settings [8]. Studies have consistently 
shown that technology acceptance and utilisation are 
crucial for nurses’ learning satisfaction. By implement-
ing technologies that align with nurses’ needs and prefer-
ences, organisations can enhance their job and learning 
satisfaction and improve their overall work experi-
ence [9]. When nurses perceive technology as useful, 
user-friendly, and supportive of their learning tasks, it 
increases learning satisfaction while simultaneously con-
tributing to increased retention rates, enhanced produc-
tivity, and improved patient outcomes [10]. To examine 

the perceptions of the clinical environment and explore 
the factors influencing behavioural intentions, research-
ers have employed the TAM to study the acceptance of 
developing blended e-learning systems [11].

The TAM is a tool proposed by Davis to evaluate or 
predict user acceptance of new technical systems [12]. It 
is the most widely used technology-based theory in the 
informatics field. It consists of three main variables that 
affect an individual’s technology use: perceived conve-
nience, factors that influence the use of these variables, 
and perceived usefulness (e.g., training, development 
processes, and technology system characteristics). The 
two dimensions of perceived usefulness (PU) and per-
ceived ease of use (PEOU) can help explain or predict 
decision-making and intentions during IT adoption. Ven-
katesh and Davis determined that the TAM is a mature 
theoretical model widely used in scientific and tech-
nological information systems research [12]. Scholars 
have further proposed that TAM is an IT framework for 
understanding user acceptance and willingness to use 
technology. Researchers have also extended the origi-
nal TAM to examine the impact of student satisfaction 
and e-learning on technology acceptance. For example, 
scholars have extended the TAM to include self-efficacy, 
perceived satisfaction, and learning methods [13, 14]. 
The TAM extension was found to be most suitable. Self-
efficacy, subjective norms, enjoyment, computer anxiety, 
and experience are the most commonly used external 
factors in the TAM. Scholars have also identified these 
factors in student perceptions of e-learning and proposed 
a general extension of the TAM [13]. This study aims 
to include consistent TAM behaviours and meaningful 
learning in digital technology.

Perceived usefulness (PU), perceived ease of use 
(PEOU), and learning satisfaction
Tubaishat described the PU and PEOU of electronic 
health records among nurses [15]. Williamson and 
Muckle applied the TAM to learners’ perceptions of 
the technology used in nursing education [16]. In addi-
tion, Baysari et al. explored the impact of user experi-
ence with a longitudinal study using TAM to verify the 
computerized physician order entry system and mistake 
prevention tools in clinical situations at a paediatric hos-
pital [17]. Bester et al. demonstrated that online learning 
promotes the ability of nurses to use information com-
munication technology [18]. Furthermore, Nagy used 
the TAM to effectively evaluate online video usage and 
the learning satisfaction of nursing staff [19]. Pei-Ying, 
Chen-Shie, and Pei-Hung implemented TAM via a mul-
tilevel interactive nursing quality control setup and inves-
tigated learning satisfaction using the audits of nursing 
quality management [20]. Scholars identified that PU and 
PEOU learners’ trust sentiments played a significant role 
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in increasing learners’ perceived usefulness and learning 
satisfaction towards apparel mobile learning [15, 18, 20].

Based on the above evidence, the study analyses 
the effectiveness of ICU nurses’ continuing education 
in e-learning system activities through mobile learn-
ing based on nurses’ self-reported perceptions via the 
extended TAM framework and investigates the accep-
tance of mobile e-learning systems (Fig. 1). We examined 
the demographic data and behavioural intent of partici-
pating ICU nurses, and the PU and PEOU of the mobile 
e-learning system to improve their professional knowl-
edge. We propose four research hypotheses: (H1) PEOU 
can significantly affect learning satisfaction; (H2) PEOU 
can significantly affect PU; (H3) PU can significantly 
affect learning satisfaction; and (H4) PEOU can signifi-
cantly affect learning satisfaction through PU.

Methods
Study design
To investigate the time required for ICU nurses to com-
plete relevant continuous education content, the study 
conducted a cross-sectional survey during two semesters 
of an academic year (i.e., the 2022–2023 academic year). 
Cross-sectional surveys are commonly used to gather 
data from a sample of individuals at specific points in 
time [21]. In the context of nurses’ perceptions, learning 
satisfaction, and behavioural intentions, cross-sectional 
surveys can be a valuable research method for several 
reasons, such as being well-suited for exploratory and 
descriptive analyses. In addition, researchers can anal-
yse the collected data to identify patterns, trends, and 
associations between variables of interest as well as help 
identify factors and provide insights for future research 
or interventions [21]. Hence, this survey aimed to conve-
niently recruit nurses from various departments within 
medical centres, including internal medicine and cardiac-
care centres, surgery and neural care centres, cardiovas-
cular surgery departments, and trauma care centres. This 

study used course content on the essential core compe-
tencies of nurses in care centres (e.g., patient physical 
assessment, acute and critical drugs, and disease severity 
assessment). The required core content lists the course 
topics using mobile learning systems. Mobile learning 
systems allow learners to access educational resources 
and participate in interactive activities through mobile 
devices, thereby enhancing their flexibility and acces-
sibility. Moreover, a mobile learning system can support 
learning in a clinical environment, and its impact on 
learners’ perceptions and behavioural intentions can be 
investigated.

Participants
The study’s demographic questionnaire was created by 
the researcher to ascertain sociodemographic profiles to 
provide important information and help with the inclu-
sion and exclusion of participants. For example, factors, 
such as work years, degree grades, nurse levels (N1–N4), 
medical centre category, religion, and the number of chil-
dren, were included. Nurse levels were based on the work 
of Hsu and Kernohan [22], which detailed core nurse 
competency levels (N1–N4) for registered nurses (RNs). 
The nursing profession in Taiwan has developed a clinical 
ladder system that categorizes hospital nurses into four 
levels: N1–N4. A higher level within this system indicates 
greater professional expertise in the nursing field. The 
inclusion criterion was nurses aged > 20 years in the ICU. 
Exclusion criteria were current non-workers and clinical 
nursing teachers in the ICU. A total of 222 participants 
from six intensive care unit departments participated 
in the study. Two left, eight did not complete the ques-
tionnaire, and 212 participants completed the study and 
survey. The 212 participants were volunteers working at 
the medical centres in northern Taiwan, including the 
internal medicine and cardiac-care centre, a surgery and 
neural care centre, a cardiovascular surgery, and a trauma 
care centre. According to the literature, the minimum 
ratio of model variables to the number of samples in SEM 
analysis should be 1:10, and 200 samples is a reasonable 
number of samples to avoid overexpansion [23]. In addi-
tion, a sample size > 500 may lead to the chi-square value 
being severely inflated, resulting in a poor model fit [24]. 
Conspicuously large sample sizes have also been associ-
ated with slightly negative values of chi-square bias [25]. 
Our 212 participants thus represented a suitable sample 
size [26].

Procedures
A human experimentation ethics committee reviewed, 
approved, and accepted the protocol after obtain-
ing consent and signed consent forms from the par-
ticipating ICU nurses. This study was approved by the 
Institutional Review Board of the Tri-Service General Fig. 1  Technology acceptance model for the mobile e-learning system
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Hospital, National Defense Medical Center (approval 
number: TSGBIRB:1-110-05-072). Each participant who 
volunteered to participate in the survey was required to 
complete the survey within one month after completing 
the study.

Materials and instruments
In this study, the technology acceptance questionnaire, 
which was adapted from Hwang et al. [27], consisted of 
13 items and adopted a 5-point Likert scale, with 5 indi-
cating strong agreement and 1 indicating strong disagree-
ment. The original Cronbach’s alpha value was 0.67, and 
the test-retest Cronbach’s alpha value was 0.75. The scale 
included 13 items measuring PU (six items) and PEOU 
(seven items) to explore the cognitive usefulness and 
cognitive ease of use of remote learning via the mobile 
e-learning system according to ICU nurses.

The learning satisfaction questionnaire adapted from 
Chu et al. [28] consisted of 6 items and used a 5-point 
Likert scale, with 5 indicating strong agreement and 1 
indicating strong disagreement. The original Cronbach’s 
alpha value was 0.72, and the test-retest Cronbach’s alpha 
value was 0.91, which indicates sufficient reliability for 
evaluating perceptions about learning activities and atti-
tudes. This scale employs three subscales to examine 
learning activity: experience, using a technology-based 
mobile learning system, and satisfaction with the learn-
ing method.

Data analysis
Demographic information and quantitative data analy-
sis were performed using IBM descriptive statistical 
software SPSS Statistics v. 22 (IBM, Armonk, NY). We 
used structural equation modelling (SEM) to verify the 
structure of the intermediary effect model, to under-
stand the potential significance of variables, to estimate 
and verify the hypothesized relationships, and to col-
lect data for verification. We used IBM AMOS 22.0 
software (IBM, Armonk, NY) and analysed correlations 
between observed variables from the covariance matrix 
to test model fits. Prior to SEM estimation, hypotheti-
cal theoretical models were established. The SEM model 
included a measurement model and a structural model. 
The measurement model examined the relationship 
between the observed variables and the potential model, 
and the structural model examined any causal relation-
ship between potential variables.

Results
Reliability and validity analysis
The analytical quality of the measurement model is based 
on the construct validity of the test model, which includes 
convergent and discriminant validity. Discriminant valid-
ity is considered to be satisfied if the square root of the 
average variance is greater than the correlation coeffi-
cients of each dimension. Table 1 presents the details of 
this analysis and shows that all constructs satisfied this 

Table 1  Discriminant and convergent validity of the model constructs
Observed variables λ t R2 CR AVE(%)

PEOU PEOU1 0.88 --- 0.77 0.97 0.83
PEOU2 0.89 19.34*** 0.80
PEOU 3 0.91 20.14*** 0.82
PEOU 4 0.92 20.66*** 0.84
PEOU 5 0.94 21.96*** 0.88
PEOU 6 0.91 20.21*** 0.83
PEOU 7 0.93 21.16*** 0.86

PU PU 1 0.89 --- 0.79 0.96 0.81
PU2 0.91 20.75*** 0.83
PU 3 0.86 18.35*** 0.75
PU 4 0.90 20.18*** 0.81
PU 5 0.92 21.41*** 0.85
PU 6 0.92 21.34*** 0.84

Learning Satisfaction (LS) LS1 0.88 --- 0.77 0.97 0.79
LS2 0.85 21.01*** 0.71
LS3 0.87 18.28*** 0.76
LS4 0.84 17.04*** 0.71
LS5 0.90 19.58*** 0.82
LS6 0.94 21.43*** 0.88
LS7 0.91 19.74*** 0.82
LS8 0.90 19.64*** 0.81
LS9 0.93 20.99*** 0.86

CR: Composite reliability; AVE: Average variance extracted; *p < .05, **p < .01, ***p < .001
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criterion. λ of all observed variables and correspond-
ing latent variables ranged from 0.84 to 0.94, exceeding 
the required threshold of 0.70, and R2 was between 0.71 
and 0.88, which met the requirement that the reliabil-
ity of potential individual observation variables should 
be greater than 0.50 [29]. The construction reliability of 
latent variables ranged from 0.96 to 0.97, exceeding the 
required threshold of 0.60; the average variation extrac-
tion of latent variables ranged from 0.79 to 0.83, exceed-
ing the required threshold of 0.50, indicating that the 
contribution of observed latent variables to variance was 
much larger than the contribution of errors and suggest-
ing that this scale had good convergent validity [30]. The 
composite reliability (CR) of each scale was larger than 
0.7, indicating acceptable reliability of the mode struc-
ture [30]. Component reliability, construct validity, and 
discriminant validities were acceptable as well. The range 
of average variance extracted (AVE), indicative of the 
explanatory power of variables for the variance of each 
measuring item, was greater than 0.5 (between 0.79 and 

0.83). Overall, these values suggested that the model was 
suitably explanatory for the investigated question and 
performed well.

Results of the model fit and research hypotheses
Based on previous studies, we also confirmed the reliabil-
ity of the scales used to measure these variables through a 
test-retest analysis [31, 32]. To test the model validity fur-
ther, we carried out a confirmatory factor analysis based 
on Bollen-Stine bootstrapping [33]. The model satisfied 
various model fit parameters (Table  2): Bollen-Stine-
corrected chi-square, 469.003 (df = 200); χ2 per degree of 
freedom, 2.345; GFI, 0.84; AGFI, 0.80; CFI, 0.96; NNFI 
(TLI), 0.95; and RMSEA, 0.08. These results indicated 
that the model fit the study’s data well [33–35] and sug-
gested suitable reliability in accessing the participants’ 
perceptions of PEOU, PU, and learning satisfaction.

Response hypothesis 1: PEOU can significantly affect 
learning satisfaction
Based on Baron and Kenny [36], the intermediary effect 
test procedure employed the bootstrapping method pro-
posed by Shrout and Bolger to calculate indirect sam-
pling effects by constructing a new confidence interval 
during re-sampling [37]. If the 95% confidence interval 
does not include 0, the indirect effect is significant. We 
applied the three steps described by Baron and Kenny to 
confirm the existence of moderating effects [35].

Table  3 shows that the PEOU of the mobile learning 
system showed a significant positive effect on learning 
(total effect; β = 0.79, p < .001) with a positive regression 
coefficient, indicating that PEOU can significantly and 
positively affect learning satisfaction. This outcome also 
shows that with higher PEOU of the mobile e-learning 
system, learning satisfaction is higher. Therefore, our 
results support Hypothesis 1.

Response hypothesis 2: PEOU can significantly affect PU
For Hypothesis 2, the results show that PEOU of the 
mobile e-learning system has a significant positive effect 
on PU (β = 0.88, p < .001), and the regression coefficient 

Table 2  Model fit parameters
Criterion Standard
Df -- 200 --
GFI ≥ 0.90 0.841 acceptable
AGFI ≥ 0.90 0.799 acceptable
SRMR ≤ 0.08 0.025 good
RMSEA ≤ 0.08 0.080 good
NFI ≥ 0.90 0.932 good
NNFI ≥ 0.90 0.953 good
RFI ≥ 0.90 0.921 good
IFI ≥ 0.90 0.960 good
CFI ≥ 0.90 0.959 good
PGFI ≥ 0.50 0.665 good
PNFI ≥ 0.50 0.807 good
PCFI ≥ 0.50 0.831 good
Likelihood ratio χ2/df ≤ 3 2.345 good
GFI: Goodness of fit; AGFI: Adjusted goodness of fit; SRMR: Standardized root 
mean square; RMSEA: Root mean square error of approximation; NFI: Normed 
fit index; NNFI: Non normed fit index; RFI: Relative fit index; IFI: Incremental fit 
index; CFI: Comparative fit index; PGFI: Parsimonious goodness of fit ; PNFI: 
Parsimony-adjusted measures index; PCFI: Parsimonious comparative fit index; 
*p < .05, **p < .01, ***p < .001

Table 3  Direct effect coefficient analysis of the moderation effect structural equation model (N = 212)
Hypothesis Path

relationship
Unstandardized
coefficient

Standard error t p Standardized
coefficient

Result

H1:
Hypothesis 1

PEOU → satisfaction (Total effect) 0.77 0.06 12.87*** < 0.001 0.79 Positive

H2:
Hypothesis 2

PEOU → PU 0.89 0.06 15.34*** < 0.001 0.88 Positive

H3:
Hypothesis 3

PU → satisfaction 0.70 0.09 7.62*** < 0.001 0.73 Positive

H4:
Hypothesis 4

Indirect effect 0.62 0.15 0.37–0.93* 0.001 0.64 Positive

Direct effect 0.15 0.09 1.71 0.088 0.15 Negative
PEOU, perceived ease of use; PU, perceived usefulness; *p < .05, **p < .01, ***p < .001
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was positive, implying that PEOU can significantly and 
positively affect PU. This outcome means that with higher 
PEOU of the mobile e-learning system, PU is also higher. 
Therefore, our results support Hypothesis 2.

Response hypothesis 3: PU can significantly affect learning 
satisfaction
The results concerning Hypothesis 3 show that the PU 
of the mobile e-learning system has a significantly posi-
tive effect on learning satisfaction (β = 0.73, p < .001) with 
a positive regression coefficient, indicating that PU can 
significantly and positively affect learning satisfaction. 
This also means that with a higher PU, the learning sat-
isfaction from using the mobile e-learning system is also 
higher. Therefore, our results support Hypothesis 3.

Response hypothesis 4: PEOU can significantly affect 
learning satisfaction through PU
To examine Hypothesis 4, bootstrapping with 1,000 
repeated samples was used to verify the significance of 
the indirect effect of PU on PEOU and learning satisfac-
tion. The results showed that the 95% confidence interval 
of the bias-corrected percentile from the bootstrap anal-
ysis was between 0.37 and 0.93, which does not include 
0. Therefore, the indirect effect (0.64) was significant and 
the moderating effect was verified. The effect of PEOU 
on learning satisfaction was reduced from 0.79 to 0.15, 
which was not significant. This result indicates complete 
mediation. In summary, the greater the PEOU, the less 
likely learning satisfaction will directly affect the results. 
In contrast, with increasing PEOU, increasing PU can 
further affect learning satisfaction.

Discussion
The findings provide insights into the analytical quality 
of the measurement model, its construct validity, and the 
relationship between the variables of interest. The mea-
surement model demonstrates satisfactory discriminant 
and convergent validity. All constructs met the criterion 
for discriminant validity, as indicated by the square root 
of the average variance, which exceeded the correlation 
coefficients for each dimension.

The observed and corresponding latent variables have 
high factor loadings (λ), indicating strong relationships. 
The reliability of the individual observation variables 
(R2) exceeds the required threshold of 0.50, indicating 
good reliability. The latent variables demonstrated high 
construction reliability and average variance extraction, 
exceeding the thresholds of 0.60 and 0.50, respectively. 
This suggests that the observed latent variables contrib-
uted significantly to the variance, thereby validating the 
scale’s convergent validity. The composite reliability (CR) 
of each scale was acceptable. Furthermore, confirma-
tory factor analysis supported the validity of the model, 

with the model fitting the data well, based on various fit 
parameters. This suggests suitable reliability in assessing 
the participants’ perceived ease of use (PEOU), perceived 
usefulness (PU), and learning satisfaction.

Regarding the study’s SEM analysis results, Hypothesis 
1 indicates that PEOU significantly affects learning satis-
faction. A higher PEOU for mobile learning systems leads 
to increased learning satisfaction. Hypothesis 2 was also 
supported, as PEOU significantly and positively affected 
PU. A higher PEOU for a mobile learning system corre-
sponds to a higher PU. Hypothesis 3 is also supported, 
indicating that PU significantly affects learning satisfac-
tion. A higher PU from using a mobile learning system 
leads to increased learning satisfaction. Using the TAM 
framework, we found that ICU nurses perceived remote 
learning technology to be useful and easy to use, high-
lighting their enthusiasm for mobile e-learning systems.

Hypothesis 4 suggested that PEOU indirectly affects 
learning satisfaction. Bootstrapping analysis confirmed 
the significant indirect effect of PU on PEOU and learn-
ing satisfaction. This implies that PU partially mediates 
the relationship between PEOU and learning satisfaction. 
As PEOU increases, PU further enhances learning satis-
faction, suggesting a complete mediating effect.

Satisfaction is an indicator of intention to use. Accord-
ing to the TAM, high PU and PEOU influence satisfac-
tion and behavioural intention to use, which in turn 
affects concrete practice. Our analysis showed that ICU 
nurses were satisfied with the mobile e-learning system 
and identified it as beneficial and comprehensible. This 
result echoes Williamson and Muckle [16], who pointed 
out that staff uses technology more when they perceive 
it to be useful and easy to use. Similarly, learners volun-
tarily agree to use technology according to the extent of 
their information literacy.

TAM outlines PEOU and PU, which are the core vari-
ables of our model [15]. Nagy claimed that PU is directly 
affected by PEOU [19]. As our study shows, SEM indi-
cated that PEOU did have a major direct effect on PU. 
Meanwhile, PU can mediate learning satisfaction. Our 
findings also indicate that PEOU had a significant direct 
effect on learning satisfaction. The mobile e-learning 
system was perceived as comprehensible, encouraged 
attentiveness to any schedule changes via the system, 
and provided an opportunity to record information and 
upload materials. Our results suggest that the PEOU of 
mobile e-learning system use improves the ease of learn-
ing and can enhance ubiquitous learning, particularly 
beneficial during the current pandemic. This style of 
learning may also inspire learners with inadequate inter-
net connection. According to Salloum et al. [38], learn-
ers tend to find material online, use mobile e-learning 
platforms, and communicate with others to aid them in 
their learning. One challenge of using different digital 
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platforms to learn is internet connection issues. There-
fore, interactive, accessible methods and demonstrations 
that rely on the internet may be a challenge for learners 
with weaker internet connections. In future research, 
different digital platforms could be evaluated via TAM. 
For instance, studies in different professional training 
areas might be conducted on virtual reality, augmented 
reality, game-based mobile learning, and investigation of 
learners’ learning self-efficacy and learning attitude. Such 
applications would provide further contributions and 
insights for the professional training field.

Overall, the findings align with the prior literature and 
provide evidence for the relationships between PEOU, 
PU, and learning satisfaction in mobile e-learning sys-
tems. These results contribute to our understanding of 
the factors influencing learner satisfaction and highlight 
the importance of PEOU and PU in shaping learning 
outcomes. All four hypotheses were supported by our 
results, which described the effects of remote learning on 
the learning satisfaction of ICU nurses using the TAM. 
Our results support the notion that mobile e-learning 
systems can enhance progress in the medical industry. 
The TAM for model learning has not yet been tested in 
ICU nurses’ education during the COVID-19 pandemic 
[39, 40]. According to Choi et al. [41], nurses must be 
trained in problem-solving skills and this should include 
information literacy training in future nursing courses, 
especially with increasing technological advancements in 
health care. This also affects the responsibilities of medi-
cal education managers who should employ innovative 
teaching and learning strategies using mobile e-learning 
systems to shape clinical digital learning environments 
and healthcare education settings.

In summary, SEM showed that PU and PEOU had a 
significant direct impact on learning satisfaction. Cur-
rently, distance learning methods using mobile e-learning 
systems are being used to access different professional 
classes online for continuing education. Remote learning 
is very useful during COVID-19 pandemic because it lim-
its potential exposure to infection. These systems could 
also be useful to learners across different disciplines and 
countries. Therefore, mobile e-learning systems are a 
useful and safe alternative to traditional learning.

Limitations
While this study addresses several apparent research 
gaps and successfully extends TAM to medical con-
texts, it is subject to some potential limitations that need 
to be identified and discussed. First, our study specifi-
cally examined the e-learning outcomes of ICU nurses, 
and the theoretical implications of the TAM should be 
explored in future research. For instance, future studies 
could investigate the application of the TAM in conjunc-
tion with various technologies such as augmented reality 

(AR), virtual reality (VR), and game-based learning, tar-
geting diverse nursing or medical staff for professional 
training purposes. Next, we did not investigate whether 
ICU nurses’ work years affected our sample-related inter-
nal factors for TAM that may include different nurse 
levels (N1–N4). Future investigations might consider 
carrying out similar analyses at each of these individual 
levels. Third, our study considered the impact of mod-
erating factors in an e-learning environment in a single 
setup. Future research should extend this question to a 
variety of different work situations, such as conducting 
TAM in different professional training areas, at differ-
ent nurse levels (N1–N4), and focusing on virtual reality, 
augmented reality, or game-based mobile learning.

Conclusion
Based on the findings of the study, nurses’ continu-
ing education activities via mobile e-learning systems 
enhance not only technology acceptance but also learn-
ing satisfaction. Thus, medical educators should be 
promoting learning effectiveness and using available edu-
cational methods and technology to attract learners so 
that they can study safely and learn to provide high-qual-
ity, professional, and safe care. The results of this study 
can help direct the integration of the mobile e-learning 
systems into innovative teaching curricula in the medical 
field. Teachers and learners should be supported in effec-
tively using the mobile e-learning systems to transmit 
professional knowledge and models.

During the COVID-19 pandemic, developing a con-
tinuous education system has been challenging. Peo-
ple around the world are learning how to transform 
traditional learning methods to fully online digital learn-
ing systems. In addition, many paper materials and 
textbooks take too long to be updated, while with the 
real-time spread of mobile learning and digital textbooks, 
online learning can provide opportunities for newer and 
more sustainable learning models. As IT continues to 
develop, both teachers and learners need to adapt to the 
expansion of IT, which can be combined with medical 
professional education and training programmes, even 
after the COVID-19 pandemic. Therefore, the applica-
tion of the TAM framework combined with professional 
curriculum design can help cultivate core IT literacy, 
enhance the critical thinking and problem-solving skills 
of clinical medical care workers, and can meet continuing 
education goals for future educators.
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