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Abstract 
 

Mobile learning can positively impact learning in different aspects, but the retention rate 
of mobile learning apps is unsatisfactory. Based on the Technology Acceptance Model and the 
updated DeLone and McLean Information System Success Model, this study develops an 
innovative model to examine factors impacting learners’ acceptance of mobile learning outside 
the classroom. Six hundred eighty-one adults in the US participated in this study, and structural 
equation modeling was used for data analysis. Results indicate that perceived usefulness, 
perceived ease of use, mobility, compatibility, and service quality are significant determinants of 
learners’ behavioral intention to use mobile learning outside the classroom.  
 
Keywords: Mobile Learning, Mobile Learning Acceptance, Technology Acceptance Model, 
DeLone and McLean Information System Success Model, Outside Classroom Learning.  
 

Introduction 
 

Although the adoption of m-learning apps has been increasing and has clear benefits, the 
user retention rate of m-learning apps is low. Only 25 out of 1,000 users still use an m-learning 
app after 30 days since they first used it (Statista Research Department, 2021). The lack of 
eagerness to use m-learning apps directly impedes the positive effects of m-learning apps on 
learning, even if those apps are well-designed. Therefore, there is a pressing need to explore 
factors impacting learners’ acceptance of m-learning apps. With this in mind, we intend to 
investigate factors impacting learners’ acceptance of m-learning outside the classroom, focusing 
on the quality of m-learning apps. Based on the Technology Acceptance Model (TAM) (Davis et 
al., 1989), the updated DeLone and McLean Information System Success Model (DL&ML) 
(DeLone & McLean, 2003), and previous relevant studies, we propose and examine a new m-
learning acceptance model. 
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Technology Acceptance Model 
 

The Technology Acceptance Model (TAM) proposed by Davis (1986) is designed to 
explain and predict users’ acceptance of new technological systems. TAM is derived from the 
Theory of Reasoned Action (Fishbein & Ajzen, 1975) in social psychology and has become one 
of the most used models for measuring the adoption of information systems due to its 
understandability and simplicity (King & He, 2006). In education, TAM is also a leading model 
for examining and predicting the acceptance of new learning technologies (Granić & 
Marangunić, 2019).  

Perceived usefulness, perceived ease of use, attitude, and behavioral intention are the four 
constructs that explain users’ actual adoption behaviors toward a technology system (Davis, 
1989). Perceived usefulness refers to the extent to which a user believes that using a specific 
technology system will increase their job performance; perceived ease of use refers to the extent 
to which a user believes that using a particular technology system would be free of effort (Davis, 
1989). In TAM, users’ system use is influenced by their behavioral intention to use the target 
system, which in turn, is affected by their attitude toward the use and perceived usefulness. As 
TAM’s two key determinants, perceived usefulness and perceived ease of use, jointly impact 
users' attitudes, perceived ease of use also impacts perceived usefulness.  
 

DeLone and McLean Information System Success Model 
 

DeLone and McLean (1992) developed the initial DeLone and McLean Information 
System Success Model (DL&ML) to understand the antecedents of information system success. 
This model identifies six critical constructs and explains information systems' success and 
interrelationships. These constructs include two quality constructs, system quality and 
information quality, and four non-quality constructs, system use, user satisfaction, individual 
impact, and organizational impact. As information system research progressed, DeLone and 
McLean (2003) refined the original DL&ML, resulting in the updated DL&ML. Like the initial 
model, the new model emphasizes the importance of system quality and information quality on 
the success of information systems but differs in adding service quality as another critical quality 
construct of information system success.   

According to DeLone and McLean (1992), information quality is the quality of the 
information produced by the system in the form of reports; system quality is the quality of the 
information system itself, which focuses on the expected characteristics of the system. Besides, 
service quality is the extent to which information systems provide support to users to assist 
users’ system use (Wang & Wang, 2009). 
 

Proposed Model and Hypotheses 
 

The constructs of the proposed model can be classified into two categories: (1) constructs 
from TAM and (2) quality-related constructs based on the updated DL&ML. Figure 1 shows the 
proposed m-learning acceptance model and relationships among its constructs.  

In TAM, perceived usefulness is the dominant determinant of users’ behavioral intention 
to use technology systems, followed by perceived ease of use; perceived ease of use also directly 
impacts perceived usefulness (Davis, 1989). When it comes to m-learning, a large body of 
studies further confirms the relationships between the three variables (e.g., Iqbal & Bhatti, 2015; 
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Nikou & Economides, 2015; Poong et al., 2017). Therefore, this study proposes hypotheses H1 
to H3, as shown in Figure 1.  

According to the updated DL&ML, information quality, system quality, and service 
quality are the three critical quality dimensions of information system success (DeLone & 
McLean, 2003). Therefore, the quality-related constructs included in the proposed model are 
identified around the three quality dimensions of the updated DL&ML.  

The proposed model includes seven quality-related constructs. Among them, content 
quality and content design quality correspond to the information quality dimension; mobility, 
compatibility, interface design, and interactivity correspond to the system quality dimension; and 
service quality corresponds to the service quality dimension. The seven quality-related constructs 
and their corresponding relationships included in the proposed model have been investigated in 
educational research (e.g., Almaiah et al., 2016; Cheng, 2012; Sabah, 2016). Therefore, this 
study proposes hypotheses H4a to H10b, as indicated in Figure 1.  
 
 
 
Figure 1 The Proposed M-Learning Acceptance Model 

 
Note. All the proposed relationships are positive.  
 

Method 
 

Six hundred eighty-one adults in the US aged 18 years or above with experience in using 
m-learning apps outside the classroom were recruited to participate in this study. The data 
collection technique used for recruitment is convenience sampling. Specifically, we distributed 
an online survey on Amazon Mechanical Turk (MTurk), an online crowdsourcing platform 
recruiting individuals to complete required tasks for business and research purposes.  

The online survey consists of 1) a participant consent form with a study description, 2) 
screening questions, 3) measurement items for model constructs, and 4) demographics. To 
ensure the validity and reliability of the survey, the measurement items for model constructs are 
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adapted from previous studies with necessary modifications to fit the context of this study. A 7-
point Likert scale ranging from a (strongly disagree) to 7 (strongly agree) is used for measuring.  

We performed a descriptive analysis to reveal learners’ perceptions of the critical factors 
impacting their acceptance of m-learning apps outside the classroom. Then, a structural equation 
modeling (SEM) was conducted using Mplus 8.0 with the maximum likelihood estimation 
method to test the proposed model and hypotheses. We adopted a two-step strategy when using 
SEM. Step one involves the evaluation of the measurement model, whereas step two examines 
the structural model. This two-step approach ensures that the conclusions on structural 
relationships are based on a set of measurement instruments with appropriate psychometric 
qualities. 
 

Results 
  

The descriptive statistics for items by each latent construct are presented in Table 1. None 
of the mean values surpass outside of the logical bound (i.e., 1 to 7). The measurement model 
was examined for reliability and validity.  
 
Table 1 Descriptive Statistics and Psychometric Properties of Items by Constructs 

Construct Items Mean SD Factor 
Loading 

Cronbach'
s 𝛼 

Composite 
Reliability AVE 

Content Quality  CQ1 6.038 0.899 0.720 0.737 0.736 0.482 
(CQ) CQ3 6.040 0.901 0.666    
 CQ4 6.134 0.895 0.695    
Content Design CDQ1 5.706 1.183 0.473 0.609 0.620 0.298 
Quality (CDQ) CDQ2 5.327 1.367 0.394    
 CDQ3 5.790 1.049 0.595    
 CDQ4 5.969 1.036 0.677    
Mobility (MO) MO1 6.170 1.033 0.778 0.778 0.779 0.541 
 MO2 6.200 0.934 0.699    
 MO4 6.081 0.918 0.727    
Compatibility COM1 5.934 0.969 0.758 0.837 0.837 0.562 
(COM) COM2 5.975 1.014 0.722    
 COM3 5.950 1.003 0.753    
 COM4 6.029 0.983 0.765    
Interface Design ID1 5.777 1.130 0.692 0.846 0.848 0.583 
(ID.) ID2 5.809 1.112 0.765    
 ID3 5.858 1.065 0.821    
 ID4 5.952 1.005 0.770    
Interactivity  INT1 4.924 1.575 0.795 0.894 0.890 0.632 
(INT) INT2 4.677 1.678 0.774    
 INT3 4.962 1.523 0.850    
 INT4 5.009 1.536 0.850    
 INT5 5.310 1.298 0.696    
Service Quality SQ1 5.090 1.261 0.836 0.904 0.904 0.702 
(S.Q.) SQ2 5.223 1.205 0.810    
 SQ3 5.078 1.313 0.843    
 SQ4 5.244 1.261 0.862    
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Perceived  PU1 5.893 0.982 0.815 0.861 0.861 0.608 
Usefulness (PU.) PU2 5.956 0.945 0.742    
 PU3 5.903 0.934 0.760    
 PU4 6.109 0.863 0.800    
Perceived Ease  PEOU2 5.652 1.085 0.581 0.740 0.742 0.494 
Of Use (PEOU) PEOU3 5.896 0.983 0.750    
 PEOU4 6.117 0.908 0.763    
Behavioral BI1 5.931 1.013 0.769 0.827 0.829 0.548 
Attention (BI.) BI2 5.905 1.025 0.741    
 BI3 6.062 0.918 0.687    
 BI4 6.191 0.900 0.760    

 
Evaluation of Measurement Model 
 

The measurement model was assessed using Confirmatory Factor Analysis (CFA). 
Firstly, the internal consistency of each scale was examined using Cronbach’s alpha, and 
composite reliability for all the constructs was evaluated. We eliminated three items (CQ2, MO3, 
PEOU1) to improve internal consistency based on corrected item-total correlation.  

The list of standardized factor loadings, factor correlation, and reliability indices are 
summarized in Table 1. Factor loadings greater than 0.4 were regarded as practically significant 
and representative of the underlying construct (Backhaus et al., 2006). The results show that the 
factor loadings for all items were larger than 0.4, so all items are posited to reflect those 
constructs well.  

Convergent and discriminant validity was assessed by analyzing the average variance 
extracted (AVE). When the AVE of all the latent constructs is greater than 0.5, a measurement 
model is considered to have adequate convergent validity and reliability (Fornell & Larcker, 1981). 
All the latent constructs’ AVE were greater than 0.5 except for content design quality (CDQ) and 
Perceived Ease Of Use (PEOU). The CDQ and PEOU constructs was kept because it was required 
for hypothesis testing even though its AVE is slightly less than 0.5.  

To provide evidence for the discriminant validity of the measures, the squared root of the 
AVE for each construct is higher than the highest correlation of any pair of latent variables. The 
highest correlation between latent variables shown in Table 2 is 0.967 between content quality 
(CQ) and CDQ. For any construct, this surpasses the squared root of AVE. Also, the construct CQ 
strongly correlates with mobility (MO), perceived usefulness (PU), and behavioral intention (BI). 
Furthermore, the correlation between CDQ and Interface Design (ID) is significant at 0.835, which 
is greater than the square root of the AVE for any construct. To improve validity, CQ and ID were 
removed from the analysis. 

According to the overall fit indices, the final measurement model provided a respectable 
adequate fit to the data (See Table 3; 𝑥 (406) = 1404.588 (406), p < 0.001., RMSEA= 0.060, 
SRMR = 0.062, CFI = 0.914, TLI = 0.902).  
 
Table 2 Discriminant Validity by Fornell and Larcker (1981) Criterion 

 CQ CDQ MO COM ID INT SQ PU PEOU BI 
CQ 0.694          
CDQ 0.967 0.546         
MO 0.917 0.785 0.735        
COM 0.879 0.826 0.807 0.750       
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ID 0.733 0.835 0.625 0.655 0.763      
INT 0.093 0.251 0.035 0.181 0.164 0.795     
SQ 0.257 0.380 0.051 0.191 0.353 0.531 0.838    
PU 0.851 0.743 0.757 0.771 0.642 0.149 0.325 0.780   
PEOU 0.733 0.602 0.728 0.653 0.625 0.020 0.08 0.673 0.703  
BI 0.804 0.690 0.782 0.817 0.587 0.129 0.161 0.819 0.762 0.740 

Note. Bold diagonal values indicate the square root of the average variance extracted, whereas the rest of the values 
indicate correlations between variables. 
 
Table 3 Measures of the Model Fit  

 Measurement model Structural model 

Chi Square (degrees of freedom) 1404.588 (406)   1449.207 (411) 
RMSEA 0.060 0.061 
SRMR 0.062 0.063 
CFI 0.914 0.911 
TLI 0.902 0.899 

 
 
Assessment of Structural Model 

 
The structural model was specified and assessed by setting regression paths based on 

hypotheses. The results of the structural model evaluation are summarized in Table 3. The 
proposed research model showed an acceptable fit with the data, according to the overall fit 
indices of the SEM analysis ( 𝑥 (411) = 1449.207 , p < 0.001.,  RMSEA= 0.061, SRMR = 0.063, 
CFI = 0.911, TLI = 0.899).  

We conducted the path analysis of latent variables to test the hypotheses. Figure 2 shows 
the structural model results, and Table 4 presents the results of the hypotheses testing. The latent 
path analysis supports variation of perceived ease of use (PEOU) is related to MO and 
Compatibility (COM) (β = 0.591, p <0.001; β = 0.296, p <0.01, respectively). Also, expected 
change of PU is associated with MO, COM, service quality (SQ), PEOU (β = 0.366, p <0.001; β 
= 0.388, p <0.001; β = 0.255, p <0.001; β = 0.131, p <0.05, respectively). Lastly, BI is related to 
PU and PEOU  (β = 0.557, p <0.001; β = 0.417, p <0.001, respectively). However, CDQ and 
interactivity (INT) have no significant influence on both PU or PEOU, and SQ has no significant 
influence on PEOU. 

The mediation effect of PEOU on BI through PU was examined by testing its indirect and 
direct effects. While the total effect of PEOU was estimated by 0.701(p <0.001), the amount of 
indirect effect was 0.104 (p <0.05), and the amount of direct effect was 0.596 (p <0.001). Both 
the indirect and direct effects were found to be statistically significant. Thus, the effect of PEOU 
was partially mediated by PU. This finding implies that there are two distinct ways that PEOU 
affected BI (See Table 4).   
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Figure 2 The Results of the Structural Model 

 
Note. *p<0.05, **p<0.1, ***p<0.01  
 
 
 
 
 
 
 
Table 4 Hypotheses Test Results 

Hypothesis Hypothesized paths Est. SE. C. R. p Result 
Direct effect 
H1 PEOU->PU 0.131 0.06 2.179 < 0.05 Supported 
H2 PU->BI 0.557 0.047 11.843 < 0.001 Supported 
H3 PEOU->BI 0.417 0.05 8.317 < 0.001 Supported 
H5a CDQ->PU -0.022 0.117 -0.19 0.849 Not supported 
H5b CDQ->PEOU -0.104 0.15 -0.69 0.490 Not supported 
H6a MO->PU 0.366 0.105 3.501 < 0.001 Supported 
H6b MO->PEOU 0.591 0.118 5.027 < 0.001 Supported 
H7a COM->PU 0.388 0.087 4.44 < 0.001 Supported 
H7b  COM->PEOU 0.296 0.111 2.667 < 0.01 Supported 
H9a INT->PU -0.062 0.036 -1.726 0.084 Not supported 
H9b INT->PEOU -0.04 0.046 -0.867 0.386 Not supported 
H10a SQ->PU 0.255 0.048 5.356 < 0.001 Supported 
H10b SQ->PEOU 0.039 0.061 0.633 0.527 Not supported 
Mediation effect (direct & indirect effect discomposed from total effect) 
Total PEOU-->BI 0.701 0.100 7.008 < 0.001 Supported 
Direct PEOU->BI 0.596 0.087 6.823 < 0.001 Supported 
Indirect  PEOU-> PU ->BI 0.104 0.050 2.103 < 0.05 Supported 

 
Discussion and Conclusion 

 
This study investigates the impacts of quality factors on learners’ acceptance of m-

learning outside the classroom by introducing the three quality dimensions of the updated 
DL&ML model into TAM. After surveying six hundred eighty-one adult learners and analyzing 
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the data collected using a structural equation model, an innovative m-learning acceptance model 
was developed.  

Although researchers have noted the importance of the three quality dimensions of the 
updated DL&ML model, namely content quality, system quality, and service quality, on m-
learning acceptance (e.g., Almasri, 2016; Almaiah & Alismaiel, 2019), few of them clearly state 
the components of each quality dimension. Building on existing research, this study goes one 
step further and reconstructs the components of the three quality dimensions in the context of m-
learning. Such an approach not only contributes to the consistency of m-learning quality 
assessment but also provides a clear direction for the design and development of m-learning. 
Furthermore, this study explicitly focuses on the acceptance of m-learning outside the classroom 
by adult learners from various backgrounds and educational levels, both students and non-
students. Therefore, it fills the gap where research on m-learning acceptance has paid little 
attention to non-student populations and learning beyond higher education settings (Al-Emran et 
al., 2018).  

The results suggest that learners’ behavioral intention to use m-learning outside the 
classroom is significantly attributed to perceived usefulness and ease of use. When learners 
consider an m-learning app to be easy to use and valuable to their learning, they are more willing 
to use it in the future to support their out-of-classroom learning.  

Another important finding of this study is that mobility and compatibility under the 
system quality dimension are perceived positively and significantly impact the usefulness and 
ease of use of m-learning by learners. When learners feel that they can use m-learning without 
the limitation of time and location, and when m-learning is compatible with their learning needs 
and learning styles, they are more likely to use m-learning outside the classroom. Due to the 
complexity and flexibility of the learning environment outside the classroom, such as fragmented 
learning time and unfixed learning place, it is understandable that mobility and compatibility are 
perceived as essential by learners. Therefore, m-learning outside the classroom should provide a 
personalized learning experience with flexible learning modes, such as offline learning to cater to 
the needs of different learners.  

We also found a significant and positive impact of service quality on the perceived 
usefulness of m-learning. That is, the more timely and effective support service an m-learning 
app provides to learners, the more likely learners think the app is useful for their learning. 
Similar findings can be found in the studies conducted by Sabah (2016). This finding implies that 
a productive m-learning app may not be able to provide sufficient assistance for learning outside 
the classroom if it lacks service support. An easily acceptable m-learning should allow learners 
to get the support they need promptly and offer the right solutions to their requests.  

In sum, this study establishes an innovative model to examine determinants of learners’ 
acceptance of m-learning outside the classroom. The results show that two quality dimensions, 
namely system quality (mobility and compatibility) and service quality, and two learners’ beliefs, 
namely perceived usefulness and perceived ease of use, play an essential role in m-learning 
acceptance outside the classroom.  
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