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Abstract. The Covid-19 pandemic boosted the rise of massive open online courses 

(MOOCs); seeking to position themselves as a viable and effective alternative. 

However, after this, the course dropout rate reached 90%; generating a loss of 

potential users in a market estimated at US $ 20.8 billion worldwide by 2023. The 

article proposes to analyze what could affect the continuity of these courses. To do 

this, it was proposed that the quality of the content, the relative advantage, 

compatibility, perceived usefulness, attitude and social influence are variables that 

influence the behavioral intention towards MOOCs. 

A quantitative, explanatory and cross-sectional study was carried out over time. For 

this, a non-probabilistic convenience sample of 304 valid responses was reached 

through an online survey with Likert scale questions (1-5), which was applied the 

PLS-SEM technique to validate the hypotheses through the Smart PLS software. 

Their most important results were that compatibility and relative advantage have a 

positive effect on perceived usefulness. However, no relationship was found 

between content quality and perceived usefulness. Furthermore, perceived 

usefulness has a positive effect on social influence and students' attitude, but not on 

their behavioral intention. 
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1 Introduction 

 

Massive open online courses, better known as MOOCs (Massive Open Online 

Courses), are characterized by encouraging massive participation, thanks to their 

available and open access, and by allowing access through various platforms and 

devices, in both synchronous and asynchronous modes [1]. 

Despite the large consumption of massive online courses during the Covid- 19 

pandemic, certain disadvantages have been identified, such as the lack of guidance and 

standards of the content they offer; causing only a small percentage of users to be 

willing to complete a course or obtain a certificate, evidencing a low retention rate [2] 

and [1].  

In this sense, some variables stand out to understand the behavioral intention towards 

these courses. For example, the compatibility against user needs [3]; the relative 

advantage when evaluating a technological innovation against others [4]; perceived 
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2 Literature Review  

2.1 Content Quality (CQ) 

The content quality (CQ) variable refers to the ability of a system to provide high 

quality content; which is related to the richness of the educational content and the 

frequency of its updates in an online course platform [7] and [8]. Both aspects are 

critical for users to perceive such a platform as attractive and useful [7] and [8]. 

The CQ variable has been investigated in a unidimensional way [7], [9] and [10]. On 

the other hand, [9] and [10] claim that there is a significant effect by CQ on perceived 

usefulness in the online course platform domain when they consider it to be useful, 

easy, complete and diverse. 

H1: Content quality (CQ) has a positive effect on perceived usefulness (PU) in the 

category of MOOCs. 
 

2.2 Compatibility (COMP) 

Defined as the perception of the consistency or coherence of a system with respect to 

the standards, requirements, values and experiences of students and users; which will 

enrich their learning [11], [2] and [3]. 

It is worth considering that COMP has been studied as a unidimensional variable [2] 

and [4]. According to [12], [2] and [4], COMP has a positive effect on perceived 

usefulness (PU). 

H2: Compatibility (COMP) has a positive effect on Perceived Usefulness (PU) in 

the MOOCs category. 
 

2.3 Relative Advantage (RA) 

Degree of perception that a product or service is better than the ideas it replaces or the 

existing system [4]. Also, according to [13] and [4], this variable is studied in a 

unidimensional way. On the other hand, according to [2], [3] and [4], it is a variable of 

great importance in motivating students' intention to accept MOOCs; because RA has 

a positive influence on perceived usefulness (PU) since, if students perceive that this 

new system (MOOCs) provides them with greater advantage than the previous 

traditional learning system, it will be considered of greater usefulness. 

H3: Relative Advantage (RA) has a positive effect on Perceived Usefulness (PU) in 

the MOOCs category. 

2.4 Perceived Usefulness (PU) 

Perceived usefulness refers to the degree to which a user believes that employing a 

certain platform will improve his or her performance in some activity [14]; considering 

the efficiency, productivity and overall benefits of the system to improve user 

performance [15]. 

On the other hand, both [16] and [17] posit that this variable significantly influences 

attitude; while [18] and [19] refer that it has a positive and significant impact on 

behavioral intention.  

H4: Perceived Usefulness (PU) positively influences Attitude (ATT) in the category 

of MOOCs. 

H5: Perceived Usefulness (PU) has a positive impact on Behavioral Intention (BI) 

in the MOOCs category. 

 

usefulness and attitude [5] and social influence, as environmental opinions can 

influence consumer decisions [6]. Thus, the purpose of the study is to find out the 
relationships of such variables on the behavior of online course learners.
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ATT and behavioral intention (BI). 

H6: Attitude (ATT) has a direct and positive effect with Behavioral Intention (BI) in 

the MOOCs category.
 

 

2.6 Social Influence (SI) 

[21] point out that it is the influence due to the opinion of third parties regarding the 

use of an information system. On the other hand, this variable, is investigated as 

unidimensional [23] and [24]. 

According to [25] and [24], SI influences PU, considering that, faced with the 

decision to use MOOCs, users appreciate ratings from people they consider relevant. 

On the other hand, [6] and [22] argued that SI positively influences BI; as their 

environment beliefs and opinion about MOOCs can strongly impact them. 

H7: Social Influence (SI) has a positive impact on Perceived Usefulness (PU) in the 

category of MOOCs. 

H8: Social Influence (SI) positively influences Behavioral Intention (BI) in the 

MOOCs category. 

 

2.7 Behavioural Intention (BI) 

Behavioral intention, known by its acronym BI, is defined as the indicator that a person 

is prepared to behave in a certain way [26] or the strength of a person's commitment to 

perform a particular behavior [27]. Under the context of e-learning, BI was studied as 

a unidimensional construct [28], which determines users' willingness to accept online 

learning platforms [29]. 

 

3
 

Method
 

 

A quantitative, cross-sectional, correlational approach was applied. In addition, non-

probabilistic convenience sampling was considered following the model of [23]. The 

survey was conducted from June 3 to July 25, 2022; focusing on students from high 

schools located in Metropolitan Lima who were users of MOOCs platforms in the 

period of the last twelve months prior to the dissemination of the survey. 

In relation to the sample, 304 valid responses were obtained; of which 51.6% were 

female, 48.4% male and 68.1% were between 18 and 25 years old. Also, the platforms 

with the highest number of users according to our survey were Crehana (24%), Coursera 

(20.8%), Domestika (19.3%) and Netzun (14.6%). The data was collected via Google 

Forms and distributed on Facebook, Instagram and WhatsApp. It should be noted that 

confidentiality protocols were respected. 

The questionnaire consisted of filter questions, demographic questions and variable 

indicators. CQ was composed of five items [30], RA of four items [31], COMP had 

three items [3], PU with three items [32], ATT with four items [30], SI with 3 items of 

[33]. Finally, BI was measured with 3 items from [34]. The items were measured using 

a 1-5 point Likert scale [35]. Finally, the statistical test was PLS-SEM [4]; while Smart 

2.5 Attitude (ATT) 

It expresses the degree to which the user acquires a positive or negative feeling towards 

online courses [20]. In the view of [14], even if users do not show a positive attitude 

towards technology, they will use it if they notice that the benefits are evident. On the 

other hand, attitude is considered a unidimensional variable [21]. On the other hand, 

[16], [17] and [22] reveal that there is a significant and positive relationship between 
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4 Results 

 

First, an indicator was removed from the PU variable for having values above 0.90 in 

the HTMT test [36]. Following this modification, the relationships between the 

variables were reassessed based on the results obtained using the PLS-SEM technique 

for the analysis of the reflexive research model [36]. In line with this, the selected 

variables and indicators show a satisfactory level of reliability, as they have a value 

above 0.7 [37]. 

 Fig. 1. Resarch model with loadings 

 Table 1. Reflective measurements model 

 

Study 

construct 

Construct- 

items 

  

Loadings AVE Cronbach´s 

alpha 

Rho_A Composite 

Reliability  

>0.70 >0.50 >0.80 >0.70 >0.70 

ATT ATT1 0.895 

0.808 0.921 0.921 0.944 
ATT2 0.905 

ATT3 0.907 

ATT4 0.889 

BI BI1 0.918 

0.865 0.922 0.924 0.951 BI2 0.938 

BI3 0.934 

COMP COMP1 0.884 

0.777 0.857 0.860 0.913 COMP2 0.881 

COMP3 0.880 

CQ CQ1 0.878 

0.760 0.923 0.951 0.941 

CQ2 0.873 

CQ3 0.872 

CQ4 0.848 

CQ5 0.887 

PLS software was used to analyze the data which allows for more accurate estimates 

[28], [34], [6] and [33].
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PU PU2 0.961 
0.925 0.918 0.918 0.961 

PU3 0.962 

RA RA1 0.884 

0.817 0.925 0.926 0.947 
RA2 0.921 

RA3 0.928 

RA4 0.882 

SI SI1 0.928 

0.844 0.908 0.908 0.942 SI2 0.920 

SI3 0.908 
 

 
With regard to convergent validity, which was assessed through the average variance 

extracted (AVE), it can be observed that the values of the variables analyzed are greater 

than 0.50, which indicates that they are acceptable values [38]. Likewise, in relation to 

the reliability of internal consistency, according to [39], the values of Cronbach's Alpha 

are acceptable as they are greater than 0.80. Likewise, the rho_A values exceed 0.70; 

being acceptable [38]. In addition, on the composite reliability, it can be seen that they 

have satisfactory degrees of reliability, as they are values that are greater than 0.70 [38]. 

See Table 1. 

Then, we proceeded to evaluate the discriminant validity through the analysis of 

correlations of Heterotrait-Monotrait Ratio (HTMT); considering that, there are no 

problems related to the discriminant value of the constructs being below 0.90. This 

being a standard threshold according to [36]. See Table 2. 

 
Table 2. Discriminant validity (HTMT criterion) 

 

 ATT BI COMP CQ PU RA SI 

ATT        

BI 0.836       

COMP 0.847 0.809      

CQ 0.782 0.816 0.885     

PU 0.896 0.675 0.794 0.685    

RA 0.895 0.725 0.860 0.844 0.844   

SI 0.864 0.857 0.760 0.721 0.735 0.800  

 

Subsequently, it was found that there is no collinearity between the constructs through 

the variance inflation factor (VIF), as the values were between 1.000 and 4,580 [38]. 

Likewise, the calculation of R² was performed, in which it is observed that the values 

of PU, ATT and BI are moderate, as their values are 0.635, 0.680 and 0.678 

respectively. In this sense, ATT is the variable that explains the model to a greater 

extent. 

 

Table 3. Result for hypothesis testing 
 

 Path 

coefficient 

Confidence interval P values f2 Decision 

2.5% 97.5% 

H1:CQ  → PU -0.059 -0.187 0.071 0.371 0.003 Unsupported 

H2: COMP → 

PU 

0.244 0.098 0.403 0.002 0.052 Supported 

H3: RA → PU 0.511 0.324 0.701 0.000 0.195 Supported 

H4: PU → ATT 0.825 0.770 0.868 0.000 2.126 Supported 

H5: PU → BI -0.075 -0.216 0.051 0.263 0.006 Unsupported 

H6: ATT → BI 0.461 0.312 0.603 0.000 0.144 Supported 

H7: SI → PU 0.173 0.058 0.292 0.004 0.036 Supported 

H8: SI → BI 0.471 0.352 0.591 0.000 0.257 Supported 

 

 

After the structural equation modeling, in which a bootstrapping of 5000 subsamples 
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was carried out, it was obtained as results that H2, H3, H4, H6, H7 and H8 are valid by 

having a p-value below 0.05 [38] See Table 3. 

Finally, the ability of the constructs to be predictors with respect to the evaluated 

relationships was evaluated, so it is evident that PU, ATT and BI are predictive, 

considering their predictive relevance values of 0.636, 0.712 and 0.633 respectively. 

This is because the accuracy and predictive relevance of the constructs will be higher 

as long as the Q² values are greater than 0.15 [38].  

5 Discussion and conclusions  

From the results obtained, it has been found that CQ is not significantly related to PU 

or BI. In the first case, users prioritized other aspects, such as compatibility [2] or that 

the platform fits their learning style and provides an enjoyable and satisfying experience 

[2]. In the second, consumers would no longer consider usefulness as a benefit as the 

supply of MOOCs and educational services available during the pandemic was limited. 

 

On the other hand, the findings show that there is a relationship between COMP and 

PU. Therefore, considering that the use of virtual platforms enhances learning 

performance and is compatible with their values and behavioral patterns [13] and [2], 

COMP can be seen as the key to enhance consumers' acquisition of MOOCs. 

Furthermore, the relationship between AR and PU was validated; suggesting that 

relative advantage is important to some extent for perceived usefulness as consumers 

perceive these online courses to be superior to other traditional learning methods [3]. 

Regarding the relationship between PU and ATT, it is concluded that their 

relationship is positive and strong; and thus, there would be a greater willingness to 

purchase them [40], [41] and [42]. Furthermore, it could be concluded that ATT is a 

determinant factor in BI, which would imply that, in order to increase the acquisition 

of the service, it is crucial to provide an efficient platform, which will generate a 

positive user attitude towards MOOCs [43]. 

Similarly, the results show a positive relationship between SI and PU. Therefore, it 

is concluded that it is important for users to value online courses by their environment, 

as it depends on this for them to consider it beneficial and make the decision to purchase 

it [44] and [24]. Finally, SI influences BI and it should be taken into consideration that 

users expect their immediate environment to prefer the use of online platforms for 

learning or that they are inclined towards this type of educational service over other 

learning methods, as it will directly affect their decision making [33].  

5.1 Limitations and future research  

The main limitations observed are focused on the information collected on the basis of 

the sample selected, since, being a convenience sample, the results are biased. Likewise, 

it was considered that the geographical location of the respondents contributes to the 

fact that it cannot be extrapolated. On the other hand, it is suggested to include variables 

such as perceived ease of use, brand equity, brand image, satisfaction, perceived 

enjoyment and loyalty. Furthermore, given that the findings and recommendations have 

been generated based on a specific sample, considering that they are high school 

students in the city of Lima, it is recommended that research be conducted in other 

geographical contexts, so that the results generated can be compared.
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