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Abstract 

Student-facing learning analytics (SFLA) empower students to take responsibility for their own learning. 
Increasingly, higher education institutions (HEIs) are implementing SFLA to enable students gain insight 
into their own learning process. However, successful implementation depends on whether students 
embrace them. Hence, gaining insight into what will drive students’ acceptance of SFLA is important for 
both designers and HEIs. The study investigated the effect of students’ technology readiness on acceptance 
of SFLA by integrating technology readiness (TR) and technology acceptance model. Data collected from 
undergraduate students was examined using Structural Equation Modeling. Optimism and innovativeness 
were found to have a significant positive influence on perceived usefulness (PU), perceived ease of use 
(PEOU) and behavioral intentions, while insecurity and discomfort had a negative effect on PEOU but not 
on PU and behavioral intentions. Therefore, optimism and innovativeness should be reinforced while 
minimizing insecurity and discomfort to enhance students’ intentions to adopt SFLA. 
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Introduction 

Advances in information and communication technology have enabled the collection, analysis and 
reporting of massive amount of data generated in online learning environments such learning management 
systems. Increasingly, higher education institutions (HEIs) are taking advantage of this data to gain insight 
into students’ learning processes to improve student engagement and retention. The ”measurement, 
collection, analysis and reporting of data about learners and their contexts, for purposes of 
understanding and optimizing learning and the environments in which it occurs” is referred to as learning 
analytics (LA) (Siemens 2013, p.1381). LA data is aggregated and usually reported using visualization tools 
called dashboards. Data visualizations in the form of charts, graphs, and network diagrams empower 
various stakeholders such as instructors, students, administrators, researchers, and other policy makers to 
make various decisions concerning the learning process (Bodily and Verbert 2017). Early LA tools were 
designed to be used by educators and other institutional stakeholders for the purposes of identifying at-risk 
students, and predicting student achievement and engagement (Arnold and Pistilli 2012) (e.g. Course 
signals at Purdue University). Recently, LA tools specifically designed for use by students, known as 
student-facing learning analytics (SFLA) have emerged. SFLA are tools that automatically track students’ 
interaction data in online learning environments and report it directly to students in form of text feedback, 
visualisation, dashboard, and/or recommendation (Bodily and Verbert 2017). Some examples include: 
Check My Activity (CMA) (Fritz 2011), Connected Learning Analytics (CLA) (Kitto et al. 2015), and Data2U 
(Khan and Pardo 2016).SFLA offer a promising approach for empowering students to take responsibility 
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for their own learning process hence fostering self-regulated learning. The real-time feedback enables 
students gain insight into their own learning process and improve their learning (Fritz 2011). SFLA can 
foster metacognition, self-evaluation, self-reflection, and sense-making which are key ingredients for self- 
self-regulated and self-directed learning (Durall and Gros 2014; Fritz 2011). SFLA offer features enabling 
learners to track progress towards their learning goals, receive just-in-time feedback, compare and optimize 
learning paths, and receive personalized support (Fritz 2011; Reimers and Neovesky 2015). Through SFLA, 
students can receive alerts on potential risks in the learning process, notification on upcoming learning 
activities, compare performance grades, and manage learning time (Arnold and Pistilli 2012; Reimers and 
Neovesky, 2015). Real-time feedback and visualization of personal performance metrics empowers learners 
to take responsibility for their own learning process, which is very important in higher education, and more 
so in online learning environments given the autonomy and flexibility in the learning process.  
 
With the potential of SFLA to improve student learning, HEIs are investing significantly into designing and 
implementing SFLA. However, successful implementation of SFLA depends on whether students embrace 
them. Hence, gaining insight into what will drive students’ acceptance of SFLA is important for both 
designers and HEIs. Although many factors drive adoption of a given technology, individual personality 
traits and system dimensions have long been acknowledged in literature as being important influential 
factors (Davis 1989; Parasuraman’s 2000). Individual personality traits such technology readiness (TR), 
self-efficacy, computer anxiety, personal innovativeness are reported to have significant influences on 
individual adoption of technology (Agarwal and Prasad 1999; Parasuraman’s 2000; Davis 1989). On the 
other hand, system characteristics such perceived usefulness (PU) and perceived ease of use (PEOU) are 
reported as important predictors of individual intentions to adopt technology (Davis 1989). Consequently, 
the present study intends to answer the following research question: Will students’ technology readiness 
play a role in the adoption of student-facing learning analytics? 
 
Previous scholars have integrated TR and TAM with a view that it provides a comprehensive view of 
understanding people’s attitudes towards adoption of new technology (Godoe and Johansen 2012; Kuo, 
Liu, and Ma 2013; Lin and Hsieh 2007; Wook, Yusof and Nazri 2017). Godoe and Johansen (2012), Kuo, 
Liu, and Ma (2013), Wook, Yusof and Nazri (2017) and others examined the impact of TR dimensions on 
TAM predictors (perceived usefulness and perceived ease of use) but not behavioral intentions. El Alfy, 
Gómez and Ivanov (2017), Lin and Chang, (2011), Lin and Hsieh (2007) investigated the influence of TR as 
one construct on behavioral intentions and reported both positive and negative influences. But which of the 
four TR dimensions should be strengthened or minimized to enhance adoption intentions? It would be 
interesting to know how each of the TR dimensions directly influence behavioral intentions so that highly 
positive influencing dimensions are reinforced to enhance adoption intentions. The current study intends 
to address this gap by developing and testing a model that directly links each TR dimension with behavioral 
intentions in the context of student-facing learning analytics. 

The paper is structured as follows: first, we present a brief review of the theoretical frameworks 
underpinning this study. Next, we propose our research model and hypotheses and introduce the methods 
applied to conduct the study. We then discuss our findings and end the paper with a conclusion, limitations, 
and future research directions. 

Theoretical framework: Technology Readiness and Technology 
Acceptance Model 

Various frameworks have been proposed to explain people’s attitudes towards new technology. TAM Davis 
(1989) and its various successors have been extensively used in literature to investigate information systems 
(IS) adoption and use. TAM is prominently used in predicting the uptake of new IS or technology 
innovations. Within TAM the major predictors of technology acceptance are perceived usefulness (PU) and 
perceived ease of use (PEOU) with impact of PU stronger than PEOU. Since PU and PEOU are well 
acknowledged predictive factors of technology acceptance, our study focuses on two independent and one 
dependent TAM variables (PU, PEOU, and Behavioral intention). In the present study, PU is the extent to 
which students believe that using SFLA will improve their academic performance and the overall learning 
process. PEOU is the extent to which students believe that using SFLA will be easy and free of physical and 
mental effort. Behavioral Intention (BI) expresses the level of an individual’s attitude towards technology 
adoption/acceptance.  
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Although TAM is undeniably useful in understanding technology acceptance, it places emphasis on people’s 
perception of the system attributes but does not capture well people’s general personal beliefs about 
technology. Parasuraman’s (2000) technology readiness index (TRI) measures individuals’ general 
personal beliefs about technology. Technology readiness (TR) is defined as ‘‘people’s propensity to embrace 
and use new technologies for accomplishing goals in home life and at work’’ (Parasuraman 2000, p. 308). 
It is a state of mind, changeable over time, resulting from mental enablers and inhibitors to collectively 
determine a person’s attitude towards the use of new technology innovations. The theory posits four 
personality dimensions categorized into contributors (optimism and innovativeness), because they draw 
people towards technology, and inhibitors (discomfort and insecurity), because they hinder people from 
adopting a given technology innovation. Optimism is “a positive view of technology and a belief that it 
offers people increased control, efficiency, and flexibility in their lives” (Parasuraman and Colby 2001, p. 
34). Innovativeness is “a tendency to be an early adopter of technology and opinion leader” (Parasuraman 
and Colby 2001, p. 36). Discomfort is “a perception of being unable to control the technology and a feeling 
of being overwhelmed by it” (Parasuraman and Colby 2001, p. 41). Insecurity is a feeling of distrust that 
technology can work accurately and the potential threats that result from use (Parasuraman 2000). 

Integrating Technology Readiness and Technology Acceptance Model 

Integrating TRI and TAM is not peculiar to the present study. Godoe and Johansen (2012) argue integrating 
TR and TAM provides a comprehensive view of technology acceptance. Several studies have emerged using 
TR and TAM as an integrated model for technology adoption investigations (Lin and Chang 2011; Lin and 
Hsieh 2007; Walczuch, Lemmink and Streukens 2007). Literature reveals that TR and TAM have majorly 
been integrated in two approaches: One approach involves examining the effects of TR as one construct on 
TAM variables (Lin and Chang 2011; Lin and Hsieh 2007). Whereas the other involves examining the direct 
effect of each TR dimensions (optimism, innovativeness, discomfort, and insecurity (Kuo, Liu, and Ma 
2013; Lin and Chang, 2011 Walczuch et al. 2007; Wook et al. 2017). Generally, both approaches on the 
influence of TR on TAM predictors are reasonably represented. Additionally, several of these studies report 
significant positive influences of TR contributors (optimism and innovativeness) on PU and PEOU (Godoe 
and Johansen 2012; Kuo et al. 2013) although other studies have found a negative relationship between 
innovativeness to PU (Godoe and Johansen 2012). In the same way, TR inhibitors (discomfort and 
insecurity) have been reported to have a significant negative influence on PU and PEOU (Kuo et al. 2013; 
Lin and Chang, 2011; Wook et al. 2017). 
 
However, only a handful of existing studies examined the direct effect of TR on behavioural intentions (El 
Alfy et al. 2017; Lin and Chang, 2011; Lin and Hsieh 2007). These studies examined TR as one construct 
and reported both positive and negative influences of TR on behavioral intentions (El Alfy et al. 2017; Lin 
and Chang, 2011). For instance, El Alfy et al. (2017) found that TR positively influences behavioral 
intentions for the United Arab Emirates sample but negative influences for the Egypt sample. None of the 
reviewed studies report how each TR dimension influences behavioral intentions. It is important that we 
examine the extent to which each TR dimension directly influences behavioral intentions. This can give 
insight into which TR dimensions to strengthen to enhance adoption intentions. The present study aims to 
address this gap by examining the direct effects between each TR dimension and behavioral intentions in 
the context of student-facing learning analytics.  

Research Model and Hypotheses 

The proposed research model for the present study is depicted in Figure 1 below. The four dimensions of 
TR including optimism (OPT), innovativeness (INN), discomfort (DISC) and insecurity (INS) have a direct 
influence on PU, PEOU and behavioral intention (BI) to use SFLA. In addition, PU and PEOU will influence 
behavioral intention to use SFLA.  Accordingly, fifteen (15) hypothesis are proposed as follows: 
 H1: Optimism positively influences students’ perceived usefulness of SFLA; H2: Innovativeness positively 
influences students’ perceived usefulness of SFLA; H3: Discomfort negatively influences students’ 
perceived usefulness of SFLA; H4: Insecurity negatively influences students’ perceived usefulness of 
SFLA; H5: Optimism positively influences students’ perceived ease of use of SFLA; H6: Innovativeness 
positively influences students’ perceived ease of use of SFLA; H7: Discomfort negatively influences 
students’ perceived ease of use of SFLA; H8: Insecurity negatively influences students’ perceived ease of 
use of  SFLA; H9: Optimism positively influences students’ behavioural intention to use SFLA; H10: 
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Innovativeness positively influences students’ behavioural intention to use SFLA; H11: Discomfort 
negatively influences students’ behavioural intention to use SFLA; H12: Insecurity negatively influences 
students’ behavioural intention to use SFLA; H13: Perceived ease of use positively influences students’ 
perceived usefulness of SFLA; H14: Perceived ease of use positively influences students’ behavioural 
intention to use SFLA; H15: Perceived usefulness positively influences students’ behavioral intention to 
use SFLA. 

 

Figure 1. Proposed Research Model 

Methods 

A quantitative approach was deemed appropriate for the study and accordingly, an online survey was 
developed in SurveyMonkey to obtain the required data as follows:  

Instrument Design, Data Collection and Analysis 

The survey instrument had two sections: The first part of the questionnaire collected general demographic 
data. The second section measured TR dimensions and TAM (optimism, innovativeness, insecurity and 
discomfort) whose items were derived from Parasuraman and Colby (2015) and Parasuraman (2000). And 
TAM constructs (PU, PEOU, and behavioral intentions) whose items were adapted from Venkatesh et al. 
(2003) and Davis (1989). All the items were adapted to the study context and measured on a seven-point 
Likert scale ranging from 1 =strongly disagree to 7 =strongly agree. The instrument was pilot tested with 
eight (8) doctoral students and improved based on their feedback. The target population was undergraduate 
students enrolled in the discipline of Business or Information & Communication Technology at a public 
university in Australia. Purposive sampling was used to identify the participants for the study. A 
recruitment e-mail was sent to 500 students via university email. The survey was conducted between 
October 2017 and February 2018. A total of 309 responses were received, but after data cleaning 2 responses 
were dropped because they were incomplete. Thus, the analysis was done based on 307 responses. 
Statistical Package for the Social Sciences (SPSS) version 24 was used to generate descriptive statistics while 
SPSS Analysis of a Moment Structures (AMOS) version 22 was used for Structure Equation Modeling (SEM) 
analysis to validate the measurement and the structural model.   

Results 

Participants Demographics 

Descriptive statistics about the study sample (N=307) are presented as follows: 45.95% were female while 
54.05 % male. 63.2% were from Information & Communication Technology and 36.8% from Business. 
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60.91% of the participants were in the age group 18-24, 26.06% (25-29), 111.4% (30-34), 0.98% (35-39), 
and 0.65% (40+). 65.45% were in their first year of study, 19.9% (second year), 12.4% (third year), 1.95% 
(fourth year), and 0.30% (fifth year). 

Measurement Model Assessment 

The measurement model consisted of seven latent variables including optimism (OPT), innovativeness 
(INN), discomfort (DISC), insecurity (INS), perceived usefulness (PU), perceived ease of use (PEOU), and 
behavioral intention to use. The resulting measurement model statistics from confirmatory factor analysis 
suggested a good fit to the data: X2 = 723.9; df= 356; Goodness of Fit Index (GFI) =; 0.95; Adjusted Good 
ness of Fit Index (AGFI) =0.91; Normed Fit Index (NFI) =0.95; Comparative Fit Index (CFI) =; 0.93. All 
the model-fit indices presented are greater than 0.90 hence acceptable (Gefen, Straub, and Boudreau 
2000). The Root Mean Square Error of Approximation (RMSEA) was 0.068 which acceptable. MacCallum, 
Browne and Sugawara (1996) suggest that RMSEA value of 0.01 indicates an excellent model-fit, 0.05 
indicates a good fit and 0.08 indicates a mediocre fit.  
 
Cronbach Alpha reliability test (Cronbach 1951) and composite reliability were used to test for reliability or 
internal consistency of the measurement model. The Cronbach Alpha coefficients for all the constructs were 
greater than 0.70 indicating that the measurement scales were reliable based on Nunnally’s rule of thumb 
(Nunnally 1967). The composite reliability results ranged from 0.83 to 0.97 as presented in Table 1 
indicating internal consistency for all the constructs. Hair, Ringle and Sarstedt (2013) suggested that 
composite reliability scores should exceed 0.7.  
 
Factor loadings and average variance extracted (AVE) were used to test for convergent validity. In the first 
iteration, four of the twenty-two items that measured TR dimensions had low factor loadings and were 
dropped as suggested by Churchill (1979). Of the four items dropped, 2 items were measuring 
innovativeness, 1 item was measuring insecurity, and another measuring discomfort. All the twelve items 
measuring TAM constructs (PU, PEOU, and behavioral intentions) had a factor loading above .70 
suggesting good construct validity and so none was dropped. After dropping the four TR items, all the factor 
loadings from confirmatory factor analysis ranged from 0.64 to 0.96 as shown in Table 1. The factor 
loadings revealed a good convergent validity as Hair, Anderson, Tatham, and Black (1992) recommend 
factor loadings above 0.5. 
 
The average variance extracted (AVE) scores ranged from 0.54 to 0.92 as shown in Table 1. This was a good 
indicator of convergent validity because according to Fornell and Larcker (1981), AVE scores should be 
greater than 0.5.  The square roots of AVE and the inter-construct correlation were compared to tests for 
discriminant validity. The square roots of AVE are presented diagonally in Table 2 in bold while the inter-
construct correlations are off diagonal. The comparisons are presented in Table 2 show that the square roots 
of AVE for all the constructs are greater than the correlations between the constructs. Following Fornell 
and Larcker (1981) rule of thumb that the square roots of AVE should be greater than the inter-construct 
correlations, it is evident that the discriminant validity was good. From the above results, we conclude that 
the measurement model was valid.  
 

Construct Indicators 
Cronbach 
Alpha Loadings 

Average Variance 
Explained (AVE) 

Composite 
Reliability 

Optimism OPT1  0.97  0.79 0.67 0.91 
 OPT2  0.89   
 OPT3  0.79   
 OPT4  0.80   
 OPT5  0.82   
Innovativeness INN1 0.93 0.89 0.69 0.90 
 INN2  0.87   
 INN4  0.73   
 INN5  0.83   
Discomfort DISC1 0.91 0.74 0.54 0.83 
 DISC2  0.73   
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 DISC3  0.76   
 DISC4  0.72   
Insecurity   INS1 0.85 0.89 0.65 0.89 
 INS2  0.64   
 INS3  0.85   
 INS4  0.82   
Perceived usefulness PU1 0.97 0.86 0.71 0.91 
 PU2  0.81   
 PU3  0.85   
 PU4  0.85   
Perceived ease of use PE1 0.94 0.83 0.77 0.93 
 PE2  0.84   
 PE3  0.91   
  PE4  0.92   
Behavioural intentions BI1 0.94 0.95 0.92 0.97 
 BI2  0.96   
 BI3  0.96   

 
Table 1. Results of the Measurement Model 

 

 OPT INN DISC INS PU PEOU BI 

OPT 0.818       
INN 0.581 0.893      
DISC -0.076 0.027 0.735     
INS -0.186 -0.057 0.526 0.806    
PU 0.393 0.392 -0.011 -0.028 0.842   
PEOU 0.489 0.553 0.284 -0.193 0.523 0.877  
BI 0.454 0.425 -0.085 -0.095 0.505 0.573 0.959 

 
Table 2. Construct Correlation Matrix and Square Root of Average Variance Extracted 

Structural Model Assessment 

The hypothesis were tested using the structural model and the results for the path estimates are presented 
in Table 3. The comparison fit indices for the structural model also indicated a good model fit: X2= 1207; 
df= 362; Goodness of Fit Index (GFI) = 0.96; Adjusted Good ness of Fit Index (AGFI) =0.94; Normed Fit 
Index (NFI) =0.97; Comparative Fit Index (CFI) = 0.98; RMSEA =0.05.  An examination of the path 
coefficients (β), t-values, and p-values revealed that eleven hypothesis (H1, H2, H5, H6, H8, H9, H10, H13, 
H14, H15,) were supported while four hypothesis (H3, H4, H 11, H12) were rejected as shown in Table 3 
and Figure 2. The dotted line in Figure 2 show insignificant relationships.  

Hypothesis Path 
Path 
Coefficients (β) 

Standard 
Error t-value 

 
p-value 

Model Result 

H1 OPT PU  0.45 0.060 5.602 0.000 Supported 
H2 INN PU 0.39 0.079 5.721 0.000 Supported 
H3 DISC            PU -.01 0.068 -0.162 0.871  Not supported  
H4 INS               PU -0.04 0.092 -0.447 0.0655 Not supported 
H5 OPT PEOU 0.49 0.065 6.644 0.000 Supported 
H6 INN PEOU 0.55 0.088 7.490 0.000 Supported 
H7 DISC            PEOU -0.43 0.074 -4.103 0.000 Supported  
H8 INS               PEOU -.19 0.096 -3.008 0.003 Supported 
H9 OPT            BI 0.46 0.083 6.533 0.000 Supported 
H10 INN BI 0.39 0.107 6.379 0.000 Supported 
H11 DISC           BI -.08 0.093 -1.320 0.187 Not supported 
H12 INS               BI -0.8 0.125 -1.537 0.124 Not supported 
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Table 3. Path Estimates for the Proposed Model 

 

Figure 2. The Structural Model                                          

Discussions 

The study investigated the direct influence each of the TR dimensions on TAM constructs including PU, 
PEOU, and behavioral intention to use. Findings from SEM analysis reveal that some, but not all, the TR 
dimensions have a direct effect on TAM constructs. The results revealed significant positive influence of 
optimism on PU of SFLA. These findings are in agreement with prior studies such as Kuo et al. (2013), 
Walczuch et al. (2007) and Wook et al. (2017). Hence, if students believe the SFLA will give them control 
over their learning process, increasing their learning efficiency and flexibility, then they will perceive SFLA 
as useful. That is, optimistic students will welcome the idea of using SFLA and hence more easily adopt 
SFLA. The findings indicated a significant positive relationship between innovativeness and PU. This is 
consistent with previous studies such as Godoe and Johansen (2012). This suggests that the more 
innovative students are, the more they will perceive SFLA as useful. Thus, innovative students are willing 
to try out and be the first users of SFLA to understand the benefits to their learning process. However Godoe 
and Johansen (2012) found negative associations between innovativeness and PU. The results show that 
discomfort has no significant influence on PU similar to previous studies (Godoe and Johansen 2012; Kuo 
et al. 2013). Being an emerging learning technology innovation, the students may not be concerned about 
the discomfort that comes with SFLA as long as they see the benefits. On the hand it can be argued that 
when the benefits of a given technology are evident, a user may not care about the discomfort that comes 
with the use of the technology. The user may only aim at maximizing the benefit out of using a given 
technology while ignoring or dealing with the discomfort that comes with use. In the same way, results 
indicated no significant negative effect on PU of SFLA. This finding is consistent with previous studies 
(Godoe and Johansen 2012; Kuo et al. 2013). It implies that students decouple their concerns about privacy 
and security when using SFLA. On the other hand, this may also suggest that when users understand the 
benefits of a given technology, privacy and security concerns may not deter them from using the technology. 

Findings revealed a positive significant relationship between optimism and PEOU of SFLA. This is 
consistent with prior studies (Kuo et al. 2013; Godoe and Johansen 2012; Walczuch et al. 2007). This 
implies that the more optimistic a student is, the more they will perceive SFLA as user friendly. Results 
show that innovativeness has a significant positive effect on PEOU. This is similar to other scholars (Godoe 
and Johansen 2012; Kuo et al. 2013; Walczuch et al. 2007). This suggests that the more innovative students 

H13 PEOU            PU 0.52 0.056 7.113 0.000 Supported 
H14 PEOU            BI   0.57 0.077 7.926 0.000 Supported 
H15 PU     BI 0.77 0.082 9.598 0.000 Supported 
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are most likely to perceive SFLA as easy to use. Innovative people will try out a new technology even when 
they are not sure of its usefulness (Walczuch et al. 2007). Discomfort had a negative influence on PEOU of 
SFLA. This finding is in agreement with prior studies such as Kuo et al. (2013), Walczuch et al. 2007 and 
Wook et al. (2017). This implies that if students detect some form of discomfort such as loss of control over 
their learning process, they will perceive SFLA as not easy to use. Similarly, findings indicate a negative 
relationship between insecurity and PEOU of SFLA. This finding is in agreement with prior studies (Kuo et 
al. 2013; Walczuch et al. 2007). This implies that the more students feel insecure about using SFLA, the 
more they will perceive SFLA as not easy to use. Students with a high sense of insecurity may feel that using 
SFLA to support their learning process will expose them to security and privacy risks. This is attributed to 
the fact that SFLA involve tracking and manipulating student data on different learning activities and most 
likely, students are concerned about the security and privacy of their data. In fact, SFLA and LA in general 
have been in the limelight for issues concerning students’ privacy, security and other ethical concerns.  

Findings reveal optimism in a positive relationship with behavioral intentions to use SFLA. Optimistic 
students will have high behavioral intentions hence welcome the idea of using SFLA. In addition, 
innovativeness also had a positive influence on behavioral intentions to use SFLA. This implies that 
innovative students will be willing to tryout the idea of using SFLA. The above findings are similar to other 
studies such as El Alfy et al. (2017), Lin and Hsieh (2007). However, it is important to note that these studies 
examined the influence of TR as one construct and not each of the TR dimensions. On the other hand, 
results reveal that discomfort and insecurity did not have a significant negative influence on behavioral 
intention to use SFLA. TR inhibitors thus have no direct influence on behavioral intentions thus the 
influence may be indirect through other TAM predictors (PU and PEOU).  

Results indicated a positive significant influence of PEOU on PU. This a confirmation of previous studies 
on PEOU (Kuo et al. 2013; Davis 1989; Wook et al. 2017). This implies that the degree of PEOU of SFLA 
influences the extent to which students perceive SFLA as useful. That is, when students perceive SFLA as 
easy to use, students will consider SFLA as useful to their learning process. Meanwhile, PEOU also had a 
significant positive effect on behavioral intentions to use SFLA. This is consistent with previous scholars 
who have found PEOU to be a significant predictor of intention to use (Kuo et al. 2013; Wook et al. 2017). 
This means that when students perceive SFLA as easy to use, then they will have higher intentions to use 
SFLA for their learning process. This suggests that usability issues should be given maximum attention in 
the design of SFLA. Similarly, a positive significant relationship was found between PU and behavioral 
intentions to use SFLA. This is consistent with prior studies (Wook et al. 2017). This is an implication that 
when students gain insight into how SFLA will increase learning efficiency, control over the learning process 
as well as flexibility in the learning process, they will perceive SFLA as useful and their intention to use will 
increase. 

Conclusion 

The study sought to examine whether students’ technology readiness will play a role in the adoption of 
SFLA. To answer the research question, a research model was proposed that suggested direct effects of each 
of the TR dimensions (optimism, innovativeness, discomfort, and insecurity) on TAM constructs including 
PU, PEOU and behaviour intentions. Fifteen hypotheses were proposed and examined using SEM.  Eleven 
of the fifteen hypotheses were supported. Optimism and innovativeness were found to have direct positive 
effects on PU, PEOU and behavioral intentions to use SFLA. Whereas, discomfort and insecurity had direct 
negative effects on PEOU but not on PU and behavioral intentions to use SFLA. The results also confirmed 
the significant positive influence of PU and PEOU on behavioral intentions to use SFLA while PEOU 
positively enhances PU. The results have both design and managerial implications. SFLA designers and 
HEIs should go beyond addressing system characteristics and consider individual students’ personality 
traits such TR while planning to design and implement SFLA. Optimism and innovativeness had significant 
positive influences on PU, PEOU and behavioral intentions, Since TR is a mental state, it can improve over 
time, thus, HEIs may segment students based on TR dimensions and target them with different 
interventions to enhance adoption of SFLA. HEIs should also focus on creating awareness to learners about 
the benefits of SFLA and how they can improve learning efficiency, control over the learning process and 
flexibility in learning. HEIs may start implementation with more optimistic and innovative students, which 
can then act as early adopters or champions in influencing other students in the long run. On the other 
hand, SFLA designers can take a user-centered design approach by involving students in the design of SFLA. 
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For instance students who exhibit high levels of optimism and innovativeness could be involved in 
generating the user requirements. This could greatly enhance the design process of SFLA while ensuring 
that students’ needs and expectations are met as well as well promoting acceptance among students. Results 
did not reveal significant negative effects of discomfort and insecurity on PU and behavioral intentions, but 
we recommend security and privacy features should be given maximum attention during the design and 
implementation of SFLA, given that they negatively influence PEOU which positively influences both PU 
and behavioral intentions. PEOU had a significant positive effect on PU and together had a significant 
positive effect on behavioral intentions to use SFLA. SFLA should be designed based on the practical 
student needs rather than availability of learning activity data and technical capabilities. Needs assessments 
should be the first step to designing and implementing SFLA so to ascertain students’ needs while ensuring 
usability. In addition, some training should be given to the students prior to SFLA implementation. This 
would subsequently enhance the PEOU of SFLA and also reduce on the discomfort. In summary, TR 
contributors (optimism and innovativeness) should be reinforced while minimizing the TR inhibitors 
(insecurity and discomfort) so as to enhance students’ intentions to adopt SFLA. Overall, students seem to 
have positive attitudes towards SFLA, likely adopting SFLA once seeing advantages of control, flexibility 
and efficiency. From a theoretical perspective, this study contributes to understanding the direct effect of 
each TR dimensions on TAM constructs more so behavioural intentions to use technology which was 
lacking in literature. This provides a holistic approach in understanding the impact of TR on technology 
adoption that may benefit future research. Moreover, the study contributes to understanding the direct 
effects of each TR dimensions on TAM constructs in the context SFLA. 

Limitations and Future research 

The study gives insight into the direct effect of TR dimensions on adoption intentions in the context of SFLA 
especially the direct effect of each TR dimensions on behavioral intentions.  However, there are some 
limitations worth mentioning. The moderating effect of the TR dimensions on the TAM constructs was not 
addressed in the study and yet TR dimensions such a discomfort that did not have a direct effect on 
behavioural intentions may have a mediating effect through other constructs. Additionally, majority of the 
respondents (63.2%) were enrolled in Information and Communication Technology thus disciplinary 
differences may be evident if samples are drawn from different disciplines. Moreover, the majority of the 
respondents (60.91%) were aged between 18 and 24, who may be considered more tech-savvy than other 
age groups hence the positive attitudes towards SFLA. On the other hand, majority of the respondents 
(65.45%) were in their first year of study and this may impact on the extent to which the results can be 
generalized to all university students. Future studies may control for the demographics such as age, 
discipline and year of study. The study sample was also selected from one public university. Furthermore, 
only a self-reported instrument was used for data collection thus subjective and so response bias cannot be 
ruled out. Future research may consider combining both qualitative and qualitative methods to have a 
better understanding of students’ TR dimensions and adoption intentions. Future research may also 
consider investigating students’ attitudes towards adoption of SFLA with a prototype system since we only 
presented screenshots from the literature illustrating some of the features and information components 
that a SFLA may have. In conclusion, the effect of students’ TR dimensions on adoption intentions was 
tested in the context of SFLA thus the results should be applied to other novel technologies which caution. 
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