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Abstract—The higher education institutions in developing countries such as 

Egypt are challenged with the high enrollment student rates, crowded classes 

and inability to track the progress of each student individually which increased 

the demand to find a solution that can redeem those problems. Although the us-

age of learning analytics is an expanding solution to support different educa-

tional challenges from performance tracking to detecting students at risks, 

learning analytics’ developments concentrated on addressing solutions for de-

veloped countries. Accordingly, the discipline still requires a broader and in-

depth interpretation of its contextual usage in developing countries especially 

Egypt. A research model has been constructed based on literature and tested for 

its validity and reliability. A questionnaire has been distributed on 148 universi-

ty students. The study used smart-PLS to interpret and analyze the collected da-

ta. The study revealed that organizational culture, data accessibility, trustwor-

thy, visualization has a positive effect on the awareness, while lack of ability 

has a negative effect on the awareness. Both infrastructure and awareness have 

significant positive effect on learning analytics impact. The research indicates 

high learning analytics awareness and high perceived impact on the Egyptian 

higher education. Evidence should be provided with the collection of more in-

sights from students, faculty members and decision makers. 

Keywords—learning analytics, deployment factors, students, developing coun-

tries 

1 Introduction 

The higher education sector globally has been transforming over the past years 

with the technological advancements introduced to the field, it has changed the way 

the learning process is being viewed. Online learning and blended learning have 

emerged resulting in a vast amount of students’ data and a needing call for a tool that 

could help at extracting meaningful information helping at monitoring the overall 

educational process, one of these tools is learning analytics which was introduced at 

the beginning of year 2011 [1,2,3]. On the contrary, universities in developing coun-

tries especially in the Arab region are falling behind in the race of educational digital 

transformation which was exposed during different crisis such as the Arab Spring 
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revolutions and the COVID-19. The Arab region consists of 22 countries with a popu-

lation of more than 407 million, 20% of which exists in Egypt [4]. 

The technological capabilities of the higher education sector in Egypt have been 

challenged in 2020 with the appearance of the Coronavirus and its consequences. 

Different educational institutions have been encouraged to shift their learning activi-

ties online through learning management systems, video conferencing software and 

social media. 

The online operation of education does not only mean delivery of lectures but also 

finding a way for remotely tracking the student’s performance and assessment due to 

large number of students enrolled; as Egypt has always suffered from high enrollment 

rates and crowded classes [5]. 

While learning analytics potential is being recognized in the developed nations 

such as Australia, America and Canada [6], research, data about its utilization, and 

factors that affect its deployment is rare in developing countries in general, and Egypt 

in particular. 

2 Literature review 

2.1 Learning analytics origin and definition 

Learning analytics is a tool needed to monitor the learning environment usage and 

the learning itself [7] and can help students to have a clear picture about their perfor-

mance throughout the course work and gives the lecturer a comprehensive view about 

the student’s behavior toward the course content. 

According to [8] Learning analytics is the process of interpreting different data 

ranges produced by the students’ actions within the educational information system 

such as assignments, exams, online activities and discussion forums, in order to eval-

uate academic achievements, performance prediction and detect potential risks. 

[9] has agreed that learning analytics is the data usage to create statistical analysis 

and predictive models to gain a better understandings and work on complicated is-

sues. Same as [10] who described learning analytics as the field of gathering and 

analyzing data obtained from online interaction with the educational resources with 

different aims such as patterns discovery in the learning process and detection of 

student performance trends or obstacles.  

The learning analytics had a varied range of definitions throughout the past years 

that could be summarized as the use of the data generated by learners to discover 

meaningful information and create beneficial interventions through the analysis of the 

learning process, learning management records, learning resources and activities in 

order to improve the creation of performance predictive models, generate recommen-

dations and educational process improvement. 
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2.2 Learning analytics benefits and challenges 

There are many benefits that have strengthened institutions’ interest in Learning 

Analytics, which has become one of the most prominent optimal solutions to educa-

tional problems and improved performance, as stated by [11] given its ability to pro-

vide an opportunity for instructors to quickly identify patterns of user behavior and 

learn about the nature of student development stages, in addition to its ability to pro-

vide instant collection, measuring and analyzing learners data and their contexts with 

the aim of understanding the learning process and the environments in which learning 

takes place. According to [12] Learning analytics is a kind of smart use of data result-

ed at improved accountability at all levels. [13], [14], [15] have articulated many 

learning analytics benefits which are target courses identification, improvement of 

curriculum, learning personalization, student’s performance prediction, retention rate 

advancement, feedback and recommendations and instructor performance enhance-

ment. [16] has categorized the benefits according to the learning analytics stakehold-

ers classified into learners, teachers, institutions, researchers, course designers and 

parents: Learners’ benefits such as student engagement enhancement, learning out-

comes improvement, personalization, Teachers’ benefits such as efficient interven-

tions, teaching strategy improvement and activity monitoring. Institutions’ benefits 

such as cost efficiency and evidence based decisions. 

However, despite the many benefits of learning analytics, there are many challeng-

es as well. For example, learning platforms are unable to accurately capture learning 

experiences [17]. Another challenge is finding the relationship between data patterns 

and learners' behavior [18]. In addition, data privacy management and ethics is also a 

major concern [19], [20], [21].  

The bottom line is that Learning Analytics provide great opportunities for organi-

zations working in higher education. Given the influence of advanced technologies on 

learning, there is a wide range of new possibilities that could be achieved putting in 

mind the challenges that could be faced.  

In order to make the best out of learning analytics the benefits of learning analytics 

should be mapped to stakeholders’ expected benefits in a try to propose learning ana-

lytics solutions that matches the required purpose to accelerate its deployment.  

2.3 Learning analytics frameworks 

[22] examined the Learning analytics readiness instrument to help educational in-

stitutions determine the strengths and weaknesses with regard to the following factors; 

Governance and Infrastructure, Ability, Data, Culture and Process. The study has 

found that the way the institution deals with the various data types and its collection 

and how it is being stored and maintained (data) and the institution is capable and 

willing to invest in learning analytics with the presence of professional stuff that has 

the skills and experiences in fields related to the data management, training and doc-

umentation (Governance and Infrastructure) are rated higher than the professional 

stuff that has the skills and experiences in issues related to the implementation of 

learning analytics (Ability), the institutional norms concerning data utilization to 
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generate reports and help in the decision making process in addition to data usage and 

security (culture) with the presence of institutional resources and acceptance. Upon 

this study [23] modified the proposed LARI (learning analytics readiness instrument) 

to test five factors: Culture; Data Management Expertise; Data Analysis Expertise; 

Communication and Policy Application; and Training. The study conducted the sur-

vey in Twenty-four institutions and 560 respondents participated.  

[24] proposed the Evaluation Framework for Learning Analytics (EFLA) that test 

the effectiveness of the learning analytics tool according to 3 different aspects which 

are the data being used and how is being utilized, the awareness and reflection of the 

importance of learning analytics and the impact of the learning analytics on two main 

stakeholders: students and teachers.  

Researchers have concentrated on aspects such as ethics, policy creation for learn-

ing analytics implementation in educational institutions in European and western 

cultures with a negligible focus on developing countries especially the Arabian re-

gion.  

2.4 Hypotheses development 

Literature has focused on to the creation of policy frameworks to implement learn-

ing analytics already implemented at scale. There is rare presence for studies that 

examines the factors that affect the learning analytics deployment except for [22], 

[23] and [24], the first two authors have discussed the institutional learning analytics 

readiness and the latent author has proposed an evaluation tool of the effectiveness of 

learning analytics systems. The research has used this three researches as a base for its 

study as shown in Figure 1. 

─ Organizational culture (OC) 

Organizational culture is recognized as a significant factor influencing technologi-

cal innovation acceptance and awareness [25]; it may either accelerate or delay its 

maintenance and implementation. It refers to the presence of an institutional culture 

that encourages the usage and implementation of new ideas, as well as the existence 

of defined procedures and rules [22], [23]. 

H1. Organizational culture has a positive effect on Learning analytics awareness. 

─ University Ability (UA) 

Appropriate set of skills is required for the successful deployment of learning ana-

lytics. It refers to the availability of resources and technological abilities [26]. The 

availability of resources to use LA, as well as the necessary abilities to apply LA, 

backed up by the necessary training [27]. This component is critical for spreading 

awareness inside the educational institution because it helps at improving the neces-

sary skills and resources for learning analytics maintenance and implementation [22]. 

H2. University Ability has a positive effect on learning analytics awareness. 
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Fig. 1. Research positioning 

─ Data Governance (DG) 

Data governance is identified as a vital component in the development of success-

ful learning analytics [28]. It refers to the availability of accurate data in a timely 

manner with self-descriptive visualizations, accessible without any constraints while 

taking both privacy and data ethical usage into account [29], [30]. Data is recognized 

by stakeholders as a crucial aspect for learning analytics maintenance and awareness 

[22], [24]. 

H3. Data governance has a positive effect on learning analytics awareness. 

─ Technological Infrastructure (TI) 

Technological Infrastructure is being highlighted as one of the most important as-

pects influencing the impact of learning analytics on stakeholders and educational 

institutions. It refers to the existence of technological infrastructure at the educational 

institution that can support the implementation of learning analytics [22], [31]. Devel-

oping countries in general and Egypt in particular have been aiming at the recent 

years to maintain effective technological infrastructure to operate e-learning services 

through learning management systems [32]; The existence of technological infrastruc-

ture that is compatible with learning analytics specifications can lead to smooth inte-

gration of data with good operational practices can effect positively on the learning 

analytics impact [33], [34].  

H4. Technological Infrastructure has a positive effect on learning analytics impact. 
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─ Learning analytics awareness (LAW) and Learning analytics impact (LAI) 

The technological awareness can enhance the impact and use of technology prod-

ucts or service [35]. It refers to the level of understanding of learning analytics among 

stakeholders and the realization of the advantages and usage of learning analytics 

[28], [24]. Although raising awareness is vital for increasing technology adoption, it is 

sometimes overlooked as a component in adoption [36], [37]. It is suggested that 

individuals with high technology awareness may perceive technological impact posi-

tively [38]. Learning analytics impact in this research is defined as the perceived im-

pact of learning analytics on stakeholders’ individual advantages as well as the educa-

tional institution's overall advantage [39], [24]. 

H5. Learning analytics awareness has a positive effect on learning analytics im-

pact. 

3 Methodology 

This study used 6 measurement variable each have different items which measured 

with 5-point Likert scales. Table 1 describes number of items used for each construct 

and the possible source from where each construct was collected. The research tries to 

keep all the items of each construct to exemplify their nature and directions. All the 

items of each construct and their corresponding loading are presented in appendix A. 

Table 1.  Measurement variables 

Construct Name  Included/Total items Source 

Q12 Organizational Culture (OC) 9/10 [22],[23],[25] 

Q13 University Ability (UA) 3/5 [22],[26],[27] 

Q14 Data Governance (DG) 5/6 [22],[24],[29],[28],[30] 

Q15 Technological Infrastructure (TI) 3/3 [22],[31] 

Q16 Learning Analytics Awareness (LAW) 5/5 [24],[28],[36],[37] 

Q17 Learning Analytics impact (LAI) 7/8 [24],[39] 

3.1 Sampling and data collection 

The research followed random stratified sampling technique, As the target popula-

tion consists of undergraduate students who must be using learning management sys-

tems in conducting their online learning activities in the Egyptian universities [40] A 

total of 148 students have completed and returned the questionnaire. The question-

naire was hosted on Qualtrics survey platform. The data collected is analyzed using 

Smart-PLS version 3.2.2. 

The demographic details of the respondents are summarized in the Table 2, which 

shows that males and females were fairly equal. The average age of respondents is 20 

with standard deviation (SD) 1.46. The respondent ages at different study year are 

fairly consistent, the average age of respondents from first year to fifth year is 18 (SD, 

0.78), 19 (SD, 0.91), 20 (SD, 1.16), 21 (SD, 1.05) and 22 (SD, 1.03) respectively, 
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however, the age distribution is wide with respondents in all the study year except 

fifth year. The study discipline business administration and engineering is more repre-

sented in the data than other discipline. 

Table 2.  Demographic information of the respondents: gender, age, study year and study 

discipline of the respondent data 

SD = Standard deviation, a = Summary statistics (mean, median and SD) of student age at different study 

year 

4 Results and findings 

4.1 Measurement model 

Validity and reliability. A conceptual model was articulated for assessing the ef-

fect of learning analytics readiness factors on the stakeholders’ awareness which af-

fect the perceived impact of learning analytics in developing countries, afterwards the 

Partial Least Square Structural Equation Modeling (PLS-SEM) was used to examine 

the conceptual model. The conceptual model evaluation and the analysis were con-

ducted via component-based PLS-SEM in SmartPLS 3 [41]. SmartPLS is referred to 

as the PLS approach to Structural Equation Modeling (SEM). PLS-SEM illustrated 

the causal relationships and complex structure of associations among variables which 

generally difficult to uncover using naïve model. Its handle the data to estimate the 

significance value of path coefficient. Indeed, PLS-SEM does not rest on any distribu-

tional assumptions but there is another community co-variance-based structural equa-

tion methods (CB-SEM) which rely on distribution assumption. The CB-SEM more 

suitable for model selection for the data whereas PLS-SEM is better suited for predic-

tion-oriented studies [42], [43]. Although, PLS-PM is a non- parametric approach, the 

 Frequency Percent Mean Median SD  Frequency Percent 

Gender College type 

Female 76 51    Engineering 50 34 

Male 72 49     Computer science 1 1 

      Logistics 1 1 

Age   20.2 20 1.46 Business administration 82 55 

20 or less 83 56    Dentistry 3 2 

Above 20 65 44    Pharmaceutical 5 3 

      Medicine 2 1 

Study year and age distributiona Media 4 3 

First  29 20 18.5 18 0.78    

Second  36 24 19.5 19 0.91    

Third  35 24 20.7 20 1.16    

Fourth  42 28 21.1 21 1.05    

Fifth  6 4 22.3 22 1.03    
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study uses bootstrapping to obtain information about the variability of the parameter 

estimates. 

The present study aimed to apply PLS-SEM to better understand the impact of 

learning analytics on students and associated influencing factors [44], [45]. The pro-

posed conceptual model is investigated in two different phases, the models construct-

ed the latent variables and examined the associations between latent indicators and 

their manifest variables at the first phase, and the second phase a structural model was 

developed for the study of the relationships between the latent indicators. The concep-

tual model elucidated the associations between the latent variables and their associat-

ed manifest variables. 

Since there are no missing data points in the dataset. So, imputation isn’t required 

for subsequently analysis. To assess convergent validity average variance extracted 

(AVE), Composite Reliability (CR), Cronbach’s alpha (Alpha) and Dillon-

Goldstein’s rho were reported (see Table 3). AVE measures the amount of variance 

that a construct captures from its items in relation to the amount of variance due to 

measurement error. The value of CR represents the degree to which the construct 

indicators indicate the latent construct. If the items of a construct are unidirectional, 

they have to highly correlated, and Cronbach’s alpha (Alpha) measure intra variable 

correlation between items. Dillon-Goldstein’s rho which focuses on the variance of 

the sum of items in the contract. The standard threshold values for the Cronbach’s 

alpha (Alpha) and Goldstein’s rho is greater than 0.7 [46], CR greater than 0.7 [47], 

and for AVE is greater than 0.5 [48], [47]. The resulting metric mostly exceed the 

threshold then the convergent validity was confirmed for this study model. 

Table 3.  Convergent and discriminant validity 

 
AVE CR Alpha Rho OC UA D INF LAW LAI 

OC 0.513 0.904 0.890 0.926 0.716      

UA 0.701 0.875 0.788 0.826 0.701 0.837     

DG 0.610 0.887 0.841 0.851 0.546 0.656 0.781    

TI 0.738 0.894 0.823 0.846 0.590 0.726 0.701 0.859   

LAW 0.697 0.920 0.891 0.895 0.343 0.203 0.367 0.343 0.835  

LAI 0.607 0.915 0.892 0.893 0.418 0.294 0.371 0.375 0.698 0.779 

Square roots of AVEs are presented in bold in the diagonal. 

Discriminant validity is next attempt was to evaluate the latent constructs. Basical-

ly, it describes that the manifest variable in any construct is distinct from other con-

structs in the path model. To assess discriminative variability, the square root of AVE 

of construct and the corresponding correlation between it and other construct were 

compared (see Table 2). For a given construct the square root of AVE should be high-

er than the correlation between it and others [49]. It is also assessed that no inter-

correlation between construct was higher than 0.9 [50].  

The Heterotrait-monotrait (HTMT) ratio generally used to assess discriminant va-

lidity. To test whether a given construct differs from other constructs, the value of 

HTMT should be significantly less than one [51], [52]. All the values of HTMT are 

less than one in Table 4; that is apparent that all variables also achieved discriminant 

validity following the HTMT criterion. Finally, the study determined that the loadings 
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of every items with corresponding construct should be higher than the others (Appen-

dix B). All of the measurement described earlier permits the discriminant validity and 

reliability of the model. 

Table 4.  Discriminant validity [Heterotrait-monotrait ratio (HTMT)] 

  OC UA DG TI LAW LAI 

OC       

UA 0.920           

DG 0.690 0.816         

TI 0.752 0.904 0.848       

LAW 0.308 0.232 0.409 0.396     

LAI 0.425 0.359 0.426 0.434 0.778   

 

The initial requirement of a path model is that it should contains 150 observations 

and three or more indicators on constructs. However, some research suggest that min-

imum sample size of a path model is ten times the largest number of structural paths 

directed at a particular latent construct in the structural model or ten times of largest 

number of formative items of a construct [53], [54]. The study used a total of 148 

observations. 

4.2 Structural model 

A resample of 5000 times bootstrapping was suggested for assessing the structural 

model looking for the R2, beta, and corresponding t-values [47]. They also recom-

mended that, in addition to these basic measures, investigators should also report the 

effect sizes (f2). The coefficient of determination is a measure of model’s predictive 

accuracy which determine overall effect size and variance explained in the endoge-

nous construct for the path model. The organizational culture, university ability and 

the data governance accounted for 19.3% of the variance of learning analytics aware-

ness toward the learning analytics impact (see Figure 2). Moreover, the model ac-

counts for 50.8% of learning analytics awareness to learning analytics impact. More-

over, the inner path model was 0.508 for the learning analytics impact endogenous 

latent construct. This indicates that the learning analytics awareness and technological 

infrastructure substantially explain 50.8% of the variance in the learning analytics 

impact, meaning that about 50.8% of the change in the learning analytics impact was 

due to technological infrastructure and learning analytics awareness constructs fol-

lowed by university administration and facilities (e.g., organizational culture, ability 

and the security of personal data) in the model.  
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Fig. 2. Path model with direct effect (model-1) 

Now, the study looked at the relationships between the variables. Organizational 

culture positively and significantly affected learning analytics awareness (β = 0.335; p 

< 0.01) and also the data governance positively and significantly affected learning 

analytics awareness (β = 0.360; p < 0.01). However, the university ability negatively 

and significantly affected learning analytics awareness (β = -0.268; p < 0.05). The 

latent construct learning analytics awareness positively and significantly affected 

learning analytics impact (β = 0.645; p < 0.01). In addition, technological infrastruc-

ture also positively and significantly affected learning analytics impact (β = 0.153; p < 

0.05) Thus all the direct path in the model are positive except university ability to 

learning analytics awareness and statistically significant (Figure 2). Therefore, the 

model approve the hypothesis H1-H5 except H2 (See Table 5).  
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Table 5.  Confirmation of hypotheses 

H# IV → DV Hypothesis Beta t-value Decision f2 

H1 OC →LAW 
Organizational culture have a positive effect on 

learning analytics awareness 
0.335 3.125 Supported 0.069 

H2 UA → LAW 
University ability have a positive effect on 

learning analytics awareness 
-0.268 2.063 Not supported 0.036 

H3 DG→ LAW 
Data governance have a positive effect on 

learning analytics awareness 
0.360 3.260 Supported 0.089 

H4 TI→ LAI 
Technological Infrastructure have a positive 

effect on learning analytics impact 
0.153 2.184 Supported 0.042 

H5 
LAW → 

LAI 

Learning analytics awareness have a positive 

effect on learning analytics impact 
0.645 9.236 Supported 0.746 

 

In this section, the study assessed effect sizes (f2). Basically, p-value shows signif-

icance of the associations but it does not display the size of an effect. As a result, 

readers have an understanding gap for interpreting the data and results. Therefore, 

both of the measure substantive significance (f2) and statistical significance (p-

values) must be reported. The study followed Cohen's (1988) guidelines [55], which 

are 0.02 for small effects, 0.15 for medium effects, and 0.35 for large effects for 

measuring the effect size. The study observed that the effect size for the relationship 

between learning analytics awareness and learning analytics impact have a large ef-

fect and all other relationships had a small effect.  

The study evaluated indirect effect beside direct effects which measure the influ-

ence of one construct on another construct by taking an indirect path. A numerous 

number of indirect effects observed to the model, for instance, Organizational culture 

to learning analytics impact (Table 6).  

Table 6.  Direct and indirect effect of construct 

Construct Name 
Direct effect to Learning 

Analytics Awareness 

Indirect effect to Learning 

Analytics Impact 

Organizational Culture 0.335 0.216 

University Ability -0.268 -0.173 

Data Governance  0.360 0.232 

Technological Infrastructure 0.153  

Learning Analytics Awareness 0.645  

5 Discussion 

This study has examined a structural equation model using smart-PLS to explain 

the factors that affect learning analytics impact from the university students’ perspec-

tive. Using this model as a foundation, the research investigated the role of university 

culture, data governance and university ability on the learning analytics awareness 

and how both awareness and technological infrastructure affects learning analytics 

impact. According to the findings of the study, several influencing aspects and criteria 
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that may have a significant impact on learning analytics awareness and impact should 

be taken into account throughout the deployment and implementation of learning 

analytics. While testing the model, learning analytics impact on students is explained 

indirectly by organizational culture, ability and data availability and trustworthy and 

directly by the infrastructure of the university. 

Findings from the structural equation modeling in which hypotheses were tested, it 

was seen that hypotheses H1, H3, H4, and H5 were fully confirmed except for H2. 

Therefore, we conclude that the organizational culture and the data governance have a 

significant and positive effect on learning analytics awareness agreeing with [22], 

[23], [25], [29], [30] except ability which have negative effect on learning analytics 

awareness. However, all the factors showed a direct and significant effect on learning 

analytics impact. Moreover, university Infrastructure have a positive and significant 

effect on learning analytics impact as it was confirmed by [22], [31].  

The results obtained from this study reveal that technological infrastructure and re-

sources, organization culture and, secure and accessible data warehousing can im-

prove learning analytics impact as it was suggested by [25], [26], [28], [29], [30], 

[39]. However, other factors for instance, learning environment, student self-

management and competition from external factors should have effect on learning 

analytics impact which is our future research interest. 

5.1 Practical implication/suggestions 

This study may have several implications that can be divided according to the con-

structs proposed for better understanding of factors affecting the deployment and 

impact of learning analytics in developing countries and Egypt in specific. 

 Organizational culture: building a culture in the university that encourages inno-

vation and entrepreneurship along with the availability of formal rules and policies 

is essential to enhance learning analytics awareness and increase its impact with 

the availability of student-centric approach. 

 University Ability: the universities in developing countries especially Egypt need 

to focus more on providing seminars and trainings for students on the usage of new 

technologies. It is also recommended to increase the money directed to the invest-

ment in new technological resources as well as recruiting learning analytics’ pro-

fessionals to maintain the learning analytics technology. 

 Data Governance: for better learning analytics awareness, universities should 

inform students about the purpose of collecting their educational data, maintain the 

security of their data and accessibility at any time. The more the data is visualized 

in an understandable way, the more the students will realize the importance of 

learning analytics. 

 Technological Infrastructure: it is essential for universities to make sure that 

learning analytics technology is compatible with the learning management system 

already in operation for smooth integration and easy implementation which leads 

to higher awareness.  
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 Learning analytics awareness: there is a desperate need for learning analytics to 

be maintained in universities especially in Egypt. Students perceive it as a key el-

ement for providing them with their learning progress throughout their course 

work. The provision of feedback through learning analytics is important for pro-

moting academic and professional development. This can help students at achiev-

ing better educational performance, also the universities can use it for increasing 

the efficiency of internal operations with better quality leading to an overall suc-

cess for the higher educational institution. 

6 Limitations and future research 

This research was limited to undergraduate students from Egyptian universities 

with a sample mainly focused on business administration and engineering students. 

Accordingly, the findings should be investigated across different majors and different 

countries to be generalized as well as the inclusion of other learning analytics benefi-

ciaries such as faculty members, educational decision-makers, academic advisors. 

Furthermore, the data collection method was solely focused on a quantitative ap-

proach; it is suggested that future research should focus on deploying a mixed method 

approach in an attempt to triangulate the results and find other factors that can affect 

the deployment of learning analytics in the context of developing countries. 

7 Conclusion 

Learning analytics has been strongly recognized in developed countries: it’s time 

to shed light on its usage in developing countries especially Egypt. The study indi-

cates high learning analytics awareness and high perceived impact on the Egyptian 

higher education institutions. The study revealed that organizational culture, data 

accessibility, trustworthy, visualization has a positive effect on the awareness, while 

lack of university ability has a negative effect on the awareness. Both infrastructure 

and awareness have a significant positive effect on learning analytics. This can indi-

cate the readiness of organizational culture and data governance of the universities 

with a more need to excel in the resources and training for developing analytical skills 

within the organization.  

The work presented in this study should be of great significance to the university, 

academics, researchers, education ministry and the educational policymakers as well 

because it offers a road map for universities in developing countries especially Egypt 

to implement and maintain a good practice of learning analytics technology. More 

evidence should be extracted with the collection of more insights from students, facul-

ty members and decision makers. 
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10 Appendix A: Survey items, loadings 

Construct name  Survey Item Indicator Loading 

Organizational 
Culture 

I believe that - my university is result-oriented. Q12_1 0.573 

I believe that - my university cares about students. Q12_2 0.705 

I believe that - my university can be approached for help in 

time of need by students 
Q12_3 0.732 

I believe that - my university encourages innovation. Q12_4 0.763 

I believe that - my university encourages entrepreneurship. Q12_5 0.761 

I believe that - my university promotes soft skills such as 

teamwork, collaboration, decision-making and problem-
solving. 

Q12_6 0.722 

I believe that - my university has formal rules and official 
policies to support its orderly development. 

Q12_7 0.796 

I believe that - my university focuses on staff development. Q12_8 0.679 

I believe that - my university possesses unique and cutting-
edge technology. 

Q12_10 0.692 

University Ability 

I believe that - my university provides required 

training and seminars on new technology usage. 
Q13_1 0.794 

I believe that - my university invests in new resources (e.g. 
analytical software’s, learning management systems) in 

order to find solutions to educational problems. 

Q13_2 0.899 

I believe that - my university has professionals who are 

specialized in analytics tools. 
Q13_5 0.814 

Data Governance 

I believe that - my university ensures that educational data is 
kept secure. 

Q14_1 0.746 

I believe that - my university informs students before using 
any identifiable data about them. 

Q14_2 0.795 

I believe that - in my university, it is clear what educational 

data is being collected and for what purpose. 
Q14_3 0.838 

I believe that - in my university, educational data is accessi-

ble at any time. 
Q14_4 0.794 

 
I believe that - in my university, educational data visualiza-

tion is clear. 
Q14_6 0.729 

Technological 

Infrastructure 

I believe that - learning analytics are compatible with the 

university's technological infrastructure. 
Q15_1 0.886 

296 http://www.i-jet.org

mailto:N.Saleeb@mdx.ac.uk


Paper—Factors Affecting the Deployment of Learning Analytics in Developing Countries: Case of Egypt 

I believe that - learning analytics fit well with the universi-

ty's existing operating practices. 
Q15_2 0.899 

I believe that - The university can integrate educational data 

from different resources easily. 
Q15_3 0.789 

Learning Analyt-

ics Awareness 

I believe that - There is a need now for learning analytics to 
be integrated in the educational process 

Q16_1 0.783 

I believe that - Learning analytics are essential for providing 
students with their learning progress based on their educa-

tional data 

Q16_2 0.861 

I believe that - Learning analytics are essential for presenting 

students with a complete profile of their learning across 
every module. 

Q16_3 0.817 

I believe that - Learning analytics are essential for help 
teaching staff in the provision of feedback and support to 

students 

Q16_4 0.876 

 
I believe that - learning analytics are essential for promoting 

academic and professional skill development. 
Q16_5 0.835 

Learning Analyt-

ics Impact 

I believe that - Learning analytics will enable me to achieve 

tasks more quickly. 
Q17_1 0.780 

I believe that - Learning analytics will make it easier to 
achieve tasks. 

Q17_3 0.753 

I believe that - Learning analytics will be useful for my job. Q17_4 0.789 

I believe that - Learning analytics will help the university at 
improving the efficiency of internal operations. 

Q17_5 0.734 

I believe that - Learning analytics will help the university 

improve the educational process quality. 
Q17_6 0.799 

I believe that - Learning analytics improves coordination 

within the university. 
Q17_7 0.831 

I believe that - Learning analytics will help the university to 

achieve overall success. 
Q17_8 0.765 

11 Appendix B: Cross-loadings 

  
Organizational  

Culture 

University 

 Ability 

Data 

Governance 

Technological 

Infrastructure 

Learning Analytics  

Awareness 

Learning Analytics  

Impact 

Q12_1 0.573 0.146 0.099 0.152 0.398 0.299 

Q12_2 0.705 0.622 0.506 0.568 0.220 0.326 

Q12_3 0.732 0.574 0.438 0.464 0.134 0.212 

Q12_4 0.763 0.648 0.525 0.519 0.166 0.246 

Q12_5 0.761 0.596 0.419 0.456 0.178 0.256 

Q12_6 0.722 0.639 0.557 0.502 0.156 0.220 

Q12_7 0.796 0.467 0.397 0.372 0.316 0.422 

Q12_8 0.679 0.621 0.426 0.621 0.126 0.258 

Q12_1 0.692 0.708 0.504 0.540 0.114 0.233 

Q13_1 0.613 0.794 0.512 0.594 0.131 0.269 

Q13_2 0.622 0.899 0.574 0.651 0.204 0.231 

Q13_5 0.536 0.814 0.562 0.580 0.162 0.251 
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Q14_1 0.427 0.525 0.746 0.614 0.300 0.305 

Q14_2 0.354 0.458 0.795 0.519 0.276 0.264 

Q14_3 0.458 0.534 0.838 0.561 0.303 0.323 

Q14_4 0.434 0.495 0.794 0.490 0.330 0.285 

Q14_6 0.482 0.586 0.729 0.583 0.192 0.265 

Q15_1 0.511 0.650 0.677 0.886 0.271 0.336 

Q15_2 0.500 0.615 0.596 0.899 0.345 0.359 

Q15_3 0.523 0.617 0.530 0.789 0.264 0.260 

Q16_1 0.310 0.198 0.284 0.258 0.783 0.557 

Q16_2 0.327 0.206 0.324 0.323 0.861 0.566 

Q16_3 0.239 0.070 0.221 0.241 0.817 0.515 

Q16_4 0.255 0.148 0.335 0.309 0.876 0.617 

Q16_5 0.299 0.212 0.352 0.296 0.835 0.645 

Q17_1 0.359 0.252 0.327 0.301 0.535 0.780 

Q17_3 0.287 0.220 0.224 0.306 0.494 0.753 

Q17_4 0.274 0.244 0.265 0.260 0.565 0.789 

Q17_5 0.446 0.383 0.411 0.405 0.496 0.734 

Q17_6 0.307 0.175 0.198 0.259 0.544 0.799 

Q17_7 0.349 0.209 0.275 0.249 0.570 0.831 

Q17_8 0.268 0.131 0.318 0.274 0.593 0.765 
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