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| ABSTRACT

This paper describes students’ attitudes and perceptions of Big Data as a form of educational technology. These insights provide
contexts and implications of Big data in improving student’s learning environment and experience. The overarching data-fused
systems allow for achieving better standards and enhancing the educational landscape. This study is descriptive, and the Validity
of Big Data Applied to Education (VABIDAE) questionnaire has been employed to collect quantitative data. It is a three-level scale
that assesses students’ attitudes and perceptions of Big data as an ed-tech. Thus providing a comprehensive deduction of
students’ tendencies, concerns, and appreciation of the advantages and drawbacks of this technology. The hypothesis suggests
that students’ perception of big data as an educational technology is reflected on their attitude. To avoid ambiguity, perception
and attitude represent two distinct variables. While perception represents students’ views of positive and negative aspects of
utility of Big Data in education, attitude represents their subjective point of view, such as feelings and beliefs. To test the
hypothesis, This study answers three research questions. The first research question describes students’ overall perception of Big
data as an educational technology, while the second describes their attitude toward its implementation in their learning journey.
The third and last research question investigates the correlation between the two variables. The findings of this study allow
students, educators, researchers, policymakers, and shareholders in the field of education to better understand the advantages
and challenges related to implementing Big data systems. In conclusion, considering how students view and approach the
incorporation of this technology into education significantly contributes to improving learning outcomes and overall educational
experiences.
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Introduction

Big data is data that is too big, too fast and exceeds the analytical properties or capacities of the conventional
architectures of database systems, such as on-hand database management tools and traditional data processing applications
(Dumbill, 2012). In every sector, data is growing exponentially, in huge volumes and with high velocity; for instance, until 2003, 5
billion gigabytes of data were created. In 2011, 5 billion gigabytes were created every two days. In 2013, the same amount was
created every 10 minutes. These enormous volumes of data are necessary today, and they are acquired everywhere, in all aspects
of human life, such as science, social networks, business, healthcare, government, media, education, national security, and
transportation (Nugent, et al., 2013). Unlike the earlier generations of data that only required human efforts, these data
necessitate analytical methodologies and computing resources to be processed and interpreted (Ward & Barker, 2013).

This study is motivated by the scarcity of research on using Big Data in education within the Moroccan context. It
describes university students’ attitudes and perceptions toward integrating Big Data technology into their learning journey. Its
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benefits are determined by three types of utility: Knowledge discovery, or novelty discovery, such as discovering something rare
(one in a billion or trillion) object or event; association discovery, which is finding unusual or co-occurring associations through
making connections between different people or events, thus, finding improbable co-occurring combinations of things; and
lastly, class discovery, through which new classes of behaviours or objects are discovered (Dumbill, 2012).

To meet the study objectives, the VABIDAE test battery has been implemented to collect data from a sample of 174
undergraduate students at the School of Letters and Human Sciences, Dhar El Mehraz, Fés. The findings highlight positive
attitudes and perceptions towards using Big Data, whereas the correlation between the two variables is negative. This study,
being the first of its kind within the Moroccan context, aims towards being employed as a reference for upcoming research in
the field.

Levels of Big Data:

Fischer et al. (2020) claim that there are three levels of Big Data: micro, mesolevel and macro. However, it is important
to note that these levels are not completely separate or distinct, as they may overlap.

Microlevel Big Data, or interaction data, is retrieved directly and automatically from users. It is collected at the
granularity of seconds to gather information about learners, their actions and the context in which they occurred (Ochoa &
Worsley, 2016). In education, this data is produced by the exchanges between learners and educational platforms that have data
collection platforms such as simulations, intelligent tutoring systems and (MOOCs). The affordances of Microlevel data lie in its
utility to provide and detect cognitive strategies and self-regulated learning (SRL) behaviours and feedback on students’ learning
and engagement.

Mesolevel data includes computerized data of groups and organizations. In education, mesolevel data is systematically
collected mainly through students’ learning during the various activities and practices in the learning environment, such as
assignments and online discussions. Mesolevel data provides opportunities to capture data on learners’ development in both
cognitive and social abilities, as well as affective states. Besides students’ writings and assignments, mesolevel data can be
collected through other sources such as website databases or intelligent tutoring systems. It is gathered in time durations that
can range from minutes to hours. Mesolevel data provides insights into cognitive, social, affective, and behavioural processes
(Fischer et al., 2020).

Macrolevel data is data collected at the institutional level. It includes, for instance, data about students’ admission,
demographics, grades, scheduled classes, courses and their description, campus service data, degree completion requirements
and college major requirements. It is collected over the years and infrequently updated. Macrolevel data provides opportunities
to improve data-driven administrative decision-making (Fischer et al., 2020). It improves students’ experience and predicts
success (Chaturapruek et al, 2018). Macrolevel data can also be applied as early-warning systems, information or course
guidance systems (Jayaprakash et al., 2014), and administration-facing analytics (Méndez et al,. 2014).

Students Engagement and Performance

Studies, such as Ogan et al. (2015) and Fancsali et al, (2018), have examined (SRL) and metacognition within
educational data mining. These constructions test learners’ ability to control their learning processes (Roll & Winne, 2015).
Modelling students' processes and behaviours in learning environments is a common step in educational data mining techniques
for (SRL) analysis. This step identifies potential learning problems that system architects and designers may utilize to enhance
user interfaces and experiences (Aleven et al, 2016; Roll & Winne, 2015). For instance, inferences about Non-cognitive
dimensions related to engagement, motivation, and effects are allowed through micro-level data. Furthermore, academic
emotions, also known as affective states, such as frustration, perplexity, boredom, and engaged concentration, are constructs
that have also been the subject of research in the field (Botelho et al., 2017). The ability of educational data mining tools to
recognize emotional states enables the use of emotional detectors to offer learners real-time feedback, scaffolding, and
interventions.

Evaluating students’ knowledge based on sets of accurate and inaccurate answers to problems, also known as
knowledge inference or latent knowledge estimation, is an essential use of micro-level data. Three common techniques are deep
knowledge tracing (DKT) (Pavlik et al., 2009), performance factors analysis (PFA), and Bayesian knowledge tracing (BKT) (Corbett
& Anderson, 1995). These techniques employ several frameworks to determine a student's skill mastery level.

The oldest of these three methods is (BKT), and it uses a Hidden Markov Model to estimate four parameters for each
distinct skill present in the data: the likelihood of a student's mastery of a skill before having the chance to practice it, the
likelihood of a student’s mastery of a skill after having the chance to practice it but before having the chance to do so again; and
the likelihood of a student’s mastery who has not yet mastered a skill but will do so in the future. This paradigm was enhanced

Page | 9



The Use of Big Data in Education: Students’ Attitudes and Perceptions at the School of Letters and Human Sciences, Dhar El Mehraz, Fes
(Morocco)

to include item difficulty estimations, partially accurate answers, and various alternative states for certain knowledge components
(Gonzalez-Brenes et al., 2014; Ostrow et al., 2015; Falakmasir et al, 2015). (BKT) studies underlie adaptivity through various
learning platforms, such as the Cognitive Tutor, and support fundamental research on affect detectors (Liu & Koedinger, 2017).

(PFA) uses logistic regression to estimate three parameters for each distinct skill within the data, and (BKT) uses a
Hidden Markov Model to infer student knowledge (Pavlik et al., 2009). The three parameters are the degree to which correct
answers are associated with better future performance, the degree to which incorrect answers are associated with better future
performance and the general ease or difficulty of the skill being estimated. These variables represent the likelihood that a
student has mastered a certain skill. Compared to (BKT), (PFA) parameters offer less insight into learners' early ability levels and
tendency to commit careless errors. Nevertheless, (PFA) parameters show the relative difficulty of skills and the proportionate
learning connected to correct and bad replies. Research is currently being done to extend (PFA) in order to, among other things,
better understand mastery criteria (Kaser et al., 2016), investigate the relative predictive value of recent performance compared
to older performance (Galyardt & Goldin, 2015), and investigate individual differences in learning rate (Liu & Koedinger, 2015).

(DKT) has become a substitute for (BKT) and (PFA). It models skill knowledge and mastery using recurrent neural
networks, resulting in a vector of the probability of mastery connected to each opportunity to practice a skill. (DKT) is generally
more effective than the other ways of predicting student correctness while learning (Khajah et al., 2016; Yeung & Yeung, 2018),
but it has not been widely applied in the real world due to interpretability and stability of estimates issues (Yeung & Yeung,
2018).

Personalized Learning

Prior studies examined thousands of participants in massive open online courses (MOOCs) and hundreds of students in
classroom settings. Examples include modelling how different student groups who have different strategies emerge over time in
their use of online course resources (Gasevic et al, 2017), identifying distinct patterns of engagement in (MOOCs), and
identifying how different student groups work through a learning simulation as part of an experimental standardized test
(Bergner et al., 2014; Guo & Reinecke, 2014; Kizilcec et al., 2013).

Joksimovic et al. (2015) examined how (MOOCs) students interacted with their courses on Facebook, Twitter, and blogs.
The most popular subjects appeared early in the course. It has been discovered that the topics addressed were comparable
across social media platforms. Mathematical problems that were largely created by instructors and provided to an intelligent
tutoring system were subjected to an evaluation (Slater et al., 2016). Notably, Slater et al. looked at students working on
arithmetic problems to find correlations between the issues' semantic aspects and student learning or engagement, which might
help teachers choose which math problems to use in their lessons and how to create new math problems.

Learners' self-concept, judgment, and motivation were evaluated in studies that looked at affective components; these
studies frequently looked at hundreds or thousands of students. For instance, Crossley et al. (2018) analyzed data from an online
teaching environment and Natural language processing (NLP) techniques to determine how linguistic proficiency and
identification in mathematics are related among learners (e.g., math value, interest, and self-concept). Data collected through
open-ended questions about course expectations throughout (MOOC) enrollment processes and their associations with age and
gender were studied by Crues et al. (2018); it revealed 26 reasons for course enrolment using latent Dirichlet allocation and
correspondence analysis, all of which were related to learners' ages but not their gender. Similarly, Reich et al. (2015) employed
structural topic modelling to identify semantic meaning patterns in unstructured text to comprehend students' enrollment
motivations in an educational policy course.

Educational Data Mining

Educationl data mining (EDM) explores all sorts of data collected from educational environments. It also stands for the
techniques to address and answer questions related to education (Lynn & Emanuel, 2021). Data mining in education and
learning analytics are used interchangeably to refer to the same research domain. These two concepts correlate with many other
research areas, such as machine learning, computer science, computer-based education, and educational statistics.

(EDM) applies to many different educational environments, including (traditional classes, classes through learning
management systems (LMS), classes through Intelligent Tutoring Systems (ITS), and finally, (MOOCs). Educational Data could be
anything that happens between instructors and students (interaction, quizzes, exercises, participation), administrative data
(information about school and teachers) and demographic data about learners (age, gender, parents' marital situation), students'
status towards learning (Internal/external motivation, emotional and psychological states). Education environments are regarded
as fertile grounds for data from several sources. These sources vary in terms of the quantity of data they offer. The following data
sources are organized from less to more data-providing sources, such as courses, students, activities, and events (see Table 1).
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Data Mining/Processing

Available raw educational data cannot be used to offer insights about a phenomenon or answer some burning questions in
education. Thus, it is of great necessity to convert the raw data and turn it into usable data with a different format. However, data
mining stands for applying methods and techniques such as visualization, classification, and association analysis. These
techniques enabled data harvesting to solve different education problems (Gushchina & Ochepovsky, 2019)

Table 1

Educational data mining methods

Method Description Application

Clustering Finding similarities among a group of | Students with  similar  learning
datasets hence providing observations. patterns are clustered together.

Prediction Predicting a  variable's  behaviour | Predicting student performance and
according to an analysis done on other | filling in knowledge gaps
variables.

Knowledge tracing Creating a log for each student to trace | Longitudinal studies for how student's
skills' mastery. knowledge changes with time

Causal mining To identify causality among datasets or | Finding direct causes of some
to find cause-effect students' low grades and dropping

out of school.

Big Data and Educational Research

The reliance on Big data promises a wider understanding of educational processes on different application levels:
Microlevel, mesolevel, and macro-level (Fischer et al.,, 2020). Microlevel Microlevel Big Data

Microlevel Big data is concerned with the Data generated from the exchanges among learners, educators, and the data
collection platform (MOOCs, LMS, simulations, and gamified learning) (Fancsali et al, 2018). At this level, Big Data provides
insights about learners, their learning behaviour, actions within a given context, and data from the learning context itself. Data at
this level is granted through students' accessibility to learning platforms (Mediators) that do not include many students.
However, although the data is retrieved from samples of hundreds of students at most, millions, if not billions, of data points are
generated due to the complexity of correlations found among variables. Therefore, microlevel Big Data is suitable when
interventions for students' classroom behaviour are affordable. Furthermore, this data helps build a knowledge base capable of
providing the correct feedback to students based on effective and cognitive datasets (DeFalco et al., 2018).

Mesolevel Big Data

Mesolevel Big Data uses students' generated academic texts, writings, and submitted assignments to learning
management systems (LMS). The move toward digital texts has granted an abundance of user-generated Data added to the data
lake. Mesolevel datasets are collected in a given time frame that ranges from a few minutes to a few hours. Furthermore, the
data is analyzed using specialized software specialized in (NLP), which automates the whole process of analyzing data.
Linguistics-infused Big Data tools can shed light on when students float lexical, grammatical, or morphological features in
accordance with the previously machine-fed data (Fesler et al., 2019).

Macrolevel Big Data

Macrolevel big data is collected over months and years, including students' personal data, data about courses, records,
and grade reports. This data reflects the overall status of the educational body and highlights where the call for action is needed.
Macrolevel Big Data has many applications within the realm of education (Fischer et al., 2020).

Warning systems

A Warning System is an extension added to educational platforms to warn students at risk of underachieving in tests
and exams. These systems act as predictive models which rely on datasets from tens of thousands of students as part of
institutional Big Data to help instructors identify knowledge gaps and further focus on students who may need additional
guidance and support (Chaturapruek et al, 2018). Additionally, Fischer et al. (2020) claim that pilot applications to warning
systems successfully predicted failure at the course level, relying on data based on (LMS) sessions and academic interaction

among students, platforms, and instructors.
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Methodology
Research Problem

Big Data systems help educators assess students accurately, allowing better progress and achievement. The correlation
between university students’ perception and attitude toward this technology has not been adequately discussed through
research. As it has always been a challenge to monitor the behavioural patterns of students effectively, Big Data systems enable
interpretations and insights into students' daily operations during a course/class. As for any technology implemented in teaching
and learning processes, gaining insights into how it is perceived from a student/learner-centered point of view is critical. This
study, therefore, describes students' perception and attitude towards Big Data as an educational technology and investigates
whether students’ overall perception impacts their attitude towards it. This study provides visibility and the recognition of how
Big Data is perceived from the point of view of a population of students, which is a critical step in enhancing their learning
outcomes/achievements.

The Objective of the Study

Big Data is changing education and students’ learning experience. It serves to meet the quality standards of the
education landscape and build enhanced models for it. From a learner’s learner-centred point of view, adopting Big Data as a
learning technology helps educators better understand their students' needs and learning habits or behaviours; however,
considering the students’ views in parallel is of equivalent value. This leads to improving their learning outcome, performance
and overall experience. The study aims to gain insights into students’ perception and attitude toward Big Data with regard to it
as a technological tool implemented in their learning process.

Research Design

Given that this study is descriptive, relying on a questionnaire as a data collection instrument is legitimate. The
questionnaire instrument used to gather quantitative data on students' attitude and perceptions is the (VABIDAE) (Validity of Big
Data Applied to Education). This 3-level scale is used in this study to collect the data used in this study.

The first two sections of the questionnaire were used to collect data regarding students’ perceptions. The first section was used
to collect data about positive perception, the second was for negative perception, and the third section was used to collect data
about their attitude. A Likert scale is used (see appendix).

In this study, attitude stands for a more subjective point of view that relates to their personal beliefs, feelings and
judgement. Conversely, perception is the variable that represents students’ negative and positive views of Big Data as a
technological tool, including its convenience and drawbacks; therefore, it depicts how these students perceive its utility
concerning different criteria and educational contexts.

Data Collection

In order to answer the research questions, this study relied on quantitative data collected using the (VABIDAE)
questionnaire. It was distributed to a convenient sample of 174 students from the English Department of Sidi Mohamed Ben
Abdellah University; School of Letters and Human Sciences, Dhar El Mehraz- Fés. During the data collection process,
respondents’ informed consent has been granted; and, the anonymity and confidentiality of their contribution has been
guaranteed.

To guarantee the validity of the study, the study opted for a questionnaire pilot study to gain insights and feedback on
the topic. The aim behind the piloting is to scrutinize the relevance, clarity and overall understanding of the questionnaire and
test the measurability of the studied variables. In this regard, sample surveys were randomly distributed among a small number
of students within our sample, and they were asked to fill them out and grade the understandability, the design and the wording.
The input gained from questionnaire piloting contributed to refining the design, which supported our questionnaire’s validity
and reliability.

Research Questions
1- What is students’ overall perception towards the utility of Big Data as an educational technology?
2- What is students’ attitude towards the implementation of Big Data in their learning experience?

3- Is there a relationship between students’ attitudes and perception of Big Data as an educational technology?
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Ethical Consideration

Before collecting the necessary data, permission to use the data collection tool was asked for and granted.
Consequently, we contacted the researchers who designed the (VABIDAE) test battery to seek their consent and any potential
stipulations for its use. Permission has been granted with the following directive from the designers: "Feel free to use (VABIDAE),
and only | request you to cite us properly." In light of this, we have ensured that all references to (VABIDAE) in our work provide
appropriate and accurate citations, honoring the wishes of its creators and upholding the ethical standards of academic research.

Validity of the Assessment of Big Data Applied to Education (VABIDAE)

Given prior research, the study conducted by Matas et al. (2020) analyzed the psychometric characteristics of the
(VABIDAE) questionnaire, which is designed to assess how students feel and think about Big Data. A non-probability sample of
337 students from both Peru and Spain have participated in this study, and the findings have provided different factors,
manifested in a robust psychometric profile that encompasses emotional and cognitive dimensions related to perceptions of Big
Data in education. Furthermore, the study has revealed that the questionnaire is indeed relevant and effective in identifying the
participants' perspectives, by shedding light on their attitudes and emotions towards this technology. In addition, it emphasizes
its utility in exploring and building upon studies that shed light on the implications of Big Data for Inclusive and sustainable
education. Notably, the (VABIDAE) questionnaire demonstrated high reliability with a Cronbach’s alpha coefficient of 0.897,
which is an indicator of strong reliability.

Limitations

While the use of Big Data analysis offers unprecedented insights into the dynamics of learner interaction and early
identification of students at risk of underachieving, sample size limitations are important to acknowledge. The findings based on
174 respondents, suggest a negative correlation between attitudes and perception. To establish broader applicability, it would
be valuable to replicate this study across multiple courses, diverse institution types, and perhaps different geographical settings.
Additionally, the research at hand focuses on students' attitudes and perceptions toward the use of Big Data as an educational
tool. Future studies could touch upon teachers' views on adopting Big Data technologies to routine tasks such as assignment
submission trends, engagement with online resources, or even real-time monitoring of student attention via learning platform
analytics.

The sample size was an unavoidable limitation due to the available research conditions. It proved to be challenging to
have access to a large sample within the given educational context. Furthermore, the premise of working on Big Data directly
intertwines with having access to a large population for robust findings and generalizations at the level of the institution studied,
but since accessibility was limited; the current study opted for a smaller population to highlight and explore the current views
students hold on Big Data use as an educational technology. Furthermore, the implications of a smaller sample size raise
questions and concerns of generalizability, highlighting the need to interpret findings cautiously and consider whether they are
confidently extrapolated to broader student populations or diverse educational contexts. Henceforth, the aim behind the current
research is not to generalize the findings but only to explore this new field of studies in the Moroccan context while the findings
are only representative of the studied sample.

Results
Descriptive Results

Research Question One What is students’ overall perception of using Big Data as an educational technology? To answer this
research question, data were collected through the first two sections of the (VABIDAE) questionnaire that suggests the different
positive (first section) and negative aspects (second section) of using Big Data in education.
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Table 2

Perception descriptive statistics

Descriptive Statistics

N Mean Std. Deviation
Positive Perception 174 3.7969 .56212
Negative Perception 174 3.2557 .58185
Perception 174 3.5263 40062
Valid N (listwise) 174

As displayed in Table 1, the means of positive and negative perceptions are calculated separately. The mean of positive
perception is (M=3.79), while the mean of negative perception is (M=3.25). The difference between both means entails that
students only show a slightly higher positive perception towards the positive aspects of using Big Data. Both means having
(SD<0.6) means that the dataset is clustered for both groups. Overall, both variables' mean showcases that students
simultaneously have negative and positive perceptions.

Table 3

Calculating students’ overall perception

Statistic Std. Error
Mean 3.5263 .03037
95% Confidence Interval for Lower Bound 3.4664
Mean Upper Bound 3.5863
5% Trimmed Mean 3.5341
Median 3.5182
Variance .160
Perception Std. Deviation 40062
Minimum 2.37
Maximum 4.45
Range 2.08
Interquartile Range .55
Skewness -.253 184
Kurtosis 184 .366

The Mean (M=3.52) of positive and negative perceptions is generated by computing the variable (Perception) to get
students' overall perception of Big Data; Thus, it answers the first research question. (SD=0.4) reflects low data dispersion; thus, it
indicates that the value of both variables is balanced in their contribution to the mean of the computed variable (perception).
Based on the descriptive statistics, the result is higher than average.

Table 1

Correlation between students' positive and negative perceptions of the use of Big Data in education

Correlations

Positive Negative
Perception Perception
Pearson Correlation 1 -.019
Positive Perception Sig. (2-tailed) 802
N 174 174
Pearson Correlation -019 1
Negative Perception Sig. (2-tailed) 802
N 174 174
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A statistical correlation measure has been conducted to measure the statistical relationship between the two variables.
The correlation (r=-0.019) indicates a weak negative correlation (close to r=0), suggesting almost no linear association between
the variables.

Research Question Two

What are students’ attitudes on implementing Big Data in their learning experience? The third section of the VBIDAE
questionnaire has been employed to answer this question. The data is collected through a Likert scale to measure how students
relate to statements representing how they feel about Big Data as educational technology.

Table 5

Calculating students’ overall attitude of using Big Data in education

Descriptives
Statistic Std.
Error
Mean 2.9347 .04575
95% Confidence Interval Lower Bound 2.8444
for Mean Upper Bound 3.0250
5% Trimmed Mean 2.9409
Median 3.0000
Variance .364
Attitude Std. Deviation .60344
Minimum 1.20
Maximum 4.50
Range 3.30
Interquartile Range 72
Skewness -.083 184
Kurtosis .064 .366

The mean of attitude (M=2.93) suggests that respondents' overall view is relatively moderate. It is measured through
their reaction to statements representing their attitude towards the theme of Big Data in general as an educational technology.
Furthermore, as the confidence interval is narrow (see Table 4), it indicates a high level of precision, thus, the estimation of a true
mean.

As the descriptive statistics demonstrate, The minimum value of the dataset is 1.2, and the maximum is 4.5. The variance
is 0.36, and (SD=0.6) indicates a moderate level of diversity in the students’ responses through a 1 to 5 Linkert scale. Overall, it
can be concluded that the analysis at hand answers the research question by demonstrating an average level of perception, with
a moderate variation in students’ overall attitude.

Research Question Three

This article's third and final question aims to uncover the correlational nature between research questions one and two.

In that way, the question inquires about the relationship between students’ perception (question one) and attitude (question
two).

The Pearson Correlation coefficient (r=-0.117) is conducted between the two variables, Perception and Attitude (see
Table 5 below). As a negative correlation is denoted, one variable's rise indicates the other's decrease. Therefore, if the variable
of ‘Perception’ changes, the variable of ‘Attitude’ changes in the other direction. However, the magnitude of the correlation (r=-
0.117) is weak, and its significance value (p=0.124) indicates that the correlation is not statistically significant and that the
observed correlation coefficient could have occurred by chance and could not represent the true relationship between the
variables.
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Table 6

Correlation between students' perception and attitude of Big Data use in education

Correlations
Perception Attitude
Perception Pearson Correlation 1 -117
Sig. (2-tailed) 124
N 174 174
Attitude Pearson Correlation - 117 1
Sig. (2-tailed) 124
N 174 174

To conclude, the results of the correlation study indicate a weak negative correlation between the variables
“Perception” and "Attitude." The correlation is not statistically significant. Therefore, additional analysis or investigation may be
required to determine the significance of the correlation between these variables.

Discussion
Research Question One

The objective of the first question in this study is to examine and describe students’ overall perception regarding the
use of Big Data as an educational technology. Data was collected through the VIBDAE questionnaire (uses the Likert scale). The
first two sections represent positive and negative aspects of big data in education, thus deducing respondents’ overall
perceptions. As a first step in the data analysis process, the means of positive (M=3.79) and negative (M=3.25) were calculated
separately. The difference between the two means is small, but it suggests that students exhibited a slightly higher level of
positive perception towards the positive aspects of Big Data inclusion as a technology integrated into education. (SD<0.6) for
both groups of data sets indicates that there is only a slight variability in the responses and that the data set is clustered. The
variable ‘Perception’ is computed to represent the overall perception of students, including positive and negative perceptions. Its
Mean (M=3.52) and (SD=0.4) suggest both variables' balanced contribution in computing ‘Perception’. In addition to that, based
on the statistical findings, it is observed that the level of students’ perception is relatively positive as it is higher than average.

Furthermore, an analysis of the correlation coefficient has been conducted to understand the statistical relationship
between positive and negative perceptions. The result (r=-0.019) showcases a negative correlation that is close to zero. This
indicates that the linear association between the positive and the negative aspects of students’ perceptions towards Big Data is
almost null.

Research Question Two

To answer the second research question, the analysis explored students’ attitude, as learners, towards Big Data as an
educational technology. Hence, the employment of the third section of the VABIDAE questionnaire. This section consists of
statements that capture students' positive and negative feelings and thoughts towards the theme and, thus, their attitude
toward it. Based on the descriptive statistics generated, the Mean (M=2.93) indicates a relatively moderate overall attitude that is
higher than average. Furthermore, (SD=0.6) and the variance of 0.36 suggests that students' responses (on a Likert scale of 1 to
5) are relatively diverse. The findings provide insight into the nature and level of students’ overall attitude toward Big Data as a
theme by introducing statements representing different positive and negative feelings about Big Data implementation as an
educational technology in their learning experiences.

Research Question Three

This study's third and final question explores the relationship between students’ perception and attitude (questions one
and two) concerning Big Data as an educational technology. To answer this question, the analysis entails a Pearson correlation
coefficient (r=-0.117) demonstrating the relationships between the variables 'Perception’ and ‘Attitude’. The correlation is
observed to be negative; however, the magnitude suggests that it is weak. In addition, based on the significance value (p=0.124),
it is deduced that the observed negative correlation is not statistically significant and could be due to mere chance. In other
words, it may not represent the true relationship between the correlated variables.
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Conclusion

The findings of this study describe and shed light on students’ perceptions and attitudes regarding Big Data and its use as
educational technology. Based on the data collected and the analysis conducted, it is indicated that students showcase a slightly
higher level of positive perception compared to negative perception. In addition to that, variability in the data set is weak, and
the correlation between the variables in this research is statistically insignificant. Furthermore, it is necessary to point out that it is
of paramount importance to inspect other research and literature to understand and explore the implications of Big Data in
education. Stemming from the research findings of this paper, it is concluded that students’ perception of Big Data does not
have an impactful relationship with their personal attitude towards it, and vice versa. However, it is also important to state that
the interpretations and deductions of this study are specific to the studied data set; hence, they are potentially not pertinent to
generalize over all students and/or educational contexts.
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Appendix

Questionnaire on Big Data in Education: Assessment Scale of Big Data Applied to Education (VABIDAE)

This questionnaire aims to collect information about your opinion regarding Big Data. For this reason, we ask that you be as
sincere as possible.

Big Data is data that is too big, too rapid, and beyond the analytical capabilities of traditional data base structures, including
readily available data base administration tools and conventional data processing software. These vast amounts of data are
required today, and they are being collected everywhere, in the fields of science, social networks, commerce, healthcare,
government, media, education, and national security. From educational data mining strategies to SRL (self Regulated Learning)
analysis, modeling the procedures and actions that students take in educational settings is a common stage. Studies examined
hundreds of students in classroom settings and thousands of participants in (MOOCs), which has demonstrated how various
student groups adopt various tactics that develop over time when utilizing the course resources. recognizing distinct MOOC
engagement patterns and observing how various student groups interact with a learning simulation; leading to better
performance, a personalized learning experience, and increased engagement.

Before starting, keep in mind the following conditions:
- Your voluntary participation is requested.

- No private or sensitive information is collected. In any case, the data will be used for academic and scientific purposes.
Likewise, any information will be managed in accordance with current regulations.
- The questionnaire is only four short questions that will not take you more than 5 minutes.

Please indicate if you voluntarily agree to answer this questionnaire according to the previous conditions: ~ -YES O -
NO O
Gender: MALE O FEMALE O Other O
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Indicate, according to your criteria, what Big Data in Education could be used for:

Not at all

| think not

| don't know

| think
so

Totally
Agree

Better serve the needs of students

Improve academic results

Personalize Education

Improve employability

avoid plagiarism

Improve the organization of schools

Improve teacher selection

Produce educational resources adapted to students

Facilitate decision-making at the political level

Promote educational quality in general

Helps prevent school failure
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Not at all | think I don't know | Ithink so Totally
not Agree

Loss of student privacy.

Loss of teacher privacy.

Loss of school socialization.

Computer attacks.

Loss of teacher functions.

Increase in the power of centre managers.

Increasing the power of politicians (related to education).

Produce educational resources adapted to students.

System handling.

Control of the education system by governments.

Company control of the education system.

Indicate, in your opinion, to what extent the following negative aspects could occur with Big Data:

Please, indicate to what extent the following statements are consistent with your attitude:

Nothing I think I don't I think so | Totally
at all not know agree

The theme amuses me

Gives me hope

Makes me feel proud

Makes me feel annoyed

Makes me anxious

| feel uncomfortable

| feel negligent

| find it pleasant

| feel impotent

Makes me bored

What is your overall perception on Big Data in education or in general? All inputs are highly appreciated
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