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Abstract: College students are often assumed to be digitally fluent as they are “digital natives”,
owing to their exposure to digital technologies from an early age. Furthermore, it is assumed that this
digital competence is likely to prepare them for learning in college. However, it has been observed
that current college students who are “digital natives” may or may not effectively apply digital
technologies during their college education. The purpose of this study is to examine the impact of
college students’ prior digital experiences, particularly their families’ influence, on their in-college
digital competence and attitude, and by extension, on student engagement. A total of 381 university
students were surveyed in this study. Data was obtained from a self-administered, online survey
and analyzed using partial least squares, which also evaluated the research model. According to
the findings of this study, students’ positive prior digital experience significantly influences their
perceived digital competence and their attitude toward digital technologies. In addition, our research
also indicates that college students’ perceived digital competence and attitudes are mediated by their
learning agility, which is the ability to continuously learn and the willingness to apply acquired
knowledge. This article may thus act as a springboard for further empirical research, as well
as for examining the nature of students’ prior and positive experiences and learning agility in
digital competencies.

Keywords: digital literacy; digital competence; student engagement; learning agility; higher education

1. Introduction

In recent decades, college students have required competence in digitally integrated life. The use
of digital technologies in both personal and professional fields has raised interest in student digital
competence in university [1,2]. Moreover, technological advancement has brought opportunities for
integrating technology into academic work, as well as future life. Students’ digital competence at
the college level has therefore gained attention, and is regarded as an important skill for student
engagement [2,3]. Student engagement is defined as a multidimensional phenomenon encompassing
students’ cognitive, behavioral, and affective components in coursework, including students’ in-class
and out-of-class multifaceted experiences, which are considered good predictors of learning and career
development [4–6].

As digitally literate natives [7–9], today’s college students are growing up with digital
technologies central to everyday functioning in school, at home, and in the community [10,11].
With these technologies, students interact with others, absorb information from multiple sources,
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engage in content creation, and share information and views [12]. In college, students take courses
using educational systems (e.g., e-learning platforms, word processing software, and mobile
learning management systems) supported by their academic institutions [13]. Contrary to educators’
expectations and assumptions about them, college students access and use a variety of technology;
however, during their time in college, they either do not effectively use digital technologies as digital
natives or do not use it at all [14,15]. As digital natives, students are assumed to have adequate digital
literacy rather than being assessed, remediated, and amplified on the level of digital literacy they
really need [16]. For example, recent studies have shown that undergraduate students need more
training in digital technologies to integrate them into their educational experiences [17,18]. In fact,
many institutions of higher education have not fully embraced digital literacy for their students as
a foundational literacy [2,16].

The pervasiveness and advancement of digital technologies in higher education and students’
adoption of these technologies can influence student engagement in academic work [19], and student
engagement tends to be considered a good predictor of learning and personal development [4].
Significantly, learning with technologies in college is associated with a student’s academic
engagement for academic success [19,20] regarding active participation and interaction in class [21],
active exploratory learning [22], application of knowledge and academic performance [23], and attitudes
and self-efficacy [24].

The current digitally literate generation, which is assumed by the older generation to be highly
digitally literate, now joins institutions of higher education where they are expected to access
campus resources and services using their smartphones and laptops. However, college students’
digital experiences indicate a weak relationship between their engagement and their adoption of
technology on campus [25]. Indeed, they can cause students to disengage in learning activities due
to the ineffective integration of digital technologies. In addition, Guzmán-Simón et al. [2] found
that Spanish college students do not incorporate digital technologies and relevant literacies into
their academic literacy, in that students showed a wide gap between their digital competence in
informal contexts and in formal learning. In the Korean context, surprisingly, college students did not
significantly integrate digital technologies into academic work [26]. Moreover, current higher education
emphasizes collaborative and active learning in courses, as well as student-faculty interaction [13,27].
However, when digital technology in learning activities needs to be adopted based on powerful
pedagogical approaches, students can experience and enhance their learning in college through digital
technology [3]. Thus, while the integration of digital technologies in academic life is expanding,
students’ disconnected exposure to digital experiences in their academic work reduces the scope of
their usage.

Specifically, we investigate the antecedents of students’ digital competence and attitudes in
college while they engage in academic work. As discussed above, college students have difficulty
integrating digital technologies into their academic work, as well as acquiring digital competence
for academic success. Additionally, college students’ prior digital experiences may influence their
digital experiences and attitudes during college. Thus far, only a few studies have addressed whether
the developmental effect of students’ digital experiences before joining college affects their digital
competence and attitudes while in college, as well as their academic outcomes and experiences
(i.e., student engagement). This study therefore aims to analyze the impact of college students’ prior
digital experiences, particularly their family influence and personal effort, attitudes toward digital
technologies, and student engagement, on their in-college digital competence.

The rest of this paper is structured as follows: Section 2 presents the background and hypothesis
derivation regarding the research model; Section 3 introduces the methods, which include data
collection, sample characteristics, measures, and statistical analysis; Section 4 presents the results of the
empirical analysis; Section 5 discusses the main results and concludes the paper; and finally, Section 6
discusses the limitations and recommendations for future research based on the findings.
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2. Background and Hypothesis Derivation

2.1. Prior Digital Experience with Family

In this research model, students’ prior personal digital experiences before joining college need to
be examined as antecedents for predicting the effectiveness of their technology integration in college
academic work. It has been found that students’ positive perceptions of technology tend to rise based
on prior positive experiences with family, personal effort, and teachers [28]. More prior experience of
computer use can also result in stronger confidence [29]. Additionally, Beckers and Schmidt [30] found
that an enjoyable initial exposure to computers was associated with greater subsequent computer
experience, which in turn was associated with lower levels of anxiety and greater affinity for computers.
Moreover, families’ encouragement in using digital technologies can be an important factor that
influences students’ attitudes toward technology. Furthermore, support from parents that are highly
knowledgeable and skilled in using computers can be helpful in building student competence [31].
In particular, a study has shown that female college students studying computing grew up with
computers in their households, and frequently used them with their family members (e.g., parents and
siblings), which caused them to embrace computing before joining college [28]. It is, however, possible
for students to acquire intermediate skills in technology integration for their learning activities, as well
as a positive attitude toward digital technology as a learning tool. This can cause them to actively
learn how to integrate technology into their learning activities. Students with a positive perception of
digital technology may thus have positive experiences in successfully adopting technology in learning
activities, which is connected to academic achievement. This may in turn guarantee future adoption
devoid of anxiety or a negative perception of digital technology. Therefore, the following hypotheses
will be tested:

Hypothesis 1 (H1). Prior digital experience with family positively influences the attitude toward using
digital technologies.

Hypothesis 2 (H2). Prior digital experience with family positively influences college digital literacy.

Hypothesis 3 (H3). Prior digital experience with family positively influences personal efforts toward using
digital technologies.

2.2. Perceived Digital Competence for Academic Work

As a component of the current digital status of students in college, digital competence in
academic works can be defined as technology-related knowledge, skills, and attitudes in using
digital technologies to meet educational aims and expectations in college. In addition, college
students’ adoption of digital technologies in academic work can be a good predictor of college
learning and success [4,19]. The European Parliament and Council [32] defined digital competencies
in a technologized world as “the confident and critical use of information society technology for
work, leisure, and communication. It is underpinned by basic skills in information and communion
technology: the use of computers to retrieve, assess, store, produce, present, and exchange information;
and to communicate and participate in collaborative networks via the internet”. College students need
to be competent in effectively accessing various resources and information to identify and organize
course-related digital information, choose appropriate technologies to accomplish academic tasks,
effectively collaborate or communicate with others in academic communities, and solve problems
using online resources [33–38]. Since they engage in cognitive, technical, and social-emotional
processes during the use of digital technologies and digital information [36,39], college students’
digital competence is widely emphasized as essential for work and life today. Hence, we anticipate
that when college students’ level of perceived digital competence is increased, the level of student
engagement and learning agility will also increase Therefore, the following hypotheses will be tested:
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Hypothesis 4 (H4). Perceived digital competence positively influences student engagement.

Hypothesis 5 (H5). Perceived digital competence positively influences learning agility.

2.3. Attitudes toward Using Digital Technologies

As another component of the current digital status of students in college, attitudes toward using
digital technologies have a significant relationship with student engagement. Whether students suffer
from digital technology anxiety or perceive technology negatively, a positive attitude toward using
digital technology as a productive medium can influence their degrees of cognitive spontaneity in
technology interactions [40]. Fishbein and Ajzen [41] defined attitude as “a learned predisposition
to respond in a consistently favorable or unfavorable manner toward an attitude object” (p. 6).
Attitude is defined as an acquired internal state that influences the choice of personal action as
a learning outcome [42,43]. Additionally, attitude toward technology influences cognition and
behavior [44]. People who have positive perceptions of computer technologies show that computers are
fun and satisfying tools or toys for on- and offline activities [45]. This trait further impacts individual
online activity types and academic performance [45]. According to the Technology Acceptance
Model, the actual use of a technology system in personal contexts (e.g., learning or marketing) is
influenced directly or indirectly by the user’s attitude, behavioral intentions, and perceptions of
its usefulness and ease. Attitudes toward using technology can thus influence the user’s choice of
actions and responses to challenges, and are therefore a critical driver of technology adoption [46–48].
Therefore, college students’ positive attitudes toward using digital technologies for academic works
will help them achieve academic success through student engagement. In light of this, the following
hypotheses will be tested:

Hypothesis 6 (H6). Attitude toward using digital technologies positively influences student engagement.

Hypothesis 7 (H7). Attitude toward using digital technologies positively influences learning agility.

2.4. Previous Experiences with Personal Efforts to Learn Digital Technologies

In this study, personal effort to learn digital technologies is defined as maintaining an effort
toward learning digital technologies, despite potential distractions and setbacks, before joining college.
This is a psychological factor explaining the direction and regulation of one’s energy toward goals
or objectives. It is also related to a belief in effort-outcome covariation, which is the belief that
success in learning is caused by personal effort, and not personal ability, luck, or task difficulty [49].
Since motivation and engagement do not always occur together, regulated effort by the learner plays
a role in transforming motivation into engagement in the learning process [50]. Previous experience
with personal effort to learn digital technologies meant effort regulation, which is to control one’s
expenditure of effort [51] in learning digital technologies. Particularly, when students perceive that
the learning tasks are easy to execute, interesting, and enjoyable, this kind of regulation occurs more
easily [50]. Personal effort will thus form a continuum in the development of digital competence
between previous experiences gathered in the family context and college digital competence and
engagement in academic work. Therefore, the following hypotheses will be tested:

Hypothesis 8 (H8). Prior digital experience with personal effort positively influences attitude toward using
digital technologies.

Hypothesis 9 (H9). Prior digital experience with personal effort positively influences college digital literacy.
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2.5. Learning Agility

As a mediator between the current digital status of students and their engagement, learning
agility is an important factor that integrates digital technologies into engagement in academic life.
We live in the era of transition from knowing with predetermined skills and existing knowledge to
rapid learning agility in new situations with different experiences and technological tools. The term
“learning agility” was coined by Lombardo and Eichinger [52]. As a learning strategy based on
experience, it has been defined as the willingness and ability to learn from experience, and subsequently
apply acquired knowledge in new situations for successful performance [52]. Learning agility is the
ability to continuously learn and the willingness to apply acquired knowledge. It has three essential
components: potential, motivation, and adaptability [53]. Highly agile learners can apprehend the right
lessons from experience, and apply those lessons to novel situations [54]. Amato and Molokhia [53]
assert that agile learners can quickly and accurately analyze problems, synthesize information, and
comprehend complexity. They are curious about new opportunities and challenges, and are flexible
in their approaches to problem solving. Thus, agile learners tend to be eager to learn, to experiment
with assumptions, and to identify lessons learned in order to improve their ability to cope with
challenges. Moreover, learning agility will be needed to cope with challenges in college or future
workplaces. According to De Meuse et al. [54], learning agility as a relatively stable construct is
unrelated to gender, age, and ethnicity. Recently, college students have been expected to be flexible
and fast learners amidst a high level of knowledge uncertainty and changes in global circumstances,
as prerequisites to engaging in society. This is because learning agility is known to be a stronger
predictor of high performance than intellectual or personal traits [55]. Thus, students’ previous
experiences in using and integrating technology into their learning or lives play a role in mediating
the effects of digital attitudes and literacy on their engagement, as represented by learning agility.
Learning agility in students enables them to adapt and create new values when they are in ambiguous
situations. Therefore, this study hypothesizes:

Hypothesis 10 (H10). Learning agility positively influences student engagement.

2.6. Student Engagement

Students’ effective use of digital technology improves engagement in learning and encourages
a positive attitude towards school [19,20,56]. As a significant predictor of academic success,
student engagement is considered a crucial factor in optimizing the student experience, enhancing
learning, and linking with high-quality learning outcomes [57]. In the study, student engagement as
an outcome has been defined as commitment, participation, or effortful involvement in learning [58],
including students’ psychological efforts and investments in learning, understanding, or mastering the
skills, crafts, or knowledge that schoolwork is intended to promote [59]. Furthermore, student engagement
as a multifaceted construct consists of behavioral, emotional, and cognitive engagement [60]. There are
similar terms for student engagement, including academic engagement, school engagement,
and learner engagement [61]. They all refer to engaging in learning and academic tasks, such as
putting in effort, persisting, concentrating, paying attention, asking questions, and contributing to class
discussions [62]; affectively reacting in the classroom, including showing interest, boredom, happiness,
sadness, and anxiety [62,63]; and cognitively engaging in learning, a desire to go beyond the basic
course requirements, and a preference for challenge [59,63]. In the study, student engagement focuses
on examining multidimensional facets of engaging in courses, such as student engagement through
practicing skills in the classroom, emotional involvement with the class material, participation in
class and interaction with instructors and other students, and levels of performance in the class [6].
Thus, students’ learning processes and activities become meaningful to them with their positive
energy [64].
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2.7. Research Model

The research question that we are trying to answer pertains to students’ prior digital experiences
and current digital status in college, both of which influence their student engagement. Following the
literature review, we developed a research model that explains the role of students’ prior digital
experiences in their current digital competence and engagement in academic courses. The following
research question can thus be posited: How do college students’ prior digital experiences influence
their digital literacy and attitudes in college, and lead to student engagement?

The current study contributes to the body of research on college students’ digital literacy and its
relation to students’ prior experiences, and their positive perceptions of using current information
and communication technologies. Additionally, a major concern is the role of learning agility as
a mediator between digital competencies and student engagement in academic work. Figure 1 outlines
the hypothesized research model:
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3. Methods

3.1. Data Collection and Sample Characteristics

The populations of interest in the study were college students at four-year institutions.
A self-administered online questionnaire was administered to test our research model, and the data
was collected in the republic of Korea for one week in November 2017, which is at the end of the
third quarter of the semester. An online survey design was administered to collect the data. A sample
population was selected from a large private university in a metropolitan area of South Korea. An email
explaining the survey was sent to the school’s staff members, asking them to invite their currently
registered undergraduate students to voluntarily participate in the study. Participants were recruited
through the use of a mass e-mail to all 17,665 students in the university. The students were asked to
click on a link in the e-mail, which gave them access to the online questionnaire. The respondents
were allowed to withdraw their participation at any time during the process of filling out the survey.
The data in the study was collected as part of a larger study on the quality of undergraduate education.
An average survey took around 20 min. The students voluntarily participated, and the participants
received a cash coupon (approximately USD $10) upon completion of the online survey.

A total of 381 valid surveys were completed, and respondents included 127 males (33.3%) and
254 females (66.7%) (sampling error of 4.97% for a confidence level of 95%). The participants’ ages
ranged from 18 to 27 years. Their mean age was 21.4, and the standard deviation was 2.1. In addition,
we inquired about the level of ICT application in courses on a scale of 1 (not at all) to 5 (a lot).
Students responded as follows: overall experience information and communication technology in
the courses (M = 3.97, SD = 1.05), Internet search (M = 4.46, SD = 0.87), Microsoft Excel (M = 2.79,
SD = 1.27), computer programming (M = 2.47, SD = 1.49), graphic software (M = 1.68, SD = 1.09),
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Microsoft Powerpoint (M = 3.94, SD = 1.07), simulation (M = 1.61, SD = 1.03), and 3D design software
(M = 2.47, SD = 1.49).

3.2. Measure

For the constructs of our study, we generated multi-item scales on the basis of established
studies. We measured student engagement based on the scale of Handelsman et al. [6]. The scale
for learning agility was adopted from Gravett and Caldwell [65]. The scales for attitudes toward
digital technologies were adopted from OECD [66]. Prior digital experience with family and personal
effort to learn ICT were developed from the literature of Frieze and Quesenberry [28]. The scale of
perceived digital competence for college students was adapted from Hong and Kim [33], validated in
2015 through a research project. The scales of the final investigation survey are presented in Table 1.
To measure the variables in the larger study, an online survey was developed. It consisted of five
subsections, including background, prior digital experience, perceptions of digital technologies for
courses, student engagement, and learning agility. All variables were operationalized with a five-point
Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree). To ensure content validity and
construct reliability, all items were adapted from established studies.

Table 1. Survey items.

Scale Items

Attitude toward digital
technologies [66]

AT 1. It is very important to me to work with a computer.
AT 2. I use a computer because I am very interested.
AT 3. I can accomplish work faster with computers.
AT 4. I think that computer skills will be important for my future job.

Learning Agility [65]

LA 1. New experiences are learning opportunities for me.
LA 2. I easily retain new information.
LA 3. I’m optimistic that I can learn new information.
LA 4. I enjoy researching new information.
LA 5. I look for ways to use new knowledge.

Prior Digital Experience
with Family [28]

DE 1. Parents recommended that I acquire computer-related skills.
DE 2. Parents thought learning technologies was important for my future.
DE 3. Our family shared computers at home.

Student Engagement [6]

SE 1. Finding ways to make the course material relevant to my life.
SE 2. Applying course material to my life.
SE 3. Finding ways to make the course interesting to me.
SE 4. Thinking about the course between class meetings.
SE 5. Really desiring to learn the material.

Personal effort to learn
ICT [28] PE 1. I learned myself digital technologies in need.

Perceived digital
competence [33]

PD 1. I can use the fundamental functions of a presentation program for class
presentations.
PD 2. I can use the fundamental functions of word processing programs to
create and edit documents for class assignments.
PD 3. I can generate keywords to search information for academic work.
PD 4. I can share my files with classmates using online software.
PD 5. I can collaborate with classmates using online software.

3.3. Statistical Analysis

This study used the Partial Least Squares–Structural Equation Modeling (PLS-SEM) technique
for data analysis. PLS-SEM is a type of structural equation modeling used to statistically analyze
and measure latent variables with multiple observed variables [67,68]; it involves regression-based
methods, instead of the maximum likelihood estimation used in structural equation modeling [69].
PLS is effective when used for theory development with fewer data assumptions, such as multivariate
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normality assumptions, smaller sample sizes than structural equation modeling, and measurement
scales [69]. For this study, SmartPLS 3.0 was used to assess the measurement and structural models [70].
SPSS 23.0 was applied to examine descriptive statistics of the data. We used a two-step approach
commonly used in SEM [71,72] to evaluate model fit. This approach involves the assessment of the
measurement model (outer model) and the assessment of the structural model (inner model). To assess
model structures, we adapted Chin’s [67] recommendations of criteria.

To evaluate the model fit, the construct validity of the measurement model was tested by assessing
discriminant validity and reliability. In the study, the measurement model was evaluated in terms of the
factor loadings of each item, plus internal consistency reliability, including Cronbach’s alpha, composite
reliability, convergent validity, and discriminant validity. Convergent validity, which assesses whether
each item measures what it was theoretically supposed to measure, is established when T-values are
greater than 1.96. In this study, convergent validity was assessed using average variance extracted
(AVE) and standardized factor loadings. The presence of multicollinearity among constructs was tested
with the variance inflation factor. Discriminant validity was examined using square-root average
variance extracted (AVE) values that were larger than the inter-construct correlations, suggesting that
each measurement item was better explained by its intended construct than by other constructs [67].
The results of comparing the square root of AVE to construct correlations mean that each construct is
more associated with its own measures than with other constructs. According to one study, the AVE
and cross-loading can be used to assess validity [73]. The result should be at least 0.70 (i.e., AVE > 0.50),
and greater than the construct’s correlation with other constructs.

Path significances were determined by running the model through a bootstrap resampling routine
to estimate the precision of the PLS estimates and assess the significance level of the estimates [70,71].
The number of resamples used for this study was equal to 5000 (no sign changes option). In the
research model, the path significance of each hypothesis was included, and we explained the variance
(the R2) by each path. The T-test in the significance level (0.05) required a T-value > 1.96, and the
significance level (0.01) required a T-value > 2.58.

4. Results

4.1. Overview of the Measurement Model

To examine the measurement model, internal consistency reliability was tested; see Table 2.
The Cronbach’s alpha of all the factors concerned ranged from 0.80 to 0.86, which exceeded 0.7,
the minimum critical value suggested by both Chin [67] and Lohmöller [74]. As shown in Table 1,
the composite reliability (CR) of latent variables was between 0.87 and 0.90. The results indicated good
internal consistency and a satisfactory level of reliability.

Results of convergent validity indicate that the variance inflation factor was always below the
5.0 level [75], ranging from 1.00 to 1.24. All multi-item constructs met the guideline for average variance
extracted, which is greater than 0.50 [69,71], which means 50% or more of the variance of indicators
was accounted for. All latent constructs satisfied this condition. Discriminant validity was examined
in Table 3. The values, ranging from 0.78 to 1.00, were greater than the variance. Thus, discriminant
validity was confirmed.

In Table 2, loadings and cross-loadings for the items used in this study are shown. In Table 3,
the diagonal entries represent the square root of the AVE for each construct. All other values are
the corresponding correlation coefficients among the constructs. All diagonal values exceed the
inter-construct correlation. In Table 2, all items for each sample loaded more highly on their own
constructs, and had values higher than 0.5. All resulting factor loadings were higher than the cutoff
score of 0.5, with no cross-loadings of items above 0.4., which satisfies the criteria for convergent and
discriminant validity [76].
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Table 2. Average variance extracted, composite reliability, and factor loadings of the constructs.

Constructs Mean SD AVE Alpha CR PD AT LA DE SE PE t-Value

Perceived Digital Competence (PD)

PD1 4.40 0.78 0.63 0.86 0.90 0.79 25.25
PD2 4.38 0.77 0.83 37.67
PD3 3.85 0.88 0.75 26.76
PD4 4.02 0.86 0.78 27.48
PD5 3.94 0.92 0.82 37.62

Attitude toward Digital Technologies (AT)

AT1 4.23 0.84 0.62 0.80 0.87 0.78 28.86
AT2 3.94 0.93 0.82 41.04
AT3 3.89 1.00 0.79 31.34
AT4 4.13 0.90 0.77 22.01

Learning Agility (LA)

LA1 3.14 1.02 0.62 0.85 0.89 0.77 30.09
LA2 3.36 0.94 0.82 44.21
LA3 3.26 1.00 0.84 45.57
LA4 3.08 1.00 0.73 24.67
LA5 3.35 0.98 0.78 33.27

Prior Digital Experience with Family (DE)

DE1 3.07 1.23 0.74 0.82 0.89 0.88 35.48
DE2 3.22 1.18 0.87 35.40
DE3 2.85 1.25 0.82 26.99

Student Engagement (SE)

SE1 3.30 1.08 0.61 0.84 0.89 0.80 34.38
SE2 3.08 1.05 0.78 31.46
SE3 3.24 1.00 0.79 32.71
SE4 3.14 1.02 0.77 27.61
SE5 3.47 0.99 0.77 28.53

Personal Effort to Learn ICT (PE)

PE1 3.97 0.94 1.00 1.00 1.00 1.00

Table 3. Results from the cross-loadings variables in the measurement model (final model).

PD AT LA DE SE PE

PD1 0.786 0.497 0.231 0.189 0.139 0.517
PD2 0.834 0.531 0.254 0.157 0.163 0.572
PD3 0.754 0.407 0.357 0.231 0.252 0.449
PD4 0.783 0.445 0.358 0.181 0.260 0.417
PD5 0.819 0.499 0.326 0.179 0.196 0.415
AT1 0.464 0.779 0.233 0.091 0.178 0.348
AT2 0.488 0.819 0.315 0.171 0.176 0.370
AT3 0.472 0.790 0.255 0.257 0.198 0.367
AT4 0.461 0.765 0.276 0.170 0.170 0.347
LA1 0.320 0.265 0.769 0.115 0.421 0.195
LA2 0.415 0.309 0.824 0.196 0.448 0.306
LA3 0.311 0.251 0.836 0.183 0.490 0.246
LA4 0.258 0.323 0.731 0.103 0.375 0.213
LA5 0.210 0.219 0.782 0.147 0.568 0.158
DE1 0.173 0.210 0.158 0.878 0.097 0.165
DE2 0.202 0.178 0.146 0.874 0.089 0.203
DE3 0.226 0.184 0.183 0.824 0.149 0.255
SE1 0.154 0.152 0.440 0.084 0.801 0.066
SE2 0.132 0.125 0.418 0.100 0.778 0.034
SE3 0.202 0.179 0.472 0.183 0.792 0.097
SE4 0.239 0.211 0.429 0.114 0.766 0.059
SE5 0.255 0.216 0.518 0.043 0.765 0.111
PE1 0.598 0.455 0.284 0.246 0.097 1.000

Note: Bold values are indicator loadings.
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The discriminant and convergent validities of the multi-item constructs of the models were thus
acceptable. All results support the reliability and validity of the measurement model.

4.2. Structural Model and Hypothesis Testing

Through the measurement model validation, this study subsequently evaluated the structural
model to confirm the relationships among constructs and proceeded to test the hypotheses. To test
the structural model, we conducted bootstrapping of 5000 samples in SmartPLS 3.0. We tested H1
to H10 by examining the path coefficients between variables. The results are reported in Figure 2.
The results of the data analysis are presented in Table 4. The ten hypotheses presented were tested
using the PLS approach.
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Table 4. Correlations of all constructs and square root of AVE for discriminant validity.

Latent Dimensions PD AT LA DE SE PE
Perceived Digital Competence (PD) 0.80

Attitude toward Digital technologies (AT) 0.60 0.79
Learning Agility (LA) 0.38 0.34 0.79

Prior Digital Experience with Family (DE) 0.24 0.22 0.19 0.86
Student Engagement (SE) 0.26 0.23 0.59 0.13 0.78

Personal Effort to Learn ICT (PE) 0.60 0.46 0.28 0.25 0.10 1.00 *
Note: The shaded numbers on the diagonal are the square roots of AVE. * Single-item construct.

4.2.1. Positive Impact of Prior Digital Experience with Family

Prior digital experience with family was found to positively impact attitude toward digital
technologies (β = 0.117, p < 0.01), perceived digital competence (β = 0.095, p < 0.05), and prior digital
experience with personal effort (β = 0.246, p < 0.001), supporting H1, H2, and H3, respectively,
see Table 5. Prior digital experience with personal effort was verified as positively and significantly
associated with attitudes toward digital technologies (β = 0.426, p < 0.001) and perceived digital
competence (β = 0.574, p < 0.001), which supported H9 and H10, respectively.

The two aspects of prior digital experience, i.e., family and personal effort, were found to
be positively related to college students’ current digital competence and attitudes toward digital
technologies. Pre-built positive experience and self-effort before joining college therefore influence
students’ experiences. Further, students’ prior digital experiences in the model positively and indirectly
influence student engagement, which are connected to learning outcomes in higher education.
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Table 5. Hypotheses, path coefficients, and results.

Hypothesis Path Path Coefficient T-Statistics Results

H1 Family influence > Attitude 0.117 ** 2.67 Supported
H2 Family influence > Digital competence 0.095 * 2.51 Supported
H3 Family influence > Personal effort 0.246 *** 4.89 Supported
H4 Digital competence > Student engagement 0.025 0.47 Not Supported
H5 Digital competence > Learning agility 0.278 *** 4.47 Supported
H6 Attitude > Student engagement 0.017 0.33 Not Supported
H7 Attitude > Learning agility 0.177 ** 3.11 Supported
H8 Personal effort > Attitude 0.426 *** 8.02 Supported
H9 Personal effort > Digital competence 0.574 *** 14.08 Supported

H10 Learning agility > Student engagement 0.572 *** 14.21 Supported

* p < 0.05, ** p < 0.01, *** p < 0.001.

4.2.2. Perceived Digital Competence and Attitude toward Academic Work

Attitudes toward digital technologies (β = 0.177, p < 0.01) and perceived digital competence
(β = 0.278, p < 0.001) significantly influenced learning agility, which supported H5 and H7, respectively,
see Table 5. Learning agility was found to positively impact student engagement (β = 0.572, p < 0.001).
However, the relationship between attitudes toward digital technologies and perceived digital
competence was found to be statistically insignificant. Thus, H4 and H6 were not supported.

College students’ perceived digital competence and attitudes toward using digital technologies
significantly and positively influenced student engagement through learning agility. Learning agility
plays a significant role in mediating the use of technology with academic work, because technology
adoption in academic work requires active and flexible adaptation of functions of the technology in
academic courses and contexts with a positive attitude. Thus, students can positively perceive digital
technologies as learning tools, adopt them at a significant level, and integrate them into their academic
work. To engage academic courses with digital experiences and skills, a digitally literate and positive
attitude to integrating technology for their academic performance can provide strong motivation to
sustain and enhance students’ capabilities. In addition, both perceived digital competence and attitude
did not show a significant direct effect on student engagement. That is, learning agility shows full
mediation between digital components, including competence, attitude, and student engagement.
These results tell us that college students’ digital competence tends to influence how they learn and
gain experience through proactive intention and learning agility, instead of through commitment to
meditating and learning a specific field of knowledge and skills.

PLS-SEM provides no global goodness-of-fit indices to examine the adequacy of models [72].
The structural model was therefore evaluated by examining the structural paths, T-statistics,
and variance explained (the R2 value) [77]. The final dependent construct, student engagement,
had an adjusted R2 value of 0.341. Additionally, other constructs also had adjusted R2 values for
the following: learning agility (0.163), attitude toward digital technologies (0.215), perceived digital
competence (0.362), and prior digital experience with personal effort (0.058).

5. Discussion and Conclusions

This study aimed to better understand the influence of students’ past and current experiences
with digital technologies on student engagement in learning and to evaluate a proposed research
model. To do this, we explored the antecedents of student engagement by considering students’ prior
digital experience with family, as well as perceived digital competence and attitude towards academic
work. A total of 381 students participated in verifying the developed hypotheses in the research
model. Based on the results of the analysis, there were several noteworthy findings, as follows in the
next section.

Students’ prior experience with digital technology, particularly with family, positively predicts
the level of digital competence and attitude toward using digital technologies in college. In regard to
the positive and predictive relationship, the additive result shows that when students’ personal effort
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to learn the necessary digital technologies was added as a mediator, the relationship between prior
experience and current digital experience (i.e., competence and attitude) in academic work seemed to
get stronger in the model. We extend focus and pay attention to the role of students’ effort in the link
between prior and current digital experience. Students’ effort attribution is considered an influencer
of future student performance and a key to persisting longer in the task and increasing the level of
their performance [78]. Thus, students’ personal effort to learn digital technologies in academic life
can be a connector between students’ past and current digital experience. Today’s college students are
considered digitally literate natives that have grown up with digital technologies in their everyday
lives. This techno-social phenomenon of the digital era seems to create immoderate expectation
among educators and a presumption about students’ level of digital competence, without prescriptive
intervention in schools. Our findings can be a clue to supporting college students as digital natives
when they ineffectively integrate digital technologies into their academic works, as well as a reason for
educators to reconsider current support for students’ digital experiences on campus.

The findings suggest that students need to make an effort to learn and apply acquired knowledge
as agile learners in a digitally enriched environment to achieve a meaningful adoption of digital
technologies in academic life. The findings identify with previous research findings on the positive
relation between digital literacy and student learning outcomes [4,34,38,39]. Particularly, the results on
digital competence and student engagement imply that digital competence has a positive effect on
student engagement, which is linked to important outcomes, such as grades, persistence, and college
completion [79]. It is possible that it is not enough to solely enhance students’ digital competence or
attitude separately from academic experiences to strengthen the relationship between students’ digital
experiences and student engagement. Learning agility has three essential components: potential,
motivation, and adaptability. These components closely relate to the sub-components of student
engagement in the aspect of technology adoption in college.

In conclusion, college students who live in a digitally enriched environment at home and school
are expected to engage in learning and adopt digital technologies effectively. What we know is that
students have various prior digital experiences before joining college and develop digital competencies
and attitudes in college. What we do not know well enough is how we can effectively connect students’
prior digital experiences to engagement in academic work. To appropriately support students, it is
necessary to consider a customized approach based on students’ digital experiences, including families,
personal traits, attitudes, and efforts, which can nurture different levels of adaptability and potential
with digital technologies. Digital natives need to be supported to find appropriate ways to adopt
digital technologies for academic success, neither to make an effort personally nor to learn functions of
digital technologies only. Therefore, digitally enriched education for college students should assume
that students can find, process, generate, and communicate by adopting technology, which should
be applied in the context of problem solving in academic work. Embodied experiences of integrating
digital technologies with academic work will impact students’ future career and the quality of their life.

6. Limitations and Recommendations for Future Research

This study identified several limitations that need to be discussed. One limitation is that this
study used 381 students from various backgrounds, including different majors, genders, and grade
levels. These students’ backgrounds could imply differences in past and current digital experiences.
Since this study aimed to examine a model for all college students, it did not probe into the
background differences relative to these diverse backgrounds. However, future research could examine
the differences by making group–specific comparisons in partial least squares. Second, students’
digital competence is a perceived competence, and cannot represent the true level of students’
digital competence, including skills and knowledge. Third, our samples are from a university and
there is some bias in this situation. It would be better to increase the sample size; for example,
future research could include students from different universities to improve research generalizability.
Fourth, this study is particularly focused on one antecedent, prior digital experience with family, to



Sustainability 2018, 10, 4635 13 of 16

examine its influence upon digital competence, attitudes, and previous experiences with personal
efforts to learn digital technologies for college students. However, it is necessary to explain the
model with additional antecedents to develop a better model-fit toward data and R-squared values for
outcome variables in future research.

Author Contributions: H.J.K., A.J.H., and H.-D.S. conceived the research idea and designed the research
framework. H.J.K. analyzed the data and wrote the draft. All three authors reviewed the final manuscript.

Funding: This research was supported by the Ministry of Education of the Republic of Korea and the National
Research Foundation of Korea (NRF-2017S1A3A2066878).

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Crook, C. Addressing research at the intersection of academic literacies and new technology. Int. J. Educ. Res.
2005, 43, 509–518. [CrossRef]

2. Guzmán-Simón, F.; García-Jiménez, E.; López-Cobo, I. Undergraduate students’ perspectives on digital
competence and academic literacy in a Spanish university. Comput. Hum. Behav. 2017, 74, 196–204. [CrossRef]

3. Kuh, G.D.; Vesper, N. Do computers enhance or detract from student learning? Res. High. Educ. 2001, 42, 87–102.
[CrossRef]

4. Carini, R.M.; Kuh, G.D.; Klein, S.P. Student engagement and student learning: Testing the linkages. Res.
High. Educ. 2006, 47, 1–32. [CrossRef]

5. Coates, H. Student Engagement in Campus-Based and Online Education: University Connections; Routledge: New
York, NY, USA, 2006.

6. Handelsman, M.M.; Briggs, W.L.; Sullivan, N.; Towler, A. A measure of college student course engagement.
J. Educ. Res. 2005, 98, 184–192. [CrossRef]

7. Prensky, M. Digital natives, digital immigrants Part 1. Horizon 2001, 9, 1–6. [CrossRef]
8. Jones, C.; Ramanau, R.; Cross, S.; Healing, G. Net generation or Digital Natives: Is there a distinct new

generation entering university? Comput. Educ. 2010, 54, 722–732. [CrossRef]
9. Bullen, M.; Morgan, T.; Qayyum, A.; Qayyum, A. Digital learners in higher education: Generation is not the

issue. Can. J. Learn. Technol. 2011, 37. [CrossRef]
10. Beetham, H.; Sharpe, R. Rethinking Pedagogy for a Digital Age Designing for 21st Century Learning; Routledge:

New York, NY, USA, 2013.
11. Waycott, J.; Bennett, S.; Kennedy, G.; Dalgarno, B.; Gray, K. Digital divides? Student and staff perceptions of

information and communication technologies. Comput. Educ. 2010, 54, 1202–1211. [CrossRef]
12. Martin, C.A. From high maintenance to high productivity: What managers need to know about Generation

Y. Ind. Commer. Train. 2005, 37, 39–44. [CrossRef]
13. Blasco-Arcas, L.; Buil, I.; Hernández-Ortega, B.; Sese, F.J. Using clickers in class: The role of interactivity,

active collaborative learning and engagement in learning performance. Comput. Educ. 2013, 62, 102–110.
[CrossRef]

14. Kennedy, G.E.; Judd, T.S.; Churchward, A.; Gray, K.; Krause, K.L. First year students’ experiences with
technology: Are they really digital natives? Aust. J. Educ. Technol. 2008, 24, 108–122. [CrossRef]

15. Nasah, A.; DaCosta, B.; Kinsell, C.; Seok, S. The digital literacy debate: An investigation of digital propensity
and information and communication technology. Educ. Technol. Res. Dev. 2010, 58, 531–555. [CrossRef]

16. Murray, M.C.; Pérez, J. Unraveling the digital literacy paradox: How higher education fails at the fourth
literacy. Issues Inf. Sci. Inf. Technol. 2014, 11, 85–100. [CrossRef]

17. Alvermann, D. Why bother theorizing adolescents’ online literacies for classroom practice and research.
J. Adolesc. Adult Lit. 2008, 52, 8–19. [CrossRef]

18. Strømsø, H.I.; Bråten, I. Students’ sourcing while reading and writing from multiple web documents. Nordic
J. Digit. Lit. 2014, 9, 92–111.

19. National Survey of Student Engagement. A Fresh Look at Student Engagement: Annual Results 2013.
Bloomington, IN, USA, 2013. Available online: http://nsse.indiana.edu/NSSE_2013_Results/pdf/NSSE_
2013_Annual_Results.pdf (accessed on 2 December 2018).

http://dx.doi.org/10.1016/j.ijer.2006.07.006
http://dx.doi.org/10.1016/j.chb.2017.04.040
http://dx.doi.org/10.1023/A:1018768612002
http://dx.doi.org/10.1007/s11162-005-8150-9
http://dx.doi.org/10.3200/JOER.98.3.184-192
http://dx.doi.org/10.1108/10748120110424816
http://dx.doi.org/10.1016/j.compedu.2009.09.022
http://dx.doi.org/10.21432/T2NC7B
http://dx.doi.org/10.1016/j.compedu.2009.11.006
http://dx.doi.org/10.1108/00197850510699965
http://dx.doi.org/10.1016/j.compedu.2012.10.019
http://dx.doi.org/10.14742/ajet.1233
http://dx.doi.org/10.1007/s11423-010-9151-8
http://dx.doi.org/10.28945/1982
http://dx.doi.org/10.1598/JAAL.52.1.2
http://nsse.indiana.edu/NSSE_2013_Results/pdf/NSSE_2013_Annual_Results.pdf
http://nsse.indiana.edu/NSSE_2013_Results/pdf/NSSE_2013_Annual_Results.pdf


Sustainability 2018, 10, 4635 14 of 16

20. Goode, J. The digital identity divide: How technology knowledge impacts college students. New Media Soc.
2010, 12, 497–513. [CrossRef]

21. Fitch, J.L. Student feedback in the college classroom: A technology solution. Educ. Technol. Res. Dev. 2004, 52, 71–77.
[CrossRef]

22. Barak, M.; Lipson, A.; Lerman, S. Wireless laptops as means: For promoting active learning in large lecture
halls. J. Res. Technol. Educ. 2006, 38, 245–263. [CrossRef]

23. Siegle, D.; Foster, T. Laptop computers and multimedia and presentation software: Their effects on student
achievement in anatomy and physiology. J. Res. Technol. Educ. 2001, 34, 29–37. [CrossRef]

24. Yang, S.H. Exploring college students’ attitudes and self-efficacy of mobile learning. Turk. Online J. Educ.
Technol. 2012, 11, 148–154.

25. Kuh, G.D.; Hu, S. The relationships between computer and information technology use, student learning,
and other college experiences. J. Coll. Stud. Dev. 2001, 42, 217–232.

26. Kim, H.J. Exploring college students’ perceptions and educational experiences of digital literacy. Korean J.
Learn.-Cent. Curric. Instr. 2016, 16, 937–958.

27. Kuh, G.D. Assessing what really matters to student learning: Inside the National Survey of Student
Engagement. Change 2001, 33, 10–17. [CrossRef]

28. Frieze, C.; Quesenberry, J. Kicking Butt in Computer Science: Women in Computing at Carnegie Mellon University;
Dog Ear Publishing: Indianapolis, IN, USA, 2015.
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