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ABSTRACT Rapid technological changes in industry and institutions of higher education required that their
continuous learning and teaching methods conform to the needs of the labor market in the digital era. Building
the engineering skill self-efficacy of students should be a key goal for educational institutions as they develop
necessary skills for future engineers. This work investigated structural factors influencing engineering skill
self-efficacy by conducting a questionnaire survey among 1,316 engineering students in Thailand. Structural
equation modeling was used to validate the proposed model. The research results indicated that engineering
skill self-efficacy was contributed to digital skills, learning strategies, and achievement goal orientation.
Learning strategies were predicted by achievement goal orientation, and they positively associated with
digital skills. These empirical findings reflect a sustainable educational development structure for engineer-
ing education. The results may benefit educators by specifying methods of educational development and
learning activity design and promoting pedagogical system to develop learners’ characteristics to enhance
their engineering skill self-efficacy. Students can then be prepared with digital skills to apply to their further
work, which will affect capacity building and the overall image of a country’s development.

INDEX TERMS Achievement goal orientation, learning strategies, digital skills, engineering skill

self-efficacy.

I. INTRODUCTION

The current global labor market demands high skilled
engineers with advanced technological knowledge and capa-
bilities to promote innovative industries in the present dig-
ital technology disruptive era. However, employers have
been facing an oversupply of low skilled engineering grad-
uates [1]. Manufacturing companies and enterprises are
also experiencing a shortage of manufacturing-related engi-
neering skills, such as core skills-related engineering dis-
cipline, use of advanced technology, and programming
skills [2]-[4]. Because in the present wave of technology and
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digital economy, knowledge engineering has changed rapidly,
the employment of new engineering graduates is linked
to their advanced technological skills and capabilities to
improve advanced technology business. A study in Malaysia
by Azmi, et al. [5] reported that due to the development of
digitalization and robotics, only qualified and highly skilled
fresh engineering graduates, who are able to control these
technologies, will be employed by industries. In the United
States, McGunagle and Zizka [6] indicated that there is a gap
in employability between science, technology, engineering
and math (STEM) students and the needs of manufactur-
ing. Therefore, it is necessary for preparing students to be
the best candidate for future workplace. In UK, Lewis [7]
showed that innovative industries prefer skilled technicians
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to work with new technologies, but there is still a shortage
of technicians and graduates who are able to do such work
effectively. Although educational institutions produce a large
number of engineering graduates, there is still a shortage of
workforce with high-level STEM skills, especially in digital
and engineering fields [1, 8]. As a result, new engineering
graduates face high competition in the job market and high
unemployment rate for low skilled graduates seems to be
a problem all over the world [9]. This might result from a
mismatch between manpower production and entrepreneurs’
demand in various production sectors, including candidates
who have nonessential qualifications or specific techniques
relevant to work [10]. As Thailand approaches the technolog-
ical and communication era, it faces major changes domesti-
cally and internationally that occur quickly. These changes
are complicated by the recent labor context, whose chal-
lenges include new technologies, digitization, and automa-
tion, as well as continuous changes in working conditions.
Thus, most jobs increasingly require professional knowledge
and skills, along with an advanced level of technical and
managerial experience [11]. In addition, the change in pop-
ulation structure, with its continuously decreasing number
of young people [12], affects the number of learners at the
basic education level and might result in a lack of labor
in the future. In addition, the COVID-19 epidemic affects
economic activities due to the disruption and limitation of
movement, and economic recovery is expected to take a rea-
sonable period after the epidemic. Therefore, it is necessary
to place importance on applying the benefits of information
and communication technology (ICT) to preserve the contin-
uous work operation of each organization. This may create
opportunities and risks in a country’s development in the face
of such different forms of change. Therefore, it is important
for students to be prepared to develop and increase their
professional skills so they can graduate with the ability to
work effectively, in accordance with the marketing demand
of the digital era, and to promote economic competition and
sustainable social development, including the well-being of
newly graduated engineers.

In the digital economy era, in addition to engineering
efficacy and knowledge, one important skill for economic
and social development and employability is digital liter-
acy [3], [11], which is essential and in demand in the
labor market. Previous studies in the relevant context of
science, technology, engineering, and mathematics (STEM)
prioritized digital skills as a support tool for students’ self-
learning and development [13], to obtain good job opportu-
nities and career growth. Researchers in the education field
have used technology to teach students at higher education
levels [14], [15]. Some research has focused on the use of
technological application in learning platform [16]. Other
research has investigated structures affecting students’ dig-
ital literacy [17], [18]. Previous studies have indicated fac-
tors predicting digital literacy/digital competence in learning,
such as self-regulated learning strategies [19], mastery orien-
tation [20], [21], and academic aspirations [20]. Moreover,
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digital skills (domain-specific IT skills) also are associated
with creative self-efficacy [22].

Nevertheless, in reference to the literature review, few stud-
ies have investigated the relationship between learning strate-
gies, digital skills, and engineering skill self-efficacy (ENSE).
Bandura [23] indicated the importance of self-efficacy as a
key to support that could be used to understand students’
confidence and beliefs about their ability to perform specific
tasks or activities. Having high self-efficacy can significantly
increase the chances of success [24]. Furthermore, students’
ENSE is an important aspect that entrepreneurs worldwide
expect in employment. ENSE plays a key role in effective
work and conformance to entrepreneurs’ demands in different
production sectors, and it is highly desired by the business
sector [25]. Therefore, it is necessary to conduct empirical
research to improve the understanding of factors predict-
ing ENSE.

This study proposed a model to investigate the causal rela-
tion between achievement goal orientation, learning strate-
gies, digital skills, and ENSE of engineering students. The
results provide better understanding of the importance of
structural factors such as achievement goal orientation, learn-
ing strategies, and digital skills to explain the ENSE of stu-
dents at higher education levels. The obtained information
can benefit educational institutions, students, policy makers,
and employers in designing learning activities, which helps
support the ENSE of students, increase opportunities for
employment, and promote career prosperity [26].

Il. LITERATURE REVIEW AND HYPOTHESES

In recent days, the world has changed rapidly due to dig-
italization and technological innovations. Digital skills are
considered an important tool of support in learning and work-
ing. In particular, when students know how to use specialized
tools and new technology, they tend to be wanted by the labor
market, whereas digital literacy supports learning and devel-
opment [27]. In addition, students’ ENSE is regarded as the
main skill that entrepreneurs seek and consider for employ-
ment. The higher a student’s ENSE, the greater their oppor-
tunity to benefit entrepreneurs. However, to create ENSE
among students, first, it is essential to understand factors
affecting ENSE as a method to specify the role of administra-
tive planning in building ENSE accurately. We applied four
factors in total as follows.

A. ACHIEVEMENT GOAL ORIENTATION SCALE

Achievement goal orientation refers to one’s inspiration to
engage in activities geared toward achieving goals that will
lead him or her to develop behaviors or mindsets [28], [29]
or focusing on motivation toward qualitatively different abil-
ities relevant to outcomes and chance of learning [30]-[33].
Therefore, it is used as a tool to specify criteria for target
behavior and as a feedback mechanism to improve the target
behavior and engage in self-monitoring [23]. Achievement
goal orientation also encourages individuals to specify cri-
teria for working behavior and put in the effort to perform

11859



IEEE Access

D. Chonsalasin, B. Khampirat: Impact of Achievement Goal Orientation, Learning Strategies, and Digital Skill

better to achieve performance goals. Those who have achieve-
ment goal orientation will be more successful in work than
others who do not [26]. The concept of achievement goal
orientation also divides the characteristics of goal orienta-
tion into various kinds. However, one’s behavior depends
on identifying achievement goal orientation, confidence, and
different abilities [34], [35]. Elliot and Church [36] devel-
oped achievement goal orientation and divided it into three
kinds: mastery goals, performance approach goals, and per-
formance avoidance goals. Dweck and Leggett [29] indi-
cated that motivation for achievement is specified by mastery
goals and performance goals. An empirical study found that
those who have mastery goals focus on gaining skills, seek
learning opportunities, acquire new knowledge, and enjoy a
self-growth process. In general, those who have applied the
goal orientation method want to be above others in terms of
skill and efficacy, and they pay attention to competition and
comparison with others [29], [37].

Previous research has shown that achievement goal ori-
entation is linked to learning strategies. For example, Dis-
eth [38], Fenollar, et al. [39], Liem, et al. [40], Phan [41],
Khampirat [26], and Guo and Leung [42] found that deep
processing strategies are predicted by mastery goals. Lim and
Lim [43] found that mastery goal orientation positively pre-
dicts self-regulation in collaborative learning. Hatlevik and
Christophersen [20], and Hatlevik [44] found that mastery
orientation is positively correlated with digital competence.
Khampirat [26] found that achievement goal orientation is
positively connected to learning outcomes (knowledge and
skills in engineering). Du, et al. [45] found that mastery
goals and performance approaches are positively associated
with creative self-efficacy, and Turner, et al. [46] found that
performance approach goals have a positive influence on
speaking self-efficacy. Moreover, some studies have found
that deep learning strategies are a mediator between mastery
goals and academic performance [47], [48]. For the reasons
mentioned above, we offer the following research hypotheses.

Hypotheses on direct contributions:

Hypothesis 1 (H1): Achievement goal orientation has a
direct contribution to learning strategies.

Hypothesis 2 (H2): Achievement goal orientation has
a direct contribution to digital skills.

Hypothesis 3 (H3): Achievement goal orientation has a
direct contribution to ENSE.

Hypotheses on indirect contributions:

Hypothesis 3a (H7): Achievement goal orientation has
an indirect contribution to digital skills through learning
strategies.

Hypothesis 3b (H8): Achievement goal orientation has an
indirect contribution to ENSE through learning strategies.

B. LEARNING STRATEGIES

Learning strategies have been defined as learning methods
in which learners prefer to learn in a more efficient way in
responding or interacting with learning circumstances [49]
to achieving learning-related goals [50]. Using effective
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learning strategies is essential for positive long-term aca-
demic performance [51], helping students to be more produc-
tive in nature, and increase their levels of self-efficacy [52].
In the last century, the meaning of learning strategies is
identified in many different ways, from behaviorism to
cognitive learning theories [53]. Most studies describe learn-
ing strategies related to learner success [54]. In the mod-
ern learning era, various learning-teaching forms play an
important role in providing support to increase education
efficacy by focusing on learners in researching and creat-
ing knowledge by themselves and among their peers. This
article presents the concept and integration of collabora-
tive learning and attempts to regulate self-effort by taking
the dominant characteristics of both learning methods to
integrate into the learning process, which is a useful form
for teachers and learners. Collaborative learning is a study
form that focuses on collaboration attempts between students
and teachers to support collaborative operations and their
information and skill sharing to pursue group collaborative
learning [49]. Self-effort regulation is the goal orientation
process relevant to the “purposive use of specific processes,
strategies, or responses” [55]. Self-regulation is students’
basis to follow their goals, in order to control thoughts,
feelings, and other factors affecting learning, including sys-
tem arrangement in the control of external factors affecting
students [56]. Previous research in educational contexts have
found that self-regulated learning strategies positively pre-
dicted digital literacy in a significant way [19]. According
to the impact of learning strategies on self-efficacy, previous
research has indicated that learning strategies are important
to increase information literacy self-efficacy level in a signifi-
cant way [57], and self-regulated learning strategies are cause
a positive increase in self-efficacy among students [58], [59].
According to these concepts, we can create hypotheses 4
and 5 as follows.

Hypothesis 4 (H4): Learning strategies have a direct con-
tribution to digital skills.

Hypothesis 5 (HS): Learning strategies have a direct con-
tribution to ENSE.

C. DIGITAL SKILL

Digital skill is a concept encompassing skill and
specific techniques that are necessary for the use of effec-
tive digital technology [60]. In the last few years, several
studies have used various terms to explain skills and the
ability to use digital technology in learning activities—
e.g., digital skills [61], [62], technology skills [63], [64],
digital literacy [65], [66], digital competence [67], [68],
digital tools [69], 21st century skills [70]-[74], ICT liter-
acy [75]-[77], and ICT skills [78]. Regarding the latest com-
petence areas relevant to digital literacy skills, UNESCO [79]
suggested a concept frame of operation in seven major
dimensions: devices and software operations, information
and data literacy, communication and collaboration, digital
content creation, safety, problem solving, and career-related
competencies. In this research, digital skills relate to having
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knowledge and skills in using advanced computers and ICTs
and professional tools in engineering practice in different
work situations.

Research has found that increasing the technological skills
of teachers could also lead to higher confidence as an efficient
teacher with ICT [80], [81]. Yang and Cheng [22] found
a positive relationship between students’ ability relevant to
IT skills and creative self-efficacy. Moreover, a higher level
of digital skill could predict a higher level of actual perfor-
mance [82], [83]. Given these concepts, we can make the
following hypothesis.

Hypothesis 6 (H6): Digital skill has a direct contribution
to ENSE.

D. ENGINEERING SKILL SELF-EFFICACY

Bandura [84] defined self-efficacy as “the belief in one’s
capabilities to organize and execute the courses of action
required to manage prospective situations.” Therefore, self-
efficacy is correlated with the belief that one’s capabilities
will lead to success [23]. In this study, we are interested in
investigating the importance of ENSE. Mamaril, et al. [85]
indicated that ENSE is students’ belief in self-efficacy on
engineering skills related to design, experimental, and tin-
kering skills. Processes relevant to ENSE are regarded as the
basic composition that leads engineers to success; for exam-
ple, student self-efficacy has been found to be a good predic-
tor of outstanding academic success [86]-[89]. As mentioned
above, we can see that self-efficacy is a key variable that
can express one’s behavior leading to one’s desired result.
Therefore, it is important to prove which structures are key
variables to predict ENSE.

Ill. MATERIALS AND METHODS

A. SAMPLE AND DATA COLLECTION

The target population of this study was all the 222,129 under-
graduate engineering students of higher educational institu-
tions in Thailand in the 2018 academic year. The participants
were mainly junior and senior students from eleven univer-
sities, distributed into four geological regions of the coun-
try and various curricula of engineering fields. There were
1,316 samples, which was an appropriate sample size for mul-
tivariate analysis [90] and according to Cochran’s recommen-
dation [91]. This research designed a cross-sectional survey
by taking a student questionnaire as a tool with multiprocess
sampling. The survey was conducted in regular classrooms
and meeting rooms. There were thirteen staff members on
the survey team, consisting of researchers, research assistants
and university staff. Permission to collect data was obtained
before distributing each questionnaire. All students received
a memorandum of agreement to clarify and be thankful
for responding to questionnaires. They were also informed
that participation was voluntary and that they could quit at
any time. It was also ensured that their responses to the
questionnaire were kept confidential and anonymized. The
questionnaire took 15 minutes. Most participants were male
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TABLE 1. Demographic data of the participants.

Demographic Category Frequency %
Gender Male 805 61.17
Female 508 38.60
N/A 3 0.23
Age (years old) 18-22 970 73.71
23-27 335 25.46
28-34 4 0.30
N/A 7 0.53
Year of Study Ist 25 1.90
2nd 63 4.79
3rd 491 37.31
4th 664 50.45
5th 51 3.88
6th 14 1.06
7th 3 0.23
N/A 5 0.38
GPA <2.00 22 1.67
2.00-2.50 467 35.49
2.51-3.00 464 35.26
3.01-3.50 263 19.98
>3.50 68 5.17
N/A 32 2.43
University Type Private University 250 19.00
Public University 947 71.96
Open University 16 1.21

(61.17%, N = 805), 38.60% (N = 508) were female, and
0.23% (N = 3) provided no gender. Most participants were
18-22 years old (73.71%, N = 970), and 25.46% (N = 335)
were 23-27 years old. More than half of the participants were
senior students (50.45%, N = 664), and 37.31% (N = 491)
were junior students. In terms of university type, 71.96%
(N = 947) studied at public universities, 19.00% (N =
250) were from private universities, 7.83% (N = 103) were
studying at vocational universities, and 1.21% (N = 16)
were studying at open universities. Demographic data are
presented in Table 1.

B. MEASURES
The indicator construct used in the study was applied and
developed from previous studies to make it reliable and
accurate. However, some items were partly adjusted to suit
the study characteristics of Thailand’s context. In addition,
there was a pilot test to check the understanding of the
questionnaire, and the researcher adjusted the questionnaire
along with additional suggestions from respondents until
we received the completed questionnaire. This research was
certified by the Human Research Ethics Office, Suranaree
University of Technology. Indicator lists are shown in Table 2,
including 4 dimensions of the factoring structure.
Achievement goal orientation: The scale was applied
from Mamaril [92]. It consisted of 8 items for measuring
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2 subscales: performance avoidance goals (4 items) and per-
formance approach goals (4 items). A 5-point Likert scale
was used to evaluate each item’s score ranging from 1 (not
at all true) to 5 (strongly agree).

Learning strategies: The scale was applied by
Pintrich, et al. [93], Ribera, et al. [94], and Terenzini, et al.
[95] to assess 2 subscales: collaborative learning (9 items) and
self-effort regulation (2 items). It included 11 items measured
on a 5-point Likert scale (1 = strongly disagree, 5 = strongly
agree).

Digital skills: This scale was developed by the researcher
based on previous research, the ABET framework, and
measurements of engineering students’ learning outcomes.
It included 8 self-reported items scored on a 5-point Likert
scale (1 = strongly disagree, 5 = strongly agree).

Engineering skill self-efficacy: The scale was developed
by Mamaril’s scale [92] to assess 3 subscales: engineer-
ing design self-efficacy (4 items), experimental skills self-
efficacy (5 items), and tinkering skills self-efficacy (5 items).
It included 14 items measured on a 5-point rating scale
(1 = strongly disagree, 5 = strongly agree).

C. DATA ANALYSIS

SPSS 18 software was used to record data on participants’
characteristics and to analyze descriptive statistics. Pearson
correlation was used to explain relations between indicators.
The internal consistency or reliability between several items
was evaluated by Cronbach’s alpha reliability coefficient.
Analysis of structural equation modeling (SEM) was per-
formed using Mplus 8.3 and estimated with the maximum
likelihood method. Confirmatory factor analysis (CFA) was
used to test the relation between observed variables and their
latent variables. SEM is a tool used in multicausal testing
at a given time in a theoretical structure, including man-
ifest (observed variables) and latent variables (constructs).
Moreover, it not only ensured model suitability in the over-
all image, but also could evaluate both direct and indirect
impacts on the causal model [90].

The goodness-of-fit index of the model was speci-
fied according to the following criteria: the proportion of
chi-square and degrees of freedom (x2/df), which should be
less than 3 [96]; root mean square error of approximation
(RMSEA), which should be less than 0.07 [97]; standardized
root mean square residual (SRMR), which should be < 0.08;
Tucker-Lewis index (TLI), which should be > 0.95; and
comparative fit index (CFI), which should be > 0.95 [98].

IV. RESULTS

A. DESCRIPTIVE ANALYSIS

The mean (M) and standard deviation (SD) for the indicators
used for dimensions or subscales in the measurement models
are shown in Table 2. Item P1 (It’s important to me that I
don’t look stupid in my engineering class) of the performance
avoidance goal subscale had the highest mean score (M =
3.609, SD = 0.814). The highest means of items for other
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subscales was as follows: for the performance approach goal
subscale, P6 (I want to do well in this class to show my
ability to my family, friends, advisors, or others — M = 3.708,
SD = 0.834); for the collaborative learning subscale, L1 (I try
to work on assigned subjects with my peers to finish assign-
ments — M = 4.036, SD = 0.702); for the self-effort regulation
subscale, L11 (Even though textbooks are not enjoyable and
not interesting, I still read or learn to the end — M = 3.708,
SD = 0.673); for the engineering design self-efficacy sub-
scale, E4 (Ifirmly believe that I can recognize changes needed
for an engineering design solution to work — M = 3.723,
SD = 0.720); for the experimental skill self-efficacy subscale,
E7 (I firmly believe that I can communicate the experimental
results by speech — M = 3.597, SD = 0.714); for the tinkering
skills self-efficacy subscale, E10 (I firmly believe that I can
work with the machines — M = 3.720, SD = 0.745); for the
digital skills subscale, DS8 (Have enthusiasm and desire to
research and learn in advanced ICT to move forward to be
the engineering professional that I specialize in — M = 3.811,
SD = 0.691).

Investigation of the multivariate normal distribution of
data, which is a key criterion for parameter estimation
via the maximum likelihood method, can be considered
in terms of skewness (SK), which must not exceed 3,
and kurtosis (KU), which must not exceed 10 [96]. The
results shown in Table 2 reveal that skewness was between
—0.535 and 0.138, and kurtosis was between —0.326 and
0.869. This signified that all indicators were in the accept-
able range. Brown [99] suggested that these kinds of data
are normally distributed, so they are suitable for further
analysis.

This study investigated the problem of multicollinearity
with Pearson correlation analysis. The correlation matrix
between 33 items in Table 2 had coefficients between items
at —0.001 to 0.778. All indicators had coefficients less
than 0.80, which meant that their relation was not high enough
to have multicollinearity [90]. Therefore, all indicators were
suitable for further analysis.

B. RELIABILITY AND VALIDITY OF THE MEASURES
Cronbach’s alpha («) of each subscale and construct are pre-
sented in Tables 2. Their values were between 0.506 — 0.923,
which exceeded 0.50 according to the advice of Streiner and
Norman [100], signifying that there was internal consistency
of a tool to measure the convergent validity of the mea-
surement model. This was confirmed by construct reliability
(CR), where all construct values were between 0.843 —0.949
(Table 3), whereas the general standard of CR should exceed
0.6 [90]. Such a construct tended to approach the standard,
confirming the reliability of the tools in this study. Referring
to the average variance extracted (AVE), which should exceed
0.5 [101], the AVE values were between 0.625 and 0.754
(Table 3), showing that the used tools have adequate construct
validity. As mentioned above, CR was in accordance with
all conditions. In conclusion, the data were accurate and
suitable.
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C. RESULTS OF CONFIRMATORY FACTOR ANALYSIS (CFA)
Tables 3 shows goodness of fit statistics for the four measure-
ment models applied in this study. The results of CFA showed
that the four tested constructs had a good fit to empirical
data compared to information in the data analysis sub-section,
implying that the observed variables (and 33 indicators) were
reliable in their four latent constructs: achievement goal ori-
entation, learning strategies, digital skills, and ENSE. The
values of standardized loading of the 33 indicators were
between 0.329 and 0.850, and all indicators had statistical
significance (p < 0.001) (Table 2).

The results on the standardized factor loading of each
model in Table 2 can be summarized as follows:

(1) achievement goal orientation, the scale comprises two
subscales, namely performance avoidance goals and per-
formance approach goals. The highest standardized loading
for performance avoidance goals was P4 (A = 0.819, r =
61.280), while the lowest factor loading was P1 (A = 0.660,
t = 31.044). For performance approach goals subscale, the
highest loading was P5 (A = 0.765, t = 45.819), while
P6 had the lowest loading (A = 0.609, r = 28.551). These
results indicated that the item with the strongest association to
the underlying achievement goal orientation latent construct
was P4.

(2) learning strategies, the scale comprises two subscales,
namely collaborative learning and self-effort regulation. The
highest standardized loading for collaborative learning was
L4 (A = 0.778, t = 48.000), the lowest was L9 (A, = 0.588,
t = 26.520). For self-effort regulation, the highest loading
was L10 (A = 0.627, t = 17.335), the lowest was L11
(A = 0.524, t+ = 15.597). This means that the item with
the strongest association to the underlying learning strategies
latent construct was L4.

(3) digital skills, it was measured as unidimensional
construct. The highest standardized loading was DS3
(A = 0.827, t = 61.507), the lowest was DS8 (A = 0.329,
t = 12.372). This means that the item with the strongest
association to the underlying digital skills latent construct
was DS3.

(4) ENSE, the scale consists of three subscales, namely
engineering design self-efficacy, experimental skill self-
efficacy, and tinkering skills self-efficacy. The highest stan-
dardized loading for engineering design self-efficacy was El
(A = 0.842, t+ = 70.446), the lowest was E4 (. = 0.691,
t = 31.615). For experimental skill self-efficacy, E6 had
the highest loading (A = 0.751, t+ = 44.480), whereas
E5 had the lowest (A = 0.697, t = 34.597). For tin-
kering skills self-efficacy, the highest loading was E13
(A = 0.850, t = 74.898), the lowest was E10 (. =
0.678, + = 38.643). This means that the item with the
strongest association to the underlying ENSE latent construct
was E13.

As mentioned above and in Table 3, all items or measured
variables could confirm and define the factor structure of each
latent construct. Therefore, there was statistical evidence to
gain specific confidence in such constructs.
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D. HYPOTHESIS TESTING
The goodness-of-fit index for SEM of higher education stu-
dents’ ENSE was X2 = 182910, df = 66, p < 0.001,
x2/df =2.771, RMSEA = 0.037, CFI = 0.986, TLI = 0.978,
SRMR = 0.027 (see Fig. 1). These goodness-of-fit indicators
signified that the results were suitable compared with the
suggested statistics in the data analysis sub-section. These
three predictor variables in the model explained 77.8% of
the variance in ENSE (R?> = 0.778). Therefore, it can be
concluded that the SEM of higher education students’ ENSE
as a theoretical structure was a good fit to empirical data.
Achievement goal orientation was positively correlated
with learning strategies, and ENSE had a statistically signif-
icant level at 0.001 (8 = 0.565, t = 15.815, and 8 = 0.188,
t = 4.692, respectively), supporting H1 and H3. Learning
strategies positively contributed to digital skill and ENSE
with a statistically significant level of 0.001 (8 = 0.621,
t =12.432, and B = 0.406, t = 6.853, respectively), showing
that H4 and HS were supported. Similarly, ENSE was directly
predicted by digital skill (8 = 0.444, ¢t = 10.527, p < 0.001),
supporting H6. However, achievement goal orientation was
positively correlated with digital skill with no significance
(B =0.035,¢ =0.070), so it did not support H2. Achievement
goal orientation was indirectly correlated with digital skills,
and ENSE was statistically significant at the 0.001 level
(B = 0.351, t = 8.567, and B = 0.229, + = 5.800, respec-
tively), supporting H7 and H8.

E. MEASUREMENT MODEL IN SEM

Table 4 shows the results of four measurement models in
SEM: the achievement goal orientation model, the learning
strategies model, the digital skill model, and the ENSE model.
These models comprised 15 indicators in total, where all
indicators could confirm the factoring of each measurement
model with statistical significance (p < 0.001); that is, the
measurement model was valid and reliable. The standardized
factor loading of each list was as follows.

Achievement goal orientation: The performance avoidance
goals (ACH1) had the highest standardized factor loading
(A = 0.779, t = 34.347), whereas performance approach
goals (ACH2) were 0.772 (t = 34.073).

Learning strategies: Collaborative learning (LS1) had the
highest standardized CFA loading (A = 0.639, r = 24.473),
whereas self-effort regulation (LS2) was 0.612 (¢ = 23.947).

Digital skill: The value of each standardized factor loading
was between 0.380 and 0.771. DS1, “Can design the work-
ing system, components, or engineering process according
to the needs and requirements of the job,” had the highest
standardized factor loading (A = 0.771, t =48.511), followed
by DS2, “Have the skills, knowledge, and competence in
using modern techniques and tools in ICT for engineering
practice” (A = 0.727, t = 43.970); DS3, “Have skills in
using the advanced computer and information technology to
produce, design and develop engineering work™ (A = 0.670,
t = 35.594); DS4, “Can interact with cutting-edge software
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TABLE 2. Descriptive statistics and results of CFA for measurement models.

Constructs Subscales and Items Source M SD SK KU Stand'flrdlzed t-value R
Loading (1)

Achievement goal orientation (a = 0.873)

Performance avoidance goals (ACHI, a = 0.842)

P1 It's important to me that I don't look stupid in my engineering class. Mamaril [81] 3.609 0.814 -0.535 0.869 0.660 31.044** 0.435

P2 One of my goals in my engineering class is to avoid looking like I have trouble Mamaril [81] 3.369 0.905 -0.441  0.266 0.739 46.882%* 0.547
doing the work.

P3 It's important to me that my instructor doesn't think that I know less than other Mamaril [81] 3.397 0.861 -0.382  0.398 0.814 61.880** 0.663
students in my engineering class.

P4 One of my goals is to keep other engineering students from thinking I'm not Mamaril [81] 3.278 0.895  -0.403  0.261 0.819 61.280** 0.670

smart in class.

Performance approach goals (ACH2, a = 0.817)

P5 My goal in this engineering class is to get a better grade than most of the other Mamaril [81] 3.198 1.000  -0.291 -0.293 0.765 45.819*%* 0.585
students.

P6 1T want to do well in this class to show my ability to my family, friends, advisors, Mamaril [81] 3.708 0.834 -0.451 0493 0.609 28.551%* 0.371
or others.

P7 Getting a good grade in this class is the most important thing for me right now. Mamaril [81] 3.387 0.948  -0.399  0.029 0.755 42.803** 0.571

P8 My main concern in this class is getting a good grade. Mamaril [81] 3.261 1.006  -0.378 -0.123 0.756 38.631** 0.571

Learning strategies (a = 0.880)
Collaborative learning (LS1, a = 0.891)

L1 TItry to work on assigned subject with my peers to finish assignment. Pintrich, et al. [82] 4.036 0.702  -0.433 0436 0.601 29.627** 0.362
L2 Ihave exchanged opinions with other peers regarding the studied subjects. Ribera, et al. [83] 3.935 0.668 -0.262  0.207 0.638 33.526%* 0.407
L3 Teachers of the subject guide for learning method, and knowledge research Terenzini, et al. [84] 3.910 0.679  -0.237  0.184 0.690 37.496** 0.476

rather than lecturing.
L4 Teachers of the subjects encourage students to listen to, evaluate, and exchange ~ Terenzini, et al. [84] 3.899 0.677 -0.139  -0.204 0.778 48.000** 0.605
ideas with other students.

L5 Learning-teaching of the subjects focuses on questioning and corresponding Ribera, et al. [83] 3.797 0.728  -0.201  0.002 0.736 45.779*%* 0.542
among student-student and/or student-teacher.

L6 In classrooms, I am encouraged to express the concept of applying problem Terenzini, et al. [84] 3.688 0.726  -0.094 -0.069 0.681 33.267** 0.464
solving into each situation.

L7 Whereas studying, I have chance to continuously practice essential and Terenzini, et al. [84] 3.755 0732 -0.316  0.357 0.676 34.086** 0.457
important skills in the major subjects.

L8 Teachers give details and information reflecting my study and performance Terenzini, et al. [84] 3.776 0.709  -0.265  0.131 0.683 35.439%* 0.466
results.

L9 Itry to find classmates who I can ask for help on studying where necessary. Pintrich, et al. [82] 3.847 0.721  -0.286  0.154 0.588 26.520%* 0.346

Self-effort regulation (LS2, a = 0.506)

L10 Iwork hard whereas studying in this field in order to get the best result. Pintrich, et al. [82] 3.702 0.705  -0.003 -0.326 0.627 17.335%* 0.393

L11 Even though textbooks are not enjoying and not interesting, I still read or study  Pintrich, et al. [82] 3.708 0.673  0.051 -0.248 0.524 15.597** 0.275
to the end.

Digital skills (DS, . = 0.852)
DSI Can design the working system, components, or engineering process according Researchers 3.503 0.697  -.004 -.078 0.697 41.523%* 0.485

to the needs and requirements of the job.

DS2 Have the skills, knowledge, and competence in using modern techniques and R hers 3.640 0.706 107 -.370 0.762 52.452%* 0.580
tools in ICT for engineering practice.

DS3 Have skills in using the advanced computer and information technology to Researchers 3.625 0.744 033 -.202 0.827 61.507** 0.683
produce, design and develop engineering work.

DS4 Can interact with cutting-edge software interfaces such as human-machine Researchers 3.390 0.763 138 .008 0.721 39.417%* 0.520
interfaces, human-robot interaction, etc.

DS5 Have the skills in applying digital technology (such as computers, PDAs, media Researchers 3.508 0.773 051 -.183 0.731 44.028** 0.534
players, GPS, etc.) to con i and create prc ional engineering network
properly.

DS6 Have knowledge and competence in using necessary and modern information Researchers 3.658 0.699 061 -.261 0.507 22.047** 0.257

technology media variously for targeted communication such as project/ report
presentation, opinion expression, and motivation creation.

DS7 Can further the knowledge to enhance your skills and knowledge in ICT to Researchers 3.752 0.683 -.027 -.288 0.427 17.310%* 0.182
create more opportunities to be more professional.
DS8 Have enthusiasm and desire to research and learn in advanced ICT to move Researchers 3.811 0.691 -.161 -.052 0.329 12.372%* 0.109

forward to be the engineering professional that I specialize in.

Engineering skill self-efficacy (« = 0.923)
Engineering Design Self-Efficacy (ENSE1, a = 0.877)

E1 Ifirmly believe that I can identify an engineering design need. Mamaril [81] 3.371 0.809 -0.134  0.223 0.842 70.446%* 0.710
E2 I firmly believe that I can develop engineering design solutions. Mamaril [81] 3.511 0.738  -0.218  0.450 0.777 54.477%* 0.604
E3 I firmly believe that I can evaluate an engineering design. Mamaril [81] 3.510 0.738  -0.250  0.512 0.772 53.271%* 0.595
E4 1 firmly believe that I can recognize changes needed for an engineering design Mamaril [81] 3.723 0.720  -0.277  0.364 0.691 31.615%* 0.477

solution to work.
Experimental Skills Self-Efficacy (ENSE2, a = 0.813)

E5 I firmly believe that I can perform experiments independently. Mamaril [81] 3.237 0.877 -0.236  0.000 0.697 34.597** 0.485
E6 I firmly believe that I can analyze data resulting from experiments. Mamaril [81] 3.594 0.718 -0.370  0.534 0.751 44.480** 0.564
E7 I firmly believe that I can communicate the experimental results by speech. Mamaril [81] 3.597 0.714  -0.489  0.836 0.671 31.097** 0.450
E8 I firmly believe I can communicate results of experiments in written form. Mamaril [81] 3.587 0.685 -0225 0.214 0.712 39.379%* 0.506
E9 I firmly believe that I can solve problems of engineering experiment by using Mamaril [81] 3.571 0.756  -0.119  -0.091 0.725 34.159%* 0.525
computer.
Tinkering Skills Self-Efficacy (ENSE3, a = 0.873)
E10 I firmly believe that I can work with the machines. Mamaril [81] 3.720 0.745  -0.350  0.258 0.678 38.643** 0.460
El1 I firmly believe that I can build the machines. Mamaril [81] 3.252 0901 -0.249 -0.024 0.794 68.310%* 0.630
E12 I firmly believe that I can manipulate engineering components and devices. Mamaril [81] 3.517 0.767  -0.350  0.509 0.816 68.930%* 0.665
E13 I firmly believe that I can assemble advanced engineering equipment or things. Mamaril [81] 3.297 0875 -0219 0.111 0.850 74.898%* 0.723
El4 I firmly believe that I can disassemble advanced engineering equipment or Mamaril [81] 3.316 0.902 -0.254 -0.028 0.773 60.274** 0.598
things.

Note: M = Mean, SD = Standard deviation, and ** significant at p < 0.001.
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TABLE 3. Summary of psychometric properties and goodness-of-fit indices for the measurement models.

Constructs Construct Reliability (CR) Average Variance Extracted (AVE) 7 df xrdf SRMR RMSEA CFI TLI

Achievement goal orientation 0.907 0.740 27.685 13 2.130 0.010 0.029 0.997 0.993
Learning strategies 0.894 0.657 75.076 27 2.781 0.019 0.037 0.992 0.983
Digital skills 0.843 0.625 34.239 13 2.634 0.017 0.035 0.995 0.989
Engineering skill self-efficacy 0.949 0.754 154.982 53 2.924 0.024 0.038 0.990 0.983

TABLE 4. Para meter estimation of measurement model in SEM.

Standardized

Constructs and Indicators Loading () t-value R’
Achievement Goal Orientation

ACHI 0.779 34.347** 0.606
ACH2 0.772 34.073** 0.596
Learning Strategies

LS1 0.639 24.473%* 0.408
LS2 0.612 23.947** 0.375
Digital skills

DS1 0.771 48.511%* 0.595
DS2 0.727 43.970%* 0.529
DS3 0.670 35.594%* 0.448
DS4 0.661 35.563%* 0.436
DS5 0.657 34.402%* 0.432
DS6 0.557 23.496%* 0.310
DS7 0.484 19.940%* 0.235
DS8 0.380 14.237** 0.145
Engineering skill self-efficacy

ENSEI 0.779 49.317*%* 0.607
ENSE2 0.777 51.483** 0.604
ENSE3 0.774 48.027** 0.600

Note: ** significant at p < 0.001.

interfaces such as human-machine interfaces, human-robot
interaction, etc.” (A = 0.661, t = 35.563); DS5, “Have the
skills in applying digital technology (such as computers,
PDAs, media players, GPS, etc.) to communicate and cre-
ate professional engineering network properly” (A = 0.657,
t = 34.402); DS6, “Have knowledge and competence in
using necessary and modern information technology media
variously for targeted communication such as project/report
presentation, opinion expression, and motivation creation”
(A = 0.557, t+ = 23.496); DS7, “Can further the knowl-
edge to enhance your skills and knowledge in ICT to create
more opportunities to be more professional” (A = 0.484,
t = 19.940); and DS8, ‘“Have enthusiasm and desire to
research and learn in advanced ICT to move forward to be
the engineering professional that I specialize in” (A = 0.380,
t = 14.237).

ENSE: Engineering design self-efficacy (ENSE1) had the
highest standardized factor loading (A = 0.779, t = 49.317),
followed by experimental skill self-efficacy (ENSE2) with
a standardized factor loading of 0.777 (+ = 51.483). The
lowest was tinkering skills self-efficacy (ENSE3) (A = 0.774,
t = 48.027).
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V. DISCUSSION

This research focused on creating ENSE among engineering
students and considering factors affecting the development
of digital skills and learning strategies. The research results
found that all factors of this study (achievement goal orien-
tation, learning strategies, and digital skill) are important to
the behavioral building of ENSE for engineering students at
higher education levels.

This finding indicated that ENSE depends on digital
skill, learning strategies, and achievement goal orientation,
which is rarely regarded in previous studies. The results
of digital skill show that it is the most important variable,
which means that the ENSE of engineering students is most
reflected by digital skill. This often occurs when students
have the knowledge and skills to apply advanced comput-
ers and ICTs and professional tools in engineering practice
to different work situations. Digital skill is regarded as a
supporting tool to provide learners with self-learning and
development to obtain good chances of work and professional
growth (learning and growth). This result is similar to that of
Yang and Cheng [22], who found that students’ IT skills
predicted creative self-efficacy. Learning strategies play a
key role in the development of ENSE for students. It is
assumed that if we manage learning by integrating col-
laborative learning and self-effort regulation, learners will
develop their self-ability to support more perceived self-
efficacy and self-confidence, which is in accordance with the
Ebru [57], Fernandez-Rio, ef al. [102], and Tavakolizadeh
and Ebrahimi-Qavam [103]. Another factor positively cor-
related with ENSE is when students have achievement goal
orientation in the context of performance approach goals
and performance avoidance goals, which affect behavioral
control. Du, et al. [45] and Turner, et al. [46] found that
achievement goals affect creative self-efficacy and speaking
self-efficacy. Therefore, to develop students’ ENSE, educa-
tional institutions or policy makers must plan for learning
activity design to provide students with digital skills for
further work operations. Students must have the knowledge,
skills and ability to use specialized tools and ICT to produce
and design working systems and to use digital technology
(such as computers, PDAs, media players, GPS, etc.) for
communication and creation of suitable engineering profes-
sional networks. We must also consider learning strategies
that prepare learners for collaborative learning by specifying
students’ learning management, focusing on attempts to col-
laborate between students and teachers and to promote col-
laboration, information and skill sharing to pursue a group’s
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Goodness-of-fit statistics
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FIGURE 1. Results of SEM for testing the hypothetical mode.
TABLE 5. The results of structural model.
Hypothesis path Standardized Estimate (f)  Standard error t-value Result

Direct Contribution
H1: Achievement goal orientation — Learning strategies 0.565 0.036 15.815%* Supported
H2: Achievement goal orientation — Digital skills 0.035 0.050 0.707 Not Supported
H3: Achievement goal orientation — Engineering skill self-efficacy 0.188 0.040 4.692%* Supported
H4: Learning strategies — Digital skills 0.621 0.050 12.432%* Supported
HS5: Learning strategies — Engineering skill self-efficacy 0.406 0.059 6.853%* Supported
He: Digital skills — Engineering skill self-efficacy 0.444 0.042 10.527** Supported
Indirect Contribution
H7: Achievement goal orientation — Digital skills 0.351 0.041 8.567** Supported
H8: Achievement goal orientation — Engineering skill self-efficacy 0.229 0.040 5.800%** Supported

Note: — = regression on, ** significant at p < 0.001.

learning goals. Students’ self-effort regulation is the learning
process in which students actively participate in self-learning
management. Therefore, lecturers should apply a strategy of
self-effort regulation by considering indicators of this study;
e.g., train learners to have self-effort regulation in studying
hard in this field to achieve the best result, and train learners
to have self-effort regulation in completing tasks and edu-
cational goals even though the textbooks are not enjoyable
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and not interesting. Along achievement goal orientation, edu-
cation institutions or teachers may organize class activities
to create learners’ goal orientation; i.e., according to this
study context, achievement goal orientation is measured by
indicators of performance avoidance goals and performance
approach goals, whereas teachers can consider the priority of
the factor with the highest factor loading. This study found
that the factor of performance approach goals had the highest
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factor loading. Teachers must particularly prioritize this fac-
tor by organizing activities to create performance approach
goals by considering indicators of CFA results (see Table 2).
Thus, it is beneficial to learners’ self-efficacy development to
create learning and understanding based on what they have
learned to achieve the goal orientation.

According to the SEM model, learning strategies were
positively correlated with digital skills. This finding explains
the structure relevant to the learning strategies factor,
including collaborative learning and self-effort regulation,
which are important techniques to develop digital skills in
engineering students. Learning strategies are like a goal ori-
entation tool that helps learners achieve more effective self-
learning in accordance with Anthonysamy, et al. [19], who
confirmed that self-regulated learning strategies can promote
digital literacy of university students. Therefore, educators
or policy-makers should plan to integrate students’ learning
management by focusing on collaborative learning and self-
effort regulation to gain knowledge, skills and ability to use
techniques and tools to develop engineering works. If we
integrate both learning methods, it will provide learners with
higher-quality education. Therefore, we can apply indicators
of both factors (collaborative learning, self-effort regulation)
from the CFA results (see Table 2).

The model results showed that learning strategies were pre-
dicted by achievement goal orientation, measured from per-
formance approach goals and performance avoidance goals.
Achievement goal orientation is a key variable for learners’
learning strategies, leading to a higher level of success. There-
fore, if students have an achievement goal orientation, they
will seek learning methods and develop achievements or try
to avoid failure to achieve goals, in accordance with previous
results of Diseth [38], Fenollar, et al. [39], Liem, et al. [40],
Phan [104], Barrera Verdugo [105], and Ramos, et al. [106].
Therefore, the method or operation of classrooms and educa-
tional institutions should offer performance approach goals
and performance avoidance goals, which will help learners
perceive that their classroom prioritizes the comparison of
behavior or self-efficacy with others to further develop learn-
ers’ efficacy.

This study also found that achievement goal orientation
indirectly affected digital skill and ENSE through learning
strategies as a mediator, which was consistent with Fenollar,
etal. [39], Sins, et al. [47], Hampton, et al. [61], and Honicke,
et al. [107]. This study indicates the key role of collaborative
learning and self-effort regulation in higher education stu-
dents’ learning context as components of learning strategies.
This study helps promote the capacity of achievement goal
orientation toward support for students’ digital skills and
ENSE. The indirect positive contributions of achievement
goal orientation are evidence for further research investigat-
ing the mediating mechanisms of learning strategies.

However, the study also found that achievement goal orien-
tation cannot confirm a direct statistically significant correla-
tion with digital skill. This may be because the participants of
this study were mostly junior and senior students who were
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about to graduate and prepare for job training, and they might
have been mainly focused on school record goals, achieving
a good grade as presenting self-efficacy, etc.

VI. CONCLUSION
The nonstop technological changes caused by globalization
and digital transformation, along with the current state of
institutions of higher education, necessitate the continuous
development of learning-teaching in accordance with the
labor market of the digital era and force educational insti-
tutions to adjust to prepare students for the working world
in response to such situations. Developing ENSE to promote
work operations has become a key point in academia. There-
fore, this study aims to investigate the correlation among
the achievement goal orientation, learning strategies, digi-
tal skills, and ENSE of engineering students in the Thai
universities. This study generates support and an in-depth
understanding of the educational structure, emphasizing the
development of ENSE among university students to achieve
educational sustainability during this era of disruption. Statis-
tical results revealed that ENSE was positively predicted by
digital skill, learning strategies, and achievement goal orien-
tation. The greatest direct contribution was between learning
strategies and digital skills, followed by achievement goal
orientation and learning strategies; digital skill and ENSE;
learning strategies and ENSE; and achievement goal orienta-
tion and ENSE, respectively. The research results also found
that achievement goal orientation indirectly predicted digital
skill and ENSE through a mediator of learning strategies.
The research outcomes might benefit educators toward
developing specifications on learning activity design to pro-
mote students’ ENSE, including preparing students to be part
of the digital future, possess the digital skills to apply for
further work operations, and know how to integrate digital
technology knowledge to benefit lifetime education.

VII. LIMITATIONS AND FUTURE RESEARCH

This study investigates the correlation among different factors
and the concept of ENSE. However, we have considered
only a research sample of engineering students, which is
regarded as a limitation of this study. To further develop the
model, we should consider a sample of students in fields
other than engineering. We may also test a sample of business
sectors by conducting in-depth study or focus groups among
education institutions, students, and business entrepreneurs to
seek a method to develop educational institutions’ learning-
teaching.
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