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Abstract: Off-campus internships are among the policies implemented over the years to reduce the
academic gap in the hospitality industry. Additionally, career decision making is unavoidable for
college students, who can use different learning strategies in internships to gain knowledge beyond
textbooks and determine their future direction. Our research aims to explore the mediating role
of self-regulated learning in the relationship between deep learning approach (DLA) in hospitality
internships and career self-efficacy. Moreover, it uses cognitive engagement as a moderator to explore
the relationships between the three constructs. Data are collected through stratified sampling from
hospitality college students in Taiwan who completed off-campus internships. Descriptive statistics
are employed, and confirmatory factor analysis and structural equation modeling are conducted to
analyze the data. Results indicate the following: (1) DLA has a positive influence on self-regulated
learning. (2) Self-regulated learning has a positive influence on career self-efficacy. (3) DLA has a
positive influence on career self-efficacy. (4) Self-regulated learning mediates the effect of DLA on
career self-efficacy. (5) Cognitive engagement moderates the effect of DLA and self-regulated learning
on career self-efficacy. Theoretical and practical implications are also discussed.

Keywords: deep learning approach; self-regulated learning; career self-efficacy; cognitive engagement;
hospitality; sustainable growth

1. Introduction

Hospitality education is defined as a multidisciplinary field combining various dis-
ciplines [1]. The goal of hospitality education is to enable students to develop relevant
abilities for their career choices and enhance employability [2–4]. Thus, self-integration
and critical thinking skills are necessary for students to face different environments and
situations. Marton and Säljö [5] used deep learning to represent a learning strategy with
critical thinking and reflective ability. Different from deep learning autoencoder, or deep
learning definition in data science, which focus on data science in a machine learning
algorithms to reach the way near functioned of the human brain for tasks and visual ob-
ject recognition [6–8], this research on deep learning mostly focused on teacher-student
interaction [9,10], and curriculum model [11,12] for learning strategies. In other words,
our research plans to extend the deep learning approach to hospitality education to enable
individuals to internalize their knowledge and skills. Moreover, deep learning approach is
essential because it represents an integrated and reflective mode of thinking. Compared
with surface-learning students, deep-learning students have more critical thinking and
reflection abilities. In terms of performance and future achievements, students who use a
deep learning approach (DLA) are superior to those who employ surface learning [13]. Fur-
thermore, Biggs [14] proposed surface approach, deep approach and achievement approach.
Surface and deep approach express the two ways of learning styles. Surface approach
shows the basic effort to achieve goals and rote learning strategies. By contrast, deep
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approach is meaningful, shows the intrinsic study, and is capable of creating a connection
between prior and new knowledge. On the other hand, achieving approach represents the
method that students used to organize and the motive of competition.

In addition, learning belongs to the process of personal knowledge construction and is
proven to be related to self-regulation [15]. Self-regulation, which has long been a research
hotspot, was first proposed by Bandura [16] through a social cognitive approach. Subse-
quently, Zimmerman [17] developed three processes of self-regulated learning, namely,
performance phase, self-reflection phase, and forethought phase. Individuals achieve cyclic
progress through continuous correction and goal pursuit [18]. Numerous studies have
been conducted on self-regulated learning, self-efficacy, learning strategies, and cogni-
tion in education [19–22], and they show the close relationship between self-regulation
and learning and its effect on learning self-efficacy. As an internal motivation, career
self-efficacy can embolden individuals to overcome and bear failures when facing career
choices [23,24]. To achieve the goal of education to develop relevant abilities to face their
career choices. Research topics related to learning strategies and grades or achievements
are widely discussed [25–29]. The importance of learning strategies is connected to the
learning process. In learning, students use a variety of skills to absorb knowledge, includ-
ing self-regulation skills such as strategic use or time management [30,31]. Furthermore,
owing to the different requirements or ways of instructors to evaluate grades, students
must change their strategies to absorb the content of a course [32–34]. The importance of
critical thinking ability to the higher-education learning of students is valued by education
systems around the world. This ability can help students adapt to different environments
and acquire skills for lifelong learning [35]. Thus, the importance of the DLA is obvious.
Additionally, learning is an uninterrupted process, and lifelong learning can promote the
continuous progress of an individual. Furthermore, self-regulated learning is likewise
important in education or employment [36–39]. Self-regulation has been one of the most
important theories from the perspective of social cognitive theory for the past 20 years [40].
It is a cyclical process involving three behavioral phases based on an individual’s internal
motivation (i.e., forethought phase, performance phase, and self-reflection phase) [41].
Students can control their behaviors and learning goals through self-regulated learning,
which is a process of actively acquiring knowledge [42,43]. Meanwhile, self-regulation
may be affected by confidence [44], which can be expressed in terms of self-efficacy [45].
Hackett and Betz [23] used career self-efficacy to describe an individual’s confidence to face
future career choices. Career self-efficacy is also proven to affect career exploration [46].
Individuals with high career self-efficacy can learn from their failures and will work hard
to achieve their career goals [47,48].

In summary, this research plans to extend the DLA to hospitality education to enable
individuals to internalize their knowledge and skills. We thus propose that DLA may have
a positive effect on career self-efficacy, which enables students to improve their grades
and obtain a series of positive feedback. In addition, since a high level of self-regulated
learning can improve performance [21,49–52], we propose that self-regulated learning may
have a positive impact on students’ career self-efficacy, which can help them attain posi-
tive motivations to face their uncertain future [53–56]. Students with high self-regulated
learning can use their skills flexibly and set high goals [22,57]. The positive influence of
self-regulated learning can be used not only in school but also in career decisions. Therefore,
our study also plans to discover the mediating role of self-regulated learning in the relation-
ship between DLA and career self-efficacy. According to Corno and Mandinach [58] and
Sesmiyanti et al. [59], cognitive engagement indicates students’ degree of commitment to
tasks or challenges and is a type of motivation encouraging students to improve. Therefore,
our study also plans to explore whether cognitive engagement is a critical moderator in the
relationship between the three other variables. Cognitive engagement can affect personal
success because it is an intrinsic motivation [60,61]. Specifically, self-regulated learning, as
a learning cycle, can help students engage in lifelong learning, and cognitive engagement,
as an internal mechanism, will positively affect the learning, self-regulation, and career self-
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efficacy of students. Finally, in our study, with hospitality college students who completed
an internship as the research object, we extend career self-efficacy to hospitality education
and investigate the DLA for off-campus internships using self-regulated learning as a
mediator and cognitive engagement as a moderator in the effect of DLA and self-regulated
learning on career self-efficacy for further discussion.

2. Conceptual Framework and Hypothesis Development
2.1. Relationship between Deep Learning Approach and Self-Regulated Learning

Learning is a process of knowledge construction, and learning strategy can be defined
as the information-processing method of a learner to gain new knowledge and skills while
learning [62,63]. The DLA represents an integrated and reflective mode of thinking. It is
influenced by many factors, the most important of which are the learners’ motivation and
engagement with the topic [64,65]. The concept of learning approach was originated by
Marton and Säljö [5]. Learning approach is composed of learning motive and learning
strategy. Compared with the taxonomy of educational objectives from Bloom, DLA covers
Level 5 (synthesis) and Level 6 (evaluation). On the other hand, surface learning involves
Level 1 (knowledge) and Level 2 (comprehension) [66]. It is proposed that the individual’s
level of DLA can predict the level of Bloom’s taxonomy; specifically, individuals with a high
degree of DLA can have correct answers to Bloom’s high-level questions [67]. Students who
use DLA outperform those who use surface learning and have superior ability to integrate
and deliver messages [68]. Scholars agree that the use of DLA can lead to high-quality
effective learning [13]. DLA can provide more benefits than surface learning in terms of
the absorption, learning path, class performance, problem solving, and learning interest of
learners [13,68–71]. Furthermore, from the perspective of learning, self-regulation is a pro-
cess of cyclical feedback [51,52,72]. In the process of learning, self-regulation is considered a
learning cycle. Learners formulate behavior standards based on personal goals and will en-
hance or change their behavior based on rewards or punishments. Self-regulation, learning
methods, and cognitive strategies are interrelated [15]. Students with self-regulation abili-
ties will have a deep understanding of complex topics [20]. Thus, self-regulated learning is
important because it enables students to manage their learning process, thereby gaining an
improved state of learning to progress or pursue their goals. In off-campus internships,
students typically choose their internship units, such as restaurants, hotels, bakeries, or
banquets. Although the skills necessary in different fields vary, DLA and self-regulated
learning, as an attitude and s strategy, can help students adjust to any environment. To
extend the DLA to hospitality research, we propose the following hypothesis:

Hypothesis 1 (H1). Deep learning approach has a positive influence on self-regulated learning.

2.2. Relationship between Self-Regulated Learning and Career Self-Efficacy

Career self-efficacy involves the self-assessment of one’s abilities when choosing a
career and the confidence to complete tasks, which are also known as performance and
persistence in one’s career choice [23,24,73,74]. In the process of implementation, career-
related attitudes and actions, such as behaviors and educational and occupational choices,
can be considered as career self-efficacy [75]. Lack of career self-efficacy may induce
a student to give up, which may lead to failure and, ultimately, poor career decisions.
Conversely, individuals with high career self-efficacy will work hard to successfully achieve
their life goals owing to their self-confidence [47,48,76].

In recent years, studies on career self-efficacy in the field of hospitality have increased.
Off-campus internships exert a significant positive impact on career self-efficacy [56],
which is consistent with the findings of previous research [77,78], and a positive impact
on professional preparation. Career self-efficacy is considered to be an effective predictor
of hospitality students’ commitment to their career choices [79]. In higher education
hospitality programs, off-campus internships are necessary as they can provide students
with actual work experience. Internships can develop students’ career self-efficacy, which
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can affect their lives beyond the hospitality industry. If an individual maintains their
positive and continuous development, then they will improve their career self-efficacy [80].
As an intrinsic individual motivation, self-regulated learning is typically discussed with
self-efficacy. Although it was determined that self-regulated learning has a positive effect on
self-efficacy [81–84], hospitality research rarely discussed the relationship between career
self-efficacy and self-regulated learning. Hence, we propose the following hypothesis:

Hypothesis 2 (H2). Self-regulated learning has a positive influence on career self-efficacy.

2.3. Relationship between Deep Learning Approach and Career Self-Efficacy

Guerriero and Révai [69] pointed out the importance of the DLA. The changing
environment and society urge students to develop abilities to solve problems and adapt
to different situations. The dynamic nature of the hospitality industry increases students’
difficulties in making career decisions [85], thereby emphasizing the importance of DLA,
which can help students apply their knowledge to actual problems. The United States
National Research Council [86] identified the DLA as an important approach promoting
career and life development. Critical thinking, logical management, metacognition, and
cooperation can enable individuals to perform effectively in life and in the workplace [87].
DLA can help learners convert experiences and knowledge in a complex society [50].
When hospitality students participate in off-campus internships, they must apply their
knowledge flexibly to problems in various types of emergency situations. The conversion
and application of knowledge are inseparable from the DLA. Students can gain a sense
of accomplishment in solving problems successfully, which will be appreciated by their
supervisors and develop their self-confidence. Tsai et al. [56] proposed that off-campus
internships have a significant positive impact on career self-efficacy. However, whether
students who use the DLA will develop high career self-efficacy to face their future career
choices remains unknown. Therefore, we propose the following hypothesis:

Hypothesis 3 (H3). Deep learning approach has a positive influence on career self-efficacy.

2.4. Mediating Effect of Self-Regulated Learning

Self-regulated learning is a research hotspot, and promises fruitful results for both
teachers and students [88]. Self-regulation is defined as the belief or ability of an individual
to work toward an ideal goal [89,90] and is generally considered to mediate individuals
and goals. Whether or not individuals achieve their goals is related to their adjustment and
control abilities, including thinking, acting, adjusting, monitoring, and inspection. Thus,
behaviors must be changed according to the environment to achieve goals. In previous
studies, numerous scholars used self-regulation as a mediator. Dias and Cadime [91]
used self-regulation as a mediator to examine interpersonal relationships. Individuals’
cognitive strategies, such as observation, monitoring, and behavioral change, play a role
in self-regulation [92]. Self-regulation is relevant to goal achievement because it can affect
motivation to accomplish a goal. Zimmerman and Kitsantas [93] confirmed that self-
regulation can positively predict academic performance. In education, the self-regulation
cycle is an important factor. Self-regulation can affect students’ motivation, behavior,
results, and self-efficacy caused by results.

Choosing a career to begin the next stage of life is a daunting task in which various
issues must be considered, such as personal abilities, life goals, expectations, and career
preferences [94]. DLA can enable students to use their knowledge, including knowledge
integration, critical thinking, and skills application, to face and accept challenges [50].
Schraw et al. [55] argued that self-regulation can enable individuals to use resources and
skills flexibly to achieve their goals. Self-observation, evaluation, and supervision are
essential in setting and pursuing goals. Self-regulation can enable individuals to pursue
their goals actively. Hence, we propose that the DLA positively and significantly impacts
self-efficacy and that self-regulated learning, as a mediator, can affect self-efficacy.
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Generally, self-regulation, as a cycle, emphasizes self-monitoring and improves goal
achievement [17,49,51,52]. Individuals with self-regulation abilities will have positive
motivations to pursue their career goals. Self-regulation can also improve individuals’
practices in the face of difficulties [53,55]. In terms of self-education, students with high self-
regulation can choose relevant learning strategies, set high learning goals, and effectively
absorb knowledge [20–22].

Hypothesis 4 (H4). Self-regulated learning mediates the relationship between deep learning
approach and career self-efficacy.

2.5. Moderating Effect of Cognitive Engagement

As a subtype of student engagement in academic work, cognitive engagement involves
the psychological investment and effort of individuals [95,96]. The level of cognitive
engagement affects the degree of control over academic work [97]. Theory indicates that
course value perception and engagement lead to the DLA. Self-regulated learning strategies
and the DLA can improve goal achievement [98]. Cognitive engagement is one of the most
important and widely researched factors affecting the course experience of students [99].
Greene [100] examined the concept of self-regulated learning and cognitive engagement
and the two levels of cognitive engagement. Furthermore, the author developed a scale
consisting of self-regulated learning, DLA, and surface learning strategies to evaluate the
cognitive engagement of students in solving problems. Cognitive engagement generally
revolves around the psychological investment of students in academic tasks, such as
psychological effort [101]. According to Drysdale and McBeath [61], cognitive engagement
is an essential factor in transitioning from school to the workplace, thereby impacting
students’ success. Cheng [60] likewise confirmed that cognitive engagement, as a mediator,
will influence the effect of self-efficacy and learning motivation on academic achievement
in the hospitality curriculum. Motivation encourages students to think and improve when
facing challenges and tasks [59]. Previous research focused mostly on the effect of cognitive
engagement on academic performance. Therefore, our study determines whether cognitive
engagement will moderate the relationship between DLA and self-regulated learning,
between self-regulated learning and career self-efficacy, and between DLA and career
self-efficacy in the hospitality industry. We thus propose the following hypotheses:

Hypothesis 5 (H5). Cognitive engagement positively moderates the relationship between deep
learning approach and self-regulated learning.

Hypothesis 6 (H6). Cognitive engagement positively moderates the relationship between self-
regulated learning and career self-efficacy.

Hypothesis 7 (H7). Cognitive engagement positively moderates the relationship between deep
learning approach and career self-efficacy.

3. Methodology
3.1. Research Framework

We established a model to verify the hypotheses. Specifically, DLA will influence the
mediator, namely, self-regulated learning, and lead to career self-efficacy. We proposed the
research framework to determine whether self-regulated learning mediates the effect of
DLA on career self-efficacy. Furthermore, we used cognitive engagement as a moderator to
examine the relationship between DLA and self-regulated learning, between self-regulated
learning and career self-efficacy, and between DLA and career self-efficacy (Figure 1).
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3.2. Pilot Test

In our study, the pilot test can support the identified elements of the instruments [102].
Although the original survey items of DLA, self-regulated learning, career decision-making
self-efficacy, and cognitive engagement have all provided adequate reliability and validity
of survey items [78,103–105], we also conducted the pilot test to support the feasibility. To
ensure the accuracy and increase the validity of the instruments, we conducted a pilot test
to evaluate the instruments before data collection. We also discussed our survey items
with two experts with more than 10 years of experience in the industry and teaching
experience of hospitality education in a university to ensure the quality of our survey. The
sample for the pilot test comprised students who completed an internship in a hospitality
unit in Taiwan. We selected 49 students for the pilot test. Although we obtained a high
coefficient (0.88 to 0.91) for each construct, Bryant and Yarnold [106] suggested that the
factor loading should be higher than 0.5. Hence, we omitted two items from the career
self-efficacy measure.

3.3. Sample Frame and Data Collection

In our research, we used stratified sampling to collect the data, which we divided into
northern, eastern, western, and southern Taiwan. All the participants are students who
had completed the internship. They were requested to fill out the questionnaire within two
months after their internship. We used email to contact and recruit the participants and
collected data through a survey prepared in Google Forms. Furthermore, Potthoff [107]
suggested that the size of the sample should be approximately 10 times larger than the
number of items but not less than 300. Hence, we distributed 542 survey questionnaires
and received 481 valid questionnaires, reaching an 88.7% response rate.

3.4. Construct Measurement

In our study, we adopted a seven-point Likert scale ranging from 1 (strongly disagree)
to 7 (strongly agree). First, we used the scale developed by Biggs [103] to measure the
DLA. A sample item is, “I find that at times, studying gives me a feeling of deep personal
satisfaction”. The Cronbach’s alpha of the scale was 0.88. Second, we measured self-
regulated learning using the scale developed by Lee and Tsai [108]. The Cronbach’s alpha
of the scale was 0.90, and a sample item is, “I will set my own learning goals”. Third, we
measured career self-efficacy with the Career Decision-making Self-efficacy Scale Short
Form [104]. The Cronbach’s alpha of the scale was 0.91, and a sample item is, “I can make
a plan of my goals for the next five years”. Finally, we adopted the scale developed by
Miller [109] to measure cognitive engagement. The Cronbach’s alpha of the scale is 0.81
and a sample item is, “I find that studying academic topics can, at times, be as exciting as
reading a good novel or watching a movie”.

3.5. Analytic Approach

We adopted SPSS 24.0 and AMOS 24.0 for the data screening and questionnaire analy-
sis. First, we analyzed the demographic profile of the respondents to obtain their personal
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information. Second, we used structural equation modeling to examine all the hypotheses
via maximum-likelihood estimation. Third, we employed the two-step approach suggested
by Anderson and Gerbing [110]. Fourth, we conducted confirmatory factor analysis (CFA)
to evaluate whether the measurements are appropriate. For the CFA, we conducted a
goodness-of-fit test, convergent validity test, and discriminant validity test before per-
forming the path analysis. To measure the model’s goodness of fit, we evaluated the
overall model fit criteria using the overall chi-square value (χ2), chi-square value (χ2/df ),
comparative fit index (CFI), goodness-of-fit index (GFI), adjusted goodness-of-fit index
(AGFI), standardized root means square residual (SRMR), non-normed fit index (NNFI),
and root mean square error of approximation (RMSEA). Fifth, we performed path analysis
to examine whether the data were consistent with the model and to test the hypotheses.
Sixth, we confirmed the mediating effect using the bootstrap approach based on 5000
bootstrap samples, with a 95% confidence interval (CI). Finally, we regressed the dependent
variable on the control variables and moderating variable to examine the main effects.

4. Results
4.1. Demographic Statistics

The demographic profile of the respondents included gender, age, education level,
internship unit, and internship location in Table 1. Among the respondents (n = 481), 64%
were female and 35.7% were male hospitality students. Most of the participants were
between 21 and 30 years of age (95.6%). In terms of their education level, 96% of the
participants were at the tertiary level. The participants who completed a hotel internship
(53.2%) and those who completed a restaurant internship (39.5%) accounted for the majority.
The internship location was distributed across the following regions in descending order:
northern Taiwan (43.4%), western Taiwan (22.7%), eastern Taiwan (20.6%), southern Taiwan
(11%), and others (2.3%).

Table 1. Respondents’ profile.

Characteristics (n = 481) Frequency (s) Percentage (%)

Gender
Female 309 64.2
Male 172 35.7

Age
20 years or below 0 0

21–30 years 460 95.6
31–40 years 14 2.9
41–50 years 7 1.5
51–60 years 0 0

61 years or above 0 0

Education level
Lower secondary 0 0
Upper secondary 4 .8

Tertiary 462 96
Master’s degree or higher 15 3.1

Internship unit
Hotel 256 53.2

Restaurant 190 39.5
Others 35 7.2

Internship location
Northern Taiwan 209 43.4
Eastern Taiwan 99 20.6
Western Taiwan 109 22.7
Southern Taiwan 53 11
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4.2. CFA

In social science research, CFA is generally conducted in Table 2 to examine the model
fit via four methods, namely, (1) normality and offending estimate test, (2) goodness-of-fit
test, (3) convergent validity, and (4) discriminant validity.

Table 2. Summary of model goodness-of-fit test.

Construct χ2 χ2/df GFI AGFI SRMR CFI NNFI RMSEA

Deep learning approach 2.83 1.41 0.99 0.99 0.01 0.99 0.99 0.03

Self-regulated learning 22.58 2.51 0.98 0.96 0.02 0.99 0.98 0.06

Career self-efficacy 18 3.9 0.95 0.91 0.03 0.97 0.96 0.08

Overall model 550.68 3.7 0.89 0.85 0.06 0.93 0.92 0.08

Table 3 shows the discriminant validity results, which are used to verify whether a
statistical difference exists in the correlation between two variables. We conducted chi-
square difference tests to examine the discriminant validity of the constructs. First, we
conducted 2-D CFA for each pair of constructs. Second, we collapsed all the items into
a single-factor CFA model. If the single-factor CFA model demonstrates deterioration
compared with the original constructs with two dimensions, then the discriminant validity
is established [110]. As all the chi-square difference test results were significant (4χ2 > 6.64,
p < 0.01), discriminant validity was observed between the constructs.

Table 3. Discriminant validity with chi-square difference.

1 2

Deep learning approach
Self-regulated learning 293.71

Career self-efficacy 382.04 464.54

Note: (1) Chi-square difference tests; n = 481; (2)4χ2 > 6.64, p < 0.01.

Convergent validity refers to tests that have similar constructs should be highly
correlated. Fornell and Larcker [111] suggested that average variance extracted (AVE)
should exceed the 0.50 threshold values and that composite reliability (CR) has to be higher
than 0.60. As shown in Table 4, the CR of each construct indicated the score to be around
0.88 to 0.93. Moreover, the AVE of all constructions ranged from 0.57 to 0.59, exceeding the
0.50 AVE threshold value [112]. Thus, the convergent validity of the study was acceptable.

Table 4. Results of convergent validity test.

Constructs CR AVE

Deep learning approach 0.85 0.59
Self-regulated learning 0.89 0.57

Career self-efficacy 0.92 0.57

The analysis provides support to the way the investigation was conducted. Hair [113]
suggested that the square root AVE among each construct must be higher than the correla-
tion, and the total number of qualified correlation values of each construct must at least
account for 75%. Table 5 shows the total estimated correlations of variables resulting in a
discriminant validity lower than the square root AVE in each construct. Thus, the proposed
model demonstrated good significance and suitability for path analysis.
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Table 5. Mean, standard deviation, and correlation coefficient.

Mean S.D. 1 2 3

Deep learning approach 5.29 0.85 (0.74)
Self-regulated learning 5.49 0.77 0.68 ** (0.74)

Career self-efficacy 5.03 0.91 0.71 ** 0.72 ** (0.75)
Note: Number in the brackets represent the square root of AVE. ** p < 0.01.

4.3. Path Analysis

Path analysis is a type of multiple regression statistical analysis used to evaluate
the magnitude and significance of the causal connections between variables. The re-
sults showed that DLA had a significant positive effect on self-regulated learning (path
coefficient = 0.77, p < 0.001). Therefore, H1 was confirmed. The results also revealed
that self-regulated learning had a significant direct effect on career self-efficacy (path
coefficient = 0.46, p < 0.001) and that DLA had a significant positive effect on career self-
efficacy (path coefficient = 0.38, p < 0.001). Hence, H2 and H3 were confirmed. The details of
the standardized direct, indirect, and total effects of the hypothesized model are presented
in Figure 2 and Table 6.
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Table 6. Moderating effect and standardized direct, indirect, and total effects.

Hypothesis Path Estimate p-Value Percentile 95% CI
[Lower, Upper] Result

H1 DLA→SR 0.77 p < 0.001 [0.53, 0.81] Supported
H2 SR→CE 0.46 p < 0.001 [0.33, 0.69] Supported
H3 DLA→CE 0.38 p < 0.001 [0.20, 0.52] Supported
H4 DLA→SR→CE 0.36 p < 0.001 [0.24, 0.50] Supported
H5 DLA × CG→SR 0.08 p < 0.001 [0.06, 0.09] Supported
H6 SR × CG→CE 0.06 p < 0.001 [0.04, 0.09] Supported
H7 DLA × CG→CE 0.07 p < 0.001 [0.09, 0.06] Supported

DLA = deep learning approach in hospitality internships, SR = self-regulated learning, CE = career self-efficacy,
CG = cognitive engagement.

Furthermore, the analysis investigated the indirect effect of DLA on career self-efficacy
via self-regulated learning. We conducted percentile bootstrapping and bias-corrected
percentile bootstrapping with 5000 bootstrap samples at the 95% CI level. The results
showed that the indirect path of DLA affected career self-efficacy, and self-regulated
learning had a mediating role in the relationship between DLA and career self-efficacy
(β = 0.36, p < 0.001). The lower and upper bounds of the 95% CI did not comprise 0 (lower
bound CI = 0.24, upper bound CI = 0.50). Therefore, H4 was supported. Meanwhile, for H5,
we used cognitive engagement as a moderator to investigate the relationship between DLA
and self-regulated learning. The results indicated that cognitive engagement had a positive
effect on the relationship between DLA and self-regulated learning. When moderated by
cognitive engagement, self-regulated learning increased rapidly as DLA increased. At high
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levels of cognitive engagement, self-regulated learning increased rapidly as DLA increased
(Figure 3).
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Figure 3. Moderating effect of cognitive engagement on the relationship between deep learning
approach and self-regulated learning.

By contrast, for H6 of the crossed lines, it can be seen the interaction of self-regulated
learning and career self-efficacy was affected by cognitive engagement (Figure 4). When
students have a high level of cognitive engagement, their career self-efficacy will improve
as their self-regulated learning increases (refer to Table 6 for details). Finally, in terms of
the interaction effect for H7, the relationship between DLA and career self-efficacy was
based on cognitive engagement. The effect of DLA on career self-efficacy was positive
when cognitive engagement was high. The plot likewise shows that career self-efficacy is
high with DLA when cognitive engagement is high. Conversely, career self-efficacy is low
with DLA when cognitive engagement is low (Figure 5).
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5. Discussion
5.1. Theoretical Implications

Our research extends the DLA of Duff [114] to hospitality education. DLA can be
explained as an ability or attitude. In the dynamic hospitality industry, individuals must
internalize their knowledge and skills. Moreover, DLA has a positive effect on career
self-efficacy. Therefore, when students use the DLA, they can improve their grades and
obtain a series of positive feedback. Self-regulation has long been a research hotspot as
well. Our study determines that self-regulated learning mediates the relationship between
DLA and career self-efficacy. According to previous studies, self-regulated learning, as a
cyclical process, can help individuals achieve continuous progress. A high level of self-
regulated learning can improve performance [21,49–52]. For internships in the dynamic
domain of hospitality, self-regulated learning will have a positive impact on students’
career self-efficacy, which can help them attain positive motivations to face their uncertain
future [53–56]. Students with high self-regulated learning can use their skills flexibly and
set high goals [22,57]. The positive influence of self-regulated learning can be used not only
in school but also in hospitality internships.

Moreover, this research confirms that cognitive engagement is a critical moderator in
the relationship between the three other variables. As cognitive engagement is an intrinsic
motivation, it can affect personal success [60,61]. Specifically, self-regulated learning, as a
learning cycle, can help students engage in lifelong learning, and cognitive engagement,
as an internal mechanism, will positively affect the learning, self-regulation, and career
self-efficacy of students. The results of our study accord with those of Corno and Mandi-
nach [58] and Sesmiyanti et al. [59]. Cognitive engagement also indicates students’ degree
of commitment to tasks or challenges and is a type of motivation encouraging students to
improve. The empirical results indicate that the moderating effect of cognitive engagement
can influence the indirect relationship between DLA and self-regulated learning. Similarly,
the moderating effect of cognitive engagement on the relationship between self-regulated
learning and career self-efficacy and between DLA and career self-efficacy is significant.
Most importantly, our study extends DLA research to hospitality education as well as
proves that the DLA is a key factor in hospitality internships and influences self-regulated
learning and career self-efficacy.

5.2. Managerial Implications

Career decisions are necessary in people’s lives. Although not everyone will be able
to find a suitable career immediately, high career self-efficacy will enable individuals to
explore, without fear of failure, until they succeed. Therefore, in teaching, DLA, as an
influencing factor, is worthy of attention. Teachers can guide students to develop and use
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DLA for continuous development (e.g., encourage students to explore meanings, such
as meanings behind ingredients, and replace traditional evaluation methods to motivate
students to develop diverse skills). More specifically, teachers can engage in meaningful
dialogue with students and critically examine their own teaching. Both outcomes can
improve the DLA [115]. Therefore, students can use the DLA in different situations.
Problem-based learning (PBL) can also facilitate students’ DLA by changing the role of
teachers and students. Information exchange and debates on PBL will allow students to
acquire meaningful knowledge from their surroundings [116]. Students can also form
co-learning groups, which may increase their DLA [117]. Schools can provide students with
sufficient information (e.g., pre-departure briefings, senior sisters’ experience sharing, etc.)
before internships to remind them that positive and negative experiences can improve their
efficacy. DLA can increase students’ expectations of themselves to enhance their learning
motivation and will have a positive impact on their internship experience [118,119].

Moreover, in the arrangement of the course, the current situation of the industry can
serve as the main axis for teaching. Hospitality educators link internship or work experience
with teaching, which can help students build self-efficacy [120]. If students feel that they
have acquired the skills necessary for the workplace from the course, then they will have
confidence to join the hospitality industry [121]. For the student, self-regulated learning
has a positive impact on their career self-efficacy and mediates the relationship between
DLA and career self-efficacy. Students can set and achieve their goals step by step and use
the roll planning method in their studies or internships. There are many ways to increase
self-regulated learning [36,122–124]. Student independent practice, teacher modeling, and
explanation are all effective strategies to encourage students to apply self-regulated learning.
Students can better understand the process during the demonstration [125]. Although
not every student needs direct instruction to increase self-regulated learning, it has been
shown to be an initial strategy to promote more self-regulated learning [126]. With the
help of teachers, students can repeatedly think and improve in the learning process and
increase their degree of self-regulated learning. Moreover, cognitive engagement has a
moderating effect on the relationship between DLA and self-regulated learning, between
self-regulated learning and career self-efficacy, and between DLA and career self-efficacy.
These findings show that the amount of time and effort students are willing to spend and
exert on a task will significantly impact their results. Owing to the volatile nature of the
hospitality industry, hospitality students must invest considerable amounts of time to gain
experience. Regardless of their talents or abilities, engagement is an integral part of an
individual’s success.

Lastly, internship units can give interns time to gain new skills in their own way using
the DLA to increase their self-regulated learning and career self-efficacy. Specifically, the
cycle will have a positive impact on interns or students and will enable them to gain high
career self-efficacy from the internship experience. Ultimately, the high career self-efficacy
of students will enable them to achieve the objectives of the hospitality internship program.

5.3. Research Limitations and Future Studies

Our study extends the DLA to hospitality internships but is not without certain limita-
tions. This research uses only the DLA to investigate the relationships between the three
other constructs. Subsequent research can use and compare different learning methods. as
well as link the three other types of engagement, namely, academic engagement, behavioral
engagement, and psychological engagement. Furthermore, the long timeframes between
internship completion and survey completion could have led to recall bias. Common
method variance may impact the results as well, given that the students self-reported their
level of DLA, self-regulated learning, career self-efficacy, and cognitive engagement. Future
studies can use empirical approaches, such as gathering data on occupation situation or
employment rate, to effectively understand practical comprehensively. Lastly, DLA and
self-regulated learning may have two-way relationships. The causal relationship between
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these two variables can be further investigated, or whether the context of cause and effect
will have an impact in different situations can be discussed.

6. Conclusions

The relationship between DLA, self-regulated learning, career self-efficacy, and cogni-
tive engagement was investigated in our research. The results revealed that DLA positively
influenced career self-efficacy as mediated by self-regulated learning. The empirical results
also indicated that learning was a critical element promoting the career self-efficacy of
hospitality students in internships. Furthermore, cognitive engagement, as a moderator,
affected the relationship between DLA, self-regulated learning, and career self-efficacy.
The results revealed that educators should guide students to use appropriate learning
methods and encourage cognitive engagement in internships. The positive effect of an
individual’s high career self-efficacy is not limited to their academics and can extend to
their psychological state in life and sustainable self-development.
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