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Industry 4.0 is an era in which the manufacturing industry has adopted digital technologies and the
Internet to enable smart manufacturing system, machines used in the production now can communicate
with each other and exchange information between each other, and the machinery used in the manu-
facturing process is more modern and precise. Therefore, educational institutions should develop the
curriculum to produce qualified graduates with the knowledge required for the Industry 4.0 era, espe-
cially Industrial Engineering graduates who are directly related to the industry sector. The purpose of
this research is to collect the data for the Master of Industrial Engineering (MSIE) curriculum devel-
opment. The Analytic Hierarchy Process (AHP) technique is used to rank the indicators of knowledge
that is important to the employment of graduates with a master's degree in Industrial Engineering, and
study the gap between the expectations of employers and the ability of the current MSIE students of
Khon Kaen University. The results of the study reveal that the first indicators that are most important
to the employment of MSIE graduates is the knowledge of Industry 4.0 strategy and the knowledge
that the students should have developed are the collaboration of humans and robots, big data analytics,

real time data usage and databased decision making.
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1. Introduction

Nowadays, manufacturing companies around the world
have entered the 4" industrial revolution, so called Industry
4.0 era, which is the digital transformation of the manufactur-
ing and related industries primarily focuses on the use of
large-scale machine to machine communication (M2M) and
Internet of Things (IoT) deployments to increase automation,
communication and self-monitoring, including intelligent ma-
chines that can provide big data for analyzing and diagnosing
problems with little human intervention (Bonekamp and Sure,
2015).

In Thailand, the 12™" National Economic and Social Devel-
opment plan is being used for Thailand’s 20 years industrial
development, started from 2017 to 2036. The plan mainly fo-
cuses on becoming a stable and sustainable industry by trans-
forming the machine dominant manufacturing to the digital
manufacturing. However, this change needs cooperation from
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many related sectors, including the government, private sec-
tor, and educational institutions, especially in Industrial Engi-
neering (IE) education, which is directly relevant to various
industries in Thailand.

Industrial engineering is an engineering profession that is
concerned with the optimization of complex processes and
systems by developing, improving and implementing inte-
grated systems of people, money, knowledge, information,
equipment, energy, materials, as well as the mathematical,
physical and social sciences together with the principles and
methods of engineering design to specify, predict, and evalu-
ate the results to be obtained from such systems or processes
(Kadarova et al., 2014). Industrial engineers use mentioned in-
tegrated systems combined with modern technology to help
the companies create products or services efficiently. Moreo-
ver, master’s degree of industrial engineers (MSIE) will play
a major role in solving complex problems with the perfect
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combination of using industrial engineering knowledge and
advanced applied technology.

Since the Industry 4.0 has become a pioneer in Information
Technology (IT) industry which is revolutionizing manufac-
turing engineering, many countries around the world have be-
gun to adjust their industrial infrastructure to meet the require-
ments of the Industry 4.0 policy. An important part of
preparation for Industry 4.0 is the adaptation of higher educa-
tion to meet the needs of this policy, especially the higher ed-
ucation in industrial engineering (Coskun et al., 2019). Our
ultimate objective of this study is to develop the curriculum
for the MSIE at Khon Kaen University (KKU) in Thailand to
produce a qualified master's degree graduates and conform the
needs of the industrial sector in the Industrial 4.0 era.

Having ability to create qualified graduates with the
Industry 4.0 requirement skills, the gap between the expecta-
tion of Industry 4.0 and the ability of the current student must
be discovered. This research applied the dimensions that have
been used to assess the readiness of Industry 4.0 as a cognitive
dimension that influences the employment of MSIE graduates
in Industry 4.0 era. Since there are several indicators in each
cognitive dimension, the thirteen experts from thirteen differ-
ent industries will determine the indicators which affected to
the consideration of MSIE job hiring by using a 5-level (1 to
5) measurement of the Likert Scale. The indicators with the
highest score were used to prioritize by the Analytic Hierarchy
Process (AHP) method and then continue to the gap analysis
phase. The gap analysis between the expectation of Industry
and the ability of the current MSIE KKU will be used to im-
prove the master’s degree of Industrial Engineering curricu-
lum for KKU in 2022.

2. Literature review

Since 2015, many researchers have studied about the dimen-
sions which used to evaluate the Industry 4.0 readiness for the
manufacturing companies such as Leyh et al., (2016) McKin-
sey (2016), Schumacher et al. (2016), Chouhan et al. (2017),
Horvat et al. (2018), Machado et al. (2019), Nick et al. (2019)
and Schumacher et al. (2019). The indicator of knowledge,
which is the most important to considerate the MSIE employ-
ment will prioritize using Analytic Hierarchy Process (AHP)
techniques. Thus, this section reviews several previous studies
on AHP technique and gap analysis applications as follows:

2.1. Analytic Hierarchy Process (AHP) techniques

AHP techniques includes three key principles which are hi-
erarchy framework, priority analysis and consistency verifica-
tion. AHP were applied in Multi Criteria Decision Making
(MCDM) problem and found effective in evaluation of the al-
ternatives in order to select a suitable team reader based on
four criteria which are personality type, academic achieve-
ment, team work experience, and previous programming
grade (Muhsin et al., 2015). Including to the evaluation and
selection of suppliers using the specific measures in the auto-
motive industry, an integrated Balanced Scorecard-Fuzzy An-
alytic Hierarchy Process (BSC-FAHP) model was proposed to

51

select the best suppliers (Galankashi et al., 2016). Also, in
marketing, AHP was employed to identify the right strategy
marketing plan for Ghavamin Bank. Determining the priority
of various factors considered by managers which consists of:
economic factors, competition with customers and prospects,
and future plans. Thus, those finding factors should be priori-
tized in the strategy marketing plan (Sadeghpour et al., 2017).
Abdel-Basset et al. (2018) studied an extension of AHP for
strategic planning and decision-making under a neutrosophic
environment, the AHP is able to estimate both qualitative and
the qualitative elements by weighting and ranking. SWOT
analysis and the AHP technique were integrated, called Neu-
trosophic AHP-SWOT Analysis presented to achieve the strat-
egy planning and decision making in real case study of Star-
bucks Company.

Since Industry 4.0 initiatives influence whole business sys-
tem including to Indian manufacturing industry. AHP tech-
nique was also employed to prioritize the recognized key chal-
lenges to Industry 4.0 initiatives and the identified key
challenges for effective Industry 4.0 concepts for supply chain
sustainability in emerging economies. Results of the study
showed that the highest four importance are Organizational
challenges, Technological challenges, Strategic challenges,
and Legal and ethical issues, respectively (Luthraetal., 2018).

Not only industry and business, but AHP also applied to ed-
ucation sector. Creating engineering or professional students
skilled and employable for industries is important mission for
any education institute. Thus, a need of proper understanding
between student, teacher and industry with respect to various
skills and making them consider of various engineering, pro-
fessional and management practices and methodologies must
be discovered. That is why AHP has been used to identify
common perspective on expectations of student, teacher and
industry (Pawar et al., 2019). Putting right men on right job is
one of the employee selections. It is a process of matching or-
ganizational requirements with the employee’s skills and qual-
ifications. Petruni et al., (2019) implemented AHP to support
the evaluation and the choice of a suitable Human Reliability
Analysis (HRA) technique selection by providing a way of as-
sisting safety managers and risk assessors in selecting the right
methodologies for their job and therefore improving the level
of safety within their organization. AHP allows the selected
HRA techniques to be evaluated based on relevant criteria for
an automotive manufacturing environment application. These
prove that AHP has been preferable tool for Multi Criteria De-
cision Making.

2.2. Gap Analysis

A gap analysis is comparison process of actual (current) per-
formance with expected or desired (future) performance. Lee
et al., (2016) proposed the service quality evaluation from the
perspectives of customers, service providers, and managers by
using gap analysis for Taiwanese hotel industry. The service
quality could be clearly measured through gap analysis which
is more effective for introducing direction in developing and
improving service quality. Recently, Industry 4.0 is an issue
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of the current discussing among manufacturing leaders, indus-
trial practitioners, policy makers and researchers. There are
many successful studies applying gap analysis tool to find the
gap skills amongst expectations of industry and higher educa-
tion students’ ability in the context of Industry 4.0. Therefore,
investigating the gap between the expectation of Industry 4.0
employers and the ability of the current MSIE KKU student is
the highly important to improve the curricula.

Dumitrescu et al. (2019) presented a gap analysis for deter-
mining the gap between the required and the actual compe-
tences of students from two universities in Romania. The anal-
ysis results showed various areas of Master programmes’
curricula in industrial engineering that need to be revisied.
Pinzone et al., (2017) studied in the technical skills evolution
under Industry 4.0 era. This provided qualitative insights
gained from an on-going collaborative research project in-
volving a various manufacturing stakeholders in Northern It-
aly (e.g., manufacturing companies, industrial associations,
academic and education experts, recruiting companies, 1T pro-
viders, consultants, etc.) with first indications to discover skill
gaps and initiate capability development. Furthermore, there
were several previous applications on gap analysis in aca-
demic field. Since higher education institutions are more at-
tentive in improving decision-making tools. Those allow them
to estimate the industry expectations and perceptions of engi-
neering graduates’ skill with the aim of attracting and keeping
them satisfied. Ramadi et al. (2016) found the skills that grad-
uates needed most four improvements include communica-
tion, time management, and continuous learning. By applying
gap analysis to discover the gaps between industry expecta-
tions and perceptions of engineering graduates’ skill sets in
the Middle East and North Africa (MENA) region. Those skill
gaps calculated from importance and satisfaction levels for
each skill. In the same period, Pimentel et al. (2016) studied
a gap analysis among employers and engineering versus non-
engineering students. This aims to identify the main gaps be-
tween competencies provided by the traditional education sys-
tem and the missing competencies provided by the employers.
Results of the study found that the employers expect higher
level of personal competencies than the students thought they
have.

Skills gap is defined as the difference between the demand
and the current supplies. In this context, students should be
aware of the needs and relate their abilities to be able them to
meet their future employers’ requirements. Patacsil and Tab-
latin (2017) demonstrated the skills gap methodology, which
was applied the respondent experiences in the internship pro-
gram to measure the importance of the IT skills gap as per-
ceived by IT students and the industry. The questionnaires
were formulated, modified, validated, and tested. The IT stu-
dents enrolled in internship were respondents of the study
while industry partner respondents were the internship super-
visors of the IT students. In this case, the internship IT stu-
dents were selected because of they have a strong record on
the company requirements based on their experience. Then,
affirm that teamwork and communication skills are extremely
important soft skills. However, there was a big range of con-
flict on the hard skills since IT students understood that hard
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skills were essential while industry understood that hard skills
were somehow important. Thus, education institute should
promote the soft skills and hard skills component into the cur-
riculum.

3. Methodology
3.1. Selection of Indicators

This study selected the cognitive indicators that affected the
consideration of MSIE's employment using a mixed qualita-
tive and quantitative research method. For the qualitative re-
search, all dimensions and indicators were analysed from the
literature review using content analysis and inductive analysis.
For the quantitative research, the questionnaire was used as a
tool to weight the significance of the metrics affecting the con-
sideration of MSIE’s employment by 1-5 rating scale, where:

1. refers to indicators that do not affect the employment

considerations,

2. refers to indicators that have little effect on the consid-

eration of employment,

3. refers to indicators that have moderate effect on the

consideration of employment,

4. refers to indicators that have a large effect on the con-

sideration of employment,

5. refers to indicators that have most effect on the consid-

eration of employment.

The data were collected from 13 experts of from difference
industries in Thailand: 1) sugar industry 2) logistics industry
3) plastics industry 4) electronic industry 5) apparel industry
6) automotive industry 7) beverage industry 8) hard disk drive
industry 9) furniture industry 10) consumer electronics indus-
try 11) textile industry 12) packaging industry and 13) food
industry.

3.2. Indicator Priority Analysis by AHP

The indicators obtained from Section 3.1, which ranked in
the first quartile and had average score is between 4.21 to 5.00
points, were prioritized by the AHP method before entering
the gap analysis phase. AHP was invented in the late 1970s by
Professor Thomas Saaty of the University of Pennsylvania. It
is the method to that convert abstract thoughts and feelings
into concrete measurement scale by using the weight values in
the form of numbers. AHP is a widely popular method for
solving MCDM problem decisions and providing accurate de-
cision-making results to match the goal of the decision. The
highlights of AHP are as follows: 1) the decision factor com-
parison performs a pair of comparisons to reduce the confu-
sion of respondents and the consistency of the data throughout
the error prevention analysis 2) AHP can measure the attrib-
utes and decision results in the priority diagram 3) AHP has a
hierarchical structure diagram, which imitate the human think-
ing process, making it easier to use and understand 4) The re-
sult is a number volume, making it easy to rank the importance
and can also compare the results (benchmarking) with other
agencies.



SIRORAT PATTANAPAIROJ, ET AL. / PRODUCTION ENGINEERING ARCHIVES 2021, 27(1), 50-57

Table 1. An exsample of pair-wise comparison matrix of 5 indicators

Indicators
Criterias

Ay Ay As Ay As
Ay 1 Qa2 a3 QA4 Q15
A, 1/a1, 1 az3 Q24 azs
|ndlcat0rS A3 1/a13 1/a23 1 [2EP ass
Ay 1/a14 | 1/az4 | 1/034 1 45

As /a5 | 1/azs | 1/ass | 1/ays 1

Where a;; is member of row i and column j in the matrix
and refers to the importance comparison between the A; and
Aj indicator. In this study, there are 10 indicators. The value
of Aj; is equal 1/a;; while a;; is not equal 0. The points of
pairwise comparison are provided in Table 2.

However, AHP can lead to the inconsistency of comparison,
importance, and pairwise comparison. So, it is important to
check the consistency of the rating scoring between factors
throughout the process. Therefore, using AHP with many al-
ternative decisions may make it difficult to determine the con-
sistency of the decision results. In this study, the analysis hi-
erarchy process consists of the following steps:

1. Set the goals and the criteria for making decisions.

2. Structuring the hierarchy of decisions.

3. Consider comparing the priority of the criteria by pair-
wise comparison. This step is to compare the indicators
affecting decision factors by expressing in the form of
a scale of satisfaction level. The numbers of 1-9 were
used as the quantify preference scale while performing
pairwise comparison as shown in Table 1.

4. Normalized score values in each column of matrix.

Compute the eigenvector of each row.
6. Compute the consistency index (C.l.) using

o

Maximum Eigenvalue—n

C.l.= p— Q)
Compute the Consistency Ratio (C.R.) using
c.I
C.R.= T )

where R. 1. is the random consistency index.

The calculated €. R. must be less than 0.10 to be considered
acceptable. If the C.1. value is less than 0.10, the rating scor-
ing on each indicator is consistent. Eigenvector can be used as
a weight of the importance of indicators. If the calculated C. R.
is greater than 0.10, the comparative weighting must be re-
viewed until an acceptable C.R. is obtained.

1. Prioritize indicators by sorting an eigenvector.
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Table 2. Scale of relative importance used in pairwise comparisons
for AHP

Point Description Imply

Both factors are equally im-

1 Equally important portant

The considered factor is
slightly more important than
the other

3 Weakly important

The considered factor is
more important than another
at a moderate level

5 Essentially important

The considered factor is sig-
nificantly more important
than the other

7 Very strongly important

The considered factor is
more important than the
other at the most

9 Absolutely important

Note: 2, 4, 6, and 8 are intermediate.

3.3. Gap analysis

The indicators from Section 3.2 were used for creating
a questionnaire to collect the results from the MSIE KKU stu-
dents and the respondents who work in industries. The ques-
tionnaire details for the industries were about the expectation
skills of the MSIE graduates under Thailand Industry 4.0 pol-
icy. The questionnaire details for the MSIE KKU students
were about their current ability in each skill. The respondents
from both groups could answer the question by rating a score
of 1-5 for each question, where 1 is the lowest level and 5 is
the highest level. The range of the answers is equal to 5 - 1 or
equal 4, and the distance of the criteria used to define the per-
ceived level score range at each level is 4/5 or 0.80. Therefore,
the average score range for data level interpretation can be
specified as follows:

The lowest level has average score collected from the ques-
tionnaire between 1.00-1.80. Between 1.81-2.60 for low level,
between 2.61-3.40 for middle level, between 3.41-4.20, for
a high level, and between 4.21-5.00 for the highest level.
Then, the gap analysis can be done by considering the differ-
ence between the average scores from the first sample group
and the second sample group.

4. Results and discussion

4.1. The compilation of indicators from the literature
review

Since 2015, there are several researchers have that studied
about the dimensions which used to evaluate the Industry 4.0
readiness for the manufacturing companies. The synthesis of
the dimension components obtained in literature review are
shown in Table 3.
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Table 3. The dimensions used to assess the readiness to be Industry 4.0 from literature reviews

Authors

1) VDEM's
Implus-Stiftung
(2015)

2) Leyhetal.
(2016)

3) McKinsey
(2016)

4) Schumacher et al.

(2016)

5) Confederation of
Indian Industry
(Ch) (2017)

6) Horvat et al.
(2018)

7) Machado et al.
(2019)

8) Nick et al. (2019)
9) Schumacher et al.
(2019)
Frequency

Strategy and Organization

Smart Factory

SN

Smart Operations

(o2}

Smart Products and Se-
rvice

Employees

Data Driven Services o

Technology

Inventory

Quality

Dimensions

Supply-Demand Match

Time to Market

Interfirm Cooperation

Production and Logistics

Leadership

Customers

Culture

Governance

Value Creation Processes

Corporate Standards

R RN G G G G R G [ e

There are 19 dimensions used to determine the components
of the performance indicators to assess the Industry 4.0 readi-
ness. The dimensions that are widely and often used consists
of: strategy and organization, smart factory, smart operations,
smart products and service, employees, data driven services
and technology. The results from many research indicate that
these dimensions are very important to drive the Industry 4.0.
Therefore, developing MSIE student to have the knowledge to
meet the needs of the industry is also important. In this study,
we interpret the indicators in each dimension, except for em-
ployee dimensions, as the cognitive indicator that MSIE stu-
dent should have in Industry 4.0 era.

The sub-indicators can be grouped in each dimension as
shown in Table 4. The article that studied the sub-indicators
were numbered in the parentheses, where:

VDEM's Implus-Stiftung (2015)

Leyh et al. (2016)

McKinsey (2016)

Schumacher et al. (2016)

Confederation of Indian Industry (CII) (2017)
Horvat et al. (2018)

Machado et al. (2019)

Nick et al. (2019)

Schumacher et al. (2019)

CoNoO~wWNPE
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4.2. The cognitive indicators selection

The cognitive indicators were selected from the indicators
have been obtained from 13 experts and have the average of
rating score between 4.21 to 5.00 points. There are 10 indica-
tors that will be used to assess the industry's expectations for
MSIE students and the current potential of MSIE students as
shown in Table 5.

4.3. The prioritizing and analysing the weight of in-
dicators results using AHP

The cognitive indicators, that affect MSIE student employ-
ment considerations, were ranked by 13 experts using AHP
method (section 3.2). These experts were chosen from person
who have worked closely with industrial engineer for more
than 10 years. This ensure that the ranked indicators are the
most relevant to the needs of the industries under Industry 4.0
era. The ranking results is shown in Table 6.
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Table 4. The dimensions detail and sub-indicators

Dimensions

Sub-indicators

Strategy and
organization

- Industry 4.0 strategy (1,5,7,8)

- Investment (1,5,7,8)

- Innovation management (1,5,7,8)

- Roadmap for Industry 4.0 (4,9)

- Adaption of business models (4)

- Available resources for realization (4)

- Implementation of IT in companies (6)

- Product lifecycle management (6)

- Communication of Industry 4.0 activities (9)
- Financial resources to realize Industry 4.0 (9)
- Risk assessment for Industry 4.0 (9)

Smart factory

- Real time data usage (1,5,7,8)

- Digital modelling (1,5,7,8)

- Equipment infrastructure (1,5,7,8)
- IT systems (1,5,7,8)

Smart opera-
tions

- Cloud usage (1,5,7,8)

- Autonomous process (1,4,5,7,8,9)

- Information sharing (1,5,7,8)

- Flexibility of processes (4)

- Decentralization of processes (4)

- Digital modelling and simulation (4)

- Smart energy consumption (3)

- Intelligent lots (3)

- Realtime yield optimization (3)

- Remote monitoring and control (3)

- Rapid experimentation and simulation (3)
- Collaboration of humans and robots (9)

Smart products
and service

- ICT add-on functionalities (1,5,7,8)

- Data analytics in usage phase (1,5,7,8)

- Digitalization of product (2,4,)

- Remote maintenance (3)

- Individualization of products (4)

- Product integration into other systems (4)

- Data processing components in products (9)
- Internet connection of products (9)

- Digital compatibility and interoperability of
products (9)

Data driven
services

- Data driven services (1,5,7,8)

- Share of revenues (1,5,7,8)

- Share of data used (1,5,7,8)

- Automated data collection (9)

- Analysis of collected data (9)

- Databased decision making (9)

- Automated information provision (9)
- Digital process visualization (9)

Technology

- Cloud computing (2,3,4,9)

- 3D-printing (3,4)

- Big data analytics (3)

- Advanced robotics (3)

- Utilization of sensor (4)

- Utilization of mobile devices (4)

- Utilization of M2M communication (3,4,9)
- Technology in R&D and design (6)

- Technology in production (6)

- Technology in purchasing (6)

- Technology in inbound and outbound logis-
tics (6)

- Mobile devices on shop floor (9)

- Sensors for data collection (9)

- Integrated computer in machines (9)

- Integrated computer in tools (9)
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Table 5. The cognitive indicators that will be used to assess the in-
dustry's expectations for MSIE students and the current potential of
MSIE students

Indicators Average | S.D.
Industry 4.0 strategy 4.38 0.65
Communication of Industry 4.0 activities 4.31 0.48
Real time data usage 4.31 0.85
Information sharing 4.23 0.60
Digital modelling and simulation 4.38 0.65
Collaboration of humans and robots 4.46 0.52
Analysis of collected data 4.62 0.51
Databased decision making 4.54 0.66
Big data analytics 4.46 0.66
Technology in inbound and outbound logistics 4.38 0.96
Table 6. The ranking of cognitive indicators
The avg.
Indicators weight of Rank
each
indicator
Industry 4.0 strategy 0.1579 1
S\c/)ir;’ilen’slunication of Industry 4.0 ac- 0.0559 9
Real time data usage 0.0857 7
Information sharing 0.0520 10
Digital modelling and simulation 0.0818 8
Collaboration of humans and robots 0.0985 6
Analysis of collected data 0.1196 2
Databased decision making 0.1148 4
Big data analytics 0.1144 5
e ome |
Sum 1.0000

The results show that the knowledge of Industry 4.0 strategy
is the most important issue for the establishment to consider
MSIE employment, follow by: the analysis of collected data,
technology in inbound and outbound logistics, databased de-
cision making, big data analytics, collaboration of humans and
robots, real time data usage, digital modelling and simulation,
communication of Industry 4.0 activities and information
sharing, respectively.

4.4. The gap analysis results

The 89 industries or employers were asked to rate the expec-
tation knowledge of MSIE graduates under Thailand Industry
4.0 policy according to each knowledge aspect via 10 ques-
tions. The 53 currently MSIE KKU students were asked to rate
their ability using the same 10 questions. The average scores
of each skill from both sample groups were shown in Table 7.
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The results show that the industries or employers expect grad-
uates to have all knowledges almost in the highest level. There
are only two fields of knowledges that are rated as high level
which are communication of Industry 4.0 activities and infor-
mation sharing

For the current ability of MSIE students, there are only four
fields of knowledge that MSIE students have in the highest
level. We can see that the most different in average scores are

the knowledge of collaboration of humans and robots fol-
lowed by big data analytics. The moderate difference average
scores are the real time data usage and databased decision
making. The difference in the average scores from industries
expectation and students’ current abilities are shown in Fig. 1

From Fig. 1, it can imply that the MSIE KKU students still
need to improve the skills in term of the knowledge of collab-
oration of humans and robots, big data analytics, real time data
usage and databased decision making

Table 7. The average scores from the factories and current MSIE students of Khon Kaen University

Factories Students Diff. of Avg.
No. Knowledges
Avg. Score Level Avg. Score Level Score
1 Industry 4.0 Strategy 4.42 highest 4.26 highest 0.15
2 Analysis of collected data 4.34 highest 4.21 highest 0.13
3 Technology in inbound and outbound logistics 4.30 highest 4.36 highest - 0.06
4 Databased decision making 4.27 highest 4.00 high 0.27
5 Big data analytics 4.36 highest 3.89 high 0.47
6 Collaboration of humans and robots 4.31 highest 3.81 high 0.50
7 Real time data usage 4.35 highest 4.06 high 0.29
8 Digital modelling and simulation 4.33 highest 4.43 highest -0.11
9 Communication of Industry 4.0 activities 4.10 high 4.15 high -0.05
10 |Information sharing 3.93 high 3.87 high 0.06
4.50 =
440 \ - "y
1805 S
4.10
4.00
3.90 \‘
3.80
= = e 5 = o 8 3 = o 5 =
& 8 2 .- g 2% s & S 3 :
o < 85 2 = s & 3 - 8o 2
N e B g o g 8 2 o g g - g
o @ B = S g = R g = s g
% o o8 8 84 20 B 5 s =S g% S
5 S s g 82 S 8 Mm O 2 = =3 g8 3 b=
= S8 5 3.3 A8 = 8 o= 835 =
= < 282 ~ =R O 5
=@ Expectation )= Current ability

Fig. 1. Image of a gap between expectation of Industry 4.0 and the abilities of the current MSIE in Khon Kaen University.

5. Conclusion and discussion

Many industrialized countries already started to adapt their
industrial infrastructure to meet the requirements of the Indus-
try 4.0 vision. It is an important task for the higher education
sector to adapt and fulfil the requirements of the Industry 4.0
concepts. The gap between the qualifications of current grad-
uate students and the industry needs is highly important issue
for industrial engineering program. Therefore, the aim of this
study is to find a gap between the qualifications of graduate
students that the industry needs and the ability of the current
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MSIE KKU students. By using the same set of question, in-
dustries and graduate students were asked to rate the expecta-
tion and current skills. The Gap analysis results show that
there are four fields of knowledge that the IE department of
KKU should accelerate the development of the curriculum to
produce master's degrees that meet the industry expectations.

To reduce a gap that was identified, more flexible MSIE cur-
riculum is needed for developing different areas of
knowledge, especially in big data and robotics knowledge.
The curriculum needs to be reviewed and revised. According
to a study on fourteen Industrial Engineering programs (Lima
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et al., 2019), the courses are encouraged to implement more
problem and project-based learning (PBL) to allows different
learning paths for the MSIE students. The development of
both technical competences and transversal competences are
needed to be considered. Additionally, the cooperation be-
tween industry section and education section in developing the
student competences is highly recommended.
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