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Abstract. With the application of emerging advanced technologies in the maritime in-
dustrial revolution, the training of high-level and compound maritime talents is facing
new challenges and requirements. Existing researches lack a comprehensive investiga-
tion outside the traditional professional maritime skillset and lack a detailed analysis
of their impacts on employability. This research hopes to study the relationship between
the employment status and the maritime graduates’ employability to conduct in-depth
discussions on the current maritime graduates’ employability. This research proposed the
improved Apriori algorithm to identify the association rule of the employability indicators
and the employment status. Based on the questionnaire data of the maritime graduate,
this research conducts the analysis of the employability skillset required for different em-
ployment types. The analysis outcome suggests that the improved Apriori algorithm could
identify the important association relationship but have certain limitations. This research
finds that certain employment types emphasize certain employability skills, such as re-
sponsibility and core professional skills.
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1. Introduction. The maritime industry involves the core logistics operation for cargo
transportation worldwide, and its international influence has increased dramatically in
the past decades [1]. With the accelerated application of advanced technologies for the
maritime market, the vigorous development of the maritime industry is inseparable from
the firm guarantee of adequate maritime talent supply [2]. However, the maritime talents’
employability system requires a comprehensive revision to meet the actual industrial re-
quirements, due to the technological revolutions that have taken place in ships, electronic
systems, and automatic control systems [3]. Effectively cultivating comprehensive mar-
itime talent is an important research issue. Overcoming such difficulties and challenges
from the development of the maritime industry requires an adequate and comprehensive
assessment of the current maritime employment status and employability skills. Current
studies on maritime employability commonly focus on analyzing the significance of em-
ployability skills in different scenarios [4]. Those studies lack the analysis of the correlation
between the employability skillset and the general status of the employment market. The
association rule mining has been used to assess education; however, the main research
focuses are on the teaching methods and the improvement of student performance and
attitude [5].
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Association rule mining is an essential method for exploring the relationship in large
datasets across many research domains, including the education analysis [6]. With the
advancement of education digitalization, considerable information and data on the stu-
dents’ performance could be collected for further analysis [7]. Those datasets could contain
certain teaching rules and learning patterns, which could be uncovered by the associa-
tion rule mining. The identified rules could assess the status of the teaching and learning
process and guide the improvement of the education practice. Thus, the association rule
mining for education has received much attention from scholars. Alangari and Alturki [8]
used the data mining technique to assess the performance and its association with stu-
dent attributes such as course grades. Garćıa et al. [9] used the association rule mining to
analyze the web-based course data to obtain the association between student usage and
the course information, thus establishing the course recommendation structure.
The Apriori algorithm is one of the commonly used algorithms for association rule

mining, which has the advantage of easy implementation and intuitive interpretation and
has satisfying performance with large datasets [10]. The core principle of the algorithm is
that if one itemset is the frequent itemset, then all its subsets are the frequent itemset; if
one itemset is not the frequent itemset, then all its subsets are not the frequent itemset.
The algorithm identifies the association rule by finding all the frequent itemset in the
data and then exploring the association rules from the frequent dataset [11]. However, the
algorithm could be slow with a large volume of the dataset, a high dimensional itemset,
or a low support value. The large data volume could generate a large initial data set; the
low support value could result in a more frequent itemset for each iteration, and the high
dimensional dataset could result in significantly more iterations [12]. Also, with a large
number of frequent itemsets and many transactions, the algorithm requires significant
computing resources such as CPU and memory [13]. Therefore, the Apriori algorithm
requires improvement based on the specific task to achieve the desired outcome.
This study aims to identify employability skills by analyzing the employment question-

naire data with the improved Apriori algorithm. The improved Apriori algorithm proposed
by this study has simplified the candidate generation method based on the structure of the
questionnaire to improve the algorithm efficiency. This study also designed the self-adjust
minimum support generation method to improve the accuracy of selecting the association
rules. With the improved Apriori algorithm, this study has identified the association rule
between employability skills and certain employment types. The identified association
rules are further analyzed to explore the employment pattern of the current employabil-
ity demands. The contribution of the research is two-fold: the first contribution is that
the proposed Apriori algorithm could improve the employability analysis efficiency; the
second contribution is that the association rules guide the development of the students’
employability towards the requirement of the employment market. Following this intro-
duction, the proposed Apriori algorithm for questionnaire analysis is presented in Section
2; Section 3 outlines questionnaire design and data collection as the context of the data
analysis; Section 4 presents the detailed analysis process and the identified association
rules; Section 5 discusses the employability demands based on the identified rule and the
limitation of the algorithm. The last section concludes this study.

2. Proposed Apriori Algorithm for Questionnaire Analysis.

2.1. Apriori algorithm design. The essential process of the Apriori algorithm is about
calculating the support value and the confidence value. The frequent set is identified by
finding all the items meeting the support and confidence threshold. For different items
(X and Y ), support for item X is the ratio of item X in all itemset.

Support(X,Y ) = P (X, Y ) =
number(X, Y )

number(All sample)
(1)
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The confidence of the generated association rules from the frequent itemset is the ratio
of the number of occurrences of items containing both X and Y to the number of the
occurrences of items containing X:

Confidence(X,Y ) = P

(
Y

X

)
=

P (X, Y )

P (X)
=

number(X, Y )

number(X)
(2)

The basic process of the algorithm is

• Identifying all the items which fit the parameter k = 1, and conducting dataset
scanning to determine the support value for each k = 1 item,

• Identifying the k = 1 itemset with support higher than the minimum support as the
frequent itemset to obtain the frequent set S(k = 1),

• Generating new candidate k itemset using the frequent set S(k − 1) from last itera-
tion,

• Rescanning the dataset to determine the support value for each k itemset candidate,
• Identifying the k itemset candidate with a support value higher than the minimum
support, and forming the frequent set S(k), and

• Continuing the iteration until the algorithm does not generate a new frequent item-
set.

2.2. Improved candidate generation method. One of the significant limitations of
the Apriori algorithm is that the generation of a large number of itemset leads to a
significant computation burden of scanning the database to calculate the support value for
each generated itemset. This research proposes a new approach to generating the itemset
according to the questionnaire setting and the research objective of this research. This
research intends to study the employability skills that are highly demanded for different
types of employment enterprises; therefore, the itemset generating has the following rules:
From the second iteration, the itemset candidate should only contain one item from the
employability indicator itemset “I” and contain one or several items from the background
variable itemset “B”. For the latter iteration, due to the limited size of the background
set “B”, each itemset generated in the iteration produces fewer itemset than the original
algorithm. The generation processes are

• Generating the itemset candidate with the standard itemset generation method,
• Checking if the itemset’s intersection between the background set “B” is not empty
and between the indicator set “I” has only one element, and

• Outputting the filtered itemset.

2.3. The automatic support threshold generation method. The Apriori algorithm
requires the users to set up the minimum support value and the minimum confidence value
as the selection criteria. The selection of those criteria thresholds requires experience in
algorithm implementation and in-depth knowledge of the study subject. However, for
many researchers in the education field, determining the suitable criteria thresholds could
pose a challenge. Thus, this research proposes auto-generating the minimum support value
based on the attribute of the datasets to effectively and adequately identify the frequent
itemsets. The minimum support is calculated by calculating the mean of each item’s
support plus the standard deviation of the support values. The Support[i] is the support
value of item i. N is the total number of items.

Mean =

∑N
i=1 Support[i]

N
(3)

Standard deviation =

√∑N
i=1(Support[i]−Mean)2

N − 1
(4)
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Both the new itemset candidate generation and the self-generated minimum support val-
ues are used for each Apriori algorithm iteration. Since the modifications of the Apriori
algorithm just concerns the generations of the itemset candidates and the criteria thresh-
olds, the main workflow of the algorithm remains unchanged.

3. Questionnaire Design and Data Collection.

3.1. The design of the maritime employment questionnaire. The questionnaire is
based on multiple questionnaires for student capability measurement from Dalian Mar-
itime University. The structure of the questionnaire influences the candidate generation
method proposed in this paper. The questionnaire contains two parts. The first part is the
participants’ background information, and the second part requires respondents to assess
and score the importance of various employability indicators. There are four catalogues
for the background information: the studied major (nautical science, marine engineer-
ing, electronic and electrical engineering), geographical origin (coastal provinces, inland
provinces), employer type (state-owned enterprise, private enterprise, enterprise dispatch-
ing labour abroad), and employer size (large, medium, or small enterprises). There are
14 employability skills which are listed in Table 1. The questionnaire adopts the Likert
5-point scale as the test method to score the corresponding employability indicators.

Table 1. Initial employability indicator system for maritime graduates

Primary indicator Secondary indicator Index

Personal qualities

Adaptability I1
Learning and self-development capability I2

Critical thinking I3
Responsibility I4

Foundational capability

General management capability I5
Language skills I6

Teamwork and communication capability I7
Problem-solving capability I8

Professional capability

Nautical competence I9
Equipment operation and maintenance capability I10

ICT skills I11
Cargo management capability I12

Maritime business skill I13
Implementation of international conventions I14

3.2. Data collection. This research conducts a large-scale survey to explore the char-
acter of employability indicators. This paper selects a wide range of companies hiring
maritime graduates recruitment for the large-scale survey, including state-owned compa-
nies, private companies, seafarer dispatch agencies, and other types of companies. The
questionnaires are distributed through the alumni association, employment, and other
related organizations of Dalian Maritime University. Personals are invited to participate
in the online survey anonymously. The questionnaire survey started in August 2019 and
ended on October 31, 2019; a total of 2,354 questionnaires have been received. After the
questionnaires were retrieved, preliminary sorting was carried out to eliminate 742 invalid
questionnaires. There were 1,612 qualified questionnaires with an effective questionnaire
recovery rate of 68.48%.
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4. Data Analysis.

4.1. Data formatting and parameter setting. The data of the questionnaire adopt
the 5-point scale, which is not suitable for the algorithm; thus, the questionnaire data
is formatted according to the algorithm design. The core principle of the formatting is
about transforming the numerical data into text data with the indication of the question
index. There are two sections of the questionnaire: one for background questions and one
for employability indicators. For the answers to background questions, the letter “B”, the
question number and the letter for the answer are used to form the text data (for example,
B1 A). For the employability question, the 5-point scale is interpreted with the following
methods. The scores of 4 and 5 are regarded as important for the corresponding employ-
ment type and marked with the text “I” in the formatting; The score of 3 is regarded
as neutral and marked with “N”; the scores of 1 and 2 are regarded as not important
and marked as “NI”. Therefore, the letter “I”, the question number, and the text label
are used to form the text data (for example, I1 important). The questionnaire data are
exported and formatted with excel. A sample for the data formatting is demonstrated
in Figure 1. The only parameter required for the analysis is the minimum confidence to
identify the strong association rules.

Figure 1. The example of the formatting of the questionnaire data

4.2. Identified frequent items and rule generation. After the data formatting, the
questionnaire data is processed with the improved Apriori algorithm. The support value
threshold is automatically generated with the designed formula and outputted by the
algorithm. The minimum support value generated is 0.54025. With the support value
threshold of 0.54025, the improved Apriori algorithm outputs a total number of 7 frequent
items, which are listed in Table 2.

Table 2. The frequent itemset identified from the improved algorithm

No Frequent items Support
1 (B1 1, I9 important) 0.55087
2 (B3 1, I4 important) 0.54156
3 (B3 1, I9 important) 0.54218
4 (B3 1, I10 important) 0.54777
5 (B4 1, I4 important) 0.55769
6 (B4 1, I9 important) 0.56638
7 (B4 1, I13 not important) 0.54404

Then the association rules are generated from the frequent itemset. The association
rules with a confidence level of over 0.7 are listed in Table 3. All association rules from
the identified frequent itemsets have a high confidence level with a minimum of 0.75. The
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Table 3. The association rules generated from the frequent itemset

No Antecedent Consequent Attitude Support Confidence
1 Nautical science Nautical competence important 0.5508685 0.8671875

2
State-owned

Responsibility important 0.5415633 0.75649913
enterprise

3
State-owned

Nautical competence important 0.5421836 0.75736568
enterprise

4
State-owned Equipment operation and

important 0.5477667 0.76516464
enterprise maintenance capability

5 Large enterprises Responsibility important 0.5576923 0.78105995
6 Large enterprises Nautical competence important 0.5663772 0.79322328
7 Large enterprises Maritime business skill not important 0.5440447 0.76194613

high confidence level suggests that the questionnaire data have strong association rules.
The identified association rules are mainly related to the employment types of state-owned
enterprises and large enterprises.

5. Result Discussion.

5.1. The demands of employability indicators from different employment ty-
pes. From Table 3, the state-owned enterprises favour the employability skills of respon-
sibility, nautical competence, and equipment operation and maintenance capability. Most
enterprises value responsibility as maritime logistic operations have the characteristics
of long operation duration, harsh operating environment, and high reliance on machin-
ery. Therefore, the association rule related to responsibility is expected. The other two
indicators are the professional skillset of the maritime major associated with nautical nav-
igation and the equipment operating, which are also the essential aspect of the maritime
operation. For the large-size enterprises, the identified association rules are similar to the
state-owned enterprise, containing the responsibility and the professional skillset. These
rules suggest that the core requirements of different enterprise types are quite similar.
However, large enterprises also have one interesting rule: large companies do not value
the maritime business skill for graduate employment. As the maritime industry becomes
integrated, the general thinking is that business knowledge could be the basic requirement
to promote stable and efficient operations. Thus, business skills could be valuable for some
enterprises. However, the large enterprise could have significantly more employees, which
means that the large enterprise could afford specific personnel to handle the business
routine. Therefore, the requirement of graduates in maritime business skills is reduced.
For the other two background information types, the Apriori did not produce important
association rules. The algorithm detected that the employment type of nautical science
emphasizes professional nautical competence. Such an outcome is expected as it is a ba-
sic professional skill for that employment type. The location of the maritime enterprise
does not appear in the frequent itemsets and the association rules, which means that the
enterprise location does not lead to any specific requirement of the employment market.

5.2. The limitation of applying Apriori algorithm to questionnaire data. The
Apriori algorithm does not generate certain expected outcomes, such as the commonly
acknowledged rules that the internationally based enterprise values a high level of language
skill. The lack of those expected rules could be explained by the questionnaire participants
not being evenly distributed across the background types. For example, most employment
in the Chinese maritime market is in the catalogue of state-owned enterprises, which
accounts for over 75% of the participants. The participants from enterprise dispatching
labour abroad only accounts for about 12%. Thus, the item “B3 3” will not be identified
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as frequent, and all association rules regarding the enterprise dispatching labour abroad
will not be detected with the current analysis setting. It can be concluded that the Apriori
algorithm only identifies the common association relations and ignores the less common
and important relationship in the datasets.

6. Conclusion. This research proposes an improved Apriori algorithm to study the em-
ployability skill demands of different employment types. The results show that the pro-
posed Apriori algorithm could effectively identify the association rule from the educational
questionnaire data. However, the algorithm has the issue of cannot identify the association
relationship in the minor data category. Therefore, the application of Apriori algorithm
has the potential in questionnaire data analysis but requires further improvement. The
association relationship finding of this research could help improve the employability cul-
tivation of the maritime graduate to meet the need of different employment types. Further
research directions could be optimizing the generating rules of minimum support value
for more accurate rule detection and improving pattern matching method to reduce total
database scan over the whole calculation.
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