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Abstract 

Maritime accidents are complex processes in which many factors are involved and contribute to accident 

development. In order to capture underlying factors in accidents, countries adapted an accident investigation 

system with the aim of learning from these rare events and prevent similar occurrences in the future. Often these 

accident investigation reports are converted into databases, which lack a concise and user-friendly classification 

system, as a result there are a lot of inadequacies in data-collection and tagging procedures. Therefore, the authors 

propose to apply an approach to classify human factors (HFs) appeared in past maritime accidents, aiming to 

develop a set of HFs categories which can be used for accidents learning. For this purpose, an accident database 

was obtained and a two-stage approach is adapted to conduct analysis: first, an open card-sorting case study is 

organised to group the HFs extracted from an historical accident database. Second, a hybrid card-sorting method 

is utilized to fully achieve the classification of HFs. Our study revealed issues where HFs are weakly defined and 

similar factors are duplicated by investigators who populate the database. High level categories were developed 

and presented which covers great majority of HFs concerns involved in accidents. 
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1. Introduction 

Review of available literature reveals that human factors (HFs) have always had a high contribution into past 

accidents in diverse strategic sectors (i.e. aviation or nuclear) (Azadeh & Zarrin, 2016). Maritime industry is no 

exception; various authors have studied the role of HFs in past accidents. They believe that around 80% of 

maritime accidents are attributable to human error (Graziano, Teixeira, & Guedes Soares, 2016; Navas de Maya, 

Kurt, & Turan, 2018; Turan et al., 2016). Some studies have found human-factor contributing as high as 96% 

(Rothblum, 2000). Despite all  research efforts of the past several decades to address HFs efficiently, it is still 

very difficult to precisely specify HFs responsible for maritime accidents (Jeong et al., 2016). 

With the aim to better understand and address the HFs, one of the most significant measures that the maritime 

sector has implemented is the investigation of ships’ accidents by expert, and by extension, the communication of 

findings to the authorities. This procedure is also encouraged and addressed  by the international legislations (e.g. 

UNCLOS or SOLAS) (Kececi & Arslan, 2017). Yet, there is a lack of consensus between maritime organizations 

responsible of accidents investigations. Each organization has a unique data-collection procedure and 



2 
 

nomenclature to define accident-contributing factors, which makes it extremely challenging to find common 

human factors across diverse accident databases. In order to understand and analyse accidents meaningfully, it is 

essential that the information regarding the sequence of events and related HFs is available. Unfortunately, 

accident databases for the maritime domain have not reached to their full potential in this respect. HFs identified 

in most accidents, usually, do not match the reality of the accident, as they are inconsistently recorded and lack a 

clear description. This is mainly attributable to the absence of a well-defined human-factors structure, which could 

allow accident investigators to relate each maritime accident to the most likely HFs. Such as, structure should also 

allow us to identify the HFs having high contribution into accidents. So that efforts and resources may be invested 

to develop strategies to mitigate such HFs to improve overall maritime safety. 

This paper collects and analyses information about HFs considered to be involved in past maritime accidents from 

MAIB historical accident database. Above mentioned accident database investigates marine accidents involving 

UK vessels worldwide and all vessels operating in UK territorial waters, covering a period from 1990 to 2016. 

Thus, aforementioned database follows the European Marine Casualty Information Platform (EMCIP) taxonomy 

(EMSA, 2016), which in line with the Event and Contributing Factors Analysis (ECFA) model (Buys & Clark, 

1978). Within EMCIP taxonomy, accidents are investigated depending upon their severity, following a process in 

which certain human contributing factors listed within EMCIP taxonomy are identified as responsible for the 

accident. Nevertheless, above-mentioned human contributing factors often lack a clear and concise definition; 

hence, accident investigators might wrongly assign them when selecting the most influential human contributing 

factors in an accident scenario. Therefore, the purpose of this research is to understand HFs’ structure and 

nomenclature of MAIB database, so as to develop a set of more generic and better-defined human-factors groups 

by applying card-sorting technique. Experts of accident investigations, HFs and ship operations were invited to 

participate in this study to achieve afore-mentioned human-factor classification. 

The paper begins with a review of previous studies on HF classification and their contribution into maritime 

accidents followed by a review of card-sorting method, encompassing its definition, application and available 

techniques to analyse results. In Section 2, the methodology is explained. Results and discussion are outlined in 

Section 3 and 4 respectively. Finally, Section 5 concludes the paper. 

2. Literature review 

2.1- Previous studies on human-factor classification and contribution into accidents in the 

maritime sector 

In recent years, various  researchers have conducted numerous studies to identify and successfully classify and 

evaluate the contribution of HFs into past maritime accidents. There appears to be three major approaches. Firstly 

and perhaps the most commonly applied techniques to analyse and classify HFs is the Human Factor Analysis 

and Classification System (HFACS)that aims to identify latent human errors. It has been successfully applied for 

accident analysis in numerous fields (Luo & Shin, 2016). Secondly, Human Reliability Assessments (HRAs) is 

employed to predict human errors, while allowing the adoption of human element within the risk framework 

(Kirwan, 1996; Smith, Veitch, Khan, & Taylor, 2017). Lastly, a less heuristics and more data intensive approach 

is the statistical analysis. 
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HFACS method was originally designed for military aviation with two purposes. Firstly, to facilitate HFs accident 

investigation and secondly, to underline the causes of human error and analyse them. HFACS has been 

successfully applied to other strategic industries such as civil aviation, railway, mining (Chauvin, Lardjane, Morel, 

Clostermann, & Langard, 2013) and maritime (Luo & Shin, 2016). Chauvin et al. (2013) analysed maritime 

accidents by applying the HFACS method, identifying Situational Awareness (SA) and a deficit of attention as 

significant HFs leading to collision accidents. Yıldırım, Başar, and Uğurlu (2017) assessed grounding accidents 

by applying HFACS, highlighting that insufficient communication or a lack of procedures strongly related to 

grounding accidents. HFACS-based techniques have also been developed and applied to specific accident-

scenarios in the maritime sector. For example, Chen et al. (2013) developed and applied an HFACS-based method 

specifically designed for the maritime sector (i.e. HFACS-MA). Moreover, Celik and Cebi (2009) proposed to 

create an HFACS based on a fuzzy analytical hierarchy process, and Schröder-Hinrichs, Baldauf, and Ghirxi 

(2011) adapted HFACS to the machinery spaces on ships (i.e. HFACS-MSS). Although, HFACS has a strong 

theoretical foundation (i.e. it is based on Reason’s ideas and theory), it presents some limitations. HFACS has 

industry restrictions. As it was designed to analyse the causes of aviation accidents, some categories within this 

model are not applicable to other sectors. Hence, HFACS presents a remarkable lack of versatility. For example, 

psychological factors can be identified by interviewing relevant personnel when applying HFACS, however, these 

will be limited due to the subjectivity of interviews’ results (Fu, Cao, Zhou, & Xiang, 2017). Moreover, HFACS 

limits the scope of investigation to a predefined taxonomy and organization, hence, it will be altered in each 

accident outcome or scenario being modelled. 

Apparently, HRAs can be divided into two different generations. First generation associates the concept of human 

error with people's deficiencies. On the other hand, second generation of HRAs is characterized by approaching 

human behaviour to risk analysis, requiring a more complex and integrating model validation and Performance 

Shaping Factors (PSFs) (Yang, Bonsall, Wall, Wang, & Usman, 2013). Within the scope of the maritime sector, 

the second generation CREAM method is a widely used HRAs. For instance, Zhou et al. (2017) applied an 

enhanced CREAM method by incorporating stakeholders-graded protocols to a tanker shipping safety. Ung (2015) 

developed a weighted CREAM model to analyse maritime human reliability. Recently, Zhang, He, Chen, Chu, 

and Fan (2019) applied a Predictive Mean Vote (PMV)-CREAM to perform a dynamic human reliability 

assessment to manned submersibles. Ung (2019) applied fault tree analysis and modified fuzzy Bayesian 

Network-based CREAM to evaluate the human error contribution to oil tankers. Majority of the aforementioned 

HRA applications use expert judgment, as contribution of a human element to an accident is difficult to quantify 

numerically. However, incorporation of expert judgment makes the results somewhat subjective. Alike HFACS, 

HRAs are designed for a specific sector or scenario. This limitation does not allow creating a generic model, 

which could apply to all maritime accident. The necessity to model a new scenario for each case study is time and 

cost consuming. Thus, there is a lack of a general purpose technique, which could be applied to any accident 

scenario, to identify and quantify the main HFs contributing toward the maritime accident. 

Several researchers have used statistical analyses to identify accident contributing-factors (Bye & Aalberg, 2018; 

Eliopoulou, Papanikolaou, & Voulgarellis, 2016; Navas de Maya, Ahn, & Kurt, 2019; Papanikolaou, Bitha, 

Eliopoulou, Ventikos, & Engineering, 2014; Ventikos, Papanikolaou, Louzis, & Koimtzoglou, 2018; Yıldırım et 
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al., 2017). However, aforementioned efforts of statistically modelling the relationship between contributors and 

accidental outcomes have been very challenging due to data type and inconsistency in its collection procedures. 

2.2- Review on card-sorting method 

Card-sorting method is a qualitative technique that was developed in 1980s (Tullis, 1985). However, it was not 

until early 2000s that it got popular as a user experience design method (Hudson, 2012; Sinha & Boutelle, 2004). 

Since “card sort” technique is around for quite some time (Rugg & Petre, 2007), it has several definitions. 

According to Paul (2014), card-sorting is a method to elicit people's underlying mental models about a conceptual 

domain. Faiks and Hyland (2000) define it as a qualitative technique, where participants sort cards into piles 

according to their own perceptions. Card-sorting method is easy to replicate (Faiks & Hyland, 2000), and allows 

saving of resources (e.g. time, funds and a large number of participants) (Nicholson, 2016). It has become a 

popular information architecture method in the past decade (Paul, 2014). 

Traditional card-sorting techniques involve sorting a set of pictures, objects or labelled cards into distinct 

categories (Faiks & Hyland, 2000; Fincher & Tenenberg, 2005; Rugg & Petre, 2007). A card-sorting study may 

be conducted in various ways. However, the general methodology is similar for all cases (Paul, 2014). First, a set 

of concepts (i.e. cards), which represent a research domain are created. Second, participants are asked to sort these 

cards into different groups based on their own interpretation. Groups may be predefined by the researchers (i.e. a 

closed card-sort study), or they may be created by the participants (i.e. open card-sort study). Alternatively, a 

combination of both is also possible; where some groups are predefined but participants are allowed to create 

additional groups (i.e. a hybrid case study). Third, participants name the groups based on the topic they represent 

(only applicable to open or hybrid card-sorting case studies) (Nicholson, 2016; Paul, 2014). 

Being easy to conduct, card-sorting has been successfully applied in various domains with diverse objectives. For 

instance, Eppler & Platts (Eppler & Platts, 2007) used it to explore people’s mental models of classifying 

visualization methods. It has also been applied for task analysis of geo-visualization tools and interactions (Lloyd, 

Dykes, & Radburn, 2008). Briefly, card-sorting has been used as a tool in marketing, computer science, and 

psychological investigations (Duncan, 2012). Dimensional Change Card Sort (DCCS) and Wisconsin Card Sort 

(WCS) are widely used in neuroscience, neuropsychiatry and psychology, and the Pediatric Activity Card Sort 

(PACS) is commonly used as an occupation based assessment tool (Bialystok & Martin, 2004; Haaland, Vranes, 

Goodwin, & Garry, 1987; Laws, 1999; Zelazo, 2006). 

As such, card-sorting data can be analysed using both, qualitative and quantitative methods (Paul, 2014). 

However, the most common methods to analyse card-sorting data are qualitative in nature (Fincher & Tenenberg, 

2005; Righi et al., 2013).Qualitative methods strongly rely on designer’s intuition and interpretation. A qualitative 

analysis is mainly focused on understanding the topics created by each participants, and the cards grouped under 

each topic. Traditional techniques include manually analyzing and understanding the agreement of group and 

topic naming, the meaning of the topics, the relationships between groups, the context of participant use, or the 

domain of use (Deibel, Anderson, & Anderson, 2005; Paul, 2014; Sanders et al., 2005). One of the widely used 

qualitative techniques is topic normalization, which consists of merging similar participant-created groups (i.e. 

groups with a similar terminology) into a single topic for further analysis (Paul, 2014). However, qualitative 

analysis is a manual, time-consuming process that trades off analysis effort with a rich understanding of the data 
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(Paul, 2014). On the other hand, quantitative analysis methods include descriptive and statistical techniques. 

Descriptive methods examine the shape of the data, such as the number of groups and number of cards within 

groups (Deibel et al., 2005), while statistical methods assess the significance of features within the data (Deibel 

et al., 2005; Sanders et al., 2005). 

Card-sorting technique offers numerous advantages. To begin with, it is easy to conduct and repeat, as instructions 

are simple for the organizer and the participants. Also, the card-sorting sessions have minimal set up cost. It is a 

well-establish discipline amongst usability professionals in various domains (Duncan, 2012). More importantly, 

card-sorting procedure generally involves end users, which provide insight into users’ mental models (Eppler & 

Platts, 2007). Nevertheless, card-sorting method do have certain limitations. Firstly, it may produce varied results; 

hence, the card sort may fail to provide consistent results between participants, or the results may vary widely. In 

addition, the analysis of the results is time consuming. Although the setup of the card-sorting session can be 

achieved quickly, the data analysis stage can be extensive, complicated and time-consuming, particularly if the 

results are inconsistent. Lastly, if the labels are not chosen in the context of a specific study, the ability of the 

labels to represent meaning is reduced or eliminated. 

3. Methodology 

As mentioned in the previous section, establishing improved human-factors structure would facilitate accident 

investigators to identify and assign HFs involved in maritime accidents, more efficiently. Hence, classifying HFs 

from an accident database into generic, yet clearly defined HFs groups is the objective of this study. Firstly, a 

historical accident database was obtained and analyzed to identify the HFs reported to be likely contributors in 

past accidents. Secondly, an open card-sorting case study was created to group the aforesaid HFs into more generic 

and better-defined new HF groups. Special attention was given to the selection of participants so as to obtain more 

reliable results. Thirdly, the results were analyzed qualitatively (i.e. topic normalization and expert opinion 

analysis were conducted) and quantitatively (i.e. statistical analysis and co-occurrence analysis). A total of eleven  

HFs groups were created, where participants had successfully sorted the majority of initial HFs (78 out of 94 in 

number) from the accident database. Thereafter, a new hybrid card-sorting case study was created for the 

classification of unsorted HFs. The results of the study were analyzed by applying statistical techniques. In that, 

the proposed human-factors classification was compared with the results obtained from the co-occurrence 

analysis, aiming to re-define the classification and to validate the results. In addition, field experts’ judgments 

were used to assess and fine-tune the newly proposed HFs’ classification. Figure 1 shows the procedure adopted 

to develop the new human-factor classification structure proposed within this study. 
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Figure 1. Classification of human factors flowchart 

Finally, the reliability and the validity of this study were assessed in the discussion section by applying the 

triangulation method, which can be of three types as follows: methodological, expert and theoretical. The 

methodological triangulation relies on using several instruments to get the information, aiming to obtain similar 

results through different ways. The expert triangulation relies on asking certain experts about the suitability of the 

research methodology. In addition, the theoretical triangulation consists on comparing the qualitative results with 

previous literature (Flick, 2018). 

4. Results 

4.1- Data selection, identification of human factors 

In order to fulfil the aims of this paper, an accident database, which registers marine accidents involving UK 

vessels worldwide and all vessels operating in UK territorial waters between 2011 and 2016 was obtained from 

Marine Accident Investigation Branch (MAIB) and analyzed. This period was selected as MAIB started recording 

HFs using European Marine Casualty Information Platform (EMCIP) nomenclature in 2011. The database was 

found to contain ninety-four HFs, likely to be responsible for maritime accidents. A list of these HFs is displayed 

in Table 1. 

Table 1. Initial list of human factors identified from the MAIB accident database 

No Human factor No Human factor No Human factor 

1 Anthropometric factors, dimensions 33 Inadequate promotion of Safety 65 
LTA* physical/ 

physiological capability 

2 Audit 34 
Inadequate standards or 

specifications 
66 LTA* planning 

3 Checks 35 Inadequate testing 67 
LTA* Safety plan and 

program 

4 
Conflicting orders, cross-pressure 

(ex. master’s standing orders) 
36 Inadequate training program 68 

LTA* System review and 

evaluation 

5 Contingency plans not updated 37 Inadequate work methods 69 Management training 

6 Cowboy attitudes, horseplay 38 
Inadequate work preparation 

(ex. passage plan) 
70 

No review or critical tasks / 

operations 

7 Crisis handling 39 Inappropriate peer pressure 71 
Person-to-person conflict / 

animosity 

8 
Cross-pressure from schedule & 

economy 
40 Inappropriate regulations 72 

Pressure to keep schedule 

and costs 

9 Design (DESIGN) 41 Inspection 73 Regulation 
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No Human factor No Human factor No Human factor 

10 Design error 42 
Lack of communication & 

coordination 
74 Regulatory procedures 

11 
Deviation from 

standards/specifications 
43 Lack of co-ordination of tasks 75 Regulatory standards 

12 Display design, controls 44 

Lack of information, 

inadequately presented 

information 

76 Resistance to change 

13 Emergency plans 45 Lack of knowledge 77 Restricted fairway 

14 Emergency procedures 46 Lack of leadership 78 
Right tools and equipment 

unavailable 

15 Emergency training program 47 Lack of maintenance 79 
Safety awareness, cutting 

corners 

16 
Expectations of supervisor is 

unclear 
48 Lack of motivation/morale 80 Sea motion 

17 Failure not detected during IMR* 49 Lack of priority to IMR* 81 Selection/training of officers 

18 Follow-up of non-conformities, 50 Lack of resources 82 
Social & cultural barriers & 

conflicts 

19 Frequent change of watch schedule 51 
Lack of responsibility for own 

job 
83 Supervision (SUPER) 

20 Hazardous/ messy workplace 52 Lack of skill 84 Supervisors not in touch 

21 Health control of personnel 53 Lack of warning systems 85 Surveillance 

22 Hiring and selection policy 54 
Lacks initiative to deal with 

emergencies 
86 

Too high work load / low 

work load 

23 Idleness, waiting 55 Language problem 87 
Too low visibility for 

observation 

24 
Improper performance of 

maintenance/ repair 
56 Lifesaving equipment 88 

Traffic density hinders vessel 

control 

25 Improper supervisory example 57 
Long working periods, much 

overtime 
89 Training ignored 

26 
Inadequate briefing, instruction (ex. 

passage briefing plan) 
58 Low job satisfaction, monotony 90 

Unclear roles and 

responsibility 

27 
Inadequate control of life saving 

equipment 
59 

LTA* assessment of needs and 

risks 
91 Use of wrong equipment 

28 Inadequate fighting equipment 60 
LTA* communication (oral, 

written/read and visual) 
92 Work instruction 

29 Inadequate illumination 61 LTA* design verification 93 Work place inspections 

30 Inadequate maintenance 62 
LTA* Formal safety 

assessment, risk analysis 
94 Wrong person assigned 

31 Inadequate manning 63 
LTA* medical services 

provided 
* 

IMR (Inspection, 

Maintenance and Repairs) 

32 Inadequate procedures and check 

lists (ship/port, maintenance, 

company, emergency, other) 

64 
LTA* mental and 

psychological state 
* LTA (Less than Adequate) 

 

4.2- Open card-sorting case study 

To begin with, an open card-sorting case study was initiated, to combine the HFs found in the accident database 

into new and improved HFs groups. Participants with experience in relevant fields for this study (e.g. HFs, 

accident investigation or ship operations) were invited with the aim to obtain reliable results. Aforementioned 

participants were selected from diverse geographical areas, to capture social and cultural differences in maritime 

operations and procedures. The card-sorting case study was held in two phases. In the first phase, a workshop was 

organized, which allowed to obtain two set of answers (“Participant1” and “Participant2”). In the second phase, 

an online open card-sorting case study was launched to reach experts with extensive experience of maritime 

accidents investigations and knowledge on its database. Resultantly, two additional set of answers were collected 

(“Participant3” and “Participant4”). 
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Regarding the first phase, initially, twelve experts were invited to attend a half-day workshop. Skilled and 

experienced people were selected to increase reliability of the results. However, ten experts attended and 

contributed their expertise to the workshop. Figure 2 provides an insight into the participants’ background. Some 

participants had experience in more than one field; therefore, Figure 2 shows both, the main area of expertise of 

each participant, and the accumulate experience of the participants (i.e. a participants with experience as a seafarer 

and academic experience is represented in both groups). When some experts are more credible than others, their 

contribution must be multiplied by a coefficient, wi, before combining it with other experts’ opinions, to improve 

reliability. Nevertheless, many authors in the literature have also defended the use of wi=1 (Taber, 1987) as there 

is no agreed standard-way of defining such weightings. Since, the participants of this study had relatively similar 

credentials and expertise areas, unitary weighting was used for each participant. 

 

Figure 2. Background of participants 

In this study, measures were taken to conduct the workshop ethically. Workshop attendance was voluntary and 

participants were informed that data would be analyzed for educational purposes. Thus, to maintain anonymity 

and confidentiality, names were not recorded, and only numbered tags identified participants. 

The workshop was held at Strathclyde University on 21 March 2019. It consisted of three parts or steps. First, a 

description form was provided to each participant, highlighting the objectives and the structure of the workshop. 

Second, a presentation to the participants of the workshop objectives as well as a description of the card-sorting 

method was provided. This presentation was followed by a brief introduction of all experts to identify their main 

area of expertise. Based on the number and experience of each expert, two different groups (“Participant1” and 

“Participant2”) were formed to sort the HFs found in accident database. Each group had a similar distribution in 

terms of background and work experience. The purpose of creating two different groups was to examine if groups 

of experts with similar expertise would classify HFs in a similar way. Finally, a feedback form was given to each 

participant to obtain further comments and recommendations. 

Participants reviewed and sorted the ninety-four HFsinto improved categories using card-sorting technique. 

Although this activity could be carried out using a card-sorting software, it was decided to use physical cards. Use 

of real cards allowed each member to interact with the group, sharing his/ her ideas to classify each HF. A set of 

ninety-four human-factors descriptive cards were given to each group. These cards showed the number of each 
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HF, and the title of each HF appeared in bold text. Finally, with the aim to provide additional information about 

each HF, especially for those cases where the HF is not self-explanatory, one or two examples were provided at 

the bottom of each card. These examples were extracted directly from accident investigators’ comments recorded 

within the accident database. Figure 3 shows as an example the groups created by “Participant1” during the 

workshop session. 

 

Figure 3. Groups created by “Participant1” 

Regarding the second phase, an online open card-sorting case study was created using Optimal Sort software to 

remotely reach additional experts (“Participant3” and “Participant4”). Following the same structure as the 

workshop, the online case study included descriptions of ninety-four HFs from the historical accident database. 

4.3- Analysis of results 

Aiming to analyze the results obtained from the open card-sorting session, a set of qualitative analysis were 

conducted starting with topic normalization. In that experts reviewed the groups formed by the participants to 

merge the groups with similar terminology into single HF category. Moreover, expert opinion was sought to 

understand the data collected and analyze participants’ answers. Statistical analysis were also conducted to assess 

the significance of features within the data. Co-occurrence analysis of the data was carried out to validate the pairs 

of cards that got sorted together during the open card session. In this study the co-occurrence analysis has been 

used to validate the proposed human-factor classification. 

Groups’ normalization 

Topic normalization is one of the most common qualitative analysis techniques, which is widely applied to analyze 

the outcome of card-sorting sessions. The groups created by the four participants (i.e. teams) of the open case 

study were analyzed by means of this technique. Two experts on HFs compared the groups created within this 
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case study and merged similar groups into common HF categories. To normalize groups, it was decided to consider 

those categories from the open case study in which at least two participants (i.e. teams) created a similar group. 

The only exemption to the previous requirement was the category “Substandard monitoring”. It was agreed by the 

experts that a substandard monitoring category is very important and it should be retained, even if only one 

participant (team) created it. The list of the normalized groups proposed is shown in Table 2. 

Table 2. Results from the open-case study. Normalised groups 

No Group Name No Group Name 

1 Commercial pressure 7 Lack of training  

2 Effect of environmental and external factors 8 Safety culture 

3 
Improper design, installation and working 

environment  
9 

Safety management system: Inadequate procedures or 

deviation from Standard Operating Procedure (SOP) 

4 Inadequate leadership and supervision 10 Safety management system: Substandard monitoring 

5 Lack of communication and coordination  11 Unprofessional behaviour 

6 Lack of, improper or late maintenance   

 

Statistical analysis 

Statistical analyses were carried out to identify how often given HFs got sorted in the same group. Table 3 provides 

those cards that were sorted together by at least half of the participants in the same group along with the statistical 

frequency and the normalized groups. 

Table 3. Statistical analysis. Open card-sorting case study 

Card Freq. Group No  Card Freq. Group No Card Freq. Group No 

1 1.00 Group 3  81 0.75 Group 7 48 0.5 Group 11 

9 1.00 Group 3 84 0.75 Group 4 50 0.5 Group 8 

10 1.00 Group 3 87 0.75 Group 2 51 0.5 Group 8 

15 1.00 Group 7 88 0.75 Group 2 53 0.5 Group 3 

36 1.00 Group 7 6 0.5 Group 11 54 0.5 Group 7 

8 0.75 Group 1 14 0.5 Group 9 55 0.5 Group 5 

12 0.75 Group 3 16 0.5 Group 4 56 0.5 Group 7 

29 0.75 Group 3 18 0.5 Group 9 58 0.5 Group 11 

40 0.75 Group 9 19 0.5 Group 4 62 0.5 Group 9 

42 0.75 Group 5 23 0.5 Group 7 67 0.5 Group 9 

43 0.75 Group 5 25 0.5 Group 4 68 0.5 Group 3 

45 0.75 Group 7 27 0.5 Group 7 70 0.5 Group 9 

46 0.75 Group 4 30 0.5 Group 6 71 0.5 Group 11 

52 0.75 Group 7 33 0.5 Group 11 73 0.5 Group 9 

60 0.75 Group 5 34 0.5 Group 9 75 0.5 Group 9 

61 0.75 Group 3 37 0.5 Group 4 76 0.5 Group 11 

69 0.75 Group 7 38 0.5 Group 9 82 0.5 Group 11 

72 0.75 Group 1 39 0.5 Group 1 83 0.5 Group 4 

74 0.75 Group 9 41 0.5 Group 9 85 0.5 Group 8 

77 0.75 Group 2 44 0.5 Group 3 89 0.5 Group 8 

80 0.75 Group 2 47 0.5 Group 6 90 0.5 Group 9 
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Expert analysis 

After the first quantitative analysis (i.e. statistical analysis) were conducted, the results of the open card-sorting 

case study were assessed by two experts in HFs in order to understand the data collected and to analyze 

participants’ answers. The aim of this analysis was to group additional HFs that were not classified successfully 

by means of statistical analysis. This allowed to sort HF2, HF3, HF4, HF5, HF13, HF17, HF21, HF22, HF24, 

HF26, HF32, HF35, HF49, HF79, and HF93. 

Co-occurrence analysis 

Finally, co-occurrence analysis calculates the number of times that cards are paired together, independently of the 

group in which they are sorted. It aims to identify the relationships between cards (topic), which exists regardless 

of mental models of the participants. Furthermore, a co-occurrence analysis can be used as a confidence measure 

to help judge the validity of a card group (Paul, 2014). Thus, the results of co-occurrence analysis helped validate 

the final human-factor classification proposed. Typically relationships that have 75% agreement or greater are 

considered suitable for such analyses (Paul, 2014). Therefore, only those cases in which at least three participants 

paired the same cards (i.e. 75% agreement) were considered for the co-occurrence analysis. 

4.4- Hybrid card-sorting case study and analysis of results 

A total of eleven HFs groups were created within the open-card sorting case study. The process outlined in 

previous section successfully assigned seventy-eight out of the initial ninety-four HFs from the accident database 

to one of the major category. A new hybrid card-sorting case study was created to allocate the remaining unsorted 

HFs (i.e. HF7, HF11, HF20, HF28, HF31, HF57, HF59, HF63, HF64, HF65, HF66, HF78, HF86, HF91, HF92, 

HF94) to one of the eleven categories (Table 2). For this purpose online Optimal Workshop software was used, 

in which the normalized groups obtained within the open card-sorting case study were provided, but participants 

were also allowed to create additional groups if they wanted. Hybrid case study included a description of the 

remaining sixteen HFs. 

A statistical analysis was conducted to assess how often a given human factor sorted in the same group. Table 4 

provides the results. 

Table 4. Statistical analysis. Hybrid card-sorting case study 

Card Freq. Group No  Card Freq. Group No Card Freq. Group No 

11 0.6 Group 9 57 0.4 Group 10 91 0.4 Group 3 

7 0.5 Group 7 59 0.4 Group 8 28 0.3 Group 8 

20 0.5 Group 8 63 0.4 Group 9 31 0.3 Group 9 

78 0.5 Group 3 65 0.4 Group 11 64 0.3 Group 11 

92 0.5 Group 9 66 0.4 Group 6    

94 0.5 Group 4 86 0.4 Group 10    
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4.5- Proposed human-factor classification and comparison with co-occurrence analysis 

On completion of open and hybrid card-sorting case studies, an initial human-factor classification was created. 

The next step was to review the proposed human-factor grouping by comparing the finally defined classification 

with the results from the co-occurrence analysis. Here, the cards that had 75% agreement between participants or 

greater were compared with the proposed classification to check if paired cards from the co-occurrence analysis 

were also sorted together in the proposed classification. Table 5provides the agreement between the proposed 

classification and the co-occurrence results, in which C.A is reference card A, while card B (C.B) is the card that 

co-occurs i.e. appears in the same group. It can be observed that there is 80% agreement between the co-occurrence 

results and the proposed classification prior application of re-definitions in the created groups. 

Table 5. Agreement between the co-occurrence analysis and the proposed classification 

C. A C. B 
Proposed 

taxonomy 
C. A C. B 

Proposed 

taxonomy 
C. A C. B 

Proposed 

taxonomy 
C. A C. B 

Proposed 

taxonomy 

1 9 ✓ 14 32 ✓ 35 61 ✓ 52 54 ✓ 

1 10 ✓ 14 62 ✓ 36 45 ✓ 53 61 ✓ 

1 61 ✓ 14 67 ✓ 36 52 ✓ 54 56 ✓ 

2 93 ✓ 14 70 ✓ 36 69 ✓ 55 60 ✓ 

3 32  14 90 ✓ 36 81 ✓ 57 86  

3 59  15 36 ✓ 37 38  58 64 ✓ 

5 13  15 45 ✓ 41 73 ✓ 58 71 ✓ 

5 32  15 52 ✓ 42 43 ✓ 58 76 ✓ 

5 67  15 69 ✓ 42 55 ✓ 58 89  

5 70  15 81 ✓ 42 60 ✓ 62 67 ✓ 

5 90  16 26 ✓ 43 60 ✓ 62 70 ✓ 

6 48 ✓ 16 84 ✓ 44 68 ✓ 62 90 ✓ 

6 51  17 47 ✓ 45 52 ✓ 64 65 ✓ 

6 58 ✓ 17 49 ✓ 45 54 ✓ 64 76 ✓ 

6 64 ✓ 18 40 ✓ 46 83 ✓ 67 70 ✓ 

6 71 ✓ 18 62 ✓ 46 84 ✓ 67 90 ✓ 

6 76 ✓ 19 46 ✓ 48 51  69 81 ✓ 

6 89  19 57  48 58 ✓ 70 90 ✓ 

8 72 ✓ 23 45 ✓ 48 64 ✓ 71 76 ✓ 

9 10 ✓ 23 52 ✓ 48 71 ✓ 71 82 ✓ 

9 61 ✓ 23 54 ✓ 48 76 ✓ 74 75 ✓ 

10 61 ✓ 23 56 ✓ 48 89  76 89  

12 29 ✓ 30 47 ✓ 49 66 ✓ 77 88 ✓ 

13 67 ✓ 31 32 ✓ 50 59 ✓ 80 87 ✓ 

13 70 ✓ 31 86  51 58  93 94  

13 90 ✓ 32 59  51 76  
   

14 18 ✓ 32 62 ✓ 51 89 ✓       

 

To further improve the agreement between co-occurrence results and the proposed classification, additional 

adjustments were applied to the proposed human-factor classification by field experts. HFs that were reallocated 

within the proposed classification were as follows: HF3, HF5, HF37, HF50, HF51, HF59, HF86, HF89, and HF94. 
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Consequently, by comparing the results from the co-occurrence analysis with the re-adjusted classification, an 

agreement of more than 98%, was achieved. 

Later on, expert opinion was sought to analyze the finally proposed classification. The aim was to understand if 

the initial human factors from the accident database were appropriately allocated in the new classification. Three 

experts assessed the distribution of human factors in the new classification using a five point Likert scale. As a 

final adjustment, it was decided to re-allocate fourteen HFs (i.e. HF23, HF28, HF33, HF35, HF41, HF48, HF50, 

HF54, HF58, HF64, HF65, HF68, HF91, HF94) as suggested by the expert review. Table 6 depicts the HFs’ 

classification proposed after all the analysis carried out in this study. This fulfills the main purpose of this paper 

i.e. to develop a set of more generic and better-defined human-factors groups by applying a card-sorting technique. 

Table 6. Final human-factor classification after incorporating the findings from expert analysis 

No Group Name Human Factors 

1 Commercial pressure 8, 39,  and 72 

2 Effect of environmental and external factors 77, 80, 87, and 88 

3 Improper design, installation and working environment  1, 9, 10, 12, 28, 29, 44, 50, 53, 57, 61, 79, and 86 

4 Inadequate leadership and supervision 4, 16, 19, 23, 25, 26, 46, 48, 58, 64, 65, 83, 84, and 94 

5 Lack of communication and coordination  42, 43, 55, and 60 

6 Lack of, improper or late maintenance 17, 24, 30, 35, 47, 49, and 66 

7 Lack of training  7, 15, 27, 36, 45, 52, 56, 69, 81, and 91 

8 Safety culture 20 and 33 

9 
Safety management system: Inadequate procedures or 

deviation from Standard Operating Procedure (SOP) 

3, 5, 11, 13, 14, 18, 21, 22, 31, 32, 34, 37, 38, 40, 59, 60, 

63, 67, 70, 73, 74, 75, 90, and 92 

10 Safety management system: Substandard monitoring 2, 41, 68, 85, and 93 

11 Unprofessional behaviour 6, 51, 54, 71, 76, 79, 82, and 89 

5. Discussion 

In this study, a succinct but generic human-factor classification has been developed by applying card-sorting 

technique. In order to fulfill the aims of this paper, experts with experience in the fields of accident investigation, 

HFs and ship operations were invited to participate in the study. Firstly, an open card-sorting technique was used 

to group the HFs extracted from the historical accident database. Secondly, the results were analyzed qualitatively 

and quantitatively using statistical and co-occurrence analysis. Hybrid card-sorting method was used to fully 

achieve the classification of HFs. Finally, expert opinion was employed to analyze the proposed classification, 

aiming to understand and ensure that the initial HFs from the accident database were appropriately classified. 

Open card-sorting analysis resulted in a total of eleven HFs human factors groups, which were able to sort seventy-

eight of the initial ninety-four HFs human factors from the accident database. Hybrid card-sorting case study was 

created to allocate the unsorted HFs human factors (i.e. HF7, HF11, HF20, HF28, HF31, HF57, HF59, HF63, 

HF64, HF65, HF66, HF78, HF86, HF91, HF92, HF94) to one of the eleven categories identified through open-

card sorting. Participants were allowed to create additional groups within the hybrid card-sorting session, 
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however, only one participant created a new group (i.e. “personal factors”) while the remaining participants were 

preferred to use earlier groups. 

Results of open and hybrid card-sorting sessions were qualitatively and quantitatively analyzed. A concern of 

using qualitative technique (i.e. the group normalization) was the possibility to adding uncertainty to the results 

as a consequence of using expert knowledge. However, group normalization is one of the most commonly applied 

qualitative technique to analyze card-sorting. Nevertheless, measures were taken to reduce the uncertainty by 

selecting experts with significant knowledge on HFs and the MAIB database structure. 

In addition, considerations were also made to ensure the reliability and the validity of this study based on the 

triangulation method that was introduced in the methodology section. Regarding the methodological triangulation, 

it was ensured that answers were collected using various instruments and similar results were obtained. For 

example, the first two sets of answers were collected through a workshop, in which participants were assisted to 

ensure that they understood the meaning of each HF. Thus, two experts were available during the workshop to 

answer participants’ questions regarding the card-sorting method, the HFs from MAIB database and the structure 

of MAIB database. Moreover, the other two sets of answers were collected directly from the experts of MAIB 

who were involved in its development and use. Furthermore, to ensure that they commit to the task by providing 

reliable results, several discussions were held with the experts to explain the objectives and the importance of this 

study. As a result of the workshop and the online session, similar groups were created by the participants as 

discussed in the previous sections. In order to complain with the expert triangulation, various experts (i.e. two 

experts in HFs and one expert in accident investigation) were asked about the suitability of the research 

methodology, which was designed according to their insights. 

Finally, regarding the theoretical triangulation, the results of this study were compared with previous literature, 

which showed that some of the normalized groups have been also identified as highly important accident 

contributing factors in past studies. For example, inadequate supervision (group 4, Table-2) has been extensively 

identified in previous studies as highly related to maritime accidents. For instance, B. M. Batalden and Sydnes 

(2017) identifying that and unsafe supervision is a main causal factor leading to very serious accidents. B.-M. 

Batalden and Sydnes (2014) also performed a study to investigate casualties and incidents, revealing that unsafe 

supervision emerges as the biggest challenge. Furthermore, a study conducted by Macrae (2009) revealed that a 

lack of supervision and team communication was reported as critical contributing factors. Regarding inadequate 

or a lack of training (group 7, Table 2), Puisa, Lin, Bolbot, and Vassalos (2018) analyzed numerous maritime 

accidents, revealing that inadequate training was a frequent causal factor across all reports analyzed. In addition, 

inadequate procedures (group 9, Table 2) are one of the challenging topics in shipping requiring urgent attention 

to raise the standards of safety (Kurt, Arslan, Comrie, Khalid, & Turan, 2016).Furthermore, a study performed by 

Antão, Almeida, Jacinto, and Guedes Soares (2008) highlighted that inadequate behavior (group 11, Table 2) 

within particular tasks, led to occupational accidents. 

Overall, this study is subject to certain assumptions and practical limitations or challenges. Firstly, the database 

available for this study includes information about HFs from 129 accidents for the period 2011-2016, as the current 

taxonomy got introduced in 2011. Hence, in this study, a period of five years could be used. Secondly, due to 
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pragmatic reasons, responses from a total of four experts could be collected to sort initial ninety-four HFs from 

the MAIB database into a more succinct but comprehensive set of HFs categories.  

6. Conclusions 

The goal of this study was to reclassify human factors into smaller and clearer groups, as shortcomings were 

observed in MAIB database. The purpose was to come up with groups that are broad enough to be used by safety 

bodies to proactively learn from past experiences and avoid same mistakes. Thus, the results of this study should 

not be treated as a new taxonomy but a higher level HF categories developed from existing taxonomy which are 

simpler and self-explanatory. 

This study reveals shortcoming of existing classification system, in which high number of HFs are weakly defined, 

with a big room for misinterpretation. Aforementioned shortcoming not only impacts on the quality of collected 

data but also makes it difficult to use collected information in future studies. It was identified that some of HF 

categories are not defined clear enough (e.g. Human Factor No 1. “Anthropometric factors, dimensions”, or 

Human Factor No 6. “Cowboy attitudes, horseplay”) and require detailed review of the accident events to 

understand their meanings. HF No 1 is related to physical dimension problems, for instance a lack of deck space 

that makes the operations on board more challenging. Whereas, HF No 6 is related to unprofessional behavior, 

for example the accident description indicated that the officers were holding a party on the bridge. Moreover, 

within the initial list of ninety-four HFs, it was observed that some of the factors have similar name (e.g. HF No 

13. “Emergency plans” and HF No 14. “Emergency procedures”, or HF No 36. “Inadequate training program” 

and HF No 89. “Training ignored”). Thus, the idea of grouping together those factors with similar characteristics 

appears to be a reasonable alternative and may help researchers to identify potential improvement areas better. 

Therefore, our paper is proposing a solution to overcome the shortcoming of existing approach by offering a 

concise set of HFs categories that can be used by researchers and regulators to focus future improvement affords. 

These have been developed by incorporating the knowledge of experienced participants in the fields of accident 

investigations, HFs and ship operations using card-sorting techniques.  The card-sorting technique is a well-

established approach that accounts for the opinions of experts/end-users. Often it is used to explore people’s 

mental models of classifying datasets. Therefore, we believe that it is one of the most suitable technique to be 

applied for defining the high-level HF categories established in this study. 

As recommendations for future work it is suggested a more recent database with larger set of accidents can be 

used to assess the suitability of HF groups identified in this study. Also, the higher-level HF categories identified 

in this research study, may be utilized to develop a mechanism for enhancing safety culture in maritime, especially 

by linking the safety culture dimensions to identified HF categories. Furthermore, as MAIB database follows the 

EMCIP nomenclature, the study may be repeated if access to such data become available from other European 

countries to validate the suitability of new groups. Thus, this study can be also repeated by considering data from 

other boards (e.g. the Transportation Safety Board of Canada, the Australian Transport Safety Bureau, the 

Accident Investigation Board of Norway, etc.) 
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