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Abstract. Occupational Safety and Health (OHS) aims to create a safe and healthy working
environment. The company engaged in power generation and experienced many near-miss cases
from 2016 to 2023. Near-miss incidents are an early signal of the potential for severe accidents in
the future if not resolved immediately. Identifying and addressing potential hazards early is
necessary to prevent fatal work accidents. This study aims to analyze the reporting pattern of near-
miss incidents by company employees through the IZAT application with a social network analysis
(SNA) approach. This method identifies relationships and interaction patterns between employees
in reporting near-miss incidents, thus revealing objects that need special attention. Data was
obtained from September 2020 to July 2023. The analysis showed that 276 employees actively
reported various near-miss incidents through IZAT (Zero Accident Assistant Application). This
pattern reflects employees' sensitivity to potential hazards in their work environment. The findings
of this study make a positive contribution to the improvement of the occupational safety and health
management system in the company regarding the mitigation of potential hazards based on
incoming report data. The recommendations are related to occupational safety aspects that must be
prioritized for management improvement. The implication of this research is to increase employee
awareness in identifying and reporting potential hazards to prevent work accidents in the future

Keywords: safety culture; near miss; occupational health and safety; reporting; social network
analysis

1. Introduction

The application of Occupational Safety and Health (K3) is the key to Occupational Health (K3) is the key
to creating a safe work environment [1]. Occupational Safety and Health is an effort to ensure a safe and
healthy work environment to prevent disability accidents, accidents, and even death caused by work
accidents. It is essential to protect workers and safeguard an organization's human resources[2]. Work
safety in all workplaces, on land, in water, in the ground, underground, and in the air, has been regulated
in Article 2 Paragraph 1 of Law of the Republic of Indonesia Number 1 of 1970 concerning Work Safety.
However, in practice, the implementation of the law has yet to be fully optimal. There is a high rate of
workplace accidents in several business sectors. The company, which has been operating power plants
since 1995, is trusted to manage more than 40 generating units throughout Indonesia. This company has a
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high level of risk of work accidents because its workers directly interact with electrical components that
have low and high voltage. Based on accident statistics in the company from 2016 to 2023, there was one
serious injury incident in 2016 and no similar incidents in subsequent years. Meanwhile, there was a fatal
incident, with details of 1 case in 2016, 1 case in 2017, 4 cases in 2018, 1 case in 2019, and 2 cases in 2020.
Meanwhile, there were no events fatality for the following years (2021-2023).

According to Heinrich, in his research, unsafe actions cause 88% of accidents that occur in the work
environment, unsafe environmental conditions cause 10%, and God's destiny causes 2%. Heinrich's
accident pyramid states that for every fatal accident, there are 30 significant accidents or serious injuries
that can cause damage to equipment, assets, and property, as well as 300 minor accidents, as well as 600
near-misses, and exposure to 30,000 hazards due to unsafe actions and unsafe conditions. This pyramid of
work accidents illustrates that to prevent fatal accidents in the workplace, efforts need to be made to reduce
the incidence of near harm in the work environment. Thus, the chances of fatal accidents and other incidents
occurring before reaching a fatal accident can be reduced [3]. Problems related to work accidents in the
company encourage companies to manage K3 risks by innovating to design the IZAT Application (Zero
Accident Assistant Application) 2.0. This application is designed to facilitate the improvement of the
efficiency of all business processes in the aspect of Occupational Safety and Health (K3) by encouraging
the development of a culture of reporting and corrective action on the findings of patrol results. The IZAT
application (Zero Accident Assistant Application) 2.0 has a status search feature; reporters can categorize
dangerous conditions into four types: positive (non-hazardous conditions), near misses, unsafe actions, and
unsafe conditions.

Near-miss reporting has a vital role to play in preventing accidents in the workplace. By reporting
near misses, companies can identify potential hazards and risks before a fatal accident occurs. An in-depth
analysis of the report allows the identification of root causes and early indicators to minimize the risk of
light, severe, and even fatal accidents. The ISO 45001 standard defines a near miss as a work-related
incident with no injury or health impairment but the potential to cause it. A near miss is not an accident but
a latent danger signal that requires corrective action. This is the urgency of near-miss reporting involving
all permanent, non-permanent, and skilled workerso support the company's zero accident vision [4].
Research conducted by Nikhil in his research entitled A system dynamics model for near-miss reporting in
complex systems [5] examines the role of near miss reports in improving safety in organizations managing
highly safe complex systems. Using System Dynamics methodology, this research highlights the need to
consider employee interactions and management decisions that influence employee behavior. These
findings illustrate the trade-off between near miss reporting and hours worked, thereby assisting
management in addressing worker fatigue relevant to highly safe complex systems. Seok Ki Lee
investigates near-miss reporting in Korean manufacturing workplaces, focusing on the relationship between
such activities, safety culture, and industrial accidents. This quantitative study finds significant perception
differences regarding near-miss events based on whether near-miss reporting activities are conducted [6].
Yi Yang's cross-sectional survey collected data from 920 registered nurses across eight tertiary hospitals in
China to explore the relationship between patient safety culture and near-death incident reporting. The
study found a positive correlation between patient safety culture and nurses' intention to report near-death
incidents, with the severity of incidents potentially moderating this relationship [7].

As explained above, the importance of near misses has been recognized by many researchers.
However, most previous studies have focused more on individual factors and organizational culture, which
are less effective in capturing the complexity of social interactions and relationship patterns. Few
researchers have analyzed the relationships between entities in a social network. Social Network Analysis
methods can provide new perspectives by exploring social interactions and network dynamics, resulting in
simple network visualizations. In addition, most previous studies have been conducted in construction
companies or hospitals. Therefore, this study aims to fill the gap in the literature related to risk reporting in
the power generation industry. This study analyzes text mining through the 1ZAT (Zero Accident Assistant
Application) 2.0 application on reporter responses regarding near miss risk findings in the Power
Generation Unit. The purpose of this study is to identify the tendency of reporter responses to the near-
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miss category, as well as to increase employee awareness in identifying potential hazards. The theoretical
contribution is to explain the relationship between factors that influence near miss reporting behavior
through network visualization. Practically, this study provides suggestions and evaluations to improve and
enhance the K3 culture in power generation companies, which can be applied universally.

2. Literature Review

2.1 Previous Research

Previous studies have examined various aspects related to workplace safety, including safety culture, safety
risks, and safety reporting. These studies used a variety of research methods to explore and analyze factors
that influence safety in the workplace. The following is a summary of some relevant studies, categorized

by the main research themes: safety culture, safety risks, and safety reporting.
Table 1. Summary of Relevant Empirical Studies on Occupational Safety and Health

Theme Reference Research Focus Method
Safety  Tracyetal. (2020) Risk perception and safety culture as Risk assessment and
Culture management tools analysis

Minh et al. (2019) Interactive effects of safety culture on SEM-PLS

construction project

Yingbin et al. Factors driving safety culture SEM-PLS

(2019)

Emily et al. (2020)  Analysis of occupational health and safety Data analysis with

leximancer

Jiangshi et al. Characteristics of safety culture deficiencies  Why because

(2020) analysis (wba)

Mambwe et al. Ohs improvement management strategy Quantitative

(2021) research

A Jalil et al. (2021)  Construction safety culture Questionnaire with

numerical scale
Safety  Xingwei et al. Development of offshore major hazard risk ~ Spar-h and petro-hra
Risk (2019) prevention

Sooyoung et al. Safety risk generation and control model SLR

(2020)

L Ding et al. (2020) Generic bow tie framework model to Case study

prevent occupational accident risks
Nasim et al. (2020)  Applying case studies to risk identification Case study

Yuncan et al.
(2019)

V Dat et al. (2020)

Use of software for safety risk prevention

Practical implications of risk theory in the
covid-19 situation

Bayesian network
analysis

CFA model
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Theme Reference Research Focus Method
Davood et al. Statistical analysis of perceived safety risks  Statistical analysis
(2020) to construction workers
Safety ~ Kabul et al. (2022) Identify potential environmental hazards Qualitative
Reportin I
g g Tashia et al. (2023)  Evaluation of routine reporting program Qualitative and
interviews
Mayangkara et al. Implementation of a system for recording Qualitative

(2021)

Soltanzadeh et al.
(2019)

Derakhshan et al.
(2021)

Hasanspahic et al.
(2020)

and reporting occupational accident

Analysis of accident severity in the chemical
industry

Analysis of unsafe condition factor reports
and unsafe acts and identification of
accident types

Analysis of crew willingness to report near
miss events

Retrospective
descriptive-analytic

Retrospective
descriptive-analytic

Qualitative research
methods

Table 1 describes previous research findings related to safety culture, risk safety and safety
reporting. Safety culture is one of the important factors that influence occupational safety. Recent studies
have provided valuable insights into the influence of safety culture on safety behaviour, motivation and the
effectiveness of safety initiatives. In healthcare, research by Reis et al. showed that a strong safety culture
can improve teamwork and patient safety. Research by Al-Bayati showed that construction safety culture
and safety environment can influence safety behaviour and motivation [8]. In construction, research by
Mambwe et al. showed that safety culture is a critical component for achieving successful outcomes in
implementing occupational health and safety management strategies [9]. Overall, these studies show that
safety culture is an important factor to consider in improving occupational safety.

Several studies have shown that implementing a safety culture provides a number of significant
benefits. Reis et al's analysis of the dimensions of the Hospital Survey on Patient Safety Culture led to an
understanding of the positive impact safety culture has on cooperation and safety in the medical field. The
assessment also has the potential to improve co-operation and learning in healthcare environments.
Meanwhile, Al-Bayati's research examined how the environment and safety culture can influence safety
behaviour and motivation in the construction industry, especially regarding safety outcomes. Meanwhile,
Tetzlaff et al's research conducted a retrospective evaluation of health and safety reports in the mining
industry, which provided deep insights into the benefits of safety culture in the industry [10]. All three
studies highlight the benefits of safety reporting and culture across various industries, from mining to
construction to healthcare.

How safety attitudes influence safety risk perception and hazard identification is a new subject of
safety risk research [11]. One of them is research on how safety attitudes influence risk perception and
hazard identification. The research shows that the disposition of individuals in the workplace can influence
their perception of safety and hazards. Another study provided insights into safety risk management at the
manufacturing stage, especially in the automotive supply industry [12]. In addition, Lbahar et al introduced
a new method for occupational health and safety risk assessment by applying the Pythagorean Fuzzy AHP
process and a fuzzy inference system. The methodology enables more comprehensive and flexible risk
assessment by incorporating complexity in decision-making. With such advanced techniques, the
researchers advance risk analysis methodologies in the field of occupational health and safety and offer
innovative methods for risk management.
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2.2 Social Network Analysis (SNA)

Social Network Analysis is a science that studies explicitly human relationships and relationships using
graph theory [13]. The illustration of social network analysis can be seen through its presentation of a
network that relies on two main components for disseminating information on communication networks:
individuals (nodes) and connections (edges). Social network analysis is a method to quantitatively analyse
groups' structure, beliefs, and evolutionary processes by modelling the relationships between groups as
nodes and links. This will provide knowledge to understand the relationship structure by describing the
relationship between them as an edge [14]. Social network analysis assumes that network members are
related to each other and that their behaviour is largely influenced by the pattern of relationships reflected
in the network structure.

3. Research Method

This study uses the text mining method with Social Network Analysis (SNA) to analyze the risk findings
of the near miss category between September 2020 and July 2023. Text mining extracts significant
information and context from unstructured text-based data [15]. Meanwhile, SNA is used to identify critical
actors in the dissemination of information and visualize relationships between individuals as nodes and
bonds [16]. This study aims to map social networks based on incident findings that are reported to provide
deep insights into the factors that influence the dissemination of information and risks in the Company's
work environment. The concept of the research flow can be seen in Figure 1.

Pre-Processing
Data

L 4

Data Collection

Y

Data Analysis and
Visualization

Research Result

Figure 1. The Concept of The Research

The initial stage in the research process is the collection of historical data through the IZAT
application (Zero Accident Assistant Application). The data is then extracted (scrapping) in Excel form,
including the scope of three contents: near-miss findings, finding titles, and generating units. Data pre-
processing is required before entering the analysis and visualization stage. The purpose of pre-processing
in this study is to ensure that the data collected in text form consists only of those terms that have relevance
to be analyzed. This process involves four main stages: case folding, tokenization, normalization, and
filtering. As an analytical tool to identify the structure of the formed property network and visualize it,
Gephi 0.9.2 software is used. Gephi is an interactive tool used for visualization and examination or an
assessment platform for various types of simple and complex networks and dynamic and hierarchical graphs
[17]. In realizing the network visualization results, we use the ForceAtlas2 methodology as the algorithm
graph layout to understand the layout procedure d the impact of various parameters [18].

3.1. Data Collection

In 2020, the Head Office HSSE Division created the Zero Accident Assistant (IZAT 2.0) application
equipped with a K3 nonconformity report feature. The IZAT application is planned to support scheduled
patrol activities involving all workers in power generation companies. Data from September 2020 to July
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2023 showed 1,458 near-miss reports from 36 power plants. The data collection process uses the jupyter
notebook scrapping tool with a Python programming language, and the " title " content is formulated in a
query. The successfully extracted data is saved in CSV format to enter the next stage of processing [19].
The data collection results were identified as the primary data sources in this study, presented in Table 2.

Table 2. Data Withdrawal Results

2020 2021 2022 2023 Total Reporting

Number of Findings 78 621 431 328 1,458

Table 2 shows the number of near-miss findings each year in the company. In 2020, the number of
reports was still small because whistleblowers needed to adapt to new processes through the newly
launched IZAT App in September and the COVID-19 pandemic. In 2021, there was a drastic spike in near-
miss findings from 78 to 621 cases; this happened because more and more generating units joined.
However, from 2022 to 2023, there has been a decrease in near-miss findings, indicating increased
awareness and action on near-miss findings.

3.2. Pre-processing Data

Preprocessing is done to clean up data sources containing unnecessary words. Data preprocessing aims to
eliminate noise in report data, such as abbreviations and non-standard words that are difficult for computers
to translate [20]. Preprocessing consists of several stages:

a. Case folding is a stage that aims to convert all letters in the title into lowercase letters, so that
there are no capital letters left in the title. The purpose of this process is to make the characters in
the headline uniform [21].

b. Tokenising can take the form of characters, words, or sub-words. Thus, the tokenisation process
can be broadly classified into three types, namely character-level, word-level, and sub-word-level
tokenization [22].

c. Data normalisation is carried out to change words that are not standard or according to the correct
spelling. At this stage it is carried out using a dictionary database of standard and non-standard
language words that is created by yourself based on the reporter's response data [23].

d. Filtering can be called stopword removal, which is to remove words that are not important in the
classification and reasoning process [24]. After that, the data is saved in csv form.

After going through the filtering stage in the preprocessing process, the data is then processed using
Wordij. The processed results are in data formats such as Excel, NET, STP, and STW. Wordij is a text
analysis tool that counts the frequency of each word and word pair occurrences in a given slice window (w)
of text [25]. The results from Wordij will be classified according to predetermined categories based on the
research problem.

3.3. Data Analysis and Visualization

The normalized information was processed using Wordij to extract the most important aspects of the dataset
to be analyzed. After data preprocessing, social network modeling was performed using the social network
analysis (SNA) method. Network visualization is done with the Gephi 0.9.2 application so that nodes
representing users and edges representing relationships between actors in the social network can be seen.
This tool aims to help find patterns and distill dynamic, iterative visualizations in making hypotheses.
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4. Result and Discussion

The data source was obtained through organizational records obtained from the power generation unit
through the 1IZAT application, and the initial data was previously 1.458. After data processing, using the
jupyter notebook scrapping tool with the Python programming language to reduce data duplication, the
amount of data was changed to 1.360. Of these, 98 data were duplicates. The next stage involved pre-
processing in query-based reporting data collection. The aim is to improve data quality, remove noise, and
clarify the information contained in the data.

4.1. Case Folding
Table 3. Stages of Case Folding

Before After
CCR hallway ceiling roof almost collapsed ccr hallway ceiling roof almost collapsed
January fire extinguisher check has not been carried  january fire extinguisher check has not been
out carried out
Oil leakage from conveyor motor oil leakage from conveyor motor
Apar tube no marking signs apar tube no marking signs

turbine area evacuation marker (exit)

Turbine area evacuation marker (EXIT) damaged
damaged

In the case folding stage, as shown in Table 3, in addition to converting capital letters into lowercase letters,
the case folding process also removes punctuation marks and characters other than letters. In news
headlines, punctuation marks and characters other than letters are considered as delimiters. Removing
punctuation and characters other than letters aims to simplify the text so that it is easier to process in the
next stage. For example, the phrase ‘CCR hallway ceiling roof almost collapsed’, the capital letters in the
words ‘CCR’ are changed to lowercase letters so that it becomes ‘ccr hallway ceiling roof almost collapsed’
and the phrase ‘January fire extinguisher check has not been carried out, the capital letters in the words
‘January’ are changed to lowercase letters so that it becomes ‘january fire extinguisher check has not been
carried out’.

4.2. Tokenizing
Table 4. Stages of Tokenization

Raw data Preprocessed data
ccr hallway ceiling roof almost collapsed 'roof', ‘ceiling’, 'hallway", 'ccr’, 'collapse’
january fire extinguisher check has not been carried  ‘checking’, 'fire extinguisher’, ‘january’,
out 'not yet', ‘done’
oil leakage from conveyor motor 'leak’, 'oil', 'motor’, ‘conveyor'
apar tube no marking signs 'tube’, 'fire extinguisher', 'sign’, 'marking’

'marker’, 'evacuation', 'exit', ‘area’,

turbine area evacuation marker (exit) damaged ‘turbine’, ‘damaged

Anggraini, Ambarwati, Dedy, Alimova (Workplace Hazard ldentification through Near-Miss Reports: A
Social Network Analysis)



Indonesian Journal of Information Systems (1JIS) 77
Vol. 7, No. 1, August 2024

Table 4 illustrates the tokenisation stage process. At this stage, the text is separated into meaningful units,
such as words or short phrases [26]. Tokenization can be done automatically by using software called
Scrape Library. The process of filtering and extracting keywords is essential to get genuinely relevant
words and represent the main topic of the whole data. The keyword filtering and extraction process is done
using the frequency method. The words that appear most often in the text will be considered as keywords.
The results of tokenization are pieces of words that are then filtered and extracted as the primary keywords
from the entire text data. The extracted keywords then form the nodes in the network mapping for social
network analysis (SNA) visualization.

4.3. Filtering
Table 5. Filtering Stage
Before After
ccr hallway ceiling roof almost collapsed hallway ceiling roof collapsed
january fire extinguisher check not done january fire extinguisher check done
oil leakage from conveyor motor conveyor motor oil leakage
fire extinguisher tube no marking sign fire extinguisher tube marking sign

turbine area exit evacuation markers

turbine area evacuation (exit) markers damaged
damaged

In the filtering stage, as shown in Table 5, stopwords are removed from the text data. Stopwords are words
that are not unique or characteristic a document or do not convey any significant message in the text or
sentence [27]. Removing stopwords can reduce the amount of text data that needs analysis. In addition to
stopwords, several other things can be omitted from text data during the filtering process, such as typos or
meaningless words. Typos can interfere with the analysis results, as they can cause the analysis to produce
patterns or trends that do not exist. Filtering aims to filter and retrieve only those essential words in the
text.

4.4. Pre-processing data
Table 6. Pre-processing Result

Content Focus Year Word Count Unique Word Frequency
“Title’ fiture 2020-2023 2.306 276 8.36

Pre-processing of the data in Table 6 is an integral part of social network analysis (SNA). Text
preprocessing is the initial stage in text mining, which produces a set of term indexes that can represent
documents. This stage converts the raw data into a format that is ready for analysis, thereby increasing the
accuracy of social network analysis (SNA) results [28]. Attributes such as total word count, unique words,
and word frequency inform the textual characteristics of near miss incident content. The total word count
reflects how often the word appears in the incident report in the IZAT application. Unique words show the
diversity of vocabulary in the text. The more unique the words, the more variations there are in the text.
Word frequency shows the intensity with which certain words appear throughout the text. These three
attributes are useful for understanding the relationship patterns between words and between words and the
whole text in social network analysis (SNA). The data shows that near miss content has 2,306 words, 276
unique words, and 8.36 average words.
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Table 7. Identification of Thematic

Place Response Cause Tools Condition

pintu 0,019 lantai 0,015 rusak 0,019

0, 0,
area 0,030% patrol 0,043% (doon) % (floor) % (broken) %
tempat pakai lampu 0,014 sampah 0,015 bekas 0,013
0,025% 0,020% . ) . ) .
(place) (use) (light) % (rubbish) % (used) %
ruang 0.0149 Patroli 001106 & 0,011 kabel 0,012 mati 0,009
(space) ’ (patrole) ’ (water) % (cable) % (die) %
jalan

unit 0,012% wip 00060 ambu 0006 o one 0009 0.008

(signs) % % (street) %

cuci
tangga 0,005 barang 0,009 berserakan 0,007
0, 0,

cer 0,009% (wash) 0,005% (stairs) % (item) % (scattered) %
ruangan 0 rutin 0 limbah 0,004 apar 0,008 lepas 0,007
(room) 0,007% (routine) 0,005% (waste) % (appear) % (retrieved) %
gedung . .

L 0 mandi 0 . 0,004 0,008 sesuai 0,006
$ulld|n 0,007% (bathing) 0,004% oil % box % (suitable) %
penemp habis
atan temuan dinding 0,003 papan 0,007 . 0,005

0, 0,
lacem  90%%  ginding  %9%%%  wally % (board) % é‘;'seharge %
ent)
kerja . 0,003 0,006 0,005
0 O ) i) )
pos 0,005% (work) 0,004% fire % ac % safety %
kamar penerang 0,003 alat 0,006 bocor 0,004
0, 0,
room) 000 ighting)  2004% water T ool % (leak) %

Table 7 shows the top 10 thematic words for each topic. It can be seen that 'place’ in Topic 1 and

"response™ (Topic 2) are the two topics that reporters are most concerned about, with a particular focus on
"patrol” (0.043%), "area” (0.030%), and "place” (0.025%). The word patrol achieved the highest value,
which illustrates that most of the reports of potential hazards came from routine patrol activities in the work
area. The prominent use of the words area and place also indicates that there are many potential hazards
associated with specific locations in the work area. Therefore, this stage provides a visual representation of
the most frequent words in the report, which can be used to analyse the root causes of potential hazards in
the work environment.

Social network analysis (SNA) visualization uses nodes and edges to show the network structure

graphically [29]. Nodes are represented as points or nodes, while edges are represented as lines or
relationships between nodes. To include a node in the network, the criteria used are relevance to the topic
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being studied, data availability and participation in the network [30]. Meanwhile, to include an edge in the
network, the criteria used are the existence of a real relationship between nodes and the measurability of
the relationship. With this visualization, it can be clearly seen how the nodes in the network are connected
through the edges that describe the relationship between these entities. The number of occurrences of a
word or node connected to an edge is called the degree [31]. This degree indicates the total edges connected
to a specific node in the graph network structure. The results of the property network are presented in Table
8.
Table 8. Network Property Result

Network Property Value
Nodes 276
Edges 111
Average Degree 0,402
Average Weight Degree 1,783
Network Diameter 5
Modularity 0,799
Average Path Length 2,201

Table 8 shows the results of calculations on organizational structure network properties. Nodes are
representations of actors (users) in a social network. If more than one node is connected to another node,
the network can bquite active with many interacting actors [32]. The organizational structure network
studied in this research has 276 nodes with 111 edges. The number of edges in a social network is less than
that of nodes, which means that not all nodes in the network are connected to one node and another node
but still form a network. Average degree shows the average number of connections a node has with others
[33]. The higher the average degree value, it means that the greater the number of edges connecting the
nodes, the faster the information dissemination will be. The average degree value in this organizational
structure network is 0.402, which indicates that the dissemination of information in this organizational
structure is very weak. Diameter is the greatest distance between 2 nodes [34]. In an organizational structure
network, the network diameter is 5. The smaller the network diameter, the faster the spread of information
between actors. Modularity describes the extent to which the network is separated into other groups within
the network [35]. The higher the modularity value, the more clearly a network will be formed. It can be
interpreted that each network obtained forms a different community where this community makes a
network have more specifications for the community. The modularity value in the organizational structure
network is 0.799. Average path length shows the average distance between a node and other nodes. The
smaller the average path length value,he faster the information spreads [36]. The shows the number 2.201,
which means that on average a node when connected to another node must pass through 2 nodes first so
that the distribution of information in this network is fast [37].

After calculating network properties, the next step is creating a network model. Creating a network
model visualization using Gephi software using an undirected graph type without paying attention to the
direction of the relationship at a node, namely indegree (destination node) and outdegree (origin node).
This research uses the ForceAtlas2 algorithm, which is a spatial layout algorithm for a web network.
ForceAtlas2 can group nodes in a community, making it easier to observe and analyze.
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Figure 2. Network Visualization Map

The visualization results of near miss findings in Figure 2 show the relationship between nodes and edges
that are part of the social network in the IZAT application. Cluster refers to a group of closely connected
nodes in a network. From the results of the social network visualization, six clusters are closely
interconnected: purple, green, blue, orange, pink, and black. Purple clusters with thick edges between nodes
indicate stronger connection or interaction between these nodes. This shows that the findings dominate the
near miss incident reports submitted by the reporter during routine patrols in the work area. Reporting often
uses the word patrol and findings of potential dangers tend to relate to specific location specifications such
as warehouses, buildings and other areas. Furthermore, the green cluster reflects the use of public facilities
such as doors, glass, hinges and so on. This finding indicates damage to public facilities in the power
generation industry. Blue clusters indicate the causes and conditions of the report findings. Reporters often
use the words goods, used, rubbish and so on. The orange cluster often talks about aspects of the place and
condition of the report's findings. The reporter often talks about space, lights, workshops, lighting, blackout,
etc. Then, the pink cluster often discusses aspects of where the report was found. The reporter often uses
the words parking, tower and others. However, this node is not strong enough because only one node is
interconnected. Meanwhile, the gray cluster often uses the word unit, indicating that the pattern of reporting
potential hazards is focused on certain work locations or units.

Table 7 displays five thematic word categories that reflect the dominant word patterns and findings
in reported near miss incidents. Meanwhile, the six clusters in the social network analysis visualization
show the main categories and interactions between factors causing incidents. Both have a correlation with
each other. The purple cluster is related to the response category. The green cluster is related to the tools
category. Furthermore, the blue cluster is related to the cause and condition category. Meanwhile, the
orange, pink, and gray clusters are related to the place category. The implications of this research imply
that improving occupational safety and health in the work environment is very important. This includes the
importance of regularly maintaining and repairing public facilities to reduce the risk of accidents and
damage. The research results show that the incident reporting system is able to identify potential hazards
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efficiently through analysis of visible patterns. In addition, these findings indicate that management needs
to prioritize factors that must be addressed to improve work safety standards and contribute to reducing
hazards that can impact all work potential in the organization.

5. Conclusion

The aim of this research is to analyze the pattern of reporting near accidents by company employees through
the IZAT (Zero Accident Assistant Application). For this purpose, this research uses a Social Network
Analysis approach to find community patterns in news and identify what keywords and nodes often appear.
The results of this study show that 276 employees were actively involved in reporting findings related to
near misses in the workplace, which reflects their high participation in the safety reporting program. Five
categories provide a visual representation of frequently appearing words: place, response, cause, tools and
condition. Network visualization shows the existence of six clusters where frequently occurring words are
connected to that category. The many keywords reflect employees' sensitivity and awareness of unsafe or
inappropriate conditions in their work environment. This research positively contributes to improving K3
management and mitigating potential dangers for the entire company workforce. These findings provide
an in-depth evaluation of the effectiveness of the IZAT incident reporting system in detecting potential
hazards in work areas based on analysis of incoming reporting patterns. In addition, it provides
recommendations for focusing on hazard mitigation aspects that need to be prioritized by management to
improve work safety standards in all company operational areas.

This research has several limitations, namely, the data collection period only covers four years
(September 2020 - July 2023), so more is needed to analyze long-term trends related to near-miss incidents.
Also, the number of near-miss incident reports entered into the 1ZAT system still needs to be considered
more significant and uneven for all company work areas. This condition can affect the accuracy of the
overall pattern analysis results. This is because the available data does not represent the population as a
whole. In future research, it is recommended that the period for data collection be extended to obtain more
accurate long-term trends related to near-miss incidents. In addition, the number of participants reporting
near-miss incidents needs to be increased in all work areas to make the data obtained more representative.
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