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ABSTRACT

As the data sharing process spans multiple stakeholders, its complexity increases significantly, making it increasingly difficult
to track and understand the source, circulation, and usage of data. This not only limits the comprehensive utilization of data but
also affects the establishment and maintenance of trust, thereby hindering cooperation efficiency. To address this, this paper
integrates two analytical tools—Process Mining and Social Network Analysis (SNA)—to deeply explore the data sharing
process among multiple stakeholders. By combining these two methods, we can more finely depict the data flow trajectories
between different stakeholders and gain a deeper understanding of the structural characteristics of the data sharing network,
such as the frequency, direction, and intensity of data sharing. This in-depth analysis helps identify potential barriers and
opportunities within the data sharing process, providing new insights for promoting data compliance, efficient circulation, and
utilization.

Keywords: Process mining, social network analysis, data sharing, multi-stakeholder.

INTRODUCTION

Data is the raw, unprocessed record of facts, whereas information is the knowledge that data, when interpreted and
contextualized, can provide support for decision-making. Effective sharing and use of data is key to achieving information
transparency and facilitating cross-organizational collaboration. The flow of data and the process of converting it into
information are particularly important in the process of sharing data across organizations, as they affect not only the speed and
quality of decision-making, but also trust and the efficiency of collaboration between organizations. Therefore, an in-depth
look at managing and optimizing the data sharing process ensures that data can be used efficiently and compliantly throughout
its lifecycle, thereby driving digital transformation in organizations and industries.

In the current trend of digital transformation, data sharing processes have become a significant driver for cross-organizational
collaboration, accelerated decision-making, and innovation stimulation. Effective data sharing is essential to facilitate
intelligent decision-making and collaboration, which is particularly evident in areas such as environmental decision support,
building information modeling (BIM) projects, and hazardous waste management (Laurila-Pant et al., 2019; Song et al., 2021;
Wang et al., 2020). However, the complexity of data sharing increases significantly with the number of stakeholders involved,
which complicates tracking the origin, flow, and use of data, which in turn limits the full utilization of the data and may affect
the establishment and maintenance of trust and ultimately the efficiency of collaboration.

To address this challenge, this study employs two powerful analytical tools, process mining and social network analysis (SNA).
Process mining provides a clear way to understand the operation of complex systems by analyzing event logs to reveal and
optimize business processes. Meanwhile, social network analysis (SNA) focuses on revealing patterns of interactions between
individuals or organizations by visualizing key players and information flow paths in the network structure. Both approaches
have shown significant results in supply chain management, customer experience enhancement, and team collaboration
(Dorofeev et al., 2023; Schmitt et al., 2023; Sitova et al., 2023).

By integrating these two approaches, we can provide a finer-grained picture of data flow trajectories among different
stakeholders and gain insights into the structural characteristics of data sharing networks, such as the frequency, direction, and
intensity of data sharing processes. Such in-depth analysis can help identify potential barriers and opportunities in the data
sharing process, providing valuable insights for promoting data compliance, efficient flow and utilization, and enhancing trust
among collaborating parties.

The objective of this study is to delve into the data sharing process among multiple stakeholders by combining process mining
and Social Network Analysis. We aim to uncover the intrinsic patterns of the data sharing process, promote data compliance
and efficient circulation, enhance the effectiveness of collaborative networks, and provide scientific evidence and practical
guidance for future data management strategies. Through this research, we expect to contribute to building a more efficient,
transparent, and trustworthy data sharing environment, offering references and insights for subsequent work.
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RELATED WORK

Data Sharing Process Among Multiple Stakeholders

Cross-organizational data sharing is a core issue in modern information management, aiming to optimize resource utilization,
facilitate decision-making, and foster innovation. Early studies, such as those by Boh & Yellin (2006), investigated the
influence of governance mechanisms on the use of enterprise architecture standards from an IT management perspective,
providing a governance perspective on organizational-level data sharing. Barua et al. (2007) revealed the positive impact of
information complementarity on organizational performance, indicating that high-quality data sharing can enhance the overall
benefits of workgroups. Grandison et al. (2007) introduced the concept of sticky strategy execution to balance the needs of
medical data sharing with privacy protection, while Plengsaeng et al. (2014) focused on non-technical barriers in
transboundary water resource management, calling for a shift in organizational thinking to promote data sharing.

Alshwayat et al. (2021) focused on the construction of trust, collaboration, and knowledge-sharing cultures within formal
organizations. Duncan et al. (2020) and Hazée et al. (2020) discussed the value and risks of data sharing in life sciences and
product service systems, respectively. Naidu & Chakravarthy (2021) explored the security and privacy of data sharing from the
perspectives of legal policy and local politics, revealing the challenges and barriers faced by data sharing.

Fernandez et al. (2020) proposed a data market platform to address the issue of data silos, increasing data value through market
mechanisms. Guentherman et al. (2021) shared experiences in building an inter-organizational data-sharing management
information system (MIS), emphasizing cross-institutional collaboration. Stalla-Bourdillon (2021) discussed the EU data
governance act and the UK data standards board's recommendations, aiming to enhance data-sharing mechanisms and trust.
Greene et al. (2021) developed the DSUA ontology to facilitate standardized cross-organizational sensitive data sharing.
Herurkar et al. (2024) utilized representation learning and federated learning technologies to address privacy and competition
issues in financial table data sharing, providing solutions and mechanisms for cross-organizational data sharing.

Process Mining

Process mining, as an interdisciplinary field that integrates data science, business administration, and information science, has
continuously deepened its theoretical framework and broadened its application scope since its inception. The ongoing
development of process mining technology enables it to demonstrate its unique value in more fields, becoming a key force in
driving corporate digital transformation and process optimization.

The research by Diba et al. (2019) and van Zelst et al. (2021) elucidates the fundamental principles of process mining, which
involves revealing the intrinsic structure, variability, and performance metrics of business processes through automated
analysis of event logs.

As process mining technology matures, its application domains have rapidly expanded. The work by Dorofeev et al., (2023) in
supply chain management demonstrates how process mining helps businesses identify process bottlenecks and potential risk
points, enhancing overall efficiency and stability. Sitova et al. (2023) focus on customer relationship management, using
process mining to analyze customer behavior and needs, optimizing customer experiences, and increasing customer
satisfaction and loyalty. In manufacturing, Schmitt et al. (2023) show how process mining contributes to improving production
efficiency and product quality. In the healthcare sector, Park et al. (2023) use process mining to enhance patient care
workflows, allocate medical resources rationally, and significantly improve the quality and efficiency of medical services.

In recent years, process mining technology has become more intelligent with the advancement of artificial intelligence and
machine learning. The research by Pasquadibisceglie et al. (2020) demonstrates how process mining can be combined with
computer vision and deep learning to handle more complex data types, such as images and videos, significantly expanding its
application range. The Multi-Perspective Modeling method proposed by Berti & van der Aalst (2020) allows process mining to
more comprehensively consider various factors within processes, such as resource allocation and object interactions, to achieve
more accurate process models.

Social Network Analysis
The application of Social Network Analysis has evolved from theoretical construction to the deepening of specific scenarios,
and finally to comprehensive research on cross-domain complex systems, demonstrating its continuous expansion in both
depth and breadth. Early studies focused on the construction of foundational theories and methodologies, which were
subsequently deepened into applications in specific scenarios, and ultimately evolved into comprehensive research on cross-
domain complex systems.

Lazega et al. (1995) were the first to apply SNA to stakeholder analysis, and Prell et al. (2009) laid the foundation for
subsequent research. The theoretical framework and applied research further enriched the academic foundation of SNA. The
methods of social network analysis have also been applied in specific scenarios such as construction and healthcare, achieving
goals like workflow optimization (Durojaiye et al., 2022; Pan & Zhang, 2021). The research by Pan & Zhang (2022)
demonstrated the application of SNA in cross-domain complex systems analysis, providing in-depth insights for business
applications through multi-layer network modeling and clustering techniques based on event logs of constructed information
models.
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Recent studies have further shown the potential of SNA in automated process discovery, compliance checking, and social
network mining. Pan & Zhang (2021) developed a framework for automatically discovering processes from BIM event logs to
optimize construction workflows. Durojaiye et al. (2022) utilized social network analysis to reveal the day-night differences in
pediatric medical teams, offering a new perspective in the healthcare field. Mustroph et al. (2024) proposed a method for
detecting compliance deviations by combining natural language text and event logs.

The complex and subtle interactions between social structures and individual behaviors underscore the critical role of social
network analysis in understanding social phenomena, predicting individual behavior, and designing effective social
interventions. This has provided new research perspectives and empirical evidence for fields such as sociology, psychology,
and public policy.

This paper aims to conduct an in-depth study of the data sharing process among multiple stakeholders through process mining
and social network analysis. By integrating the ability of process mining to reveal business processes and the function of social
network analysis to display key participants and information flow paths within network structures.

METHODOLOGY
This paper conducts an in-depth study of the data sharing process through the following steps: First, we obtained standardized
data sharing process log records through strict data collection standards. These log records provide the foundational dataset for
our research. Secondly, we analyze the workflow, and use the four mining methods of interactive data-aware heuristics
(iDHM) to analyze the organizational structure, conduct in-depth mining of the data sharing process logs, and identify key
patterns and trends in the data sharing process. Third, we utilized indicators and methods from Social Network Analysis (SNA)
to analyze the data sharing process logs from an organizational perspective, revealing the social structures and dynamics within
the data sharing process. Finally, we will summarize the research findings and propose corresponding strategies and

recommendations.
]
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Source: This study.
Figure 1: Methodology for Data Circulation and Ownership Optimization Framework

Step 1: Obtaining Event Logs of the Data Sharing Process

Obtaining and standardizing event logs for the data sharing process is the first step in our research methodology, which is
crucial for understanding the dynamics of data sharing, identifying potential issues, and optimizing workflow. As the
foundation of our study, the event logs provide detailed records of data sharing activities, including key information such as
participants, actions, timestamps, and data sources. This information not only increases the transparency of the data sharing
process, enabling all stakeholders to track the flow and usage of data, but also helps to clarify accountability, facilitating
tracking and correction when issues arise. Moreover, log data can assist in analyzing bottlenecks and efficiency issues within
the data sharing process, providing a basis for improvements and ensuring compliance.

To ensure the completeness and consistency of event logs, we designed a basic event log template that includes at least the
following key fields: caselD, used to uniquely identify each data sharing case; eventID, used to uniquely identify each event;
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actors_id, identifying the individuals or systems involved in the data sharing activities; activity id, describing specific actions
or events within the data sharing activities; Timestamp, recording the exact time the event occurred; and Data source,
indicating the origin of the data, such as sensor data, manual records, or data from different systems. Considering that data may
come from various sources, we added a "Data source" column to the template to distinguish the origins of data and ensure its
accuracy and reliability.

Obtaining event logs for the data sharing process can be achieved through various methods, each with its own advantages and
challenges. First, automated logging is one of the most common methods, which captures events of data sharing automatically
through sensors, software systems, or application programming interfaces (APIs). The advantage of this approach lies in its
ability to collect a large amount of data in real-time and accurately, reducing the likelihood of human error. However, the
challenge with automated logging lies in ensuring the stability of the system and the integrity of the data, while also addressing
privacy and security concerns.

Second, log file analysis is another effective method of recording, which involves analyzing log files generated by existing
systems to extract information about data sharing. The benefit of this method is that it leverages existing log data without
incurring additional recording costs. However, the difficulty lies in the potential for inconsistent formats, incomplete
information, or difficulties in parsing the log files, which requires additional work to standardize and integrate the data.

Third, manual logging, which involves observing and recording data sharing events through human observation, is particularly
useful in scenarios where automation is not feasible or where highly customized recording is required. The advantage of
manual logging is its flexibility and in-depth understanding of specific situations. However, the challenge with manual logging
is that it is time-consuming and can be subject to the subjectivity of the recorder, which may lead to inconsistencies and biases
in the data.

Step 2: Process Mining- Workflow Analysis

This paper selects the Interactive Data-aware Heuristic Miner (iDHM) to mine and visualize the data sharing process from
event logs of the data sharing process(Mannhardt et al., 2017). The reason for this choice is that iDHM offers a powerful
interactive approach to understanding and revealing business processes. The iDHM is capable of handling complex event logs
that contain noise and unstructured processes, and through its data-aware capabilities, it can leverage data attributes within
event logs to enhance the discovery of process dependencies. Moreover, iDHM's visualization features, particularly the use of
Causal Net (C-Net) representation, provide a clear and intuitive way to present process models, including the causal
relationships and control flows between activities. This visualization method allows for a quick grasp of the structure and
dynamics of the process, thus facilitating more effective analysis and understanding. Through iDHM, this paper transforms
complex process data into visual representations that are easy to interpret and communicate, which is crucial for process
discovery and knowledge sharing. The specific steps are as follows.

(1) Discover Dependency Relations. Identifying Dependency Links. Initially, the collection of dependencies is established. An
individual dependency, noted as (a, b), signifies that activity a precedes and influences activity b, which is visually represented
by an arrow connecting the two. For a dependency to be recognized, it must be robust, surpass a preset threshold for
dependency strength, and appear more frequently than a specified observation frequency threshold. Various heuristic methods
have been developed to uncover and measure these dependencies. We offer the option to utilize the Flexible Heuristics Miner,
the Alpha Miner, Fuzzy Miner, or to integrate these methods by averaging the dependency values they identify.

(2) Identify Split and Join Points. The C-Net's distinct split and join points, represented by its I/0 bindings, must be identified
to ensure the model's semantic accuracy. These bindings appear as dots along the C-Net's flow paths, with separate dots
indicating XOR splits and linked dots signifying AND splits.

(3) Uncover Decision Criteria. In this phase, uncover the criteria that will trigger the activation of specific output bindings.
These criteria, or decision rules, are highlighted with a double border around the associated bindings. For a deeper
understanding, detailed decision rule information is accessible through a simple right-click action on the binding. The decision
rules are subject to a quality threshold, which can be used to filter them. The iDHM incorporates two distinct decision mining
techniques: one that utilizes C4.5 decision trees and another that focuses on identifying overlapping decision rules

Step 3: Social Network Analyiss

This study employed social network analysis techniques to measure the cooperative efficiency among participants in drills. By
utilizing various tools of social network miners, we can gain a deep understanding of the interaction patterns among
participants and assess their impact on process execution. The focus of this stage of research is on conducting social network
organizational analysis on the event logs of data flow to achieve effective identification of the roles and interactions of
participants in the data sharing process. Through this method, we can not only reveal the potential cooperative patterns within
the process but also identify and reinforce those cooperative factors that are crucial for the successful execution of the process.
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Definition 3.1 Density
The density (D) serves as a prominent measure of the overall relationships within a network, reflecting the ratio of the actual
number of direct connections between network actors to the total number of potential connections. The formula for density is
given by:

L

Dzn(n—l)’ 1

2
where L denotes the total number of direct links observed in the network, and n represents the total count of nodes. In the
context of an undirected graph, the maximum number of possible links is calculated by @ Consequently, the density value
falls within the range of 0 to 1, with 0 indicating no connections and 1 signifying that every possible connection is present.

Definition 3.2 Node degree

The node degree quantifies the number of connections a node has with its adjacent nodes. This measure reflects the
comprehensive extent of relationships that a node, labeled as i, maintains with other nodes in the network. With respect to the
orientation of these relationships, there are two distinct aspects: the in-degree and the out-degree of the node. The in-degree s
(D™) pertains to the number of edges that are directed towards the node, signifying the receipt of relationships, whereas the
out-degree (D/™) pertains to the number of edges that originate from the node, indicating the transmission of relationships.
Consequently, the calculation of the in-degree and out-degree for a node i can be expressed as follows:

Dt =" ay, @

k
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where the in-degree of a node i is denoted D;", which corresponds to the number of incoming edges (a;,) that arrives at the

node i; and the out-degree of a node i denoted DPU* is the number of outgoing edges (aj)emanating from node i.

Definition 3.3 Structural holes

The Structural Holes Theory was proposed by sociologist Ronald Burt in 1992 and primarily focuses on the structural
configurations within social networks and how these configurations influence the competitive advantages of individuals or
organizations. In a social network, structural holes refer to the gaps or breaks between individuals or groups that lack direct
connections. Individuals positioned at structural holes, due to their ability to bridge different communities or information silos,
often gain access to unique information and resources, thereby securing a favorable position in competition.

Effective size: When contacts of a node are interconnected, its ego network (a first-level network centered around a node)
exhibits redundancy. The effective size of a node's ego network is a measure of the non-redundant part of its relationships. p,,,,
refers to the normalized weight between u and w, while m,,, refers to the normalized weight between v and w divided by the
largest normalized weight between v and its neighbors.

e(u) = Z (1 - Z Puw mvw) (4)
veEN(w){u} WEN (v)

Efficiency is the effective size of a node divided by its degrees, a normalized measure of how non-redundant a node's
relationship is.

Constraint measures the degree to which a node is constrained by its social network. A higher constraint near a node means
higher network density and a lower number of structural holes.

= > eww (5)
weNW)\{v}
A node's constraint is the sum of its local_constraint with all neighboring nodes

2
f(u' U) = (puv + puwav) (6)
WEN (v)

The hierarchy indicates the degree to which all constraints are concentrated in a single connection. When a node's hierarchy is
equal to 1.0, it means that all constraints are concentrated on a single connection.

Definition 3.4 Handover of work metric

This metric for (possible) causality is based on the frequency of work transfers among actors in the process.

The handover of work metric assigns a weighting Wi to the relationship between actors i and j. For any two actors Vi, V;EN,
where N is the set of the nodes in a network; if Wi is above a given threshold , such a relationship (Vl-, V]-) will be placed in a
setR, i.e., (V,-, V,-) € R. In this way, a weighted graph (N, R, W) can be built. Let L be an event log, then the basic handover of
a work metric o, defines V; &, V; = W;; in R = {(V;,V;) € N X N|V; &, V; # 0} as follows:
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vy = ( Y el ) Dler-1), ™)
ceL ceL
oevz 1
VLV = (ZCELAl\/]jl cV2 ) 8)
where V; &, V; means the handover of the work metric from V; to V; (based on the logL), obtained by dividing the total
number of direct successions from V; to V; in a log by the maximum number of possible direct successions in the log. C
indicates a case in the logL. The term V; &, V; is the handover of a work metric ignoring multiple transfers within one

instance .

CASE STUDY

Scenario

Considering the growing demand for safety, efficiency, and reliability in domestic railway transportation, especially in the
context of the high-intensity operation of over 4,000 standard high-speed trains within the Chinese high-speed railway network,
optimizing asset maintenance strategies to enhance operational efficiency, reduce costs, and strengthen safety has become an
urgent priority. Currently, the transition from condition-based maintenance (CBM) to predictive health management systems
(PHM) is gradually realizing intelligent and precise maintenance decision-making by leveraging a widely deployed network of
onboard and ground sensors. This integration of diverse data sources, including manufacturing, maintenance, safety monitoring,
equipment inspection, and environmental data, not only requires efficient management and analysis of vast and complex data
streams but also highlights the issues of trust and collaboration across organizations, particularly between China State Railway
Group Corporation, Original Equipment Manufacturer (OEM), maintenance service providers, and China Academy of Railway
Sciences (CARS).

Therefore, we focus on the unified domestic high-speed train PHM big data platform, which has significant practical
significance and challenges as a research subject. It not only bears the tasks of integrating, cleansing, and analyzing massive
dynamic data but also serves as the core carrier for driving the optimization of maintenance strategies, real-time monitoring,
early warning prediction, and health management functions. As shown in Figure 3, the construction and application of the
high-speed train PHM platform involve various aspects of data flow and processing, from the collection of raw data to the
dissemination of decision support information to end-users (such as EMU sections and depots), and the formation of a
feedback loop. Each link in the entire chain requires a high degree of data transparency and trust mechanisms. Based on this
platform, we incorporate event logs of the data sharing process for data attribution. Our goal is to explore and implement
strategies to resolve conflicts of interest, significantly enhance data credibility, and optimize the flow of data among different
stakeholders. This initiative aims to build an efficient, reliable, and future-oriented solution framework for the maintenance
management of high-speed trains and the entire railway industry, ensuring clear visibility of data usage and responsibility at
every stage, thereby promoting deeper cooperation and technological innovation.
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Source: This study.
Figure 2: EMU PHM System Architecture
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To precisely simulate the complexity of actual inspection and maintenance scenarios and to validate the potential application of
theory in practice, this paper selects two core models from the Predictive Health Management (PHM) system for case analysis:
the traction motor fault prediction model and the traction motor fault diagnosis model.

Obtaining Event Logs of the Data Sharing Process

Since there is no unified record of the data sharing process in the EMU maintenance process based on the PHM system, this
paper can only be converted into a series of records describing specific events in the data sharing process by sorting out the
research minutes and related literature formed by the investigation of Jinan EMU depot, Shanghai EMU depot and Guangzhou
EMU depot. In order to further study the distribution of rights and responsibilities in data flow and the optimization of
efficiency, this paper designs a series of simulated event logs for data sharing processes based on the established framework.
These logs detail the interactions between participants (roles) and task activities (actions), following the specifications listed in
Tables 1 and 2. The log system is built not only to track the flow of data between the various participating entities, but also to
accurately record the details of task execution at each stage.

Table 1: Actors in Predefined Data Flow Logs
ID Actor
Al A EMU depot
A2 A EMU Operation Base
A3 A Original Equipment Manufacturer(OEM)
A4 Chinese Academy of Railway Sciences (CARS)
A5 EMU A001

Source: This study.

Table 2: Actors in Predefined Data Flow Logs

ID Task Actor
T1 Calculate the total operating mileage Al
T2 Comparison shows the predicted result exceeds the threshold A4
T3 Comparison shows the predicted result falls below the threshold A4
T4 Detect real-time data of EMU A5
T5 Discretize real-time related data of EMUs within a specific time period A4
T6 Enhance the Model A4
T7 Establish a Fault Diagnosis Model for Traction Motor Ad
T8 Establish a traction motor fault prediction model for prediction A4
T9 Generate Fault History A2
T10 Input data into the Fault Diagnosis Model for Traction Motorn Ad
T11 Input data into the traction motor fault prediction model for prediction A4
T12 Integrate basic operational information of EMUs within a specific time period Al
T13 Integrate real-time related data of EMUs within a specific time period Al
T14 Issue a Warning Message A4
T15 Normalize real-time related data of EMUs within a specific time period A4
T16 Output Predictive Results A4
T17 Output the fault diagnosis result as "Faulty" Ad
T18 Output the fault diagnosis result as "No Fault" A4
T19 Process Warning Information Al
T20 Push OEM-PHM Model Results A3
T21 Record Basic Information Al
T22 Record Train Set Description Information Al
T23 Retrieve Basic Information Al
T24 Retrieve basic operational information of EMUs within a specific time period Ad
T25 Retrieve Fault History A4
T26 Retrieve real-time data of EMU A4
T27 Retrieve real-time related data of EMUs within a specific time period A4

Source: This study.

We first considered the extension of the time dimension, ensuring that the new data spans a three-year period, thereby
reflecting comprehensiveness in the time series. On this foundation, we constructed more elaborate event chains for each case
(caselD), with each event (eventID) corresponding to a specific action. From the capture of real-time EMU data to the deep
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involvement of the China Academy of Railway Sciences (CARS), the application of fault prediction models, and the
processing of warning information, each step is interconnected, forming a complete and logically coherent process. The
repetition of these operations at multiple time points demonstrates a dynamic, cyclical iteration of health management
processes, rather than merely an increase in activities. The expanded data situation is illustrated in Figure 5.The dataset
comprises a total of 10,146 events. The table below provides a sample of the event log entries.

Table 3: Actors in Predefined Data Flow Logs

caselD eventlD actors id activity id Timestamp Data source Stage

1 1001 Al T12 2023/4/2 11:20:00 EMIS system raw data

1 1002 Al T13 2023/4/2 11:20:00 WTDS system raw data

1 1003 A4 T24 2023/4/2 11:40:00 EMIS system raw data

1 1004 A4 T27 2023/4/2 11:40:00 WTDS system raw data

1 1005 Ad T15 2023/4/2 11:42:00 PHM system Normalized data

1 1006 A4 T8 2023/4/2 12:00:00 PHM system Data Model

1 1007 A3 T20 2023/4/3 12:11:00 A_OEM-PHM system Model Computed Data
1 1008 A4 T6 2023/4/3 12:11:00 PHM system Data Model

Source: This study.

Process Mining

Workflow Analysis- Task Perspective

In this study, to gain an in-depth understanding of the events and workflow structures within the simulated data flow logs, we
first employed the process mining tool Disco for visual analysis. The visualization capabilities of Disco allowed us to observe
the execution paths of workflows and the interrelationships between activities in an intuitive manner. The generated process
models not only displayed the high-level structure of the workflow but also revealed detailed flow paths within the event logs.
Through this intuitive visualization method, we were able to more clearly identify various stages of the process, including the
sequence of activity execution, potential branches, and loops. Moreover, the abstract log data was effectively transformed into
graphical process models by Disco, which not only enhanced the readability of the data but also facilitated further analysis. In
conjunction with Figure 6, we found that the visualization results were consistent with the number of events in the data,
validating that Disco provides accurate visual representations while maintaining data integrity.
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Figure 6: Process mining using the fuzzy mining algorithm tool in Disco

We integrated four predefined cases to conduct a joint analysis of the actors and tasks within the process. The specific analysis
is as follows. This analysis helps us understand how different actors collaborate in the process of traction motor fault
prediction and diagnosis for electric multiple units (EMU), as well as how various tasks are interconnected and executed.

Case 1: The construction of a predictive model for traction motor faults in an EMU begins with the collection of operational
information from the EMIS system and real-time data from the WTDS system by an EMU depot (Al). These data are raw and
serve as the starting point (T12 and T13). Subsequently, CARS(A4) retrieves both basic (T24) and real-time (T27) data from
the same sources. The real-time data is normalized within the PHM system (T15), leading to the construction of the predictive
model (T8). After the model is built (T8), the original equipment manufacturer (A3) receives the prediction results through
system push notifications (T20), enabling the model's application. Finally, CARS (A4) optimizes the model (T6), completing a
full process from data to an optimized model that supports operational and maintenance decisions.

Case 2: The data processing flow focuses on the construction of a diagnostic model for traction motor faults in an EMU,
involving several core stages. The EMU depot (Al) first integrates basic operational and real-time data (T12 and T13),
providing the raw data source. CARS (A4) then extracts and processes this data (T24 and T27), performing discretization (T5)
and normalization (T15) to optimize the model's input conditions. After the model is built (T7), the original equipment
manufacturer (A3) receives the prediction results through system push notifications (T20). CARS (A4) optimizes its model
based on the OEM-PHM model's results (T6), completing a full process from data to an optimized model that supports
operational and maintenance decisions.

Case 3: The data processing flow starts with the EMU depot (A1) recording basic information in the EMIS system (T21) and
real-time monitoring of EMU A001 by the WTDS system (T4). CARS (A4) then extracts basic operational data from the
EMIS system (T23) and real-time monitoring data from the WTDS system (T26). These data are input into the PHM system's
predictive model for traction motor faults (T11) for calculation, resulting in prediction results (T16), which are compared
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against a threshold (T2). If the prediction exceeds the threshold, CARS (A4) issues a warning (T14), and the EMU depot (A1)
processes this warning (T19). The EMU Operation Base generates a fault handling record (T9), and CARS (A4) queries the
fault handling record from the EMIS system (T25) and optimizes the model (T6), forming a closed-loop management process
from data collection to decision support, effectively serving the operational maintenance of A Railway Bureau's EMUs. Case 6
is similar to Case 3, with the difference being that the model indicates a normal operational status below the preset threshold
(T3), and the case concludes.

Case 4: The data processing chain begins with the EMU depot (A1) recording basic operational information in the EMIS
system (T21), followed by the real-time data capture of EMU A001 using the WTDS system (T4). The EMU depot (Al)
calculates the total operational mileage (T1), while CARS (A4) extracts basic operational data from the EMIS system (T23)
and real-time monitoring data from the WTDS system (T26). These data are then input into the PHM system's diagnostic
model for traction motor faults for analysis (T10). After the diagnostic model runs, it clearly identifies "fault present” (T17),
triggering CARS (A4) to issue an immediate warning (T14). The EMU depot (A1) responds to the received warning (T19).
The EMU Operation Base processes the fault, creating a fault history record (T9), laying the foundation for subsequent
analysis. CARS retrieves the fault handling record from the EMIS system (T25) and iteratively upgrades the model based on
the new situation (T6) to enhance the precision of predictions and diagnoses. Case 5 is similar to Case 4, with the difference
being that the PHM system concludes "no fault" (T18), leading to no subsequent processing.

Workflow Analysis - Organizational Perspective
After conducting mining and analysis on business processes using Disco, event logs can be converted into XES and MXML
formats. We then import the converted data files into ProM and use the iDHM plugin for further analysis.
Based on an organizational perspective, we utilized four mining algorithms within the iDHM plugin for analysis, with the
results illustrated in Figure 8.
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Figure 7: Process mining using the iDHM tool in ProM

Following the steps outlined in Section 3.3, we proceed to analyze Figure 8-1.

First, we establish a causal chain between activities by identifying dependencies. In Figure 8-1, Actor A1-EMIS System serves
as the starting point for data collection, while A2 and A5 are associated with the WTDS System, indicating their potential role
in real-time data collection and monitoring. These activities are connected by arrows, indicating the sequence of execution and
dependencies between activities. For instance, activities performed by Al in the EMIS System may depend on activities
performed by A2 in the WTDS Field, and activities by A5 may depend on data collected by Al and A2.

Next, we identify split and join points in the C-Net, which are represented as points in the diagram through 1/O bindings. These
points help us understand how data flows and transforms between different actors and systems. For example, the connection
between A4 and both the WTDS and PHM systems may indicate data transfer between these two systems, where individual
points may represent XOR splits based on specific conditions, and connected points represent AND splits for parallel
processing.

Finally, we reveal decision criteria that determine when specific output bindings are activated within the data sharing process.
In the diagram, the interaction between A4 and the OEM-PHM System involves the formulation of decision rules, which may
be based on data retrieved from the EMIS and WTDS Systems.

Through a comprehensive analysis of the four diagrams, Figure 8-1 indicates that Actor Al is directly connected to the EMIS
System, while A2 and A5 are associated with the WTDS System, suggesting that data is directly entered into the recording
system after being collected on-site. Figures 8-3 and 8-4 are similar, but they particularly emphasize the connection between
Actor A4 and the PHM System, implying a critical decision or analysis phase. In contrast, Figure 8-4 shows the direct
connections between Actors Al and A2 with the WTDS Field and WTDS System, indicating a process that is more focused on
data collection and initial recording. Figure 8-2 presents a more integrated view, with Actors Al, A2, A3, and A4 connected to
multiple systems, demonstrating a complex process involving multiple actors and interactions across various systems.
Moreover, the connection between Actor A4 and the OEM-PHM System in Figure 8-2 may suggest a broader business
decision-making process involving external manufacturer systems. Overall, while these four diagrams share some
commonalities, each highlights different data flow and decision points, revealing unique business processes and actor roles.

Social Network Analysis
Using the Social Network Analysis plugin in ProM, there are various metrics available to describe the network structure within
the input event logs.

Density indicates the average degree of connections between organizations. The network has 8 nodes and 14 links. The density
of the network is approximately 0.0714. In a high-density network, organizations interact more frequently, which should lead
to more effective coordination. A high density value indicates a strong degree of cooperation and coordination between
departments. This should increase the likelihood of social control over the network. If the social network is dense or cohesive,
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the score is 1 (or 100%), meaning that all its members are directly connected, while a score of O indicates that they are
completely disconnected. Considering the density of the entire network, the members of the EMU maintenance group have
established 7.14% of the possible connections between them.

Task-Actor Matrix

Utilizing the ' Task-Actor Matrix Mining' feature in ProM to extract the relationship matrix between actors and tasks. The two-
dimensional relationship matrix differs from a one-dimensional 'person-person’ matrix, as it does not merely represent the
connections between workers. Instead, it leverages the relationships between individuals and activities to simultaneously
display the connections between tasks and the connections between workers. The matrix obtained using the 'Analysis-
Originator by Task Matrix' plugin is shown in Figure 9.

originator T | TI0| T11| T2 | T3 | T4 | TI5| T16| T17 | T8 | T19| T2 | T20 | T21 | T22 | T23 | T24| T25| T26| T27| T3 | T4 | 75| 76|77 T8 | T8
A1 - EMIS system 371 0 0| 373 0 0 0 0 0 0| 369 0 0/ 549, 182 189 0 0 0 0 0 0 0/ 0 0 0 0
A1 - WTDS system 0 0 0 0 373 0 0 0 0 0 0 0 0 0| 0 0 0 0 0 0 0 of 0/ o 0O 0 0
A2- Field Record 0 0 0 0 0 of o o o o 0 o0 o o o o o o o o o o o o o o368
A3-A_OEM-PHMsystem | ©f o o ©of o o o o o o o o 373 o o o o o o o o o o oo o o
A4 - EMIS system of o o o o o o o o o o o o o of542] 373 369 189) o0 o0 o o o o of ©
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A5 - WTDS system o o o o o o o o o o o o 0 00 o0 o o ©o o o o o o o o o

Source: This study (obtained using ProM).
Figure 8: EMU Maintenance Case Activity-Actor Matrix Mining Results

In this matrix diagram, we can observe eight distinct organizational entities and their systems (A1-EMIS, A1-WTDS, A2-Field
Record, A3-A_OEM-PHM, A4-EMIS, A4-PHM, A4-WTDS, A5-WTDS) participating in 27 different activities (T1 to T27).
Through the element values in the matrix, we can understand the extent to which each actor participates in a particular activity.
Each cell in the matrix represents the frequency with which a specific organization executes a particular activity, with the
depth of color indicating the frequency level, and white cells indicating a frequency of zero.

From the diagram, it is evident that, for instance, A1 (A EMU depot) - EMIS system has a high frequency of execution for
activity T21 (Record Basic Information), as indicated by the darker color of the corresponding cell, highlighting the
importance of data collection and extraction within the overall activity set. Similarly, A4 (A EMU depot) - EMIS system has a
high frequency of execution for activity T23 (Retrieve Basic Information), indicating the significance of data collection and
retrieval in the workflow. The high frequency of execution for A4-PHM system in activities T10 (Input data into the Fault
Diagnosis Model for Traction Motor) and T15 (Normalize real-time related data of EMUs within a specific time period) also
underscores the critical role of data importation and processing in the workflow. On the other hand, A1 (A EMU depot) -
WTDS system has a low frequency of execution or no execution across all activities, as it primarily serves to provide data.

Node Centrality Analysis

In the field of social network analysis, Ucinet is a powerful software tool that offers researchers a wealth of functionalities to
parse and understand complex social relationship networks. In our research project, we utilized Ucinet to distill key
information from multidimensional data, transforming a two-dimensional activity-actor matrix into a one-dimensional actor
matrix.

To delve deeper into the status and influence of actors within the network, we needed to focus more closely on the actors
themselves rather than their specific activities. Therefore, we converted the two-dimensional matrix into a one-dimensional
actor matrix, a process that essentially projects the original matrix to obtain the connectivity of each actor within the entire
network, i.e., the frequency and intensity of their interactions with others.

Degree centrality is a measure of the importance of a network node (in this case, an actor), based on the number of direct
connections the node has. By calculating the degree centrality of each actor, we can identify which actors occupy central
positions in the network and which individuals play key roles in information dissemination, resource allocation, and other
aspects. This analytical step is crucial for understanding the workflow, power distribution, and communication patterns within
an organization. It also provides valuable insights for optimizing team collaboration and enhancing overall efficiency.

Further conducting node centrality analysis on the EMU maintenance organization, in this subsection, degree centrality is
selected as the indicator to measure node centrality. The degree centrality data table for the activity dimension is shown in the
following Table 4.

Table 4: Node degree of the social network

Degree  NrmDegree Share
A4-EMIS system 2 28.571 0.5
A4-WTDS system 1 14.286 0.25
Al-EMIS system 1 14.286 0.25
Al-WTDS system 0 0 0
A3-A_OEM-PHM system 0 0 0
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A4-PHM system 0 0 0
A2-Field Record 0 0 0
A5-WTDS system 0 0 0

Source: This study (obtained using UCINET 6.0 software).

Degree Centrality is a metric used to measure the importance of a node within a network, based on the number of connections
a node has. The A4 - EMIS system exhibits the highest degree centrality with a value of 2, indicating that it has the most direct
connections within the network and occupies a central position. Its normalized degree centrality (NrmDegree) is 28.571%, the
highest among all nodes, meaning it participates in approximately 28.571% of the network activities. Additionally, its Share
value is 0.500, indicating that it is involved in half of the total activities.Both the A4 - WTDS system and the Al - EMIS
system have high degree centrality values of 1, and their NrmDegree is the same at 14.286%, suggesting that these two systems
have comparable activity levels within the network, with each participating in approximately 14.286% of the activities. The Al
- WTDS system, A3 - A_OEM-PHM system, A4 - PHM system, A2 - Field Record, and A5 - WTDS system all have a degree
centrality of 0, indicating that these organizations and systems have no direct connections or activity participation within the
network. Their roles in the current network structure may be peripheral or limited.

Through this analysis, we can understand the level of participation and importance of different systems or members within the
high-speed train maintenance organization network. The A4 - EMIS system is clearly a key node in the network,
demonstrating that in the high-speed train maintenance organization, the Chinese Academy of Railway Sciences (CARS)
utilizes EMIS system data as a critical and central node.

Table 5: Descriptive Statistics of Node Degree in Social Networks
Degree NrmDegree  Share

Mean 0.5 7.143 0.125
Std Dev 0.707 10.102 0.177
Sum 4 57.143 1
Variance 0.5 102.041 0.031
SSQ 6 1224.49 0.375
MCSSQ 4 816.327 0.25
Euc Norm 2.449 34.993 0.612
Minimum 0 0 0
Maximum 2 28.571 0.5

Source: This study (obtained using UCINET 6.0 software).

The descriptive statistics presented in Table 5 offer key metrics for node degree centrality within the network. The average
degree centrality is 0.500, indicating that nodes on average participate in half of the connections. However, the inconsistency
in connections among nodes is highlighted by a standard deviation of 0.707 and a variance of 0.500, suggesting that some
nodes have significantly more connections than others. The sum of degree centrality for all nodes is 4.000, and their
cumulative proportion reaches 1.000, indicating that these connections account for the entirety of the network's connections.
Additionally, the minimum degree centrality is 0.000, indicating that at least one node has no connections, while the maximum
degree centrality reaches 2.000, suggesting that one node has twice the average number of connections. The Euclidean norm of
2.449 provides a measure of node importance in a multidimensional space, and the sum of squares of 6.000, compared to the
average sum of squares of 4.000, further emphasizes the unequal distribution of connections among nodes. These data
collectively suggest the presence of significant central nodes within the network, alongside some nodes that are more isolated,
a distribution that may impact the network's stability and efficiency.

Structure Hole

In this section, we employ structural hole theory to analyze potential connections and gaps in information flow within the
network. Based on the data from Table 6, we can observe the connection strengths between different systems. The AL-EMIS
system exhibits a high degree of connectivity with the A4-EMIS system (0.56), once again indicating frequent information
exchange and close collaboration between the EMU depot and the China Academy of Railway Sciences (CARS) in terms of
EMIS system data.

On the other hand, the connectivity between the A1-WTDS system and the A2-Field Record, A3-A_OEM-PHM system, etc.,
is low or non-existent, indicating structural holes in the data sharing process among various organizations within the WTDS
system, Field Record, and _OEM-PHM system. These structural holes lead to inefficient information transmission and
increased coordination costs.
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In particular, the A4-PHM system has a connectivity degree of 1, indicating its critical role as a liaison in the network and as a
central node for information circulation. The A5-WTDS system also has a connectivity degree of 1, signifying a high degree of
autonomy and independence within the network, but it also suggests that it has fewer direct connections with other systems.

Table 6: Inter-Organizational Dyadic Constraints and System Interactions

A3-

Al- ; A4- A5-
Al-EMIS WTDS A2-Field A_OEM- A4-EMIS A4-PHM WTDS WTDS
system Record PHM system system
system system system
system

Al-EMIS system 0.56 0 0 0 0.56 0 0 0
A1-WTDS system 0 1 0 0 0 0 0 0
A2-Field Record 0 0 1 0 0 0 0 0
A3-A_OEM-PHM system 0 0 0 1 0 0 0 0
A4-EMIS system 0.2 0 0 0 0.44 0 0.2 0
A4-PHM system 0 0 0 0 0 1 0 0
A4-WTDS system 0 0 0 0 0.56 0 0.56 0
A5-WTDS system 0 0 0 0 0 0 0 1

Source: This study (obtained using UCINET 6.0 software).

Table 7 presents data on structural hole-related indicators in social network analysis across different systems. These indicators
help us understand the position, influence, and interaction patterns of each system within the network. The Degree Centrality
indicator reflects the number of direct connections each system has with other systems. The A4-EMIS system leads with a
score of 3, indicating that it has the most direct connections with other systems in the network and plays a key role in
information sharing and coordination. In contrast, the A1-WTDS system, A2-Field Record, A3-A_OEM-PHM system, and
A5-WTDS system all have the same Degree Centrality score of 1, suggesting that they have fewer direct connections within
the network.The Efficiency Size indicator shows that all systems have a score of 1, indicating that each system has a similar
level of efficiency and influence within the network. In the Efficiency indicator, the A1-EMIS system scores the lowest (0.5),
suggesting that this system has lower efficiency in task completion and information processing compared to other systems in
the network. The Constraint indicator shows that all systems, except for the A4-EMIS system, have a score of 1, indicating that
these systems face higher constraints within the network, with limited autonomy and flexibility. In the Hierarchy indicator, the
A4-EMIS system scores the lowest (0.074), suggesting that it occupies a lower position in the network's hierarchical structure,
while other systems have a more equal status in the hierarchy. Lastly, the Ego Betweenness indicator shows that only the A4-
PHM system scores 1, which may indicate that the A4-PHM system exhibits a strong ego-centricity within the network, while
other systems have a more average performance in this regard.

Table 7: Structural Hole Measures of Organizational Actors and Their Systems
Degree EffSize Efficie Constra Hierarc Ego Bet

Al-EMIS system 2 1 0.5 1.125 0 0
Al-WTDS system 1 1 1 1 1 0
A2-Field Record 1 1 1 1 1 0
A3-A_OEM-PHM system 1 1 1 1 1 0
A4-EMIS system 3 1.667 0.556 0.84 0.074 1
A4-PHM system 1 1 1 1 1 0
A4-WTDS system 2 1 0.5 1.125 0 0
A5-WTDS system 1 1 1 1 1 0

Source: This study (obtained using UCINET 6.0 software).

Handover of Work Metric

This section focuses on analyzing the handover of work, establishing the causal relationships between drill activities in the
event logs, and constructing a social network graph that details the work transfer relationships among eight participants. This
weighted graph not only illustrates the structure of interactions between participants but also reflects their levels of
participation and task dependencies in the high-speed train maintenance process. Nodes in the graph represent different
organizational units and systems used, while the connections between nodes, along with their weights and coefficients,
quantify the relationships among these organizational units and systems.

Through a ranking analysis of four key indicators—Degree Centrality, In-Degree Centrality, Out-Degree Centrality, and
Closeness Centrality—we gain profound insights into the network structure. Notably, the A4-EMIS system and A4-PHM
system score significantly high in Degree Centrality and In-Degree Centrality, highlighting the central role of China Academy
of Railway Sciences Group Co., Ltd. in the entire maintenance process. These systems are not only hubs for information and
resource distribution but also play a crucial role in fault decision-making and coordination.
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Concurrently, the high Out-Degree Centrality of the A1-EMIS system indicates that the EMU depot is a primary source of data
and information output during the maintenance process. This characteristic underscores the importance of the depot in data
collection and distribution, playing a key role in the transparency and control of the entire workflow.

In the analysis of Closeness Centrality, we observe that nodes with higher scores can quickly establish connections with other
nodes, indicating their central positions within the network. However, the relatively low Closeness Centrality score of the Al-
EMIS system suggests that it may be located at the periphery of the network, implying potential delays or obstacles in
information transmission and process coordination.

9-1 Ranked by Degree Centrality 9-2 Ranked by In Degree

-z {Field Re}

6 s

9-3 Ranked by Out Degree 9-4 Ranked by Closeness
Source: This study(obtained using ProM)..

Figure 9: Mining result for handover of work social network

Based on the data from Table 8, we can observe that the A1-EMIS system is associated with a large number of nodes, but its
connections with the A1-WTDS system, A2-Field Record, and A4-EMIS system are relatively weak. This suggests that the
EMU depot has limited direct interactions with the data sources of these organizations, indicating a low level of engagement in
data sharing and work handover.

The A4-EMIS system has strong connections with both the A4-WTDS system and A4-PHM system, with weight values of
0.06171 and 0.1012, respectively. This close relationship signifies that CARS not only facilitates efficient information flow
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within its internal systems but also serves as a bridge connecting the EMU depot with other key stakeholders. It also
demonstrates the frequency of data sharing and work handover among the EMIS, WTDS, and PHM systems during the EMU
maintenance process.

Table 8: Edge weight values between nodes in the EMU maintenance network.

A3-
Al- ; Ad- A5-
Al-EMIS WTDS A2-Field A_OEM- A4-EMIS A4-PHM WTDS WTDS
system Record PHM system system
system system system
system
Al-EMIS system 0.04125  0.04081 0.04103 0.08085
Al-WTDS system 0.04125
A2-Field Record 0.04081
A3-A_OEM-PHM system 0.04125
A4-EMIS system 0.04125 0.06171 0.1012
A4-PHM system 0.04081
A4-WTDS system 0.1012
A5-WTDS system 0.04103 0.03981

Source: This study

Combining the above discussions, we can draw three conclusions. (1) CARS occupies a central position in the entire network.
Although the specific EMU AQ01 represented by A5 does not have a direct weight value in the table, it is the central object of
the maintenance process, with all activities and data flows being directly or indirectly related to it. (2) The connection between
the EMU Operation Base represented by A2 and the Original Equipment Manufacturer represented by A3 is not directly shown
in the table, but their roles within the network are significant and cannot be overlooked. (3) The specific EMU A001
represented by A5, although lacking a direct weight value in the table, is the central object of the maintenance process, with all
activities and data flows being directly or indirectly related to it

CONCLUSION
This paper primarily analyzes event logs of data sharing processes, yielding new insights, particularly focusing on the complex
scenarios involving multiple stakeholders in a predictive health management (PHM) based high-speed train maintenance case.
The study employs process mining and social network analysis techniques, using interactive data-aware heuristic miner (iDHM)
to mine and visualize activity dependencies in data sharing processes, identifying key split and merge points, thereby revealing
patterns and trends within the data sharing process. Additionally, social network analysis reveals the social structures and
dynamics of data sharing processes, as well as the flow of data among different stakeholders.

The findings of this paper are significant for understanding the intrinsic mechanisms of data sharing, promoting data
compliance, efficient circulation, and utilization, and enhancing the effectiveness of collaborative networks. Through this
research, we have identified potential barriers and opportunities within the data sharing process, providing an empirical basis
for the development of data management strategies.

The limitations of this study include, firstly, the fact that there is currently no specialized system or platform to record the
actual data sharing processes in high-speed train maintenance. Although the method of extending simulated event logs used in
this paper helps in understanding and exploring potential patterns of data sharing, the accuracy and comprehensiveness of the
results are limited by the simulated conditions set. Future research should focus on developing or utilizing more advanced data
collection tools to obtain more detailed and accurate records of data sharing processes, further deepening our understanding of
data flow patterns in multi-stakeholder environments. Secondly, while iDHM can handle complex event logs, the diversity and
incompleteness of data may still affect the accuracy of the model. With appropriate methodological adjustments, the research
conclusions can be generalized to other types of data sharing scenarios. Therefore, future research could consider a broader
range of data sources and more complex analytical techniques to comprehensively understand the data sharing process.

The findings of this paper will inspire future experimental designs, particularly in the areas of data governance, compliance,
and stakeholder engagement. The results indicate that optimizing the data sharing process requires not only technological
innovation but also a deep understanding of stakeholder behavior and social network structures. Therefore, future experiments
should focus on developing data sharing frameworks that can adapt to the needs of diverse stakeholders and assess the impact
of different strategies on data sharing efficiency and trust.
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