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Abstract. Business process modeling aims to construct digital representations of
processes being executed in the company. However, models derived from the event
logs of their execution tend to overcomplicate the desired representation, making
them difficult to apply. The most accurate recovery of the business process model
requires a comprehensive study of the various artifacts stored in the company's
information system. This paper, however, aims to explore the possibility to
automatically obtain the most accurate model of business process, using mutual
optimization of models recovered from a set of event logs. Further, the obtained
models are executed in multi-agent simulation model of company, and the resulting
event logs are examined to determine patterns that are specific to distinct employees
and those that generally characterize business process.
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1. Introduction

Business Process (BP) modeling aims to construct digital representations of processes
being executed in the company, that are required for the implementation of Business
Process Management (BPM) in the organization and its sustainable development in
constantly changing demands of the competitive environment (1).

An extensive research and optimization of processes in a medical organization make
it possible to efficiently allocate and use available resources and provide treatment with
no delays and at the proper volume (2). Moreover, the construction, research, and
simulation of the BPs is performed when implementing the digital twin of the
organization used in decision support systems (DSS) for scenario analysis (3). The health
information system (HIS) of a medical organization stores large volumes of
heterogeneous information about its functioning, which can be used to build and explore
the BP of the healthcare system (4).

In this paper, authors consider the possibility of obtaining the most accurate model
of BP in application to healthcare, using mutual optimization of models recovered from
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a set of event logs, as well as information about complex BP by examining structural and
temporal patterns of BP simulation logs. The complexity of BP in this research means
its diversity of execution, observed in uneven limited event logs.

Heterogeneous information about the BPs of a large medical center is used to show
the proposed method. Obtainment and investigation of a set of BP implementations are
performed using multi-agent simulation model developed by the authors.

2. Related Works

When the BP model is defined by an expert, the resulting representation may not reflect
the actual execution of BP by employees. Models derived from the execution event logs
may show excessive detail of actions, as well as they may vary from one employee
executing a BP to another (5).

Different Process Mining algorithms aim to solve this problem for different types of
event logs, assumptions about the investigated BPs (6). For example authors of the article
(7) implement filtering of logs from rare actions that noise up the event log using their
relative frequencies. Furthermore, heuristics are used to identify noise in logs. In (8) the
researchers propose an approach that develops a systematic methodology for clearing
event logs. Based on several datasets, 11 log imperfections patterns were identified and
appropriate ways to detect and eliminate them were suggested. However, the goal of
current research lies in automatic filtering of BP logs, with main assumption contained
in splitting event logs on specific feature, and construction of an accurate BP model.

Recurring patterns can be found in the BP model, obtained from good quality event
log without noise, they make the understanding of the processes easier or can be used to
build new processes. In paper (9) the authors propose their approach for automatic
pattern discovery using specified ontology from the event log generated during the
execution of BPs. The sequence of events and semantics are used to determine if a pattern
is present in a process. Authors of the article (10) describe an approach to identify process
execution priority patterns, using the event log, to discover the impact on the overall
process. Also patterns can be used to compare the performance of BP as shown in (11),
where authors compare the elements of the graph built on event logs to evaluate the
divergence of two logs.

3. Data

Data used in this research was provided by an Almazov National Medical Research
Centre (Almazov Centre). It includes information about the movement of medical staff,
derived from the Access Control System (ACS), and various actions with Electronic
Health Records (EHR) from the HIS. ACS and HIS data were combined and used to
extract the BP event logs for a set of employees. This study uses event logs of 24-hour
nurses’ shifts (log cases), generally described in table 1.

Table 1. Description of nurses’ event logs

Employee Shifts Activities Unique activities
NeO 137 6118 239
Nel 187 13644 286
No2 127 3595 239

Ne3 113 6427 246
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Event logs belong to four nurses working in one department, with similar or close
responsibilities, implementing a similar set of actions, allowing to identify and explore
the model of BP. Thus, the event log of shifts contains nurse's activities — actions with
HIS and movement through a set of locations in the center, with timestamps.

4. Methods

The ProFIT library (https://github.com/Siella/ProFIT), already applied to mining BPs in
healthcare (4), was used in this research to obtain a set of BP models from the logs. Each
BP model is obtained in form of a weighted graph, described by a weighted transition
matrix. Graph nodes represent activities from the log, edges — sequential transitions
between them. The weight of an edge is the frequency of transition occurrence in logs.
Authors propose the identification of the most accurate model of BP which includes:
e The construction of executable BP models {M;}-, for a set of n event logs.
e  Mutual optimization of models — obtainment of a set of filtering parameters
{f.}i=, for activities and transitions (with preassigned bounds). Let M;(f;) be a
BP model, obtained from event logs i with activities’ filtering f;. Nyf, =

N (Mi (f.)) — is the corresponding set of activities, then

Nif\UjeiNjf,
{fl ?:1:%21' - N:fl- = > min (1)

The set of event logs can be derived by splitting general event log on specific feature,
for example, employee — as presented in this research. Thus, proposed frequency filtering
automatically remove nodes and edges, which occur very rarely in event logs and turn
the result into “spaghetti-like” models, and consider information about other models in
every BP model, making them more accurate.

To construct an executable BP model, graph is supplemented with transition
probabilities and distributions of execution times, and the process of BP occurrence.
Models are executed in multi-agent BP simulation model, developed by the authors to
produce simulation logs used in pattern identification. Each pattern is a sequence of
activities, that appear in several event logs with specified significance threshold.

5. Results

A set of four executable BP models of nurses’ shifts were selected, obtained, optimized.
For each nurse, BP simulation modeling was performed, resulting in a set of event logs
of BP model implementation. Further, patterns of length 2 — 5 were identified for each
simulation log. The analysis of patterns showed that nurses NeQ and Ne3 have the closest
BP models, followed by nurse Nel and then Ne2. The filtering parameters obtained with
the optimization of BP model on the subset of original event logs of two employees (N0
and Ne3) are shown in table 2.

Table 2. Filtering parameters for actions and transitions of two BP models optimization

Employee fi of activities fi of transitions
NeO 82 5
Ne3 77




A. Kshenin and S. Kovalchuk / Data-Driven Modeling of Complex Business Process 121

The visualization of optimized BP model, that corresponds to employee NeO with
filtering parameters from table 2, is shown on Figure 1.
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Figure 1. Visualization of optimized graph BP model corresponding to nurse Ne0.

Figure 2 provides the box plots of four movement patterns, that are mutual for all
BP models, and consequently, employees. These patterns are situated at the very
beginning of BP and may show small time loss in employee’s Nel execution (left), and
higher dispersion of longer patterns’ execution times (right) that is due to untracked sub-
pathways and different arriving time. The example of movement patterns, Ne7, is the
sequence: 'CP-2.04 Exit through the turnstile 3', 'Card reader CPC DO0.20', 'Card reader
CPC D5.05 (1A entry)', 'Card reader CPC D5.05 (in-patient department entry)'.
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Figure 2. (left) length of two movement patterns; (right) length of four movement patterns.

Figure 3 provides the box plots of patterns related to various blood analysis tests.
Though all three employees possess such competencies, employee Nel performs them in
a different scenario not during BP closest to other employees’ models. Employees NeQ
and Ne3 show similar results in executing these patterns, as they are subsequences of
clinical blood analysis that is highly automated. The example of tests patterns, Nel3, is
the sequence: 'Thyroid-Stimulating Hormone (TSH) test', 'PC express lab. Detection of
anti-erythrocyte antibodies ICT', 'PC express lab. Blood group and Rh factor'.
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Figure 3. Blood analysis patterns.

6. Discussion

BP, explored in this research does not possess parallel execution of several activities, and
moreover, is entirely executed by a single employee. The opposite case of the second
feature, nonetheless, can be considered within the proposed method. In this case, the
resulting activity patterns will correspond to all possible subsets of employees, that are
involved in executing them. One can analyze the time and structure diversity in such
patterns and identify activities and/or employees where the loss of efficiency occurs.

Execution patterns in simulation logs are rather simple, however, they reflect the
process of execution — as a sequence of activities, so they are easy to interpret and analyze.
Box plots comparison can show both the personalized loss of execution time and the
efficiency of automation. When changing subsets of models one can identify structural
differences between BP executed by different employees.
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The results can be improved with a more representative variable for graph model
optimization. The procedure, that can handle possible changes in models’ subset, will
allow to dynamically explore more diverse models and save time, not starting from the
very beginning. The most resource-demanding part of the research method is simulation
modelling; however, all BP models can be executed in parallel, vastly reducing time.

7. Conclusion

In this research, authors propose method to obtain the most accurate model of BP, using
mutual optimization of models, derived from a set of event logs. The identification of BP
model is followed by the examination of structural and temporal patterns in BP
simulation logs. The study includes the identification and research of nurses’ shifts BP,
using the data of Almazov Centre, that show an interpretable result.
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