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GLOSSARY 

Business in general: We considered the business activities of all businesses and 

structured the knowledge base (KB) proposed in [1], which contains activities of all 

kinds. The KB was used to validate the activities that take place in a specific sales 

business through the proposed technique. In this case, a sales business was 

chosen, but any other business can be used as long as it has the necessary data 

for modeling. 

Business rules: The formal declarations of a business, which allow commercial 

objectives to be achieved through developed activities [2]. Based on the business 

rules, the heuristic rules that validate user activities are deduced. 

Current Process Model: A process model defined by business staff, which is not 

set in stone. On the contrary, it can and should be updated periodically, according 

to the resilience level of a company [3]. 

Current processes: (Business process manual) the promulgated processes that 

are used to develop the activities and reach business objectives [4].  

Database: According to relational design, non-redundant and interrelated data 

sets are stored in predefined structures and processable by several applications 

through integrations and safeguards [5]. For dimensional design, a database is a 

set of facts, dimensions and measures structured in stars, constellations and 

snowflakes that can store large amounts of data for Business Intelligence 

processing [6]. 

Event log: This file contains a chronological record of daily business activities. For 

objects of the present study, it is the event log related to the activities of a generic 

sales process [7], [8], [9]. 

Event: The fundamental entity of observed physical reality represented by a point 

designated by three coordinates of place and one coordinate of time in the space–

time continuum postulated by the theory of relativity; a subset of the possible 

outcomes of an experiment [10]. 
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Generic Event Log (GEL): In a similar way to the Generic Windows Event Log 

[11], the concept and use of the “Generic Event Log” has spread in information 

systems, and it could be indicated that GEL is an event log generated by default 

by the information system in any business. 

Ideal Process Model: In this theoretical model, business rules are fully complied 

with in an ideal environment, where entropy is reduced to zero and activities are 

carried out strictly according to the norm (legacy process) [12]. 

Information System: A set of applications developed or adapted to suit business 

policies and rules [13], which the user uses to carry out their daily activities in the 

business. 

Intention Mining: Technique to identify user strategies and formalize their 

intentions [14], [15], in the execution of business activities. 

Process instance: This is a subset of process activities where the presence of 

the process start and process end activities is mandatory [16]. 

Process Mining: This is defined as the possibility of discovering actual processes, 

verifying their conformity with current processes and improving these processes 

using process mining tools [7] and event logs. 

Process Traces: A trace of a process corresponds to an executed instance of the 

process; it is the sequence of activities that are executed to perform a process in a 

specific instance to satisfy certain requirements and for a specific user [16]. 

Quality Event Log (QEL): The QEL is corrected and debugged for a specific 

purpose and to improve the quality of process mining and intention mining [17]. 

Real Process Model: A process model obtained from the event log [15], [18]. In 

this log, the activities that are actually carried out in business are recorded, 

including the activities according to the current processes plus the user strategies. 

Real Process: Set of activities carried out on a daily basis by the user, based on 

the current process [19] and using their own strategies to achieve their goals in 

accordance with business objectives. 
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Specific Business: A formal business, where daily activities are developed using 

an information system and some databases. As a result, the processing of 

activities in a business and the generic event log (GEL) [8], [20] are produced, 

where business activities are stored. 

User intentions: Without losing track of business rules and according to user task 

maturity and acquired expertise, users perform their daily activities with the 

intention of reaching their goals according to business objectives, allowing saving 

resources and improving the quality of results. Regarding the execution of a 

certain process, as well as daily activities, the user utilizes a set of strategies that 

allow them to fulfill their intentions [15]. Each user intention can be fulfilled with 

several strategies, and each strategy can be used to fulfill several intentions. 

User strategies: At the beginning, new users develop their activities according to 

current processes, but as users gain experience, they try to perform the same 

activities using a better method; thus it helps them save resources, specifically, the 

execution time of their daily tasks. This is achieved through the use of their own 

strategies [21], [22], [23] such as end user tools, pre-processed formats and forms 

(templates), or pre-processed intermediate data results. Consequently, the event 

log keeps traces that do not agree with current business process models. 

Users: Business information system users carry out daily activities for specific 

businesses through an information system [2], using both current business 

processes and their own strategies. 
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RESUMEN 

En un escenario (organización, empresa, negocio, escuela, etc.), donde el 

principal protagonista es el usuario, se abordó el nuevo tema de la "minería de 

intenciones" en el contexto de los sistemas de información empresarial. Los datos 

que se procesan en el desarrollo de las actividades empresariales diarias 

permiten generar un registro de eventos (transacciones). Este registro de eventos 

contiene las actividades realizadas de acuerdo con el manual de procedimientos 

empresariales, así como las estrategias que los usuarios proactivos utilizan para 

mejorar su rendimiento, de acuerdo con sus perfiles, políticas y reglas 

empresariales. 

Se desarrollan métodos de revisión, diseño y minería (procesos, 

sentencias y estrategias) para inferir las intenciones del usuario del sistema de 

información empresarial. Se crea una base de conocimientos para cualquier 

negocio en general. A partir del registro de eventos de ventas (negocio 

específico), se extraen las estrategias de un usuario. Las estrategias del usuario 

se verifican, validan y ponderan. Finalmente, a partir de estas estrategias del 

usuario, se infieren las intenciones del usuario del sistema de información 

comercial de ventas 
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ABSTRACT 

In a scenario (organization, company, business, school, etc.), where the 

main protagonist is the user, the new topic of "mining of intentions" was addressed 

in the context of business information systems. The data that are processed in the 

development of daily business activities allow a log of events to be generated 

(transactions). This event log contains activities carried out in accordance with the 

business procedures manual as well as strategies that proactive users use to 

improve their performance, according to their profiles, policies and business rules. 

Review, design and mining methods (processes, sentences and 

strategies) are developed to infer the intentions of the business information system 

user. A knowledge base is created for any business in general. From the log of 

sales events (specific business), a user strategies are extracted. The user 

strategies are verified, validated and weighed. Finally, from these user strategies, 

the user intentions are inferred from the sales business information system. 

 

Keywords: information systems; business processes; event logs; user strategies; 

intention mining; business rules 
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PROLOGUE 

In development of human activities (user activities), reaching the 

objectives is mandatory. On some occasions, there is an intention to save 

resources, show efficiency/effectiveness, or achieve an objective using a different 

method than the one established, among others. In the field of business, 

specifically in the development of activities through information systems, a record 

of activities is generated; commonly called event log. The users execute the 

activities observing the business rules, but they also use their own strategies to 

achieve their objectives according to their functions (user profiles). Therefore, in 

the event log, the activities that are executed in the business (activities according 

to the business rules and user strategies, among others) are saved. From the 

event log, the strategies of the users are extracted to infer their intentions; Based 

on the intentions of users, it is possible to infer their behavior, identify new 

information requirements, and develop process-flexibility business information 

systems. The main contributions of this work can be summarized as follows: A 

method of conducting a literature review of intention mining in the information 

systems field; methodology for designing relational databases, indispensable for 

the generation of a consistent generic event log; a method of generating a quality 

event log from a generic event log; a knowledge base building method, developed 

via the sentence mining with on natural language processing tools and an intention 

mining method  from the information system user strategies. 
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CHAPTER 1 

1. INTRODUCTION 

Section 1.1, entitled “Context and Motivation”, provides an overview of 

information systems in the business setting. Section 1.2 identifies the lack of flexibility in 

these information systems and their problems. Section 1.3 describes these business 

information systems, which are centered on the user. In Section 1.4, a business scenario 

is addressed through a theoretical and conceptual framework. In Section 1.5, the research 

proposal on the topic "mining of intentions" is presented: the general objective, specific 

objectives, research methodology and relevance of the research topic are presented. In 

Section 1.6, the research methodology is specified. Section 1.7 details contributions from 

this field of research. Finally, the thesis is outlined in Section 1.8. 

1.1. Context and Motivation 

Modern companies, in order to develop their daily activities, need information 

systems, whose fundamental architecture must involve at least the following elements. 

The business domain defines the business environment for a sales business, particularly 

one where the sales process is the object of study and applications. In a business 

infrastructure that allows data processing and the generation of information in accordance 

with the business requirements, the most important elements for the purpose of this study 

are databases and information systems. Therefore, database managers facilitate access 

to their stored data in order to process these data in information systems and meet the 

information requirements of the business, among other things. However, the most 

important aspect of the present study is the event log, which information systems either 

generate automatically or through a previous configuration established for this purpose 

[24]. 

In this specialist field, according to the business abstraction levels [25], [26], a 

general business scenario is formulated. However, inside this scenario, the scope of a 

specific and particular business is limited. In this study, a sales business is addressed.  

The focus and scope of the business scenario are defined [27] for one of the 

most typical types of modern business, the sales business, whose processes require 

technological support in order to develop activities through an information system. 

Scenario policies define the business approach to general sales, and business rules 
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define the scope and domain of the business, whose business environment is defined by 

the type of product or service that is sold. 

Data, in different forms, formats, models and presentations, are the input of the 

information systems, which in order to be processed and meet the information needs of 

users and business rules, need to be stored in predefined structures according to the 

design of the relational and dimensional databases. In one study [5] a methodology was 

established for the relational design of databases in the normal third form [28] and for 

business environments. For a dimensional design [6], one of the most important and 

relevant methodologies was specified by Kimball, who pioneered this type of dimensional 

database design, which has been the basis for the implementation of the data warehouse. 

Through this information, as a product of the execution of processes through the 

information system, users have the information to fully comply with daily activities, which 

allow them to meet the business rules, according to the scope and responsibility of their 

functions (profiles). 

Some users develop their activities using information systems based on the 

current business processes (procedure manuals), and these data are available in 

repositories and databases installed and configured in the business environment. 

1.2. Problem Statement  

In the business world, information system users try to develop their activities in 

the shortest time possible. Each user does their job, developing activities according to 

their profile and business rules [15], [23]. However, information systems do not provide 

adequate facilities [12], [13], so users must use their own strategies to achieve their work 

goals. 

The user executes the specified activities in a manual of company procedures 

[19], but they also use their own strategies; these strategies underlie user intentions [9]. 

For business administrators, it is necessary and important to identify user intentions and 

understand their behavior for monitoring and control purposes. 

For this reason, the present study aims to identify and formalize user intentions 

based on their strategies extracted from the event log [7], which is generated by the 

business information system. 
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1.3. Background  

The field of information sciences studies information processing practices and 

defines theories of the knowledge of the universe of data to understand (content, forms, 

nature, meaning and essence), characterize, and process these data, as well as 

generating information and knowledge of all information technologies (information 

systems). While information sciences are responsible for describing the universe of data 

and information and using information technologies to trial and test their theories, 

information technologies modify the universe (data and information) and adapt it to the 

needs of humanity. To satisfy the information requirements in a given business, users 

develop their daily activities using information systems, and according to their profiles, 

execute the necessary processes to achieve their goals, which are framed in the 

company's objectives and strictly aligned with business policies and rules. The processes 

defined and structured based on these business rules and legacy processes (if applicable) 

are the so-called current processes [4]. Based on these, the daily activities in the 

company are developed. However, users with the intention of saving resources, especially 

time, develop activities based on their current processes and strategies, which gives rise 

to the real process, whose traces are stored in the event log. Using process mining 

techniques [7], [19] from the event log, the actual processes can be discovered, based on 

which recommendations can be issued, and current process can be monitored and 

improved. On the other hand, using traditional mining techniques, based on the same 

event log but refined with quality attributes, user strategies can be discovered and 

formalized. Based on user strategies, user intentions can be inferred. 

1.4. Theoretical and Conceptual Framework 

 An organization, in general terms, can be any set of resources (technological 

platform, users, physical infrastructure, etc.) organized to meet some objective. It can be 

governmental, private, mixed, and with or without profit. An enterprise can be defined as a 

for-profit organization, where a statute defines its field of action and business guidelines 

[29]. A business can be considered a company or a part of it [30], according to the 

following considerations. A process is strictly defined by enterprise policies and rules that 

govern a business. A business is a set of specific activities (current process) that define 

how to develop activities (know-how), and a strictly well-defined business (current process 

model) may correspond to an enterprise and vice versa. For a multi-business enterprise, 

each business has its own current process model; consequently, in development of this 

research topic, the term "business" will be used (to refer enterprise). Additionally, for 
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reasons of affinity and compatibility with the current literature, the research topic 

addresses the business process model and the business term "sell". In the glossary, the 

concepts that are used in this study are defined. 

1.5. Research Proposal 

1.5.1 General Research Aim 

 The aim of this study is to propose a method of mining the user strategies of 

business information systems and to infer their intentions. 

1.5.2 Specific Research Aims 

 Characterize the current process for a specific business 

 Define the real process of the specific business from an event log 

 Identify user strategies 

 Build a general knowledge base for any business 
 

 Verify user strategies according to the knowledge base 

 Validate and weighting; the user strategies, according to the heuristic rules of the 

specific business 

 Inferring user intentions. 

1.5.3 Research Questions and Hypothesis 

 In accordance with the paradigms of the qualitative research proposed by [31]. 

The research questions (RQ) are defined in an ontological (RQ1), epistemological (RQ2) 

and methodological (RQ3) way, using the current process, actual process, and user 

strategies of a business information system the as research objects. In addition, in order 

to meet the objectives, hypotheses (H) are defined to answer each research question. 

RQ1. In a business, are the current process, the actual process, and the functions of the 

person who executes them known and promulgated? 

H1.1. Through policies and business rules, it is possible to know the current 

business process [32]. 
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H1.2. The business information system processes the database and generates an 

event log by default [5], [20].  

H1.3. Through process mining applied to the event log, it is possible to obtain the 

real business process model [15], [33], [34].  

H1.4. From differences between the current process and real process of the 

business, user strategies are defined [19], [20], [34]. 

RQ2. In a business information system, is there a relationship between the current 

process, the real process and the users who execute them? 

H2.1. Using process mining techniques [35], it is feasible to establish the 

difference between the current business process model and the real business 

process model [15]. 

H2.2. Based on the differences the business processes model (current and real), it 

is feasible to identify the user strategies [34]. 

RQ3. How to infer user intentions? [34] 

H3.1. It is possible to develop a method to structure a general knowledge base for 

any business [36]. 

H3.2. It is possible to extract the user strategies from quality event log of the 

specific business [20]. 

H3.3. User strategies can be validated and weighted through the heuristic rules of 

the business [37]. 

H3.4. From the weighted strategies of the user, it is possible to infer their intentions 

[34]. 

1.6. Research Methodology 

 The novel research topic of intention mining [19] is the main focus of this study; 

this methodology is proposed based on process mining, business knowledge base, event 

log and the formalization of user strategies (Figure 1-1). According to the design science 

research methodology [38], [39], identify the problem, define the aims, and develop and 

validate a method . Below, the principal activities are specified: 

 Research introduction 
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 Defining the research topic and its feasibility 

 Method of literature review and state of the art 

 Method of a quality event log for intention mining 

 Proposed method of intention mining 

 Proposed method validation. 

 

1.6.1 Relevance of Approach 

Today, the development of information systems involves a user, depending on 

their profile, and procures the flexibility of processes through feedback [40] and the 

alignment of the development of activities with business objectives. Identifying user 

behavior can support the decision making of managers, administrators, developers and 

users. 

 Requirements Analysis 

Identifying user behavior can allow new ways of executing business activities to 

be established in order to improve and innovate traditional processes. The current 

process model corresponds to the formalized process of a business prior to the 

development of a new or redesigned information system. For the option of a new system, 

a company carries out a process survey to identify the current situation of a business or 

businesses (the company's purpose) in order to set a baseline for the development of a 

new information system [41]. In the case of a redesign, in addition to the current business 

process, user strategies are considered as requirements for the design and 

implementation of the new version of an information system. 

 Process Design 

Based on the actual process model, the implementation of improvements or 

redesign of the current process is possible. Nowadays, the monitoring of the development 

of activities that are executed through the information system is frequently carried out 

through the processing of an event log [42], which is currently used to carry out business 

audits. In this study, the event log is used to extract user strategies, which is used in the 

formalization of “user’ intentions”. These user intentions can improve the current process 

model or identify the need for a redesign of this process. Following the development of a 

new version of the information system, the company would no longer have the need to 

carry out a new survey of the current process. Based on the user intentions, a new design 

could be obtained to satisfy current information requirements and new ways of generating 

information. 
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 Process Management 

Businesses must generate revenue by saving resources and reducing execution 

time and process costs. Historically, in information systems, the development of each 

activity has its own cost [7]. Consequently, the cost of executing business processes is 

already defined. However, a user can develop this process by replacing a set of activities 

with one of its strategies (intentions), which makes the cost of executing the process 

different (lower or higher) from the pre-established cost. The same would happen with the 

execution time of the process, although in this case, there is no pre-established time for 

the execution of the process. This corresponds to the administrators (middle managers) of 

the process, who monitor processing costs versus execution times and maintain a 

balance of satisfaction between business customers and information system users. 

 Application 

The supervision of user activities and suggestions and recommendations based 

on the history of their performance are recorded in the event log [15]. Intent mining can 

determine user strategies and especially the intentions of these applications through the 

execution of the daily business process activities. From the analysis of the user intentions, 

user behavior with respect to these business process could be determined. Consequently, 

it would be possible for business administrators to make suggestions and 

recommendations regarding decision-making and measures of management level control 

[43]. 

1.6.2 Expected Results 

The method of mining user intentions of the business information system is used, 

and this method is developed and validated. 

1.7. Research Contributions 

 
 By fulfilling the proposed objectives and responding to the research questions by 

satisfying our hypotheses, these are the contributions of the present study: 

 A method of conducting a literature review of intention mining in the information 

systems field. 

 Methodology for designing relational databases, indispensable for the generation 

of a consistent GEL; 

 A method of generating a QEL from GEL; 



 

8 
 

 A knowledge base building method, developed via the sentence mining with on 

NLP tools; 

 An intention mining method from the information system user strategies. 

1.8. Thesis Outline 

According to the activities specified in Figure 1-1, of the remainder of this study 

consists of the chapters specified below. 

Chapter 2. Pre-Study 

This chapter describes the initial research idea that focuses on mining techniques 

in the field of information systems. Therefore, we begin by identifying the abundant 

elements (data, information, knowledge, documents and texts, among others), and the 

object of the mining process, for which we develop a technique. 

Chapter 3. Literature Review about Intention Mining 

This chapter describes studies that focus on intention mining in an information 

systems context. 

Chapter 4. State of the Art about Intention Mining 

This chapter is dedicated to presenting state-of-the-art research [44] on the 

fundamental topics of mining such as data mining (traditional methodologies), process 

mining (business application), opinion mining (discussion forums) and text mining (text 

processing), speech). However, it mainly addresses research on intention mining, the 

existing methods, tools that have been developed and fields that have been explored, etc. 

Chapter 5. Why a Quality Event Log to Intention Mining? 

This chapter presents an initial essay on intention mining based on a case study. 

In the previous chapter, the need for quality information to obtain a record of quality 

events is addressed. For this reason, this chapter reviews the method for designing a 

relational database that guarantees the consistency of data to generate high-quality 

information, proposed by the author of this thesis in [5]. 
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Figure 1-1. Flowchart of Methodology and Research  
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Chapter 6. Proposed Method to Mine the User Intentions of Business Information 

System. 

According to traditional mining methodologies (data mining), we attempted to 

conceive a method for conducting intention mining based on general knowledge from the 

business world (knowledge base) and the information of a specific business (log). 

Moreover, by using text mining and natural language processing (NLP) techniques, we 

intended to develop a method that can extract the intentions of users to identify and define 

improvements in business information systems. 

Chapter 7. Proposed Method Implementation and Validation 

The method developed in the previous chapter is applied to a sales business to 

validate its operation. 

Chapter 8. Result Discussion 

Chapter 9. Summary 
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CHAPTER 2 

2. PRE-STUDY 

This chapter is based on the previous publication [32]. In Section 2.1, an 

introduction to the seismology events of this scenario and their treatment with the mining 

tools (data, process, text and opinion) is provided. Section 2.2 describes the current 

situation of IG-EPN seismology area. In Section 2.3, a brief summary of research project 

development is provided. Section 2.4 presents a discussion of the obtained results, and 

conclusions are presented in Section 2.5. 

2.1. Introduction 

The problem that this doctoral thesis attempts to solve was first addressed by a 

research project in the field of seismology, but over time it was found that the area of 

intention mining could not feasibly be applied to this field without the use of event log 

records. This project focuses on creating the necessary information to apply mining in a 

seismology area of the Geophysical Institute of the National Polytechnic School (called, 

IG-EPN). Therefore, it is essential to first create a user event log record for the 

development of the activities through an information system. 

2.2. Seismology Area of the IG-EPN 

The IG-EPN is the main entity dedicated to determining seismic and volcanic 

risks in Ecuador, which, together with international teams, is responsible for establishing 

systems to continuously monitor and record seismic and volcanic activity. Thus, the 

analog signals (time series) produced by seismic sensors installed on volcanic terrain are 

processed with the SeisComp3 tool [45] in order to obtain discrete and tabular data in real 

time that are stored and analyzed using data mining techniques. Using SeisComp3, the 

data record of seismic events can be recorded in a MySQL database. Expert 

seismologists generate their reports using Quake ML [46] and tools provided by the 

Incorporated Research Institutions for Seismology [47]. 

2.2.1 Acquisition, preprocessing and storage of seismic data 

 Firstly, the time series recorded by the sensor equipment (installed in the ground 

by specialized systems that digitize them and generate the discrete data) are processed. 

The SeisComp3 tool [45] through its functionalities (Scautopick, Scautoloc, Scamp, 
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Scmag, Scevent, etc.) extracts data from seismic events and stores them in a MySQL 

database. In addition, it generates recorded data in the format of mSeed [48], as shown in 

Figure 2-1. 

 

Figure 2-1. IG-EPN Seismic Data Acquisition DFD. 

 Based on the data pre-processed and stored in the MySQL database through the 

functionalities and benefits offered by [45], SC3 Forum (Sclob, Scboletin, etc.) and Gempa 

Dissemination Server, specialized technicians and expert users (in the area of 

seismology) generated bulletins, reports, and other information to disseminate in the 

community. We recommend the implementation of the process shown in Figure 2-2. 

QuakeML [46], SeedLink, ArcLink, aiUtils, and WebDC3 are the technological 

resources available in the IG-EPN. Technicians and experts use them to carry out the 

daily seismology activities. However, for the purpose of this study, the most important 

resources are the maintenance of the logbook, the recording of adjusted seismic events, 

and the preparation and issuing of reports of seismic events by seismology experts. 

Therefore, from the execution of these activities, we obtained data that feed the 

log of seismic events. The data used to generate the records of the seismic event logs 

were obtained by applying process mining to the log book, plus the process log generated 
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by the [45] and the MySQL database storage. Therefore, we also recommend generating 

a record of seismic events by applying text and opinion mining to the reports issued by 

seismology experts. 

 

Figure 2-2. Seismic Event Log Generation DFD 

2.3. Method 

The activities developed in accordance with the planning of the PII-DICC-01-2018 

(IG-EPN) project are a survey of the current situation, definition of the scope and 

limitations, definition of the problem, analysis of possible solutions, and conclusions and 

recommendations. Periodic work meetings were held, data were verified, and reports 

were prepared. 

2.3.1 Finding Mining Method 

Currently, in IG-EPN, the modeling of seismic events is carried out, for the most 

part, through data mining tools. We also recommend using process, text and opinion 

mining tools: 

 Data Mining: All the data captured from the environment (scene of the seismic events), 

are processed using data mining techniques through SeisComp3. 
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 Process Mining: Process mining techniques allow the extraction of knowledge from 

process registers that are available in information systems [48]. The use of these 

techniques can extract patterns in the processes determining the structure of the log, 

which supports the design of the log for seismic events. 

 Opinion mining: For Liu [49], among the other issues that we have addressed, the 

extraction of opinions is based on features used to characterize seismic events. In this 

way, the extracted characteristics of the events specified in the reports of 

seismological experts create the data and metadata of these events, which contribute 

to the design of their log. In addition, we have considered developing ontology to 

characterize seismic events in future research. 

 Text Mining: We used information extraction techniques [50], [51], [52] from PDF 

documents (seismic expert reports), previously classified in the present study for the 

identification of seismic events by seismology experts. 

2.3.2 Selection of Methods 

For data collection, the SeisComp3 system (Figure 2-1) was used on a daily 

basis. This software tool is based on data mining techniques. For the development of the 

activities of technical personnel and seismology experts, the use of process, text and 

opinion mining tools was recommended (Figure 2-2). 

Previous studies have presented several available models: map meta-model 

formalism, map process model, intentional process model, intentional process meta-

model and discover process model. In all of these studies, techniques of process mining 

and intention mining were developed and applied to the event log, which is generated 

daily by the information systems. We recommend designing a seismic event log that can 

identify the differences between the seismic events characterized by the experts in the IG-

EPN and real events. The identification of such differences is a topic for future research, 

which could be developed via an intention mining method. 

2.4. Results and Discussion 

In this study, the possibility of addressing the topic "intention mining" in the area 

of seismology is analyzed, where the main protagonists is the seismological event. We 

focus on its occurrence and the possibility of establishing behavior patterns based on 

activities, strategies and intentions. 
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2.4.1 Technical Features 

 Based on the systemic approach [40], the universe could be thought of as a 

macrocosm, Earth as a mesocosm, and the human being as a microcosm. Then, 

universal laws are replicated on Earth and consequently for human beings. In this sense, 

it would be technically possible to define the intentions of planet Earth (as is done with the 

human being), but at this time, it is not known that such a possibility exists. 

2.4.2 Technological Features 

 From the identification of the current situation of the seismology area, there are 

tools, opinions, and texts that can help perform data mining processes [7], [45], there are 

no tools for carrying out intention mining; that is, there is no possibility of identifying the 

strategies (intentions) of planet Earth and the occurrence of seismological events.  

The applied technique to the prepared report repository (PDF documents issued 

by seismology experts) enables the extraction of information [51], [52] that identify entities, 

events and their within semi-structured and unstructured texts. Several software tools 

could be used, such as text.IE, WordStat, Textalytics, and T-LAB, etc. 

Text mining can extract patterns from reports (issued by seismological experts) 

that facilitate the definition of a report model in terms of its structure and content. Based 

on this model, we define part of the information that contributes to the design of the new 

seismic event log. 

As shown in Figure 2-1, the technical personnel in the IG-EPN develops daily 

activities (which are recorded in the logbook) based on the data generated by [45] in 

mSeed format and with the tabulated data that are saved in the MySQL database. In 

addition, the technical personnel make adjustments to the seismic event records in 

mSeed format, and these adjusted records are also stored in the MySQL database. The 

seismology experts (Figure 2-2) then issue their reports based on MySQL database 

information. From the current information technology situation that is handled in the IG-

EPN, the data structures for version 1 of the seismic event log design are extracted. 

The feature extraction [49] of seismic events is a technique of opinion mining 

applied to the repository of reports prepared and issued by seismology experts. For the 

execution of opinion mining, we use the R language methodology offered by the 

University of Virginia [50] that allows, first of all, to build a vector with PDF documents and 
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then extract their characteristics using the products of this methodology (PdfInfo, 

PdfToText, and PdfTpText). Using this methodology, we can also carry out text mining. 

2.4.3 Operative Features 

It is possible to establish with some precision when and where seismological 

events can occur. In contrast to the information system user, their activities (place, date, 

duration, etc.) could be recorded in an event log. 

2.4.4 Operational Features  

 By applying opinion mining to the reports of the experts, patterns of ideas, 

thoughts, estimates, polarities and intentions that could contribute to the design of the new 

seismic event log can be obtained. 

2.5. Conclusion 

 The project developed in the seismology area of the IG-EPN highlights the non-

feasibility of this scenario for the development of research on "intention mining". 

Therefore, I aim to define the approach to this subject in the business world. 
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 CHAPTER 3 

3. LITERATURE REVIEW ABOUT INTENTION MINING 

This chapter is based on the previous publication [53]. Section 3.1 provides an 

introduction to mining techniques; Section 3.2 presents the objectives and related 

literature reviews in an information system context; Section 3.3 shows the proposed 

method for conducting a literature review; Section 3.4 presents the results obtained by 

applying the proposed method; Section 3.5 presents the obtained results; Section 3.6 

describes implications and future research; and finally, Section 3.7 presents the 

conclusions. 

3.1. Introduction 

 In the context of information systems engineering (ISE), event logs have become 

the most important repository of data, information and business knowledge [7]. An event 

log is the input for the development and application of mining techniques; nowadays, they 

are undoubtedly the most valuable tools in this field. These tools allow for the alignment of 

modern technological architectures with business objectives, which are based on the 

improvement of process models and projection to future cases of business environments, 

which could be improved through the application of intention mining techniques [19]. In 

every business, it is possible to demonstrate the presence of data, information and 

processes that are executed on a daily basis by users at all levels (management, control, 

operational). As a result of the execution of business processes, the event log [8], [54] is 

automatically generated or previously configured by technical staff. In this event log, all 

daily business activities are recorded. The event log, until today, has been used to 

discover actual processes of business through process mining. We aim to determine the 

current state of the development of intention mining in an ISE context, so that in future 

research, we can propose the development of a new intention mining technique that 

enables the extraction of user strategies from event logs (user intentions) of their daily 

activities.  

In the present study, a method is proposed for conducting a  literature review on 

a new topic, "mining of intentions", regarding the users of the information systems and 

from the event log, which by default is generated by all information systems. 
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3.2. Aims and related research 

 The processes extracted from event logs using process mining are the actual 

business processes that are executed daily. There is evidence that these actual 

processes are different from current business processes [7], so a literature review is 

urgently required to establish state-of-the-art intention mining research. The difference 

between current processes and actual processes could be caused by users developing 

their daily activities based on current processes, as well as users utilizing their own 

strategies (intentions). 

 This motivated us to develop a research project "Intention Mining Method for 

identify the differences between Business Current Processes and Actual Processes". This 

project is part of the doctoral program in computer science at Escuela Politécnica 

Nacional (Quito, Ecuador). There is a vast number of literature reviews in the field of 

health sciences, with Cochrane as their principal representative [67]. On the other hand, 

especially in the field of information technology and an ISE context, several authors have 

proposed literature review methodologies during the last decade [55], [56], [57], [58], [59]. 

These studies form the basis of this study. The contributions of every valuable study are 

summarized in the following. 

3.2.1 General method for Cochrane reviews 

 It is known that the Cochrane protocol is broadly applied in the field of health. It 

comprises the following activities: Defining the review question and developing criteria for 

including studies, searching for studies, selecting studies and collecting data, assessing 

the risk of bias in the included studies, analyzing data and undertaking meta-analyses, 

addressing reporting biases, presenting results and “summary of findings” tables, 

interpreting results, and drawing conclusions. We followed every activity of this method in 

the construction of our own method for a literature review in the field of ISE. 

3.2.2 An eight-step guide to conducting a literature review  

 Okoli and Achabram consider eight steps: Identify the purpose, draft a protocol, 

train the team, conduct a practical screening, search the literature, extract data, appraise 

quality, synthesize the studies and write the review. We considered that the search of the 

literature and appraising quality step helps in our evaluation process. 
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3.2.3 Literature review: processing  

 This is a non-systematic review study; nevertheless, we consider that the method 

of extracting knowledge from the reviewed documents is useful for our purposes [55]. 

3.2.4 A literature review on strategic information systems planning  

 This literature review proposes the following activities: Identifying the list of 

journals; searching for relevant papers; retrieving the first list of papers; excluding papers 

based on their titles, abstract, and full texts; retrieving the final list of papers; putting 

appropriate labels on papers; and identifying focus/context/topic and limitations of the 

research. For our purpose, it is useful to “define the scope and context of the review” [57]. 

3.2.5 Software engineering—a systematic literature review  

 This method comprises research questions, searches, inclusion and exclusion 

criteria, a quality assessment, data collection, data analysis and deviations from protocol: 

the search results, quality evaluation of the literature review, and quality factors. The 

Discussion section explores the current leading research topics and their limitations. This 

study allows us to fine-tune the process of defining research questions [58]. 

3.2.6 Guidelines for performing systematic literature reviews in software 
engineering. 

 This guide applies to the area of software engineering. Yet, for ISE, aspects such 

as the definition of the structured research questions, search strategy for documents, and 

criteria for the selection and evaluation of documents [57], [58] are considered to be the 

contextual base for the development of our literature review method. Based on [58], we 

propose a method adapted to the ISE context and applied to case studies of interest, i.e., 

intentional process mining and intention mining [59]. There are proposed solutions that go 

from data mining to process mining to establish data patterns and improve processes. 

Given the need to incorporate flexibility into processes [60] and model designs for a 

process-aware implementation in information systems, a new approach called "intention 

mining" has emerged [15]. Its objective is to model intentional process representations 

that can expand process-aware information systems. This also allows users to achieve 

business objectives by executing processes according to their strategies and intentions 

without losing track of business rules and current processes (procedure manual). 

 There are a vast number of papers that use intention mining techniques and tools 

in areas other than business information systems, such as the following: detecting 
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intentions in questions addressed to users of a specific product or service; the automatic 

analysis of intentions behind public tweets on the topic of heath [61]; building 

recommendations based on the remarks and discussions of software developers [62], 

[63]; the learning and classification of real-time intention expressions contained in 

microblogs [64]; building a map of intentions of web users to improve the results of search 

engines [65]; and identifying multilevel intentions in surgical and resuscitation medical 

treatments (a case study) [66]. 

 Generally speaking, in every business, information systems automatically 

generate event logs [54] that contain detailed information about business daily processes. 

Process mining techniques are applied to event logs [7] to extract the actual steps of 

business processes. These processes are performed based on current processes, plus 

users’ strategies [15], [21]. Consequently, actual processes and current processes are 

different, but this does not mean that business objects are not accomplished. 

Nevertheless, there is no evidence for the improvement or evolution of business 

processes [19]. On the other hand, the emission of runtime recommendations through 

intention mining techniques have been proposed to gain improvements in those 

processes [60].   

3.3. Proposed Method 

 Based on Cochrane’s [67] proposal for systematic reviews of interventions [58] 

Systematic Literature Review Methodology, and [59] Guidelines for Performing Systematic 

Literature Reviews in Software Engineering—we propose a method for developing a 

literature review in an ISE context [53]. The proposed method consists of the following 

steps. 

3.3.1 Research question 

 In this step, we formulate the research question in a free format. 

3.3.2 Structured research questions 

 Here, we specify our research questions and ensure that they include the 

population to which the research is addressed. We determine the procedure, method or 

protocol [67], which serves as an axis of the literature review, to provide answers to the 

research question, research topics, and the expected results of the literature review, 

which support the answers to the research questions in the defined context. 
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3.3.3 Search process 

 In this step, we structure search chains formed by a combination of research 

topics for every expected result. Searches are performed in search engines that belong to 

each data source. Advanced searches are configured by considering the following 

elements: research topic keywords and expected results, determined using documents or 

a full search chain. We also specify research areas, sub-areas and sub-sub-areas (where 

possible). Additionally, we specify a temporary search window (start and end expressed in 

months/years). 

3.3.4 Document selection 

 In this step, non-duplicated documents that address at least one research topic 

are selected. They must be written in English or Spanish and ranked in Journal Citation 

Reports or SCimago Journal Rank or Proceedings according to the CORE Ranking Portal 

2018 [68], which includes Proceedings A*, A, B, C, D, etc. 

3.3.5 Assessment of the quality of the selected documents 

 Here, we established a document ranking system for each of the following 

evaluation questions (EQ). As a result of this ranking, we obtained a set of relevant 

documents. 

EQ1. Does the document address the research topics that are objectives of this literature 

review? 

1 point: it addresses one topic; 

2 points: it addresses two topics; 

3 points: it addresses three or more topics. 

EQ2. Are the expected results being applied in case studies or developed solutions? 

1 point if one expected result is applied; 

2 points if two expected results are applied; 

3 points if three or more expected results are applied. 

EQ3. Does the document specify related studies? 

1 point for every related work; maximum of three points. 
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EQ4. Is their own methodology used in study development? 

1 point, if the methodology is unfamiliar; 

2 points, if the methodology is of their own. 

EQ5. Does the document present an analysis of the expected results? 

1 point for each expected result that is analyzed; maximum of three points. 

EQ6. Does the document present an application of case studies? 

1 point for each case study; maximum of three points. 

EQ7. Does the document present an evaluation of the developed study? 

1 point if evaluated. 

EQ8. Does the document suggest developing future studies? 

1 point for each suggested future work; maximum of three points. 

3.3.6 Synthesis of relevant documents 

 For each relevant document, we synthesize: methodologies, techniques, 

methods, algorithms, procedures, architectures, reference frameworks and standards that 

have already been developed and used in the documents. The aspects of this step are 

very relevant according to the research area, research topics and expected results, as 

defined by the researcher. 

3.3.7 Findings extraction 

 Based on the analysis of the documents, we identify data, information and 

knowledge about the research topics, expected results and relevant aspects in the 

literature review. 

3.4. Results of Method Application 

 Once the context, objectives and research scope were defined, we used our 

proposed method to develop the literature review. 
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3.4.1 Research question in a free format 

 The research question (RQ) is defined as follows: What is available in the current 

literature on intention mining in an ISE context? 

3.4.2 Structured research questions 

 The free-format RQ was formulated in an information technologies context in the 

ISE domain. In this regard, we defined the following research topics: intention mining and 

intentional process mining. We also defined the following expected results: 

methodologies, algorithms, models and tools. Based on the free-format RQ, we devised 

the following structured research questions: 

RQ1. What was developed in the fields of intention mining and intentional process mining 

between 2010 and 2018? 

RQ2. What methodologies have been developed to perform intention mining and 

intentional process mining? 

RQ3. What algorithms have been written to perform intention mining and intentional 

process mining? 

RQ4. What models have been designed to perform intention mining and intentional 

process mining? 

RQ5. What tools have been built to perform intention mining and intentional process 

mining? 

3.4.3 Search process 

 To define the search process, we specified the temporary window as ranging 

from January 2010 to December 2021; the research area is set to information 

technologies, the subarea to ISE, and the research subarea to information systems. 

Hence, the following search chains (SC) were structured: 

SC1: Intention Mining Methodology; 

SC2: Intention Mining Algorithm; 

SC3: Intention Mining Model; 

SC4: Intention Mining Tool; 
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SC5: Intentional Process Mining Methodology; 

SC6: Intentional Process Mining Algorithm; 

SC7: Intentional Process Mining Model; 

SC8: Intentional Process Mining Tool. 

By applying this search process to the extraction sources, as specified in Table 3-1, we 

retrieved 1965 papers, as shown in Table 3-2. 

Table 3-1. Extraction source of documents 

Name URL 

 ACM http://dl.acm.org/ 

IEEE XPLORER http://ieeexplore.ieee.org/ 

SCIENCE 
DIRECT 

http://www.sciencedirect.com/ 

SCOPUS https://www.scopus.com/ 

SPRINGER http://www.springer.com/ 

TAYLOR & 
FRANCIS 

http://taylorandfrancis.com/ 

WEB OF 
SCIENCE 

https://login.webofknowledge.com/ 

Table 3-2. The quantity of extracted documents 
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SC1 7 2 0 4 58 33 39 143 

SC2 23 2 2 5 78 19 143 272 

SC3 24 2 2 6 95 54 284 467 

SC4 14 2 0 4 78 49 62 209 

SC5 1 92 0 0 10 18 2 123 

SC6 2 186 0 4 15 12 18 237 

SC7 2 213 0 4 18 33 34 304 

SC8 2 150 0 3 16 34 5 210 

TOTAL 75 649 4 30 368 252 587 1965 
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3.4.4 Selected documents 

 According to the current proposed method, the selected papers are shown in 

Table 3-3. 

Table 3-3. Selected documents 

ID TITLE AUTHOR 

D1 
A Model of Perceptual Task Effort for Bar 
Charts and its Role in Recognizing Intention 

Stephanie Elzer (2006) 

D2 
A novel approach to process mining: Intentional 
process models discovery 

Khodabandelou Ghazaleh (2014) 

D3 
A Practical Extension of Web Usage Mining 
with Intentional Browsing Data Toward Usage 

Yu-Hui Tao (2008) 

D4 
Classification of Switching Intentions Toward 
Internet Telephony Services: A Quantitative 
Analysis 

Sung Ho Ha (2012) 

D5 
Contextual recommendations using intention 
mining on process traces: Doctoral consortium 
paper 

Khodabandelou Ghazaleh (2013) 

D6 
Customer Revisit Intention to Restaurants: 
Evidence from Online Reviews 

Xiangbin Yan (2013) 

D7 
Detection of real-time intentions from micro-
blogs 

Nilanjan Banerjee (2014) 

D8 
Dynamic Query Intent Mining from a Search 
Log Stream 

Yanan Qian (2013) 

D9 
Exploring managers' intention to use business 
intelligence: the role of motivations 

Yu-Wei Changa (2014) 

D10 
Intent Mining in Search Query Logs for 
Automatic Search Script Generation 

Chieh-Jen Wang (2014) 

D11 
Intentional Process Mining: Discovering and 
Modeling the Goals Behind Processes Using 
Supervised Learning 

Rebecca Deneckere (2014) 

D12 
Mining and Ranking Users' Intents Behind 
Queries 

Pengjie Ren (2015) 

D13 
Mining Coordinated Intent Representation for 
Entity Search and Recommendation 

Huizhong Duan (2015) 

D14 
Mining Product Intention Rules from 
Transaction Logs of an Ecommerce Portal 

Ravi Chandra Jammalamadaka 
(2009) 

D15 Mining Users' Intents from Logs Khodabandelou Ghazaleh (2015) 

D16 Process mining versus intention mining Khodabandelou Ghazaleh (2013) 

D17 
Supervised intentional process models 
discovery using Hidden Markov models 

Khodabandelou Ghazaleh(2013) 

D18 
Understanding User Intent on the Web Through 
Interaction Mining 

Loredana Caruccio (2014) 

D19 
Unsupervised Discovery of Intentional Process 
Models from Event Logs 

Khodabandelou Ghazaleh (2014) 

D20 
User Intention Modeling in Web Applications 
Using Data Mining 

Huan Liu (2002) 
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D21 
Using shared representations to improve 
coordination and intent inference 

Joshua Introne (2006) 

D22 
Web Usage Mining with Intentional Browsing 
Data 

Yu-Hui Tao (2008) 

D23 
What shall I do next? Intention mining for 
flexible process enactment 

Elena V. Epure (2014) 

 

3.4.5 Evaluated documents 

 The high-quality results for each document are presented in Table 3-4. We can 

conclude that the most relevant documents that contribute to answering our research 

questions are D2, D5, D11, D15, D16, D17, D19 and D23. 

Table 3-4. The quality assessment of documents 

ID EQ1 EQ2 EQ3 EQ4 EQ5 EQ6 EQ7 EQ8 TOTAL 

D1 0 0 0 0 0 0 0 0 0 

D2 1 1 3 2 3 1 1 1 13 

D3 0 0 0 0 0 0 0 0 0 

D4 0 0 0 0 0 0 0 0 0 

D5 1 3 3 2 1 1 1 0 12 

D6 0 0 0 0 0 0 0 0 0 

D7 1 0 0 0 0 0 0 0 1 

D8 0 0 0 0 0 0 0 0 0 

D9 0 0 0 0 0 0 0 0 0 

D10 0 0 0 0 0 0 0 0 0 

D11 2 2 3 2 3 1 1 3 17 

D12 0 0 0 0 0 0 0 0 0 

D13 0 0 0 0 0 0 0 0 0 

D14 0 0 0 0 0 0 0 0 0 

D15 2 2 2 2 3 1 1 3 16 

D16 1 3 0 2 2 1 0 0 9 

D17 2 2 2 2 3 1 1 3 16 

D18 0 1 0 0 0 0 0 0 1 

D19 2 2 3 2 3 1 1 1 15 

D20 0 0 0 0 0 0 0 0 0 

D21 0 0 0 0 0 0 0 0 0 

D22 0 0 0 0 0 0 0 0 0 

D23 2 2 3 1 3 1 1 3 16 

TOTAL 14 18 19 15 21 8 7 14 107 

 

3.4.6 Synthesis relevant documents 

 The relevant papers, as well as their methodologies, algorithms and processes, 

models and meta-models, and software tools are shown in Table 3-5. 
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3.4.7 Extracted Findings 

 In Table 3-5, the most important findings regarding data, information, and 

knowledge (concepts, case studies, and suggested future research) and the most 

important authors from this field of literature reviews are specified. 

Table 3-5. Most used resources in the current reviewed literature 

DOCUMENT D2 D5 D11 D15 D16 D17 D19 D23 

METHODS AND TECHNOLOGIES 

Mylyn, Equinox, team/CVS, Junit, 
OSGI 

x 
  

x 
 

x 
  

Tropos 
  

x 
     

Machine Learning 
 

x x x x 
 

x 
 

Process Mining x x x x x x x x 

Maximum-Likelihood Estimation x 
 

x x x x 
 

x 

Map Miner Method (MMM) x   x  x x  

MAP x x x x x x  x 

ALGORITHMS AND PROCESS 

Weaver x 
       

k-means x x 
 

x 
 

x 
  

Petri-Nets x x x x x x x x 

Baum Welch x x 
 

x x x 
  

Alfa 
 

x 
 

x 
 

x x x 

Directed Acyclic Graphs x x 
 

x x 
  

x 

Hierarchical Clustering 
 

x 
 

x x 
  

x 

Instance Graph 
 

x 
  

x 
  

x 

Genetic x x 
 

x x 
 

x x 

Rnet, Inductive Workflow 
Acquisition 

x x 
 

x x 
  

x 

Ktail x 
  

x x x 
  

Heuristic Algorithm x 
  

x 
 

x x x 

Deterministic Finite State 
Machine     

x 
   

Support Vector Machine 
 

x x 
 

x 
   

KAOS, I* 
 

x x 
 

x 
  

x 

MODELS AND META-MODELS 

Hidden Markov Model x x x x x x x x 

Naive Bayes Classifier 
  

x 
     

Dynamic Bayesian Network 
  

x x 
  

x 
 

Technology Acceptance Model x 
  

x 
    

SOFTWARE TOOLS 

ProM x 
    

x x x 
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Eclipse Usage Data Collector, 
Language ToolKit 

x 
  

x 
 

x 
  

Snare 
 

x 
      

F-Score 
  

x 
 

x 
   

F-Measure x 
  

x x x 
  

XES Standard 
      

x x 

 

3.5. Discussion 

 We analyzed the relevant aspects and created some criteria from the experience 

of the literature review performed in this study. 

3.5.1 How much did intention mining develop between 2010 and 2018? 

 We defined the temporary window as between 2010 and 2018; however, we 

observed that the development of this novel research field, “intention mining”, is relatively 

recent. It started in 2013 with the following publications: [21], [76], [76], [9]. In particular, 

Ghazaleh Khodabandelou presented the initial exploration of this field in their publication 

"Contextual Recommendations using Intention Mining on Process Traces" [19]. In 

addition, it is worth mentioning that “Process Mining Manifesto” [7] is a foundation of the 

field of intention mining. 

3.5.2 Which papers were excluded from the review?  

 The following papers address the research topics in different ways; however, they 

were not selected because they do not satisfy selection conditions. For example, these 

papers cover only one research topic, are not properly indexed, or the conference at 

which they were presented is not high-ranking: 

 Process Mining Manifesto [7]. This document was not considered because it is a 

workshop; nonetheless, it may be considered as the starting point of intention mining as it 

establishes the process mining principles. Process model discovery checks the process 

conformance and improves processes. It also presents the following challenges: Finding, 

merging, and cleaning event data; dealing with complex event records with various 

features; creating representative benchmarks; dealing with trend change; improving 

representational bias used for process discovery; balancing quality criteria, such as fit, 

simplicity, precision and generalization, and inter-organizational mining; providing 

operational support, combining process mining with other types of analysis; improving 

usability for experts; and improving understanding for non-experts. These aspects 

address the importance of event logs in any organization; however, they do not discuss 
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their specialized and specific content depending on the nature, context and area of a 

business; i.e., every business should have strictly defined structures and content for their 

event logs’, based on the rules, policies and activities of the business. 

Intention mining is a solution to parse participant interactions in process-aware 

information systems [60]. This study was not considered because it is a technical report. 

However, its contribution has a double intention: Firstly, the authors analyzed the 

implications for agents, process participants and process administrators and the 

integrating flexible processes into process-aware information systems through a 

systematic literature study. Secondly, by using design science, the authors created two 

artifacts to solve the problem: 1) an innovative process mining technique that discovers 

the intentional model of the executable process in an unsupervised manner, and 2) a 

recommendation tool that formulates recommendations as intentions and confidence 

factors based on partial traces and probabilistic calculus. The artifacts were evaluated in a 

childcare application case study that supports the flexible process enactment with a data-

driven approach. The experiments revealed that the intention mining technique had a 

precision of 0.69 in discovering the correct intentions. In addition, their intention was to 

identify the difficulties involved in the development of user activities in an environment that 

integrates flexible processes into information systems that are aware of the process 

through process mining techniques. They implement a technique to discover an 

intentional model of executable processes in an unsupervised way. 

Intention-Oriented Process Model Discovery from Incident Management Event 

Logs [69]. This article was not considered because it is the interpretation of a workshop. 

However, in its development, it proposes intention-oriented process mining based on the 

belief that the fundamental nature of processes is mostly intentional (unlike activity-

oriented processes) and aims to discover the strategy and intentional process models of 

event logs recorded during the execution of processes. In this paper, the author presents 

an application of intention-oriented process mining for the domain of incident management 

of information technologies. He applied the MMM on a large real-world dataset to discover 

hidden and unobservable user behavior, strategies and intentions. Although this 

document is not considered in our literature review, the application developed to discover 

user strategies and models of intentional processes based on the MMM [9] could be 

useful in future research on intention mining. 

Supervised vs. Unsupervised Learning for Intentional Process Model Discovery 

[21]. This document was not considered because it is a book chapter, and its contribution 
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is already specified in papers [76], [15]. Learning about human behavior from activity logs 

requires choosing an adequate machine learning technique regarding the situation at 

hand. This choice significantly affects the reliability of results. In this paper, Hidden 

Markov Models (HMM) are used to build intentional process models from the activity log. 

Since HMMs parameters must be learned, the main contribution of this paper is to 

compare supervised and unsupervised learning approaches of HMMs. 

 The MMM is built based on the HMMs and applied to a case study, from which 

models of intentional processes are generated in supervised and unsupervised manners, 

the MMM is applied with the purpose of demonstrating the advantages of generating an 

unsupervised model using the supervised method. In [21], we can see that the intentional 

process model is generated in terms of user strategies extracted from the events log. This 

is in accordance with our theoretical foundation to make a literature review. 

3.5.3 What are the most used resources in previous works?  

 The most used resources by previous authors that propose relevant works on the 

topic of intention mining can be seen in Table 3-5. 

3.5.4 Who is leading intention mining research?  

 As a consequence of the present literature review, we can tell that the most 

significant authors working on this novel approach called “intention mining” are: Ghazaleh 

Khodabandelou; Charlotte Hug; Rébecca Deneckère and Camille Salinesi from the Centre 

de Recherche en Informatique, Université Paris 1 Panthéon – Sorbonne France; and 

Elena Epure and Sjaak Brinkkemper from the Department of Information and Computing 

Sciences, Utrecht University, The Netherlands. 

3.5.5 Limitations of this study  

 The developed method based on Cochrane’s protocol [67] and the 

methodologies of Kitchenham [58] and Keele University [59] enables a literature review to 

be conducted in an ISE context. The literature review was developed from papers 

published in JCR and SJR journals and the proceedings of the scientific databases 

specified in Table 3-1. The aim of the literature review is to identify the development 

(methodologies, algorithms, models and tools) of intention mining and intentional process 

mining, as well as their applications, authors, and expectations. 
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3.5.6 Studies developed in the time window (2019-2021) 

Additionally, for this time window and relevant previous studies, the following 

were obtained and analyzed: 

[70]: “From our analysis, the challenges of user intent mining fall into three folds. 

Firstly, user intent could be express explicitly or implicitly. Implicit user intents do not 

contain the intent keywords, which is more challenging to classify and recognize users' 

real ideas. Secondly, research of user intent in many domains is lacking. Thirdly, we also 

observed that user intent is not stable but changing over time. Intentions could interact 

with each other and have a time decaying phenomenon. Then how to model this dynamic 

nature of intention is also important to predict user's interests and information needs”. 

According to this author, the present study deals with the explicit intentions of the user 

that underlies their strategies. I agree with this author; the research of user intent in many 

domains is lacking, and the research domain of the present study is business information 

systems. 

[14]: “The user intention mining with respect to business perspective is an 

important and challenging task due to the varying nature of customer-generated text data. 

The purpose of this review is to present a brief review of studies pertaining to user 

intention mining with emphasis on discussing different machine learning and deep 

learning techniques”. These authors developed a literature review to extract the intentions 

of business users using machine learning and deep learning tools applied to commercial 

transactions performed by customers on social networks. Our study focuses on the 

intentions of the user of a business information system. 

 [62]: “In this paper, we manually categorize 5,408 sentences from issue reports 

of four projects in GitHub. We propose a deep learning based approach to automatically 

and more accurately classify sentences into different categories of intentions. A case 

study on four open source projects with 2,076 issue reports shows that our approach 

achieves an average of the 68.7%”. These authors manually classify sentences (possible 

intentions) and achieve an average performance of 68.7%. In the present study of news 

articles, sentences are extracted through a proprietary method of sentence mining using 

NLP libraries (Manning et al, 2020), and a knowledge base is created for businesses in 

general, which serves to verify and validate user strategies (intentions), and in the best 

case, the obtained results suggest a performance of 75%. 
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 [71]: “Today vast and diverse event records of applications exist for almost every 

scientific domain, making their integration and intelligent exploitation challenging. Intention 

mining is the ability to predict a user’s goals. Knowing the user’s intention can support the 

decision-making of the network administrators. The main input of all algorithms used to 

discover intentional process model is the log file (traces activities), which is unstructured 

dataset and not ready to be feed as-is to machine learning algorithm. Therefore, this 

paper aims to describe the data preprocessing steps, which transform the unstructured 

log file to a structured one”. Similar to the study by these authors, in the present study, the 

main resource is the event log, which is preprocessed and converted into structured data 

(quality event log). In addition, the user's intentions are identified, allowing us to determine 

their behavior, and thus facilitating decision making for business managers. 

[72]: “The aim of this work is to conduct a literature review about Intents, Intention 

Mining and Intent Classification. Nowadays, Intention Mining is widely used in the 

Information Systems Engineering field. This paper mainly focuses and discusses on the 

literature review algorithms, models and tools used in Intention Mining. We hope that this 

information will be useful for developing models to retrieve intentions from the traces of 

activities and developing various intention mining techniques, which will allow identifying 

the gaps between the prescribed processes and the actual processes of a business”. This 

author reviews the literature on "mining of intentions", which is an aspect of the literature 

review developed in this study. 

[73]: “Users use the network more and more frequently, and more and more data 

is published on the network. Therefore, how to find, organize, and use the useful 

information behind these massive data through selective means, and analyze user 

intentions is a huge challenge”. 

3.6. Implications and future research  

 Based on techniques, methodologies, methods, models, algorithms, software 

tools and relevant papers (see Table 3-5), the previous authors developed MMM, which 

could be considered the first intention mining tool used to generate intentional process 

models in the information systems field, i.e., the discovery of users’ strategies (intentions). 

A new intention mining tool, which is currently under development, can be applied in the 

identification of the gap between current business processes and actual processes. The 

steps in the creation of this new tool include: i) The use of process mining to extract user 

strategies from event logs; ii) defining and structuring user intentions based on their 
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strategies; iii) defining levels of abstraction for the executed processes according user 

intentions; iv) ranking user intentions according to the levels of process abstraction; v) 

generating intentional process models using MMM and according to the predefined 

process abstraction levels; vi) validating intentional process models through this 

methodology, versus the intentional process models generated through MMM. 

 On the other side, the experience acquired from this literature review led us to 

determine that the number of high-quality event logs in information systems is generally 

low. Hence, we recommend improving the data quality in event logs before applying 

intention mining to yield quality results. Once we obtain high-quality logs, we will be able 

to predict user behavior in information systems. Consequently, we can issue improvement 

and optimization recommendations with respect to business information resources [8]. 

3.7. Conclusions 

 Based on the literature review, we can answer the research question (RQ) and 

research sub-questions, as shown below: 

 RQ. What is available in the current literature on intention mining in an ISE context? 

Answer to RQ: In the eight relevant studies performed between 2013 and 2018, we 

identified that their authors addressed and provided the starting point of “intention 

mining”, and their contributions are the basis for developing future research in this 

area. 

 RQ1. What was developed in the fields of intention mining and intentional process 

mining between 2010 and 2018? 

Answer to RQ1: The development of intention mining is quite new; there is evidence 

that it started in 2013. There are previous articles that address this topic but in contexts 

different from information systems engineering. 

 RQ2. What methodologies have been developed to perform intention mining and 

intentional process mining?  

Answer to RQ2: Each relevant study has implemented its own methodology. Among 

the most important are: map miner method, supervised map miner method and 

unsupervised learning for map miner method. Based on these methodologies, in future 

research, we intend to build a standard methodology for intention mining in an 

information systems engineering context. 
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 RQ3. What algorithms have been written to perform intention mining and intentional 

process mining? 

Answer to RQ3: According to our literature review, several algorithms have been 

developed: deep miner algorithm, map miner algorithm, intent-miner, intent-

recommender, and strategies miner algorithm. Yet, other tools, such as KAOS, I* and 

MAP, can also be used as intention mining techniques. 

 RQ4. What models have been designed to perform intention mining and intentional 

process mining? 

Answer to RQ4: Process, strategy and intention modeling will be the main focus of our 

future research on “intention mining”. According to the literature review, a few models 

that are used in this field are map meta-model formalism, map process model, 

intentional process model, intentional process meta-model, current process model, and 

discovered actual process model. 

 RQ5. What tools have been built to perform intention mining and intentional process 

mining? 

Answer to RQ5; currently, in the intention mining of information systems engineering, 

the following two free software tools that perform intention mining are available: Plug-in 

ProM ToolKit, and Eclipse Usage Data Collector Language ToolKit. Nevertheless, there 

are more software tools for intention mining from other data sources and in other areas, 

such as health and social sciences. 

 The results of this literature review of a new topic called intention mining triggered 

the development of new products that can help businesses in agile migrations toward 

innovative platforms and dynamic solutions according to current and future business 

goals, such as process flexibility, enterprise resilience, risk management, and a 

successful decision making.  

 The most important author (Khodabandelou) in this novel approach proposes the 

following ideas for future studies: improving guidance through the processes that provide 

better recommendations for run time, facilitating process modeling, identifying the gap 

between current business requirements and actual information systems users' goals, 

helping CIOs in a pro-active way, and monitoring the intentions of users. 

Based on this literature review, we are planning to develop an intention mining 

method to identify the gap between current processes and actual processes of business; 
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for this, we are designing a methodology that includes new algorithms to enable the 

automatic generation of intention process models.  
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CHAPTER 4 

4. STATE OF THE ART ABOUT INTENTION MINING 

Section 4.1 presents a brief summary of process mining techniques and their 

application to the business gives a general vision about business; Section 4.2 provides 

knowledge of the current situation of the intention mining scenario in Section 4.1; Section 

4.3 presents the background and development of user intention mining in a business 

information system context; Section 4.4 synthetizes the findings obtained in the literature 

review.  

4.1. Process Mining 

In the survey, verification and validation of business processes, it is common to 

find that the traces established for the processes do correlate with the activities carried out 

by the users. However, the aforementioned traces have been elaborated, are the final 

product of a consultancy study, and have been periodically and permanently updated. The 

rapid evolution of business—given the constant growth in user demands and the need for 

real-time responses to information requirements without losing sight of control through the 

verification and validation of compliance with business rules—is the guideline for the 

approach of designing new process models. These models should be based on the 

historical behavior of the business (activity logs), current traces of the processes 

(implemented in a workflow), patterns obtained from a mining of data, and the profiles of 

the users and elaborated using the technical and technological tools available. For this, 

there are process mining tools, which can be applied to a log of business events. Aside 

from discovering the real business processes that are one of the inputs of intention mining 

for the objective of this study, there is also the compliance protocol, which establishes the 

differences in data, forms, procedures, rules, and policies between the current and real 

processes [7]. 

4.2. Intention Mining 

The development of intention mining has been in the area of social networks is 

extensive. In the context of information systems, from the year 2013, the main authors 

(specified in the previous section), taking the event log and the process mining techniques 

of the author Van der Aalst as main inputs, promulgated the concepts and developed the 
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techniques to mine the intentions of users of the information systems in order to issue 

recommendations for improving the development of software 

4.2.1 Background 

Nowadays, the findings, applications and recommendations of the previous 

authors have become the background for the development of the proposed method to 

intention mining, as well as the background for the new developments of the subject in 

question, the business field, its information systems, and its users. 

4.2.2 Information Systems Context 

In the specific context of our study, the existing applications and study cases 

identified in the literature review are counted as a baseline. 

 Eclipse Usage Data Collector [21]: The purpose of this case study is to obtain a 

process model map that helps understand the behavior of software developers in 

terms of their intentions and strategies. The Baum Welch Algorithm (BWA) is used to 

mine strategies and complete intentions based on these strategies using MMM. The 

results of this study are a series of recommendations about the strategies that 

developers must use to complete their intentions. Nonetheless, we believe that using 

HMMs to extract the strategies would be more effective, since BWA is only applicable 

to deterministic processes, and developers’ behavior is clearly a random process, 

despite the existence of current processes for the development of their activities. 

 Entity/Relationship Diagram [74], [75]: In this case study, the authors provided to a set 

of students a guide map for the elaboration of an E/R model. The purpose was to 

establish map sections that are the most used by the students in the elaboration of 

their model. The method was supervised; hence, the final model contained subjective 

elements and the database design precision was difficult to measure. That is why we 

believe that this case study does not significantly contribute to the “intention mining” 

research field. 

 FlexPAISSeer (Flex Process Aware Information System) [9]: This tool can incorporate 

flexibility in the execution of processes based on knowledge management through the 

algorithms, "Intent miner" and "Intent Recommender", and with the support of mining 

technique processes. In their case study, process mining and intention mining 

techniques are used to incorporate flexibility in a specific process (childcare) through a 

software tool implemented for this purpose. Identifying and measuring the level of 

flexibility in these processes through intention mining techniques is quite complex. 
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Therefore, we considered that it would be more convenient to use other tools, e.g., 

ontologies and knowledge bases that can analyze and quantify human reasoning in 

the execution of processes. 

 ProM Toolkit Plug-in [21], [74]: Users’ strategies can be hidden processes. Process 

mining tools can represent the processes in terms of activities. These tools have been 

plugged into the ProM toolkit to offer an intentional vision on processes. This enables 

the extraction of process knowledge based on process execution logs in an intentional 

mode. This is the best free tool to process intention mining from process mining 

techniques; therefore, we will use and recommend this tool for validating the future 

research. 

4.2.3 Intention mining of information systems user 

Tables 3-5 (literature review) show the most used resources (methods, 

algorithms and tools) for the development of previous research in the context and 

objective of this study. Below is a summary of the most relevant resources, which serve 

as a reference for our development and that, in some cases, can be used as available 

tools. 

 Intention mining techniques and tools: The intention mining techniques presented in 

this literature review are based on process mining techniques, HMMs, MMM and other 

tools described in this study. The most important technique (MMM) is used in the case 

study of Eclipse Usage Data Collector [21]. In future research, and for this literature 

review, we intend to develop an intention mining technique to identify the gap between 

current processes and actual processes. 

 Process mining techniques and tools: Generally, they are used as a bridge between 

data mining and machine learning, to discover process models oriented to user 

activities, to identify user and HMM strategies, and to determine intentional process 

models. In addition, process mining techniques could also be used to validate 

intentional process models [21]. 

 Machine Learning: This algorithm is used to classify sequences of activities based on 

similar characteristics. However, a deep machine learning algorithm could also be 

used to extract the underlying intentions in the traces of the processes. [21]. 

 Map Miner Method: This is the best product developed so far in this new field of 

intention mining [21]. It enables intentional process models to be constructed, which 

could be the basis for future research in this field. Moreover, MMM can define and 

specify user strategies and activities at different levels of abstraction. 
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 MAP: This is a modeling language used to build intentional process meta-models that 

help formalize process models [76]. Nevertheless, we could use UML modeling 

languages to carry out a similar process, since it is a widely known process in software 

engineering modeling. 

 Petri-Nets: This tool is used to represent process models, particularly, cyclic process 

models [76]. To achieve our aims, this resource could be used to represent user 

strategy models. 

 Baum Welch: Authors of relevant documents use this algorithm to uncover unknown 

parameters in the application of HMMs [76]. In our case, we can use it to determine 

the parameters for mapping user strategies and intentions. 

 KAOS: This tool can model requirements as instances of a conceptual meta-model 

that supports user intentions, but it is not used due to its rigid definition of tasks [76]. 

Nevertheless, this tool would help to define levels of abstraction in relation to 

hierarchical divisions of users’ activities and strategies. 

 Hidden Markov Models: It is used in every relevant document of our literature review 

to discover intentions from the process traces and elements such as processes, 

strategies and models, which are related to intention mining and present in the events 

log. We would recommend using this tool in every future study. 

 ProM: This is a free software tool, where the previous authors used their implemented 

application to create intentional process mining in the development of the case study 

Eclipse Usage Data Collector. We intend to do the same with the final results of our 

study [21]. 

4.3. Scenario Characterization 

In the pre-study (chapter 2), a feasible scenario was defined to address the 

research on the development of the "intention mining" for the users of information systems 

in a business context. The most relevant characteristics that were defined for the scenario 

object—the literature review—are described below. 

Business Characterization: To identify the current business situation, we 

proceeded with surveying the processes and determining the activities that are carried out 

on a daily basis. Based on the information obtained, the feasibility (technical, 

technological, operative, and operational) of implementing a user intention mining process 

in the information system is defined. 
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Business Policies and Rules: For a global approach and in a general business 

context, a business scenario is delimited by observing the pertinent policies of the 

business [4]. On the other hand, business rules are defined in a specific way [77], which 

govern and support its balance according to the level of granularity of the activities and 

the degree of cohesion in its functions. 

Business Process Models: The information system is designed to execute the 

processes in accordance with the current process models, which are established to 

achieve business objectives, strictly aligned with business rules. However, users develop 

their activities based on the aforementioned current process models and their own 

strategies. This resulted in other (real) process models, proven via the application of 

process mining in event logs [7], which is automatically generated in the execution of 

activities through the information system, which we will call generic event log (GEL). 

Generalizations: Based on the previously defined concepts, the term "Business" 

and its application environment, in the intention mining context of this study, can be 

applied to any business under the following conditions: the business can be defined and 

characterized (current process) based on the rules and policies of its enterprise; the 

business activities are developed through an information system; the information system 

applications can generate the configuration of the event log; and the information system 

has flexibility, so that the user can use their own strategies in the development of business 

activities. 

4.4. Data, information and knowledge 

From the findings obtained in the literature review, the concepts, case studies, 

suggestions for future research, contributed by the most important authors in this field, are 

defined. 

Concepts  

 Process mining techniques are included in data mining and machine learning 

techniques [19].  

 Modeling users’ behaviors in terms of activities and ignoring the underlying human 

cognitive operators, such as intentions and strategies, are the goals of process mining 

techniques [15].  

 User strategies can be hidden processes [21].  
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 Process mining tools can represent processes in terms of activities. These tools are 

plugged into the ProM ToolKit to offer an intentional vision of processes. This allows 

the extraction of knowledge about a process based on process execution logs in an 

intentional mode [21], [74]. The main contribution of this mining method is to produce 

intentional process models, i.e., conceptual models of the intentions behind 

processes.  

 In an ISE context, intentional process mining can be useful at different levels of the 

process model lifecycle: (i) at a requirements level to elicit actual users' goals rather 

than inferred requirements, (ii) at a project management level to verify whether a 

current objective and the actual process model correlate, or (iii) at an application level 

to supervise user activities and provide more useful recommendations during runtime 

[15], [74]. 

 Many studies in the field of intentional process modeling have demonstrated that the 

fundamental nature of processes is mostly intentional; therefore, these processes 

should be modeled from an intentional point of view. In this regard, modern intentional 

process models have emerged to offer a flexible structure to model processes [15].  

 The main goal of intention mining is to extract sequences of users’ activities from 

event logs to evaluate and predict users’ intentions with respect to those activities [76]. 

Process models only focus on activities, and intentional process models focus on the 

intentions underlying the activities rather than the activities themselves [76]. 

 A set of strategies allows users to achieve their intentions and a strategy can be used 

to achieve several intentions [21]. 

 The relation between intentions, strategies and activities represents the top-down 

structure of reasoning and acting in the cognitive processes of the human brain [15].  

 A sub-intention is associated with a parent intention, and one intention is fulfilled if at 

least one of its children sub-intentions is fulfilled [15].  

 Several support activities and guidance solutions based on process mining have been 

proposed, but they lack suitable semantics for human reasoning and decision making. 

They mainly rely on low-level activities [9].  

 Process mining aims to discover, verify the conformance of, and enhance activity-

oriented process models from the event log. Intention mining has the same objectives 

as process mining, but it specifically addresses intentional process models [76], i.e., 

processes focus on the reasoning behind the activities. 

 

 



 

42 
 

Case Studies  

 The map miner method (MMM) is applied to a real-world dataset, which is an event log 

of Eclipse UDC (Usage Data Collector) developed by Khodabandelou [21] and [78]. 

The resulting map process model provides a valuable understanding of the processes 

followed by their developers, as well as feedback on the effectiveness and the 

demonstrated scalability of MMM. 

 A map specifying the intentions and strategies of entity–relationship modeling was 

given to the students as a guide [74], [76]. In order to obtain traces, they developed a 

web-based tool that records which sections of the map were followed by the students, 

while creating an entity–relationship diagram. 

 To demonstrate the validity of the FlexPAISSeer approach [9], the previous authors 

conducted a revealing single case study considering its suitability (the support of 

flexible processes through its software product). A childcare system was developed by 

42windmills and used by several children daycare centers in the Netherlands. 

 The ProM framework is a pluggable framework that supports various plugins for 

different process mining techniques, such as α-algorithm and its extensions [76]. 

Suggested Future Works 

 Intentional process mining might help improve guidance, provide better 

recommendations, facilitate process modeling and process model quality assessment, 

identifying the gap between business current requirements and goals and helping 

CEOs assess and monitor strategic goal implementation [74]. 

 To establish a base to manually infer the names of strategies and intentions, it can be 

fully automated by building sophisticated ontologies from the uncovered topics. These 

ontologies should consider the context in which the processes are enacted as well as 

current situations [15].  

 A ProM plugin for IntentMiner and IntentRecommender must be developed [9]. Official 

XES extensions must also be proposed to integrate the concepts of process context 

and entities. 

Authors 

 Ghazaleh Khodabandelou, Elena Epure, Rebecca Deneckere, Charlotte Hug, 

Camille Salinesi and Sjaak Brinkkemper. 
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CHAPTER 5 

5. WHY A QUALITY EVENT LOG TO INTENTION MINING? 

This chapter is based on a previous publication [5], [20]. Section 5.1 provides 

brief instructions for the event logs in businesses; Section 5.2 presents a method to 

generate a quality event log (QEL) from a generic event log (GEL); Section 5.3 shows the 

obtained results for applying this method; Section 5.4 analyzes the obtained results; and 

Section 5.5 presents the conclusion. 

5.1. Introduction 

Following the techniques, methods and methodologies of traditional mining 

(resources to be mined, mining objectives, resource pre-processing, mining tools, 

obtaining resource patterns and/or predictions [79], and the analysis of the patterns), the 

resource to be mined in our case was the event log. Our mining goal was to infer user 

intentions, and for this, it was essential to have a refined event log (quality event log) [80]. 

The discovery of processes through process mining techniques, from the event 

log [7], is the starting point for considering the development of an intention mining 

technique [76] based on process mining techniques. The aim of this study is to achieve a 

structure for the quality event log (QEL) [81] from the generic event log (GEL). In this way, 

the QEL can determine user strategies [21] and infer their intentions [32]. 

5.2. Method 

Based on the methods proposed by [80] and [82], the steps of the method to 

debug the GEL and generate the QEL are presented below. 

5.2.1 Obtaining the GEL 

We began with the assumption that companies currently carry out their activities 

through an information system, which processes data stored in databases and, as a 

product of this processing, the transaction log is generated. To obtain a GEL as a feasible 

resource to be mined, a good database design must be sought to guarantee consistency 

in the data, and as a precursor to the event log [5], [83], [84]. 

The obtained GEL contains records of all the transactions executed in the 

business: (sales business as a case study [85]; records of current business activities; 
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records of erroneous transactions; records of errors; records of exceptions; records of 

user strategies, etc. From the “Sales_log” file, taken from kaggel and contained in GitHub 

repository [34], Table 5-1 presents an extract of this log that represents the GEL. 

Table 5-1. Generic Event Log (GEL) 

Trace ID Event ID Event Date Activity User ID 

1 101 2019-11-01 06:18:48 Customer service 274969076 

1 102 2019-11-01 06:50:46 Generate customer order 274969076 

1 103 2019-11-01 06:52:33 Cancel insufficient-stock order 274969076 

2 104 2019-11-01 08:20:16 Customer service 384989212 

3 105 2019-11-01 03:15:33 Customer service 295643776 

3 106 2019-11-01 03:12:38 Generate customer order 295643776 

3 107 2019-11-01 03:14:51 Local stock control 295643776 

3 108 2019-11-01 03:15:36 Dispatch customer order 295643776 

3 109 2019-11-01 03:14:19 Register sale 295643776 

3 110 2019-11-01 03:14:47 Sales record 295643776 

4 111 2019-11-01 14:01:22 Customer service 396477034 

4 112 2019-11-01 14:01:33 Generate customer order 396477034 

4 113 2019-11-01 14:02:47 Local stock control 396477034 

4 114 2019-11-01 23:59:18 Register sale 396477034 

4 116 2019-11-02 00:00:26 Delivery customer order 396477034 

4 115 2019-11-02 04:01:27 Home sale delivery 396477034 

5 117 2019-11-01 05:06:31 Customer service 296465302 

5 118 2019-11-01 04:13:46 Generate customer order 296465302 

5 119 2019-11-01 04:13:03 Local stock control 296465302 

5 120 2019-11-01 05:07:04 Delivery customer order 296465302 

5 123 2019-11-01 05:09:30 Billing custom sale 296465302 

6 124 2019-11-01 03:56:15 Customer service 384989212 

6 125 2019-11-01 03:56:44 Generate customer order 384989212 

6 126 2019-11-01 03:57:08 Local stock control 384989212 

6 127 2019-11-01 03:58:38 Complete customer order 384989212 

6 128 2019-11-01 04:37:08 Cancel customer order 384989212 

7 129 2019-11-01 03:22:57 Customer service 512739566 

7 130 2019-11-01 03:20:01 Generate customer order 512739566 

7 131 2019-11-01 03:20:20 Local stock control 512739566 

7 132 2019-11-01 03:29:04 Complete customer order 512739566 

7 133 2019-11-01 03:21:04 Remote stock control 512739566 

7 134 2019-11-01 03:22:13 Emit customer quotation 512739566 

8 135 2019-11-01 07:15:32 Customer service 512462424 

8 136 2019-11-01 07:18:35 Generate customer order 512462424 

8 137 2019-11-01 07:21:57 Local stock control 512462424 

8 138 2019-11-01 09:54:36 Complete customer order 512462424 

8 139 2019-11-01 11:54:34 Remote stock control 512462424 
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8 140 2019-11-01 13:54:23 Emit customer quotation 512462424 

8 141 2019-11-01 13:54:50 Cancel customer order 512462424 

9 142 2019-11-01 14:22:30 Customer service 512912806 

9 143 2019-11-01 14:30:21 Generate customer order 512912806 

9 144 2019-11-01 14:25:15 Local stock control 512912806 

9 145 2019-11-01 14:27:16 Complete customer order 512912806 

9 146 2019-11-01 14:27:29 Remote stock control 512912806 

9 147 2019-11-01 14:29:24 Emit customer quotation 512912806 

9 148 2019-11-01 14:29:09 Delivery customer order 512912806 

9 149 2019-11-01 14:28:30 Register sale 512912806 

9 150 2019-11-01 14:28:47 Sales record 512912806 

9 151 2019-11-01 14:29:17 Home sale delivery 512912806 

10 152 2019-11-01 18:20:18 Customer service 296465302 

10 153 2019-11-01 18:40:19 Customer empathy 296465302 

10 154 2019-11-01 19:29:20 Generate customer order 296465302 

11 155 2019-11-01 20:50:21 Customer service 295643776 

11 156 2019-11-01 20:32:22 E-commerce omni-channel 295643776 

11 157 2019-11-01 21:50:23 Complete customer order 295643776 

12 158 2019-11-01 21:09:24 Customer service 396477034 

12 159 2019-11-01 21:12:25 Customer e-commerce 396477034 

12 160 2019-11-01 21:28:30 Deliver customer order 396477034 

 

5.2.2 Current Business Activities Definition 

For a sales business (as a case study), from the activities contained in GEL, and 

based on the files "Sales_policies", "Sales_principles", and "Sales_rules" available in the 

GitHub repository [34], the activities of the sales business specified below are identified, 

corroborated and defined. 

 Customer service: 

 Create client; 

 Activate client; 

 Update client. 

 Generate customer order: 

 Complete customer order; 

 Customer order quote. 

 Emit customer quotation: 

 Local stock control; 

 Remote stock control; 

 Register items. 

 Complete customer order: 
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 Local stock control; 

 Remote stock control; 

 Register items. 

 Local stock control: 

 Verify stock; 

 Emit local minimum stock alert; 

 Compromise stock. 

 Remote stock control: 

 Verify stock; 

 Emit remote minimum stock alert; 

 Compromise stock. 

 Delivery customer order: 

 Dispatched order confirmed; 

 Local partial order dispatch; 

 Emit remote delivery order; 

 Send home sale. 

 Cancel customer order: 

 Release committed stock. 

 Register sale: 

 Verify confirmed order; 

 Register discounts; 

 Verify taxes; 

 Register payment method; 

 Billing. 

 Home sale delivery: 

 Verify customer address; 

 Home delivery tracking; 

 Confirm home delivery. 

 Sales record: 

 By product (discount for: liquidation, launch); 

 Per customer (discount for: frequent customer); 

 By warehouse; 

 By period / season; 

 By payment method (current discount); 

 By promotion; 

 By seller; 
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 By delivery method; 

 By volume sales (discount of sale amount). 

Based on these activities, the process mining techniques and the ProM tools 

(alpha algorithm), as well as the sales business current process model, are presented in 

Figure 5-1. 

 

Figure 5-1. Current process model of a sales business. 

5.2.3 Quality Dimensions Definition 

Taking the ISO Standard 25012 as a reference, the GEL of an information 

system, whose objective is to provide a data source to verify compliance with the current 

processes and identify the real processes, which are executed daily in the business, must 

comply with the quality dimensions (integrity, unambiguity, meaningfulness, correction, 

syntactic precision, semantic precision). These dimensions allow QEL to be obtained, 

business rules to be satisfied [86], and the requirements of intention mining to be met. 

Table 5-2 shows a description of these quality dimensions and their implications in our 

study.  
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Table 5-2. Quality Dimensions 

No. Quality Dimension  Description Implication 

1 Integrity [81] Its structure and content must 
ensure the existence of a 
“valid” trace [34] for each and 
every instance of the real 
processes, which are executed 
in the information system. 

Inherent in log 

2 Unambiguity [81] Regarding the existence of 
repeated traces, for the same 
instance of a real process. 

Inherent in business 
environment 

3 Meaningfulness [87] Any trace in the GEL, which 
corresponds to a real process 
instance, is validated through 
the process model. 

Inherent in business 
environment 

4 Correction [81] Regards the execution time of 
each and every instance of the 
real processes; one and only 
one “valid” trace corresponds 
to them. 

Inherent in business 
environment 

5 Syntactic Precision 
[87] 

Its structure, i.e., the fields of 
the GEL (sufficient and 
necessary), correspond to the 
business domain. 

Inherent in log 

6 Semantic Precision 
[87] 

Regards the values contained 
and stored in the GEL and 
their correspondence with the 
real values according to the 
breadth, depth and scope 
defined for the business 
domain. 

Inherent in log 

 

5.2.4 Imperfection Patterns Identification and their Solutions 

To identify the imperfection patterns [35] in the GEL records in accordance with 

the quality dimensions (Table 5-2), the following imperfection issues were taken as 

references: data loss (the records are incomplete; empty fields exist); inconsistent data 

(data are outside the range and do not correspond to the business domain); irrelevant 

data (data do not contribute to the problem solution); erroneous data (values are unknown 

or do not correspond to the format, especially in the date values); and inaccurate data 

(values do not correspond to reality, due to rounding, approximation, truncation or 

abbreviation). Based on these characteristics, and with the objective of achieving a QEL 

(objective of the present work), the following imperfection patterns for the GEL were 

established. 
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 Chronological disorder of the events: 

This occurs when the process instance starts its execution a little before midnight and 

ends its execution after midnight [82].  This can cause a certain event to be recorded, 

with the date of occurrence being the next day (after midnight), but it is saved with the 

date of the previous day (before midnight). Consequently, the logical order of the 

events does not correlate with the logical sequence of the process. 

Solution: Adjust the sequence according to the process logic in the process model. 

 Differences in the date format between the event log and the tools that process it: 

Normally, the date data contained in the GEL have a pre-established format for the 

information systems that are executed in the business, but this format date is different 

from the date format, which is handled in the software tools used to process the GEL. 

Solution: Configure the tools according to the log date format. 

 Non-atomic events: 

This occurs when the level of granularity of an activity (contains sub-activities) that 

corresponds to an event does not correlate with the level of granularity established for 

the information system according to the business domain. 

Solution: Establish the highest level of granularity in the process model. 

 Events that do not correspond to the business domain: 

The activities associated with the execution of the process give rise to the events that 

are recorded in the GEL, and these activities are not in accordance with the current 

process model. 

Solution: Verify their correspondence with the user strategies; otherwise, eliminate the 

event. 

 Events that could correspond to user strategies: 

Some events that do not correspond to the business domain activities are validated 

using user strategies, which will be defined later, in the differences between the 

current and real process models. 

Solution: Delete the event if it does not correspond to a user strategy. 
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5.2.5 QEL Generation 

Finally, we obtained a quality event log for the sales business, as shown in Table 

5-3. 

Table 5-3. Quality Event Log (QEL) 

Trace ID Timestamp Activity 

1 2019-11-01 06:18:48 Customer service 

1 2019-11-01 06:50:46 Generate customer order 

1 2019-11-01 06:52:33 Cancel insufficient-stock order 

2 2019-11-01 08:20:16 Customer service 

3 2019-11-01 03:15:33 Customer service 

3 2019-11-01 03:12:38 Generate customer order 

3 2019-11-01 03:14:51 Local stock control 

3 2019-11-01 03:15:36 Deliver customer order 

3 2019-11-01 03:14:19 Register sale 

3 2019-11-01 03:14:47 Sales record 

4 2019-11-01 14:01:22 Customer service 

4 2019-11-01 14:01:33 Generate customer order 

4 2019-11-01 14:02:47 Local stock control 

4 2019-11-01 23:59:18 Deliver customer order 

4 2019-11-02 00:00:26 Register sale 

4 2019-11-02 04:01:27 Home sale delivery 

5 2019-11-01 05:06:31 Customer service 

5 2019-11-01 04:13:46 Generate customer order 

5 2019-11-01 04:13:03 Local stock control 

5 2019-11-01 05:07:04 Deliver customer order 

5 2019-11-01 05:09:30 Billing customer sale 

7 2019-11-01 03:22:57 Customer service 

7 2019-11-01 03:20:01 Generate customer order 

7 2019-11-01 03:20:20 Local stock control 

7 2019-11-01 03:29:04 Complete customer order 

7 2019-11-01 03:21:04 Remote stock control 

7 2019-11-01 03:22:13 Emit customer quotation 

8 2019-11-01 07:15:32 Customer service 

8 2019-11-01 07:18:35 Generate customer order 

8 2019-11-01 07:21:57 Local stock control 

8 2019-11-01 09:54:36 Complete customer order 

8 2019-11-01 11:54:34 Remote stock control 

8 2019-11-01 13:54:23 Emit customer quotation 

8 2019-11-01 13:54:50 Cancel customer order 

9 2019-11-01 14:22:30 Customer service 

9 2019-11-01 14:30:21 Generate customer order 
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9 2019-11-01 14:25:15 Local stock control 

9 2019-11-01 14:27:16 Complete customer order 

9 2019-11-01 14:27:29 Remote stock control 

9 2019-11-01 14:29:24 Emit customer quotation 

9 2019-11-01 14:29:09 Deliver customer order 

9 2019-11-01 14:28:30 Register sale 

9 2019-11-01 14:28:47 Sales record 

9 2019-11-01 14:29:17 Home sale delivery 

10 2019-11-01 18:20:18 Customer service 

10 2019-11-01 18:40:19 Customer empathy 

10 2019-11-01 19:29:20 Generate customer order 

11 2019-11-01 20:50:21 Customer service 

11 2019-11-01 20:32:22 E-commerce omni-channel 

11 2019-11-01 21:50:23 Complete customer order 

12 2019-11-01 21:09:24 Customer service 

12 2019-11-01 21:12:25 Customer e-commerce 

12 2019-11-01 21:28:30 Deliver customer order 

 

5.3. Results 

The QEL shown in Table 5-3 is the result obtained from applying this method; it is 

the quality log that will be used as an input in the intention mining process. Figure 5-2 

presents the sales business real process model, built based on QEL. 
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Figure 5-2. Real process model sales business. 

5.4. Discussion 

The quality dimensions of integrity and unambiguity are two rules that are fulfilled 

through the standardized design of the databases; hence, a good database design is 

necessary in business information systems. Compliance with the rest of the quality 

dimensions depends on the characteristics according to the business domain addressed.  

The solution to the imperfection patterns that are treated in the present study are 

of general habit. This solution (manual or computerized) allows the QEL to be used, i.e., a 

refined event log that contains the actual processing records of the business. 

Based on process mining techniques, the current process model is generated 

from a set of current business activities (Figure 5-1), and based on the QEL, the real 

business process model is generated (Figure 5-2). In addition, the application of process 

mining techniques [88] can verify the conformity of the real process model versus current 

business activities. Therefore, based on the nonconformities of the real process model 

(differences between the current and real process models), user strategies are identified 

and defined. 

5.5. Conclusion 

The presented method allows the QEL to be obtained for any business; provided 

that there is a log of events (transactions) and set of activities (manual of procedures) of 

the business. For the purpose of this study, we used preprocessed resources to continue 

with the mining process of user intentions. 
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CHAPTER 6 

6. PROPOSED METHOD TO MINE THE USER INTENTIONS OF 

BUSINESS INFORMATION SYSTEMS 

This chapter is based on previous publications  [33], Section 6.1 provides an 

introduction to the intention mining method; Section 6.2 presents a review of related 

studies; Section 6.3 describes the materials used; Section 6.4 specifies the proposed 

method in detail; Section 6.5 presents experimental results; and Section 6.6 presents a 

discussion of the study.  

6.1. Introduction 

In any business, users generally carry out their daily activities by observing a 

procedures manual, i.e., for each business there is a current process model [86]. 

However, aside from current business activities, users use their own strategies in order to 

save time and improve results, ease of use, etc. [13]. The objective is to obtain the user 

strategies of business information systems and infer their intentions, for which we 

developed a method (Figure 6-1) that, from a knowledge base of activities for businesses 

in general, validates user strategies extracted from an event log of a specific sales 

business [33], [34]. 

6.2. Related works 

In Table 7-1, we present a brief comparison between the aim, data, tools and 

results of the present study and previous research. In addition, in one of our previous 

studies [53], the most important advances in intention mining are reviewed. 

 Relevant Concepts.  

Process mining techniques are among data mining and machine learning 

techniques [19]. Modeling users’ behaviors in terms of activities and ignoring underlying 

cognitive operators in humans, such as intentions and strategies, are the goals of process 

mining techniques [15]. Users’ strategies can be hidden processes [21], and process 

mining tools can represent these processes in terms of activities [21], [74].  



 

54 
 

 

Figure 6-1. Summary of the intention mining method. 

Many researchers in the field of intentional process modeling have demonstrated 

that the fundamental nature of processes is mostly intentional; therefore, these processes 

should be modeled from an intentional point of view. In this regard, nowadays, intentional 

process models have emerged to offer a flexible structure to model processes [15].  

In some previous studies, the main objective of the use of intention mining is to 

extract sequences of user activities from the event logs to evaluate and predict the 

intentions of users regarding those activities, as can be reviewed in [76]. Process models 

only focus on activities, and intentional process models focus on the intentions underlying 

the activities rather than the activities themselves [76]. 
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Table 6-1. Comparative data with previous works. 

Previous Author Aim Data and Tools Result 

Present study 

Discover the 
user intentions 
of business 
information 
systems 

NewsIR’16 
repository 
Knowledge base for 
any business 
Event log for 
specific business 
Business rules 
Knowledge expert  

User intentions, 
possibility of user 
behavior 
inference, and 
identifying the 
improvement of 
information 
systems 

[9] 

Automate the 
construction of 
intentional 
process models 

Event log 
Hidden Markov 
models 

Map miner method 

[15] and [19] 

Focus on the 
construction of 
process models 
topology 

Eclipse UDC 
processes 
Map miner method 

Intentional 
process models 

[74] 

Design a 
technique to 
mine intentional 
models from 
traces of non-
deterministic 
activities that 
follow a 
stochastic 
process 

Activity traces 
Supervised 
machine learning 

Intentional 
process models 

[62] 
Classifying of 
intentions by 
categories 

Linguistic patterns 
Issue reports 
 

Intention 
categories 
Recommendations 
for software 
developers 

[89]  

Analysis of 
intentions 
business 
functions that it 
can be 
performed 
effectively on 
short texts 

Short texts (simple 
sentences) 
Machine learning 

Word that express 
intentions 

[1] 
Knowledge 
base 
construction 

DeepDive 
(databases and 
machine learning) 

Knowledge base 

 

A set of strategies allows users to achieve their intentions, and a certain strategy 

can be used to achieve several intentions [62]. The relation between intentions, strategies 

and activities represents the top-down structure of reasoning and acting in the cognitive 



 

56 
 

processes of the human brain [15]. On the other hand, a sub-intention is associated with a 

parent’s intention, and one intention is fulfilled if at least one of its children’s sub-intentions 

is fulfilled [15]. 

Several support activities and guidance solutions based on process mining have 

been proposed, but its lacks suitable semantics for human reasoning and decision making 

and mainly relies on low-level activities [74]. Process mining aims to discover and verify 

the conformance of activity-oriented process models from the event log and enhance 

them. Intention mining has the same objectives as process mining, but it specifically 

addresses intentional process models [60], i.e., processes that focus on the reasoning 

behind the activities. 

 Intention Mining Applications.  

The map miner method (MMM) is applied to a real-world dataset, which is the 

event log of Eclipse UDC (Usage Data Collector) developers, [76], [76]. The resulting map 

process model provides a valuable understanding of the processes followed by 

developers and feedback on its effectiveness, as well as demonstrating the scalability of 

MMM. 

A map specifying intentions and strategies for entity–relationship modeling was 

given to the students as a guide [16], [74]. In order to obtain traces, these authors 

developed a web-based tool that records which sections of the map were followed by 

students while creating an entity–relationship diagram. 

To demonstrate the validity of the FlexPAISSeer tool [9] (Flex Process-Aware 

Information System), a single case study was conducted. The childcare system developed 

by 42windmills, which is used by several child daycare centers in the Netherlands, was 

selected as the case company, considering its suitability (the support of flexible processes 

through its software product).  

Finally, the ProM framework is a pluggable framework that supports various 

plugins for different process mining techniques, such as the α-algorithm and its extensions 

[74]. 

6.3. Method 

Figure 6-1 summarizes the proposed method used to extract user strategies, and 

based on these, infer user intentions. 
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6.3.1 Business Activities Mining 

From news about the business world, a knowledge base (KB) is generally 

structured for any business. This KB contains the activities, strategies, promotions, 

events, etc., of the businesses that are published in the repositories [89] and kaggel. The 

KB was created in Postgres database management system (DBMS), and the Python 

language, data tables and Python code are available in the GitHub repository [90]. The 

steps for KB creation are specified below. 

 Business Knowledge base 

The data tables (Appendix A) of the KB and the procedures (Python code) of the 

method are stored and published in [90]. 

 Data Pre-processing and load 

Based on traditional mining techniques, from the news articles we extracted, we 

transformed and loaded the text, from which we extracted the sentences that correspond 

to general business.  

 Articles extraction 

The text was extracted from 200 articles published in open access 

multidisciplinary business repositories. Moreover, this information was loaded into the 

articles data table [90]. The Python code procedure is presented in the Appendix B. The 

model to obtain the articles is presented. 

articles = sample randomly (NewIR’16 )    (6-1) 

 Sentences extraction 

The textual content of each article was tokenized, the text was divided into 

sentences, and every sentence was divided into words (tokens). Tokenized and 

lemmatized sentences were stored in the sentences data table [90]. The Python code of 

this procedure is presented in Appendix C. The model to obtain the sentences is 

presented below. 

Sentences = lemmatized (tokenized (parsing (articles)))   (6-2) 
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 NLP tag assignment (POS tag and NER tag) 

Each token in every sentence was assigned a label part of speech (POS) using 

Stanford’s CoreNLP system [91] and the standard “Penn Treebank tagset”.  

We used Stanford’s CoreNLP system in the tag assignment, named entity recognition 

(NER), according to Table 6-2. Each token was assigned a corresponding POS tag; each 

token, according to their POS tag, was assigned an NER tag; and the sentences tagged 

with POS and NER were updated. The Python code of these procedures is presented in 

Appendix D and Appendix E, respectively. 

 Strategy mentions extraction 

From the sentence data table, we extracted the tagged tokens that had 

sequences corresponding to the generic structures of sentences following English 

grammar rules.  

The sequence tokens (NER-tagged) of each sentence were extracted according 

to the following structures: “VERB” or “NOUN” + “VERB” or “NOUN” + “VERB” + “NOUN” 

or “ADJECTIVE” + “NOUN” + “VERB” or “NOUN” + “VERB” + “ADVERB” or “VERB” + 

“ADVERB” or “ADVERB” + “VERB”. Each sequence token extracted corresponds to an 

activity (strategy), each NER-tagged token of a strategy was replaced by their token 

(word), and the structured strategies were stored in the strategy_mention data table. The 

Python code of this procedure is presented in Appendix F. 

Table 6-2. Tokens and named entity recognition. 

Token Tag Named Entity 
Recognition 

Meaning 

VB, VBD, VBG, VBN, VBP, 
VBZ 

ACTIVITY Verbs all modes and 
times 

NN, NNS NOUN Common nouns 

NNP, NNPS PERSON/ORGANIZATION Nouns 

JJ ADJECTIVE Adjectives 

JJR COMPARATIVE 
ADJECTIVE 

Comparative adjectives 

JJS SUPERLATIVE 
ADJECTIVES 

Superlative adjectives 

RB ADVERB Adverbs 

RBR ADVERB ADJECTIVE Comparative adverbs 

RBS ADVERB ADJECTIVES Superlative adverbs 
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 Candidate strategies extraction 

We generated a set of strategies (S) and stored this in the candidate_strategy 

data table based on the strategies stored in the strategy_mention data table. For each 

strategy, the sentence structure was verified; duplicate strategies, punctuation marks, and 

nonprintable characters were eliminated; and debugged strategies were stored in the 

candidate_strategy data table. The Python code of this procedure is presented in 

Appendix G. The set of strategies is defined below: 

S = {∀x / x ∈ KB and (x=”VERB” or x=“NOUN”+“VERB” or x=“NOUN”+“VERB”+“NOUN” or       

x=“ADJECTIVE”+“NOUN”+“VERB” or x=“NOUN”+“VERB”+“ADVERB” or 

x=”VERB”+”ADVERB” or x=”ADVERB”+”VERB”)}    (6-3) 

6.3.2 Generating Quality Event Log 

In the previous chapter, the method to process and debug the GEL to generate 

the QEL is presented, and this QEL contains real business strategies (current business 

strategies plus user strategies). Based on this QEL, the real process model was 

generated, and based on this model, the strategies that are actually developed in a 

business are identified and stored in the strategy_qel data table. The Python code of this 

procedure is presented in Appendix H. Therefore, the QEL contains the business real 

process (BRP) and is defined through the following model: 

BRP = {∀x / x ∈ QEL}      (6-4) 

6.3.3 Verifying user strategies 

The real strategies of the business are obtained as a result of the verification of 

the BRP (specific business) against the strategies (S) contained in the candidate_strategy 

data table of the KB (any business). The Python code of this procedure is presented in 

Appendix I. The intersection of these sets of strategies yields the subset of real business 

strategies (BRS), as shown in the following model: 

BRS = S ∩ BRP       (6-5) 

6.3.4 Validating and weighting user strategies 

According to the process mining conformance rule [7], user strategies (US) are 

defined as the differences between the current process model and the real process 
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model. From the current process model, the current business strategies (activities) are 

obtained (BCS). The Python code of this procedure is presented in Appendix J. Therefore, 

the US are obtained through the following model: 

US = BRS - BCS       (6-6) 

The heuristic rules of weighting are defined in two groups: a) general rules of 

structuring strategies for any business and b) rules for framing strategies in the domain of 

a specific business. 

a) Strategy structuring rules (SSR): 

     "VERB" or "NOUN", weight = 1 

     "NOUN VERB" or "VERB NOUN", weight = 2 

     "NOUN VERB NOUN" or "ADEJCTIVE NOUN VERB" or "NOUN VERB ADVERB", 

weight = 3 

Each of the rules with their assigned weight are defined in the following model: 

SSR = {Catalog to any business in general}    (6-7) 

b) Strategy of domain rule (SDR): 

TRADING = ['order', 'quotation', 'stock', 'sale', 'price'].  

DEALING = ['sell', 'buy', 'offer', 'promotion', 'billing', 'cancel']. 

CRM = ['customer', 'empathy', 'user', 'ecommerce', 'e-commerce', 'omnichannel', 'omni-

channel']. 

Each of the rules has an assigned weight from 1 to 3 and are defined in the following 

model: 

SDR = {Catalog in the specific business domain}   (6-8) 

The weighting heuristic rules (WHR), are defined with the following model: 

WHR = SSR ∪ SDR      (6-9) 
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The US are weighted according to WHR compliance and stored in the strategy_weight 

data table (business Knowledge base). For this, the following model is specified. 

W: weight of WHRs. 

w: WHR compliance weighting by the US. 

n = count (WHRs): (“n”: number of weighting heuristic rules). 

.  

Therefore, the weighted user strategies (WUS) are defined by the following model. 

 / m      (6-10) 

The Python code of this procedure is presented in Appendix K. 

6.3.5 User Intentions Inference 

Based on the US stored in the strategy_weight data table, the user_strategies 

data table is generated with US that have a weight > 0.3, as shown in Table 6-3 

(According the expert on sales business [92], [95]  From these strategies, it is possible 

infer user intentions, evaluated and supported by the participation of specific business 

experts [93], [94]. The obtained user intentions are presented in Table 6-4. 

Table 6-3. Weighted user strategies. 

 Number Strategy name Weighting 

 1 cancel insufficient-stock order 0.75 

 2 customer empathy everyday 0.75 

 3 customer e-commerce 0.67 

 4 customer empathy 0.67 

 5 e-commerce omni-channel 0.67 

 6 american news sell 0.50 

 7 couple sell 0.42 

 8 news sell 0.42 

 9 order here 0.42 

 10 order provide 0.42 

 11 order spend 0.42 

 12 sale register 0.42 

 13 sale say 0.42 

 14 school offer 0.42 

 15 stock be 0.42 



 

62 
 

 16 buy 0.33 

 17 cancel 0.33 

 18 offer 0.33 

 19 price 0.33 

 20 sale 0.33 

 21 sell 0.33 

 22 stock 0.33 

Table 6-4. User intentions. 

 Number Strategy Intention 

 1 cancel insufficient-stock order The aim is to complete the order and not 
cancel it  

 2 customer empathy everyday The customer is right all the time 

 3 customer e-commerce Flexible business alternatives 

 5 e-commerce omni-channel Omnidirectional business alternatives 

 7 couple sales Complement yourself with a partner 

 9 order here Carry out the transaction here and now (time 
service) 

 12 sale register Business control 

 

6.4. Results 

In this case, the method is applied to the sales business. The obtained results are 

shown in Table 6-5. 

Table 6-5. Specific sales business results 

Mathematical model Result sales business 

Articles extraction 
articles = sample randomly (NewIR’16 ) (6-1) 

200 articles 

Sentences extraction 
sentences = lemmatized (tokenized (parsing 
(articles))) (6-2) 

5501 sentences 

NLP tag assignment (POS tag and NER tag) 

S = {∀x / x ∈ KB and (x=”VERB” or 
x=“NOUN”+“VERB” or 
x=“NOUN”+“VERB”+“NOUN” or       
x=“ADJECTIVE”+“NOUN”+“VERB” or 
x=“NOUN”+“VERB”+“ADVERB” or 
x=”VERB”+”ADVERB” or x=”ADVERB”+”VERB”)} 
(6-3) 

2458 candidate strategies 

Business real process (strategies) extraction 

BRP = {∀x / x ∈ QEL} (6-4) 

billing customer sale 

cancel customer order 

cancel insufficient-stock order 
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complete customer order 

customer e-commerce 

customer service 

customer empathy 

deliver customer order 

e-commerce omni-channel 

emit customer quotation 

generate customer order 

local stock control 

home sale delivery 

register sale 

remote stock control 

sales record 

Business real strategies identification 
BRS = S ∩ BRP (6-5) 

billing customer sale 

cancel customer order 

cancel insufficient-stock order 

complete customer order 

customer e-commerce 

customer service 

customer empathy 

deliver customer order 

e-commerce omni-channel 

emit customer quotation 

generate customer order 

local stock control 

home sale delivery 

register sale 

remote stock control 

sales record 

User strategies obtaining 
US = BRS - BCS (6-6) 

cancel insufficient-stock order 

customer e-commerce 

customer empathy 

e-commerce omni-channel 

Strategy structuring rule 
SSR = {Catalog to any business in general} (6-7) 

"VERB" / "NOUN" 

"NOUN VERB" / "VERB NOUN" 

"NOUN VERB NOUN / ADEJCTIVE 
NOUN VERB / NOUN VERB ADVERB" 

Strategy of domain rule 
SDR = {Catalog in the specific business domain} 
(6-8) 

TRADING = ['order', 'quotation', 'stock', 
'sale', 'price'] 

DEALING = ['sell', 'buy', 'offer', 
'promotion', 'billing', 'cancel'] 

CRM = ['customer', 'empathy', 'user', 
'ecommerce', 'e-commerce', 
'omnichannel', 'omni-channel'] 

Weighting heuristic rules 
WHR = SSR ∪ SDR (6-9) 

SSR + SDR 

Weighted user strategies 

. 
Table 6-3. 
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 / m (6-10) 

 

 

 

6.5. Discussion 

In their studies, [9] and [76] developed intention mining methods based on 

process mining and process-aware information systems techniques, and both authors 

centered their studies on recommendations of software developers. The present study is 

centered on the information system users. 

In [62] analyzed words and sentences online to infer the user intentions of web 

applications. In the present study, from a knowledge base for any general business and 

the event log for a specific business, mining sentences (strategies) to infer the user 

intentions of the business information system are developed. 

In [96] used a support vector machine (SVM) to classify the intentions associated 

with a single word that denotes intention (wish, inquiry, compare, etc.). In present study, a 

sentences mining method is developed based on the fundamental aspects of traditional 

mining with the help the NLP functions [91]. 

In [9] Epure et al. (2014) developed the map miner method tool to build models of 

intentional processes. In the present study, a method based on traditional mining 

techniques was developed to extract the user strategies and infer their intentions. 

In [19] and [78], based on the study by [9], models of intentional processes were 

generated. In the present study, user strategies are formalized based on real and current 

business process models. 

In [74], [19] and [78] generate the same models of intentional processes based 

on structured data (databases) (Codd, 1982). In the present study, flat news files are 

used, from which sentences about businesses are extracted. 

In [62] and [97] derived their patterns (words and sentences) based on linguistic 

patterns and machine learning. In the present study, Python code was written, and NLP 

functions were used to extract the sentences. 

In [1] built a knowledge base with the DeepDive function. In the present study, to 

build a knowledge base, a method of mining business sentences was developed. 
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Regarding the results obtained in the present study and the used tools, we 

conclude the following: 

 NLP functions are very useful for the development of Python code; 

 Only sentences with a maximum three elements can be analyzed, although there 

could be four or more elements in some sentences; 

 The weighting heuristic rules can help extend the business domain and improve the 

weighting of results; 

 The requirements of specific business experts could be a limitation, but also an 

opportunity to apply the method to any business. 
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CHAPTER 7 

7. PROPOSED METHOD IMPLEMENTATION AND VALIDATION 

Section 7.1 provides an introduction to the validation of this study; Section 7.2 

presents the validation context; Section 7.3 validates the criteria that apply to this process; 

and finally, Section 7.4 presents the calculus precision measures. 

7.1. Introduction 

The validation of study’s results allows the measures of suitability and 

applicability in the solution to the posed problem to be defined [98], [99] and [100]. In our 

case, we validated the results obtained from the application of the developed intention 

mining method. 

7.2. Validation Context 

The method developed in this study allows us to extract user strategies based on 

their inferred intentions. This method that can be applied to any business and is proven to 

be effective for a sales business 

7.3. Criteria for Validation 

From user strategies, user intentions can be inferred, in this case, with the 

participation of an expert in the specific sales business. Therefore, we validated the 

extraction of user strategies from a sales business based on the following validation 

criteria: 

1) Binary classification: 

As we have two variables (user strategies and sales strategies), based on the 

method of [101] and [102], we used sensitivity to define the true positive cases and 

specificity to define the true negative cases; false negatives and false positives are 

the other two possible combinations between these two variables, which 

correspond to the predictions of the user strategies [102], as shown in Table 7-1. 

 True positive (TP): It is a sales strategy and a user strategy; 

 False positive (FP): It is not a sales strategy, but it is a user strategy; 

 False negative (FN): It is a sales strategy, but it is not a user strategy; 

 True negative (TN): It is not a sales strategy nor a user strategy. 
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Table 7-1. Prediction of the User Strategies 

 User Strategy 
Sales Strategy Marginal 

totals 
 

True False 

Prediction 
True True Positive False Positive TP + FP 

False False Negative True Negative FN + TN 

 
Marginal 
Totals 

TP + FN FP + TN 
 

 

2) Precision measures 

 Current sales strategies that are user strategies (sensitivity): 

Sensitivity = TP / (TP+FP)    (7-1) 

 User strategies that are not current sales strategies (specificity): 

Specificity = TN / (FN+TN)   (7-2) 

 Probability that user strategies are not current sales strategies (positive 

predicted value: PPV): 

PPV = FP / (TP+FN)    (7-3) 

 Probability that strategies are not current sales strategies or a user strategy 

(negative predicted value: NPV): 

NPV = FN / (FN+TN)    (7-4) 

 Probability the method predicts the presence or absence of user strategies 

(Accuracy): 

Accuracy = (FP + FN) / (TP + FP + FN + TN) (7-5) 

7.4. Validation 

According to the results obtained from our method (Table 6-3), and based on the 

current and real process models of the sales business, the results obtained for each 

variable in question (user strategies and sales strategies) were quantified: 

TP: 1 Current sales strategies that are also user strategies; 

FP: 13 User strategies that are not current sales strategies; 

FN: 0 Current sales strategies that are not user strategies; 

TN: 8 Strategies that are not current sales strategies or user strategies. 

The computing of the precision measures are presented below, and the algorithm 

of this procedure is presented in Appendix L. 
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Sensitivity = 0,07142857 

Specificity = 1 

Positive Predicted Value = 0,92857143 

Negative Predicted Value = 0 

Accuracy = 0,59090909 

The sensitivity is quite low, which means there is a low proportion of true 

positives, i.e., the cases of sales strategies that are also user strategies are scarce.  

Due to a low sensitivity, a high specificity is expected [102]; therefore, the rate of 

false negatives should be low, which means that, the lower the number of extracted 

current sales strategies, the higher the probability of user strategies. 

For the positive predicted value, the objective is to predict user strategies that are 

not current sales strategies; therefore, a significant prediction value is expected. 

For the negative predicted value, the value should be as low as possible. In every 

instance, it seeks to extract sales strategies, with user strategies taking priority, but if 

different strategies are extracted, it is expected that they will be in minimal proportions. 

Finally, an acceptable precision value was obtained; this could suggest that the 

method is acceptable, with 68% effectiveness. 
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CHAPTER 8 

8. RESULT DISCUSSION 

In order to achieve the stated objective, based on the user strategies extracted from the 

event log, the user intentions of the specific business information system (sales) were 

identified. The objective was achieved through the activities specified in Figure 1-1. The 

results obtained are discussed below. 

8.1. Non-feasible Scenario 

 In principle, the issue of applying intention mining to the governmental 

organization "Instituto Geofísico - Escuela Politécnica Nacional" (IG-EPN) is addressed, 

which has an information system that can generate an abundant event log of 

seismological activities. After the feasibility study, it was determined that this scenario, 

does not have the necessary elements that characterize a business, where the users are 

the main resource used to reach the objective of this study: "Intention mining of an 

information system user". However, to arrive at this conclusion, a current situation survey 

of this scenario was developed, which inspired the study by [32]. The study was rewritten 

with a focus on business scenarios in [53], where a literature review was developed and 

state-of-the-art research was discussed. Based on this research, this present study on 

intention mining was developed, which centers on the user and is markedly different from 

previous research, where the aims were to give recommendations to software developers. 

8.2. The State of the Art 

Between 2010 and 2018, the development of the topic "intention mining" was 

identified in literature reviews in the context of business information systems, based on 

which this study was developed. In addition, research published between 2019 and 2021, 

and other relevant studies in this context, are identified and analyzed below. 

[70]: “From our analysis, the challenges of user intent mining fall into three folds. 

Firstly, user intent could be express explicitly or implicitly. Implicit user intents do not 

contain the intent keywords, which is more challenging to classify and recognize users' 

real ideas. Secondly, research of user intent in many domains is lacking. Thirdly, we also 

observed that user intent is not stable but changing over time. Intentions could interact 

with each other and have a time decaying phenomenon. Then how to model this dynamic 

nature of intention is also important to predict user's interests and information needs”. 
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This author addresses the explicit intentions underlying user strategies. I agree 

with this author. The research of user intent in many domains is lacking, and the research 

domain of the present study is business information systems. 

 [14]: “The user intention mining with respect to business perspective is an 

important and challenging task due to the varying nature of customer-generated text data. 

The purpose of this review is to present a brief review of studies pertaining to user 

intention mining with emphasis on discussing different machine learning and deep 

learning techniques”. 

These authors develop a literature review to extract the intentions of business 

users, using machine learning and deep learning tools applied to commercial transactions 

and performed by customers through social networks. Our study focuses on the intentions 

of the user in a business information system. 

[62]: “In this paper, we manually categorize 5,408 sentences from issue reports of 

four projects in GitHub. We propose a deep learning based approach to automatically and 

more accurately classify sentences into different categories of intentions. A case study on 

four open source projects with 2,076 issue reports shows that our approach achieves an 

average of the 68.7%”. 

In contrast, these authors classify sentences (possible intentions) manually and 

achieve an average of 68.7% performance. In the present study, sentences are extracted 

from news articles through a proprietary method of sentence mining using NLP libraries 

[91]. Additionally, a knowledge base is created for general businesses, which serves to 

verify and validate user strategies (intentions); in the best case scenario, the obtained 

results suggest a performance of 75%. 

 [71]: “Today vast and diverse event records of applications exist for almost every 

scientific domain, making their integration and intelligent exploitation challenging. Intention 

mining is the ability to predict a user’s goals. Knowing the user’s intention can support the 

decision-making of the network administrators. The main input of all algorithm used to 

discover intentional process model is the log file (traces activities), which is unstructured 

dataset and not ready to be feed as-is to machine learning algorithm. Therefore, this 

paper aims to describe the data preprocessing steps, which transform the unstructured 

log file to a structured one”. 
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Similar to these authors, in the present study, the main resource is the event log, 

which is preprocessed and converted into structured data (quality event log). In addition, 

user intentions are identified, allowing us to understand their behavior, which facilitates 

decision making for business managers. 

In [72]: “The aim of this work is to conduct a literature review about Intents, 

Intention Mining and Intent Classification. Nowadays, Intention Mining is widely used in 

the Information Systems Engineering field. This paper mainly focuses and discusses on 

the literature review algorithms, models and tools used in Intention Mining. We hope that 

this information will be useful for developing models to retrieve intentions from the traces 

of activities and developing various intention mining techniques, which will allow 

identifying the gaps between the prescribed processes and the actual processes of a 

business”. 

Essentially, this author reviews the literature on "mining of intentions", which is 

one aspect of the unique literature review developed in this study. 

In [73]: “Users use the network more and more frequently, and more and more 

data is published on the network. Therefore, how to find, organize, and use the useful 

information behind these massive data through selective means, and analyze user 

intentions is a huge challenge”. 

This author develops a technique for mining the intentions of users of data 

networks based on temporal networks, improving an already known method. It is not 

related to the present study. 

8.3. Why Database Design as Quality Dimension? 

The event log is generated by default in a business information system due to the 

processing of data stored in the databases. The quality of the information obtained from 

an information system depends on the quality of the processed data and the design of 

structures (databases) where they are stored for easy, timely and appropriate access [5]. 

Consequently, the information quality contained in the event log depends on the high-

quality design of databases. 

The generic event log (GEL) is generally used for auditing processes through the 

application of process mining to determine shortcomings in the execution of business 

activities and, especially, to identify fraud. In the present study, this GEL is the source of 
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the extracted user strategies. The GEL in this case is structured based on the Sales_Log, 

Sales_Principles, Sales_Policies and Sales_Rules data files published in the GitHub 

repository. These files were obtained from the forums Kaggel, SignalMedia, DBpedia, 

BigQuery, etc. 

8.4. Why a Quality Event Log? 

 The GEL that is generated by the information system generally contains 

irrelevant data for the present study, and the data of interest contain errors and 

imperfection patterns, which are corrected through the method specified in [20]. As a 

result, a quality event log (QEL) is obtained [33], from which user strategies can be 

extracted, and their user intentions can be inferred. Practically, the generation of this GEL 

corresponds to the preprocessing of a resource to be mined using a traditional mining 

tool. 

8.5. User Strategies Formalization 

On the one hand, a knowledge base is created for any general business, which 

includes business activities and strategies. On the other hand, you can obtain an event 

log of the specific sales business: 

 The existence of the activities and strategies of the event log are verified in the 

knowledge base and the verified strategies are extracted; 

 By applying process mining [35] to the verified strategies, the actual process model of 

the sales business is generated (Figure 7-2); 

 By applying process mining, the current process model is generated according to the 

activities of a sales business [20]. 

 User strategies are extracted from the differences between the actual process model 

and the current process model. 

 The strategies are validated and weighted, according to the formal structure of English 

sentences and the fulfillment of the heuristic rules of the sales process. 

 The strategies with a weighting higher than 30% are extracted and based on these, 

user intentions are inferred. 
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To date, there are no authors who have explored this process; this study is the 

first to research this topic [34]. 

8.6. User Intentions Inference 

 According to the degree of instantiation (verification and validation) of the 

characteristics between the strategies extracted from the knowledge base and the 

strategies obtained from the event log of the sales business, user strategies were 

formalized. These weighted user strategies and the criterion of an expert in the sales 

business have made it possible to infer user intentions in business information system 

[34]. 

 This is the final product, with which the objective of this study on the novel 

subject of "intention mining" has been achieved. 
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CHAPTER 9 

9. SUMMARY 

9.1. Conclusions 

 For Any Business 

 According to the resilience of each business and the feasibility of having a log of 

activities (events), it is possible to innovate information systems through the knowledge of 

user behavior. This can be achieved if their intentions in the development of the daily 

activities can be determined. Although in the development of this study, results have been 

obtained for the specific business of sales, mathematical models (Table 7-6) have been 

developed to generalize the process and apply it to any business, provided that there is a 

log of events for that business. 

 Research Novel Subject 

 The subject of intention mining in the context of information systems has not 

been developed on a large scale until the present. Among the literature reviews published 

between 2010 and 2018, [19] highlights this topic in the context of information systems. 

From 2019 to the present day, the development of this topic has been well-received in the 

field of social networks, but for the field of information systems, it is still scarce. In the 

"Result Discussion" section, several publications [14], [62], [70]-[73] are discussed. 

 Aims 

The research objective was met to the extent that the hypotheses have been 

tested and the research questions have been answered. 

RQ1. In a business, are the current processes, actual processes and functions of the 

person who executes them known and promulgated? 

From the execution of the activities based on the current business process, the 

generic event log (GEL) is obtained; this log corresponds to the real activities of the 

business; that is, in this log the activities are registered according to the current business 

process model; in addition to user strategies. The points that answer the RQ1 are 

specified below. 
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 Current business process model, Figure 7-3. 

 Generic event log (GEL), Table 5-3.  

 Real business process model, Figure 7-2. 

 User strategies, Table 7-3. 

RQ2. In a business information system, is there a relationship between the current 

process, the real process and the users who execute them? 

Through the application of process mining, the differences between the current 

process models and the real business process are identified; Based on these differences, 

the user's strategies are extracted and debugged. With which the answer to RQ2 is given 

 Differences between real and current business process models are shown in Figure 7-

2 and Figure 7-3. 

 Debugged user strategies are stored in GitHub repository  [90] and shown in Appendix 

7-G. 

RQ3. How to infer user intentions? 

Finally, in order to respond to the RQ3 main objective of this research work, the 

steps of the method proposed in chapter 7 are specified below; which in summary 

consists: The creation of a knowledge base of the business in general, the user strategies 

contained in the quality event log (QEL), the verification of the user strategies in the 

knowledge base, the validation and weighting of the user's strategies based on 

compliance with the rules of the specific sales business and, the inference of the user's 

intentions based on their strategies. 

 A knowledge base created with our own method and stored in the GitHub repository 

[90] and shown in Appendix 7-A to Appendix 7-F. 

 User strategies: Table 7-4 and Appendix 7-H, Appendix 7-I 

 Validated and weighted user strategies: Appendix 7-J. 

 Inferred user intentions: Table 7-5. 
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 Limitations and Scope 

 Initially, the development of a solution for a specific business was envisaged, but 

as the study progressed and free data became available, the application was generalized 

to any business based on the mathematical models specified in Table 7-6. However, the 

limitation of this study lies in its specificity to the context of business information systems. 

 Contributions 

 In terms of fulfilling the proposed objectives and responding to the research 

questions by satisfying the hypotheses raised, the following are the relevant contributions: 

 Literature review method for intention mining in the field of information systems [53]. 

 Methodology for designing relational databases based on a scenario analysis of their 

policies and business rules [5]. 

 Method to generate a quality event log from a generic event log [32], [20]. 

 A knowledge-base-building method through a sentence mining method [33]. 

 The inference of user intentions through an intention mining method [34]. 

9.2. Thesis Summary 

In this study, prior to addressing the business scenario in the context of 

information systems, the first steps were taken in data mining (seismological events), and 

the scenario for a study on this new topic was defined: "intent mining". Following the 

guidelines of traditional mining, methods have been developed, making it possible to 

achieve the objective of inferring user intentions in a business information system. 

Our method of literature review has helped to define state-of-the-art research and 

understand the current situation regarding the development of "intention mining". The 

method used to generate the quality event log (indispensable for the mining process), has 

made it possible to identify and define business activities (current process model), in 

addition to identifying user strategies (differences between the current and real business 

process models), based on which user intentions can be inferred. In addition, a method of 

mining sentences (activities) from the business world was developed, in order to build a 

knowledge base for businesses in general, which can verify the user strategies of a 

specific sales business. 
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9.3. Future Studies 

In future studies, we propose developing a method that can identify the gap 

between the current and actual processes of a business. For this, it is necessary to know 

the state-of-the-art advances in intention mining. The first step for future research is to 

develop this method of literature review, which involves concepts such as: event log, 

event, process instance, process traces, user strategies, user intentions, process mining, 

and intention mining, etc. (described in the glossary). Topics for future research are 

suggested below: 

 Implement the applications of each of the proposed methods; 

 Develop applications to generate business recommendations that aim to improve 

user-centered processes; 

 Improve the research developed through the implementation of an 

unsupervised/supervised machine learning algorithm; 

 Promote flexible processes through the development of process-aware information 

systems, based on the intention mining techniques; 

 Develop an intelligent system to provide recommendations for improving business 

information systems based on user strategies and intentions. 
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The aim of this study was to identify user strategies to infer their intentions in 

developing activities, from the current process model and the real process model of the 

business. A user’s intentions can be used to identify their behavior, and to define the 

requirements for improving the business information system. The presented method 

follows the guidelines of the current mining tools, and it is supported by a knowledge base 

of businesses in general and the event log for a specific business. The user strategies are 

validated and weighted through the rules of the specific business. The user intentions are 

inferred based on their strategies and the knowledge of an expert within the specific 

business. The method is applied to a specific sales business, and the obtained results 

suggest that the proposed method can extract 75% of user intentions. In addition, the 

method is generalized to apply it to any business, as long as we can obtain the event log 

and the rules of the business 

Relationship with thesis: 

This paper contains the method of mining sentences (activities) extracted from 

news articles from the business world; It also contains the method of formalizing the user's 

strategies and the inference of the user's intentions of the business information system. 

The paper is the base of chapters 6 and 7 of this thesis 
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users fulfill their functions, improve their performance and save resources; especially time. 

An intent mining method is proposed, which is based on supervised machine learning, 

supported by a knowledge base and heuristic business rules. A knowledge base is 

structured from multidisciplinary business documents for any business in general. From 

the application of the proposed method to a particular business (sales), the user’s 

strategies are obtained and from these, their intentions in the development of their 

activities in the sales business are inferred, through an information system. This work 

suggests the development of flexible information systems and provides business 

managers with a tool to identify and implement new business strategies, based on user 

strategies. 

Relationship with thesis: 

An alternative method to the method presented in Chapter 6 is presented in this 

publication. 

 

Title: Literature Review about Intention Mining in Information Systems 

Journal: Journal of Computing Information System  

Ranking: JCR Q3, SJR Q2 

Authors: Oswaldo Díaz, Maria Pérez and Jorge Lascano 

Date Publication: 2019/06/16 

DOI: 10.1080/08874417.2019.1633569 

Abstract: 

Based on the event log, the process mining techniques allow the discovery of the 

real processes, the verification of conformity with the prescribed processes and the 

improvement them. Also, in the current literature has evidenced the development of some 

works of process mining to the discovery of user intentions (intention mining). The 

purpose of this work is to conduct a literature review about the development of intention 

mining in the information systems engineering area, which aims is to define the state of 
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the art of the intention mining techniques that are have developed based on the process 

mining techniques. Then, is developed the literature review, it analyzes and discusses the 

identified resources in the review. Is estimated that these resources will be the starting 

point to develop an intention mining technique, which allows identifying the gap between 

the prescribed processes and the real processes of a business. 

Relationship with thesis: 

This publication is the support of chapters 3 and 4 of the thesis; literature review 

and state of the art. 

 

Title: Methodology for Designing Relational Databases Based on Scenario Analysis 

their 

Policies and Business Rules 

Journal: 3Ciencias TIC  

Ranking: ESCI 

Authors: Oswaldo Díaz 

Date Publication: 2015/09/19 

DOI: dx.doi.org/10.17993/3ctic.2015.43 

Abstract: 

The critical success factor in database design for a business is that; the database 

gives facilities to meet the information requirements according to business rules and the 

scenario's policies; the relational model is a reference for the methodology proposed in 

this paper and the relational algebra (atomicity; dependence and transitivity) is used only 

in the normalization; the methodology is based on the scenario analysis; the 

conceptualization of business through its rules and experience of the designer; the 

methodology was applied to a case study and obtained the design of the database in third 

normal form. 

 



 

81 
 

Relationship with thesis: 

Database design is a dimension of quality in the generation of the quality event log 

from the generic event log, produced by the information system, through the method 

presented in chapter 5 of the thesis. 

 

 CONFERENCE ARTICLES: 

Title: Quality Event Log to Intention Mining: A Study Case. 

Proceeding: 2020 International Conference on Computer Science, Engineering and 

Applications (ICCSEA). 

Authors: Oswaldo Díaz y María Pérez 

Date Publication: 2020/03/13 

DOI: 10.1109/ICCSEA49143.2020.9132856 

Abstract: 

In a business, the information system produces a generic event log (GEL), which 

contains information on daily activities, usually, this GEL is too large and its content isn't of 

quality. In the present work a method based on process mining is proposed, to generate a 

quality event log (QEL) and whose content would allow to discover the user’s strategies 

(user’s intentions), that in a future work would be formalized and modeled through any 

method of intention mining. In addition, is presented a study case about a process of sales 

business. 

Relationship with thesis: 

In this publication, a case study is presented, as a preliminary step for the 

method of generating the quality event log of chapter 5 

 

Title: Log Design for Storing Seismic Event Characteristics Using Process, Text, and 

Opinion Mining Techniques 

Proceeding: 2018 International Conference on eDemocracy & eGovernment (ICEDEG) 
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Authors: Oswaldo Díaz y María Pérez 

Date Publication: 2018/04/04 

DOI: 10.1109/ICEDEG.2018.8372312 

Abstract: 

A fundamental preliminary element for discovering knowledge is the event log. 

This discovery knowledge from the log can help us to analyze and recognize certain 

patterns (features) that occur during seismic events. Therefore, in this work, we propose 

to design the log for seismic events from the information stored in the MySQL database, 

through the SeisComp3 system and the information of the scientific-technical staff of 

Instituto Geofísico at Escuela Politécnica Nacional. The design of the mentioned log is the 

product of the integration of the structures of the models obtained from text, process and 

opinion mining applied to the primary data with the log-book and the reports of the experts 

in seismology available in this Institute. Thus, the log will store data that would allow 

identifying the features of these physical phenomena through intention mining techniques. 

Relationship with thesis: 

This publication is the product of a research project, which served to define the 

feasibility of the scenario (for the development of the research topic) specified in chapter 2 
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Appendices 

Appendix A. Data dictionary of knowledge base  

DATA TABLE COLUMN DATA TYPE 

articles 
doc_text text 

doc_id text 

sentences 

lemmas ARRAY 

pos_tags ARRAY 

ner_tags ARRAY 

sentence_id character 

tokens ARRAY 

doc_id character 

sentence_text text 

strategy_qel strategy_name text 

strategy_candidate 
strategy_name text 

strategy_id text 

strategy_mention 

mention_id character 

mention_text text 

doc_id character 

sentence_id character 

begin_index integer 

end_index integer 

strategy_rule 

strategy_name text 

rule_name ARRAY 

strategy_num integer 

strategy_weight 
weight numeric 

strategy_name text 

user_strategy 
strategy_name text 

ponderation numeric 

 

Appendix B. Procedure to load articles 

Open database 
Read (aticles200.csv) 
For each Article 
    Insert (Article to database) 
End For 
Close database 
 
Appendix C. Sentences tokenization and lemmatization procedure 

Open database 
Read (Article) 
For each Sentence 
 Tokenization (Sentence) 
 For each Token 
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  Lemmatization (Token) 
 End For 
 Write (Sentence) 
End For 
Close database 
 
Appendix D. Sentences POS tagging procedure 

Open database 
Read (Sentence) 
For each Sentence 
 For each Token  

Pos_Tagging (Token) 
 End for 
End For 
Close database 
 
Appendix E. Sentences NER tagging procedure 

Open database 
Read (Sentence) 
For each Sentence 
 For each Token  

Ner_Tagging (Token) 
 End for 
End For 
Close database 
 
Appendix F. Strategy mention procedure 

Open database 
For each Sentence 
 Sentence_Tokens = [Ner_tag_token] 

Elements_Strategy_Mention = [VERB, NOUN, ADJECTIVE, ADVERB, ADVERB 
COMPARATIVE, ADJECTIVE COMPARATIVE, ADJECTIVE 
SUPERLATIVE, ADVERB SUPERLATIVE] 

 If len (val For val in Sentence_Tokens If val in Elements_Strategy_Mention) > 0 
  Strategy_Mention = Sentence 
  Write (Strategy_Mention) 
 End If 
End For 
Close database 
 
Appendix G. Candidate strategies extraction procedure 

Open database 
For each Strategy_Mention 
 Sentence_Tokens = [Ner_tag_token] 

If (Sentence_Tokens CONTAINS “VERB” or “NOUN VERB” or “ADJECTIVE   
NOUN VERB” or “NOUN VERB ADVERB”) 

 Candidate_Strategy = TokenSelected (Sentence_Tokens)  
 Write (Candidate_Strategy) 
End If 

Close database 



 

98 
 

 
Appendix H. Procedure to load strategies of the QEL (sales business) 

Open database 
Read (QEL.csv) 
For each QEL 
    Insert (Strategy_QEL) 
End For 
Close database 
 
Appendix I. Procedure to verify the strategies structure 

Open Database 
Read (Candidate_Strategy) 
Read (Strategy_QEL) 
For each Candidate_Strategy 
 Rul_name = [] 
 If len (Candidate_Strategy == 1) Rul_name.Append (VERB) 
 If len (Candidate_Strategy == 2) Rul_name.Append (NOUM VERB) 

If len (Candidate_Strategy == 3) Rul_name.Append (NOUN VERB NOUN / 
ADJECTIVE NOUN VERB / NOUN VERB ADVERB) 

Write (Strategy_rule) 
End For 
For each Strategy_QEL 
 Rul_name = [] 
 If len (Strategy_QEL == 1) Rul_name.Append (VERB) 
 If len (Strategy_QEL == 2) Rul_name.Append (NOUM VERB) 

If len (Strategy_QEL == 3) Rul_name.Append (NOUN VERB NOUN / ADJECTIVE 
NOUN VERB / NOUN VERB ADVERB) 

Write (Strategy_rule) 
End For 
Close database 
 
Appendix J. Procedure to weighting of strategies according to the fulfil the 
business heuristic rules 

Open database 
Read (Strategy_rule) 
Read (Heuristic_rule) 
TRADING = ['order', 'quotation', 'stock', 'sale', 'price'] 
DEALING = ['sell', 'buy', 'offer', 'promotion', 'billing', 'cancel'] 
CRM = ['customer', 'empathy', 'user', 'ecommerce', 'e-commerce', 'omnichannel', 'omni-

channel'] 
For each Strategy_rule 
 weight1=0 
     If (Strategy_rule == "VERB" or "NOUN") weight1 = 1 
     If (Strategy_rule == "NOUN VERB" or "VERB NOUN") weight1 = 2 
     If (Strategy_rule == "NOUN VERB NOUN” or “ADEJCTIVE NOUN VERB” or 

“NOUN VERB ADVERB") weight1=3  
     weight2=0 
 List = len (val for val in “TRADING” if val in Strategy_rule) 
     If len (List) > 0  

 Strategy_weight.Append ("TRADING") 
         weight2 = weight2 + List*3 
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 List = len (val for val in “DEALING” if val in Strategy_rule) 
     If len (List) > 0  

 Strategy_weight.Append ("DEALING") 
         weight2 = weight2 + List*3 

 List = len (val for val in “CRM” if val in Strategy_rule) 
     If len (List) > 0  

 Strategy_weight.Append ("CRM") 
         weight2 = weight2 + List*3 

     weight = (weight1 + weight2) / 12 
 Write (Strategy_weight) 
End For 
Close database 
 
Appendix K. Procedure to formalizing the user strategies of sales business 

Open database 
Read (Strategy_weight) 
For each Strategy_weight 
 If (weight > 0.3) 

 Write (User_Strategy) 
End If 

End For 

Appendix L. Procedure to calculus the precision measures 

Open database 
CURRENT_SALES_STRATEGIES = ['billing customer sale', 'cancel customer order', 

'complete customer order', 'customer service', 'deliver customer order', 
'emit customer quotation', 'generate customer order', 'local stock control', 
'home sale delivery', 'register sale', 'remote stock control', 'sales record'] 

TRADING = ['order', 'quotation', 'stock', 'sale', 'price'] 
DEALING = ['sell', 'buy', 'offer', 'promotion', 'billing', 'cancel'] 
CRM = ['customer', 'empathy', 'user', 'ecommerce', 'e-commerce', 'omnichannel', 'omni-
channel'] ## Customer Relationship Management 
## Calculus of parameters 
TP = 0 ## True Positive. Current sales strategies that also are user strategies 
FP = 0 ## False Positive. User strategies that are not current sales strategies 
FN = 0 ## False Negative. Current sales strategies that are not user strategies, this will 
never happen 
TN = 0 ## True Negative. Strategies that are not current sales strategies and either are 
not user strategies 
for each User_strategies 
 if user_strategy in CURRENT_SALES_STRATEGIES 
          TP=TP+1 
     else 
          if user_strategy in TRADING or in DEALING or in CRM 
              FP=FP+1 
          else:  
              TN=TN+1 
  End if 
 End if 
End for 
print ('TP : ', TP) 
print ('FP : ', FP) 
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print ('FN : ', FN) 
print ('TN : ', TN) 
Close database 
 


