An Ontology-based Approach for Developing Systems to Identify
Who Knows What in Software Organizations

Carlos Eduardo Correa Braga
Ontology & Conceptual Modeling
Research Group (NEMO), Computer
Science Department
Federal University of Espirito Santo
Vitoria, ES, Brazil
carlos.braga@yahoo.com

ABSTRACT

Context: Software development is a knowledge-intensive process,
and its success in an organization relies deeply on knowledge shar-
ing. Knowledge management challenges are often increased in agile
environments, which involve a lot of tacit knowledge, commonly
acquired through experiences and hard to make explicit. Thus,
knowledge sharing among practitioners is crucial. However, iden-
tifying suitable experts to share specific knowledge is not trivial.
It involves not only discovering the individuals with the desired
knowledge but also considering other factors that may improve the
expert’s responsiveness, such as social connections and availability.
Moreover, the data overload problem and the specific nature of the
experts’ knowledge can hinder people from finding experts with the
required knowledge. Expert-finding systems address this issue by
identifying and ranking experts. Developing such systems is chal-
lenging and involves complex concepts such as expertise, skill, and
knowledge, among others. Additionally, integrating diverse hetero-
geneous sources that offer evidence of expertise poses a difficulty.
Ontologies can be helpful in this matter by providing semantics to
data and addressing semantic conflicts that can lead to data mis-
use or misinterpretation. Objective: We aim to help organizations
develop expert-finding systems to identify who knows what in a
software organization considering data stored in the organization
repositories and non-technical factors that may affect knowledge
sharing. Method: We developed iKnow, an ontology-based approach
that supports developing systems that use data on skill manifesta-
tions to identify who knows what. Results: iKnow was applied to
develop the ExpertFY system, which was used by members of a soft-
ware organization. ExpertFY helped identify experts the members
had not identified themselves. Conclusion: the results suggest that
iKnow is a useful and promising approach to developing expert-
finding systems and ExpertFY improves the identification of who
knows what.
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1 Introduction

Knowledge is a human specialty stored in people’s minds, acquired
through experience and interaction with their environment [32].
Historically, organizations’ knowledge has often been undocu-
mented and represented through the skills, experience, and knowl-
edge of their professionals, typically tacit knowledge [30]. This
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kind of knowledge is highly personal and, thus, hard to formalize
and communicate to others [28], which makes its use and access
limited and difficult [29].

To effectively handle knowledge in an organization, a knowledge
management (KM) approach is necessary. KM comprises capturing,
distributing, and effectively using knowledge to achieve organiza-
tional goals. It involves creating an infrastructure and culture that
supports the creation, sharing, and use of knowledge by individuals
[1]. In particular, knowledge sharing (or knowledge transfer) is the
process of transferring knowledge between individuals, groups, or
organizations [1].

Software development is a complex and knowledge-intensive
activity. Agile methods, with their focus on tacit knowledge, have
increased the importance of knowledge resources and knowledge
sharing. Sharing experiences and knowledge can improve the ability
of teams to handle uncertain and ambiguous situations, which is
essential for the success of software projects [35]. Considering
the importance of knowledge sharing and that there is a lot of
knowledge available only in the minds of individuals, identifying
who possesses the desired knowledge is crucial.

The individual who has knowledge and displays expertise in
a specific domain/topic is known as an expert. There are several
definitions of expert in the literature, such as an individual who has
skills in their domain of expertise [40]; an individual who has a great
deal of knowledge and displays comprehensive skills in a specific
area [18]; and a person who has the best knowledge and experience
in a particular topic [26]. In this work, we consider experts to be
people who have knowledge of a topic and may have different levels
of expertise. Moreover, in the text, we use the term knowledge in a
broad way, considering it a mix of theoretical knowledge, expertise,
skills, and other assets that are often stored in people’s minds and
are therefore difficult to codify [11, 17].

Although nowadays there is a huge volume of data and infor-
mation available, people often seek the knowledge and guidance
of an expert and require comprehensive information regarding ex-
perts who can answer their questions [17]. Moreover, some cultural
aspects are usually not incorporated into the data and informa-
tion provided by automated tools, and interaction among people
contributes to getting them closer and to a better organizational
climate. This kind of knowledge sharing depends on finding a suit-
able expert, i.e., a person who possesses the desired knowledge and
is willing to share it. Finding experts is an important task and has
attracted much attention [18].
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Identifying experts in software organizations is challenging, es-
pecially in the context of large-scale distributed software projects
[20, 21, 33]. Individuals can seek particular knowledge by asking
people and following a trail of referrals until they locate the appro-
priate expert [8]. This approach can incur significant costs, such
as the effort repeated by different people looking for the same an-
swers, and miscommunication that leads to taking the advice of
not-so-experts who are found quickly [8]. Moreover, knowledge
possession is not the only factor that influences expert responsive-
ness. Other factors are also important, such as availability [23],
communication skills, and interest in building a reputation [39].

Data overload and the specific nature of expert knowledge can
hinder the identification of suitable experts. Expert-finding systems
aim to address this challenge. However, developing such systems is
complex and involves numerous abstract concepts such as exper-
tise, skill, and knowledge. Additionally, integrating diverse sources
containing data related to expertise poses a difficulty [17]. The
sources are often heterogeneous, with little concern with sharing
and integration aspects, leading to several semantic conflicts [7].

Ontologies can be helpful in this matter. An ontology is a for-
mal and explicit specification of a shared conceptualization [36].
They can be used to capture and organize knowledge based on a
common vocabulary to deal with interoperability and knowledge-
related problems. Thus, in the context of expert search, they can
help by providing a common understanding of concepts related to
knowledge and experts. Moreover, they can be used as an interlin-
gua to map the concepts used by different sources, enabling data
understanding and integration [7].

Some works have been proposed to support finding experts, such
as [19, 22, 24]. In general, expert identification approaches that
support knowledge sharing in the software development context
have been automated and based mainly on data stored in source
code repositories. Additionally, there has been a lack of concern
with semantics and non-technical aspects when identifying experts.
The former may result in misunderstanding data and information
used to identify experts, as well as difficulties in integrating data
from different sources. The latter may cause the identification of
experts who possess the desired knowledge but are not the most
suitable ones to share it with a particular seeker [4].

To bridge these gaps, we proposed iKnow, an ontology-based
approach to support the development of systems to identify who
knows what in software organizations. iKnow considers non-technical
factors and different artifacts and tasks as skill manifestations (i.e.,
evidence of that skill) that help identify experts. It was used to
develop the ExpertFY (Expert For You) system. The results suggest
that iKnow is useful and its use is feasible, and ExpertFY helps
people identify who knows what in an organization.

This paper introduces iKnow. Section 2 provides a brief back-
ground for the paper, Section 3 presents iKnow, Section 4 regards
the application of iKnow in a practical setting, Section 5 discusses
related work, and Section 6 presents our final considerations.

2 Background

Knowledge and Knowledge Management (KM). KM is the de-
liberate and systematic coordination of the organization’s people,
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technology, processes, and structure to add value through knowl-
edge reuse and innovation [10]. KM enables the organization to
know how, know where, know who, know what, know when, and know
why [30]. It involves both explicit and tacit knowledge.

Explicit knowledge is structured and formal [34], and it can be
easily communicated and shared. Tacit knowledge, in turn, is hard to
formalize and communicate to others since it is highly personal [28].
Knowledge is created through a continuous conversion between
tacit and explicit knowledge, which can occur in four different
modes [27]: socialization (conversion of tacit knowledge into tacit
knowledge), externalization (conversion of tacit knowledge into
explicit knowledge), combination (conversion of explicit knowledge
into explicit knowledge), internalization (conversion of explicit
knowledge into tacit knowledge).

Externalization and socialization support knowledge sharing.

The former focuses on explicit knowledge, aiming to systematize
and store knowledge. The latter, in contrast, focuses on tacit knowl-
edge and involves creating a repository of information on knowl-
edge sources (e.g., Yellow Pages) to facilitate knowledge sharing
within the organization [14]. As the name suggests, socialization
relies on personal interaction. It requires identifying who has spe-
cific knowledge and promoting knowledge sharing between the
person who possesses the desired knowledge (the expert) and the
person interested in that particular knowledge (the seeker).
Expert-finding systems. Even though there is a huge volume of
data available for solving problems, people still seek the services
and guidance of an expert. Expert-finding systems (EFS) are infor-
mation retrieval systems that identify candidate experts and rank
them based on their expertise in a given subject [17]. The organiza-
tion’s internal and external websites, email, database records, and
chats, among others, are all sources of information connecting em-
ployees and topics within the organization [2]. These connections
can be used to build representations of expertise areas and expert
candidates and, thus, support finding experts.
Ontologies. An ontology is a formal and explicit specification of a
shared conceptualization [36]. Every knowledge base, knowledge-
based system, or knowledge level agent is committed, either ex-
plicitly or implicitly, to one conceptualization [36]. Ontologies can
be used to assign semantics to information items, supporting data
and knowledge management based on a common and shared un-
derstanding and representation [37].

An important distinction differentiates ontologies as conceptual
models, called reference ontologies, from ontologies as computa-
tional artifacts, called operational ontologies [12, 13]. A reference
ontology is constructed to make the best possible description of
the domain in reality, regardless of its computational properties.
Operational ontologies, in turn, are designed with the focus on
guaranteeing desirable computational properties and, thus, are
machine-readable ontologies. Both reference and operational on-
tologies have been used to aid software development. The former
is suitable for supporting the description of the application domain
itself and is applied in development time, a.k.a., ontology-driven
development (ODD). The latter is appropriate for use as primary
artifacts in run-time and plays a major role in application logic,
a.k.a., ontology-based architecture (OBA) [15].
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In this work, we used Core-O, a domain reference ontology that
deals with concepts related to human competence such as knowl-
edge, skills, and attitudes, among others [6]. In our approach, the
ontology is used in development time (i.e., ontology-driven devel-
opment). Core-O is composed of two sub-ontologies: the Personal
Competence Ontology, which focuses on individuals and their com-
petencies, addressing concepts such as Human Task, Artifact, and
Skill; and the Competence Type Ontology, which regards competen-
cies that are not specific to an individual - i.e., it describes the types
of task, artifact, knowledge, and skill, among others. Details about
Core-O can be found in [6]. Figure 1 presents the simplified Core-O
fragment relevant to this paper. Concepts referring to types are
shown in purple, and concepts referring to individuals are in green.

” B B e B -
Artifact Type ll < 1 Task Type I <defined in terms of Skill Type

1
A’ A

instantiates instarjtiates instartiates

Task Output | 25 generated inP L] Svidenced by > I:]

| Human Task | '4 was

<dperformed
Figure 1: Core-O extract (simplified) relevant to this paper

A Skill is a quality that is inherently part of a Person and alludes
to the capability to perform actions. In other words, it relates to
the ability to apply knowledge to perform a Human Task, which
can produce artifacts called Task Outputs. Thus, a Human Task is
a manifestation of a Skill inherent in the Person who performed
that task. For example, the execution of the task programming unit
tests (Human Task) by John (Person) on October 22, 2024, at 11:30
am, producing the unit test 256 (Task Output), is a manifestation of
John’s skill in programming unit tests (Skill). Skills can be evidenced
by some Evidence, such as certificates, qualifications, project par-
ticipations, credentials, and other experiences. For example, John’s
Java coding skill is evidenced by his Java course certificate and his
experiences coding Java. Artifact Type, Task Type, and Skill Type
are concepts similar to those previously presented. However, they
focus on types, i.e., refer to the types of task, artifact, and skill.
For example, when referring to the task type Programming Unit
Test, we mean the general task category rather than instances of
execution of tasks of that type.

3 The iKnow Approach

iKnow aids in the development of systems (particularly in the phases
that involve conceptual definition and modeling) to identify who
knows what in software organizations. It is based on Core-O [6]
conceptualization to identify who knows what based on performed
tasks and produced task outputs (artifacts), which are interpreted
as skill manifestations. Individuals can manifest their skills through
the execution of human tasks, which produce artifacts as a task out-
put. Considering that skills refer to the ability to apply knowledge
to perform tasks in an application domain, the execution of tasks
serves as evidence of a person’s skill and indicates their knowledge
in the domain.

Software organizations produce large amounts of data regarding
tasks, software artifacts, and the individuals who performed the
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tasks and created or modified the software artifacts. By uncovering
the relations between task types and the corresponding skill types,
and by enriching existing data with the appropriate semantics, we
can infer the expertise of individuals within the organization based
on the tasks they have performed and artifacts they have produced.
For example, if Develop Class Diagram is a Task Type related to the
Skill Type Developing Structural Conceptual Model and Structural
Model is an Artifact Type related to the Develop Class Diagram
Task Type, and John (Person) has performed several develop class
diagram tasks (Human Tasks of the Develop Class Diagram Task
Type) and produced several UML class diagrams (Task Output of
the Structural Model Artifact Type), we can consider these tasks
and artifacts as manifestations (Evidence) of the Skill Type Develop-
ing Structural Conceptual Model and, thus, conclude that John has
the developing structural conceptual model Skill (i.e., a skill of the
Developing Structural Conceptual Model type). Core-O enhances our
understanding of these concepts and interconnections, contributing
to identifying their relationships and enriching existing data.

An overview of iKnow is presented in Figure 2. It comprises eight
steps. In a nutshell, during the first two steps (i and ii), the focus is
on identifying the application domain and relevant skill types for
the organization, and, thus, identifying which task types are related
to the identified skill types and the artifact types related to the
identified task types. The identified types are utilized in subsequent
steps to support the identification of instances of those types in data
available in the organization. In the next step (iii), considering that
many aspects influence knowledge-sharing effectiveness in organi-
zations, the goal is to identify factors (besides having the desired
knowledge) — here called non-technical factors — that influence
the selection of an individual who can share knowledge. The next
three steps (iv, v, and vi) address the identification of tools and data
repositories within the organization that contain data related to the
previously identified concepts, the assigning of semantics to data by
mapping it to the Core-O conceptualization, and the creation of the
information model representing the structural conceptual model of
the system to be developed. The next step (vii) concerns defining
the system architecture. Finally, the last step (viii) is related to the
development of the system considering the results produced in the
previous steps.
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Figure 2: iKnow overview
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For simplification, iKnow steps are presented as sequential ones.

However, it is possible to have interactions among them. Addition-
ally, organizations are quite dynamic: new expertise may become
valuable, and new tools providing different data can be adopted,
among other changes that may impact the developed system. For
this reason, the approach is defined as a cycle that allows for the
evolution of the system through iterations. In the following, we
briefly describe each step of iKnow.
(i) Identify domain and skill types of interest. This step aims
to identify the domain to be addressed by the expert-finding system
to be developed and the skill types to be considered. According to
the organization’s needs, the domain can be as general as Software
Engineering or as narrow as java Software Development or Unit
Testing. Defining the domain is important because it establishes the
possible range of skill types of interest and will later help identify
suitable data sources. Once the domain is defined, the skill types to
be considered must be identified.

Existing standards, such as the Occupation Information Network
(O*Net!) and the European Skills, Competences, Qualifications and
Occupations (ESCO?), provide a list of skill types related to job
positions. These standards can serve as a reference catalog for se-
lecting the skill types relevant for the organization and that must
be addressed by an expert-finding system. Another valuable source
for supporting this step is the existing job title descriptions within
the organization, as they may contain occupation-specific infor-
mation, such as required task types, skill types, and other relevant
details. Even though these descriptions can be helpful, it is also
important to involve individuals playing key roles related to the
defined domain in the organization. This is important because one
skill type may be related to a role in the context, but if the related
knowledge is widespread throughout the organization, it may be-
come less valuable. Furthermore, other skill types valuable for the
organization may be identified by its employees.

When identifying the skill types, it is important to ensure that
there is data related to them in the organization (e.g., in tools reposi-
tories and spreadsheets). Skill types without related data to support
the identification of experts should not be considered at this point.
Moreover, skill types should not be too general and difficult to relate
to existing data (e.g., Solving problems).

As an example (we will use it here and in the following steps),
suppose that the Project Management Office Manager of a large
multinational software organization (Org) wants a system to help
software project managers find experts to share knowledge to help
them perform their tasks. In this case, the domain of interest could
be Project Management, and examples of possible skill types of
interest could be Developing a Project Schedule and Developing a
Project Budget.

(ii) Identify task types and artifact types. This step aims at
defining the task types through which the skill types identified
in the previous step are manifested and, also, the artifact types
produced by these task types. As occurred in the previous step, it
is important to involve individuals playing key roles in the organi-
zation. By identifying which task types relate to the skill types of
interest, the system will be able to trace the skill manifestations in
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the organization and provide a list of expert candidates. A skill type
may be manifested through more than one task type. For example,
the Coding in Java skill type could be manifested by the task types
Commit changes in Java files or Deliver a Java training.

It is also important to identify the related artifact types because
sometimes the instance of the task type may not be explicit in
existing data in the organization. Therefore, the instance of an
artifact of that type can serve as a proxy for the task type that
manifests the given skill type. For example, consider the skill type
Programming automated tests, which could be manifested through
the task type Write automated test scripts. The occurrence of tasks of
this type might not always be explicitly defined in task management
tools. In these cases, data regarding artifacts of the artifact type
(e.g., test scripts) recorded in version control systems could provide
evidence of the occurrence of instances of the defined task type.

Finally, it is crucial to ensure that the identified task types and
artifact types are indeed considered by members of the organization
as manifestations of the identified skill types of interest. Thus, the
proposed set of skill types, task types, and artifact types should be
evaluated (e.g., in meetings or through a survey).

In the example presented in the previous step, consider that
project managers use several tools (e.g., MS Project, MS Excel, Trello,
ClockFy, GitLab) to support management tasks and produce project
management-related artifacts. Some of them could be related to
the skill types previously identified, such as the task type Create
Project Schedule and the artifact type Project Schedule could be
manifestations of the skill type Developing a Project Schedule; and
the task type Create Project Costs Spreadsheet and the artifact type
Project Costs Spreadsheet could be manifestations of the skill type
Developing a Project Budget.

(iii) Identify relevant non-technical factors. This step aims at
identifying non-technical aspects that may influence knowledge
sharing and the decision on the most suitable expert to satisfy the
seeker’s needs. Examples of non-technical aspects that can affect
knowledge sharing are, among others: Availability - an individ-
ual within an organization may have the desired knowledge but
be unavailable for knowledge sharing (e.g., due to their involve-
ment in high-priority projects); Social bond - an individual can feel
compelled to assist those with whom they share a social bond. On
the other hand, the seeker may prefer to ask for help to someone
closer (or not) to them; Language - knowledge sharing can occur
only if the knowledge seeker and the expert can communicate
with each other, which requires that both understand the same lan-
guage; Team or organizational department - the knowledge seeker

can opt for looking for experts that work in same team or orga-
nization department because these individuals are more likely to
share project’s goals; History of effective knowledge sharing - an
individual may select experts with a history of effective knowledge
sharing because they are likely to have a collaborative mindset,
and a willingness to assist others; Seniority: it is important because

individuals with deeper experience often have a deeper understand-
ing of the knowledge relevant to their field; Years of experience
- this aspect provides a similar perspective to seniority but it is
more independent of the seniority levels established within the
organization; Years of service in the organization - the amount of
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time spent working within the organization may influence an in-
dividual’s understanding of its processes and software patterns,
contributing to more effective knowledge sharing.

To select relevant factors, organizational aspects must be consid-
ered. For instance, the languages that organization members can
communicate may be relevant in a globally distributed scenario, but
irrelevant if an organization is only based in one specific country.
Furthermore, key stakeholders in the company may be consulted
to select the appropriate aspects.

In Org example, suppose that the project managers are dis-
tributed worldwide and speak different languages. Some are begin-
ners, others seniors. Some have a very tight schedule and are often
not available to help others. Moreover, the organizational culture
affects project management practices, and most of the time the
nuances of such influence are in people’s minds. Considering this
scenario, examples of non-technical factors relevant to Org would
be availability, language, seniority, and years of service in Org.
(iv) Identify available data repositories. This step aims at identi-
fying the available data repositories in the organization that contain
data related to the skill types of interest, and related task types and
artifact types identified in the previous steps. Tools used in the
organization are a good source of the desired data. Task manage-
ment tools (e.g., JIRA®) tend to maintain a lot of information about
performed tasks, storing data about their execution, such as the
executor and time of execution among others. However, depend-
ing on the level of granularity of the defined skill types, the data
present in this kind of tool may not be enough. Therefore, other
tools may be necessary, such as version control system tools (e.g.,
Github?), cloud monitoring platforms (e.g., Datadog®), IT Service
Management (ITSM) tools (e.g., ServiceNow?®), and others. These
tools often offer an API that can be used to access and extract data.

In Org example, considering the results of the previous steps, the
system to be developed should identify who knows what about Soft-
ware Project Management based on the project managers’ skills in
Developing Project Schedule and Budget. For that, the system should
consider as evidence of such skills the tasks of the types Develop
Project Schedule and Develop Project Costs Spreadsheet performed by
the project managers, and the artifacts of the types Project Schedule
and Project Costs Spreadsheet produced by them. Therefore, to iden-
tify the project managers with such skills (and, thus, knowledge),
the system must consider data related to those types of tasks and
artifacts. In other words, the data repositories to be used should
provide data about the tasks project managers have performed and
the task outputs they have produced. Thus, from the tools cited in
step (ii), MS Project and MS Excel could provide useful data.

(v) Define concepts mapping. This step aims to assign semantics
to data considering the Core-O extract previously presented. The
Core-O extract is used as a reference model to define mappings
between its concepts and data available in the data repositories
selected in the previous step. These mappings ensure semantic
alignment between the data sources and Core-O, facilitating data
integration and interoperability. Additionally, this step explicitly
documents the rationale behind the extracting and transforming
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activities, which facilitates the assessment of these mappings, com-
munication among stakeholders, and the evaluation and evolution
of the developed system.

To perform the semantic mappings, first, it is necessary to cap-
ture the conceptual model of the data repositories to be considered.
Then, the data repositories concepts equivalent to Core-O concepts
must be identified. The semantic mappings will indicate which data
will be used to identify who knows what and where they are stored
in the repositories. Moreover, if data is stored in different reposito-
ries, the semantic mappings will indicate which data from which
repositories must be integrated. Guidance to perform semantic
mappings is provided in [7].

In Org case, suppose that data related to the execution of activi-
ties is recorded using a spreadsheet as illustrated in Figure 3. This
spreadsheet includes columns for Activity, Responsible, and Output,
capturing the performed activity, the responsible individual, and
the resulting output. The following mappings can be established be-
tween the spreadsheet concepts (in bold) and Core-O concepts (in
italic): Activity corresponds to Human Task, Responsible corre-
sponds to Person, and Output corresponds to Task Output. Suppose
that in some projects, this data is recorded in MS Project. The se-
mantic mapping between the MS Project conceptual model and
Core-O concepts should also be performed. By doing so, it would be
possible to identify which data from the different sources represent
the same concept (e.g., Activity in the Excel Spreadsheet and Task
in MS Project are equivalent to Human Task in Core-O) and should
be integrated to support identifying who knows what.

Activity B Responsible [l itiatDate Bl  ConclusionDate [  state [  output &

Develop Project C Schedule Emily 15/01/2024 10/02/2024 Completed Link to Output
Develop Project A Costs Spreadsheet Emily 11/02/2024 05/03/2024 Completed Link to Output
Develop Project B Costs Spreadsheet  Alex 06/03/2024 01/04/2024 Completed Link to Output.

Figure 3: Fragment of a spreadsheet used in Org

(vi) Define the information model. Using the Core-O extract as
a reference model, in this step, the conceptual model to structure
the system data is developed. The model is based on Core-O extract,
and it is necessary to make adjustments in the ontological model
to turn it into an information model, which is more suitable for
implementation. An information model concerns what kind of in-
formation may be stored and exchanged considering the demands
of specific agents (the “recorded world”), while an ontology model
concerns metaphysical aspects of a domain (i.e., it concerns what
is considered to exist in the “real world”). Thus, by turning the
ontological model into an information model, the resulting model
preserves the conceptualization in a structure more suitable for
computing demands [9]. In this step, Core-O concepts are turned
into classes or attributes. Moreover, the class attributes are identi-
fied, and new attributes or classes necessary to address the system
requirements are defined. In [9] there are guidelines on how to
develop the information model.

In Org case, consider that the Core-O extract conceptual model
is suitable for the system to be developed and, as informed in step
(iii), it is necessary to record information about the selected non-
technical factors. To do that, new attributes can be added to the
Person class to record availability, language, seniority, and years of
service of each person. Figure 4 illustrates a (hypothetical) infor-
mation model that could be used to develop the system for Org.
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Figure 4: Hypothetical information model for the system

(vii) Define the architecture. In this step, the system architecture
is defined. A solution for expert identification can be divided into
two major contexts: one general, which focuses on providing a way
to access the extracted data, and another dependent on the identified
tools and concepts mappings. Figure 5 presents an overview of the
proposed architecture that can be used as a basis to develop a system
for identifying who knows what. It contains three modules: Core
Competence Module, Data Loading Module, and Data Extraction
and Transformation Module.

General Specific

Data Extraction and
Transformation Module

Core Competence Module

Data Extraction and
Transformation Module

2

a|npe i bupee gleQ

Data Extraction and
Transformation Module

User

Figure 5: Proposed architecture

The Core Competence Module is responsible for storing informa-
tion about who knows what and allowing users to access this data
through web applications, mobile apps, or other types of applica-
tions. The Data Ingestion Module provides an application program-
ming interface (API) that can be used by third parties to ingest data
from external sources into the platform. These modules have a gen-
eral purpose, i.e., they handle concepts related to skills, tasks, etc.,
and do not refer to any specific domain such as Software Project
Management or Software Requirements. The Data Extraction Mod-
ule, in turn, is responsible for extracting, transforming, and loading
data into the Core Competence Module through the Data Ingestion
Module. Therefore, it addresses context particularities such as do-
main concepts, used tools, and available data.

(viii) Develop the system. The results of the previous steps are
related to the system requirements specification and design. In

Braga et al.

this step, they can be refined and complemented to properly ad-
dress other system requirements (e.g., desired features and usability,
among others). Design, implementation, testing, and deployment ac-
tivities are also performed. Therefore, this step encapsulates several
software development activities. iKnow focuses on the conceptual
aspects necessary to develop a system to identify who knows what
considering skill manifestations as evidence of knowledge. It does
not detail other steps of system development because they can
follow well-known software development activities. Hence, in this
step, the other activities needed to develop the system are per-
formed according to the software development process defined by
the software engineer who uses iKnow.

4 Applying iKnow
To demonstrate the feasibility of using iKnow and evaluate its use-
fulness, it was used to develop a system called ExpertFY (Expert
For You), which was applied in a large Brazilian mobility company.
In the context of this work, for anonymity reasons, this company
will be referred to as BMC.

BMC’s IT department has approximately 1500 professionals who
adopt agile practices and are organized into 24 tribes (or areas) and
more than 200 squads. Given the diversity of skill types and the
dynamic nature of these teams, there is a need for collaboration
and knowledge sharing across different projects and about several
technologies and topics. With many members working in different
contexts, it is challenging for a knowledge seeker to identify the
right person to get help. The first author works at BMC and has
experienced this difficulty and observed other members face it. This
scenario motivated the use of iKnow to develop ExpertFY for BMC.

The study involved two phases. In the first phase, the first author
executed the seven first steps of iKnow with the participation of
BMC employees and the second author. Then, considering the re-
sults produced in these steps, the second author executed the eighth
step of iKnow and developed ExpertFY, a system to help identify
who knows what in BMC. The successful use of iKnow to develop a
system to help identify who knows what in an organization demon-
strates that using iKnow is feasible. In the second phase, ExpertFY
was used by some BMC employees, and a survey was performed
to collect their perceptions of the system. The system’s usefulness
serves as an indirect indication of iKnow’s usefulness.

4.1 Developing ExpertFY

In this section, we provide an overview of ExpertFY development
using iKnow. A detailed description of the results produced at each
step of iKnow when developing ExpertFY as well as further infor-
mation about ExpertFY can be found in our study package [5].

In the first step to developing ExpertFY, to identify the domain
and skill types to be addressed by the system, the first author per-
formed unstructured interviews with BMC tech managers. The
domain of interest was Software Development, and examples of skill
types of interest are Optimizing SQL Queries and Monitoring appli-
cations. In the second step, to identify task types and artifact types
that could be manifestations of the identified skill types, the first
author elaborated a set of assumptions. For example, “the skill type
Monitoring application is manifested by the task type Create or mod-
ify alerts which produces the artifact type Application alerts”. To
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evaluate the assumptions, the first author performed a survey with
11 BMC software developers. The assumptions were prioritized
based on the developers’ agreement level. The survey also asked
the developers to identify the non-technical factors they judged
more relevant to select experts to share knowledge in BMC. As a
result, in the third step, the following non-technical factors were
selected: availability, years of experience, and seniority.

In the fourth step, the following data repositories were selected
to provide data related to the identified skill types, task types, and
artifact types: Azure Boards’, Azure Repos®, and Datadog®. For
each data repository, in the fifth step, we captured its conceptual
model and defined the semantic mappings between the concep-
tual model and Core-O concepts. By doing that, data from Azure
Boards, Azure Repos, and Datadog will be extracted and stored
in ExpertFY database according to the established semantic map-
pings. For example, Figure 6 presents a fragment of the Datadog
conceptual model. In the semantic mappings, we mapped Monitor
to Task Output, User to Person, and the relation created by was
used to (indirectly) represent Human Task, indicating that a user
performed a task (e.g., create monitor) and created a monitor.

Monitor
id . i |
name created by Sl
created fame

User

Figure 6: Fragment of Datadog conceptual model

In the sixth step, we made some adjustments to the Core-O con-
ceptual model and transformed it into an information model, which
is more suitable for implementation. This included simplifications
and design decisions, such as constraining multiplicities, and em-
bedding concepts into attributes. Moreover, given that a person’s
recommendation regarding another individual’s skill can serve as
evidence of that skill, we introduced the concept Recommendation
as a specialization of Evidence. However, since Recommendation
would be the only specialization of Evidence relevant to the sys-
tem, we omitted the Evidence class in the information model for
simplification. Figure 7 depicts the information model.

In the seventh step, we adopted the reference architecture pro-
posed in iKnow but we needed to make some adjustments due to
time constraints. The Core Competence Module was fully developed.
To extract data from the repositories and store it in the ExpertFY
database, we created some scripts. Finally, in the eighth step, the
second author developed the system using the results produced in
the previous steps and considering additional requirements about
the features expected in the system. The main features (use cases)
of ExpertFY are: Search Who Possesses a Skill, Recommend a Per-
son’s Skill, and View Profile. The repository containing its source
code and instructions on how to run the application is available at
https://bit.ly/4IH5SMz.

"https://azure.microsoft.com/en-us/products/devops/boards/
8https://azure.microsoft.com/en-us/products/devops/repos/
“https://www.datadoghq.com/
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Figure 7: ExpertFY conceptual model

4.2 Evaluating ExpertFY

After developing ExpertFY, it was made available and five software
developers of BMC used it. Thus, we performed a survey to collect
their perceptions of the system.

Study Design. Our goal was to evaluate whether ExpertFY is use-
ful to support the identification of who knows what in a software
organization and if its use is feasible. By evaluating ExpertFY use-
fulness, we can indirectly evaluate iKnow usefulness (if ExpertFY is
useful, this can be understood as indirect evidence that iKnow is
useful, since it was used to develop ExpertFY).

To analyze the results, the following indicators were considered:
usefulness and feasibility. The former was evaluated considering the
participants’ perceptions of the adequacy of the system (taking its
purpose into account) and how much it helped them identify who
knows what. The latter considered the participants’ perceptions
of ease of use and how feasible they considered using the system
to aid in who knows what identification. Benefits and drawbacks
pointed out by the participants were also considered to indicate
whether the ExpertFY is useful and feasible.

The instruments consisted of four artifacts: (i) a document pre-
senting the study context, the main functionalities of ExpertFY, and
the instructions to participate in the study; (ii) a consent form to
safeguard the participants’ rights; (iii) a form to characterize the
participants’ profile and obtain information about the participants’
knowledge and experience in software development; and (iv) a
questionnaire that allows participants to record their perception
after using the system. The forms were prepared with the help of
Google Forms and are available in our study package [5].

The adopted procedure consisted of inviting the participants and,
for those who accepted the invitation, sending the documents cited
above. The participants were chosen considering convenience cri-
teria. The first author made a brief presentation and made himself
available in case of doubts. After the presentation, the participants
should use ExpertFY following the instructions described in docu-
ment (i). The document presented the description of three scenarios,
common in BMC, in which the participants should identify up to
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five individuals who could provide knowledge to help them per-
form a task. First (first stage), the participants should identify the
experts without using ExpertFY (i.e., based on their knowledge of
who knows what in BMC). After that (second stage), they should
use ExpertFY to find experts for the same scenarios. Then, they
should answer the questionnaire (iv).

The questionnaire included questions to collect the participants’
perceptions of the adequacy of ExpertFY in supporting expert iden-
tification for knowledge-sharing purposes, the usefulness of the
system, and the feasibility of using it in practice. The questionnaire
consisted of objective and subjective questions. For the objective
ones, the participants were asked to justify their answers. There was
also a subjective question in which the participants could provide
general comments and suggestions. The collected data is available
in the study package.

Study Execution and Results. The participants were five soft-
ware developers who work at BMC. Regarding their current roles,
two participants declared that they worked as Fullstack Developers,
two as Backend Developers, and one as a Salesforce Developer. In
terms of academic background, four participants had an undergrad-
uate degree and one had a post-graduate specialization. Participants
reported different levels of experience in software projects: two
declared to have more than 10 years of experience, one between 5
and 10 years, one between 3 and 5 years, and one between 1 and
3 years. Concerning the time they have worked in their current
organization, one participant declared 5 to 10 years, one 3 to 5 years,
two 1 to 3 years, and one less than 1 year.

All of them informed that considered very important knowledge
sharing to support task execution in software development. Two of
them declared that they usually seek help from others to perform
their tasks almost daily, two of them seek help from others once or
twice a week, and one of them seeks help once or twice a month.
Following the planned procedure, after a presentation made by the
researcher, the participants read the document with the instruc-
tions, followed them, and answered the questionnaire. Next, we
summarize the results considering the main evaluated aspects:

- ExpertFY’s usefulness: Four participants considered the system very
useful, and one participant considered the system useful.

- Results obtained from the use of ExpertFY: All five participants
considered that ExpertFY reduced the effort required to locate in-
dividuals with the necessary knowledge, saved time spent in this
search, enhanced the accuracy of identifying who possesses the de-
sired skill, and, expanded the range of people they could potentially
contact for help within the organization.

- ExpertFY’s ease of use: Four participants considered the system
very easy to use, and one considered it easy to use.

- Feasibility of using ExpertFY: Four participants considered that
the system isvery feasible to use in practice, and one considered it
feasible.

- Recommendation of ExpertFY to other people: All five participants
reported that they would recommend other people to use ExpertFY.
- Stimulus to contact other people: All participants answered that the
system would stimulate them to contact other people to seek help.
- Benefits and difficulties when using ExpertFY: All five participants
reported benefits from using ExpertFY. For example, one partici-
pants reported the deconstruction of knowledge silos especially in
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big companies enabled by the possibility offered by the system of
finding any people in the organization who possesses the desired
skill. Regarding the difficulties that could be faced when using Ex-
pertFY, two participants mentioned that ranking knowledgeable
people could lead to too many help requests for those at the top,
which could affect their availability. Others pointed out that some
task types may be poorly defined, making it difficult to identify the
skills involved.

- Improvement suggestions: Only one participant identified improve-
ment opportunities. According to them, the system could address
different levels of proficiency in a skill.

Results Interpretation. Here, we discuss the results in terms of
the indicators previously defined: usefulness and feasibility of use.
We also present some comments made by the participants (here
identified as P1 to P5).

Regarding the usefulness, participants considered the system
very useful or useful. Participant P3 mentioned that, before using
the system, they often relied on people considered technical refer-
ences (e.g., solutions architects or tech leads) even if they were not
sure these individuals had the knowledge they needed and if they
were willing to share it. The system improved the identification of
who knows what by amplifying the range of experts to be reached
and considering real data to identify them.

Participant P4 highlighted that the system would be especially
valuable for new hires. We think that this makes sense because
people in an organization tend to learn who knows what consid-
ering their previous experiences and needs. Thus, the longer a
person works in the organization, the higher their knowledge of
who knows what (probably). However, different needs may arise,
and even those in the organization for a long time may need to con-
sult the system, which was also mentioned by the same participant.
Aligned with this, participant P2, who had been in the organization
for the longest time among the participants, was the only one who
classified the system as useful (instead of very useful) because P2
believes that it can be more useful for newcomers.

Participant P5 reported that the system may improve problem-
solving efficiency, because the system allows people to be more
protagonists and effective in seeking someone who can help them.
As mentioned by two participants, they consider this form of search
adopted in the system more effective because they know in advance
if someone has already manifested a skill. Also, it is more effective
than looking for help in general-use forums. Another interesting
point regards the possibility of finding experts outside the partici-
pants’ social circle in the organization. This can help address the
problem of knowledge silos - a situation where important expertise
is isolated within specific areas or individuals.

Considering these factors, we believe that the usefulness of the
system is directly related to the size and complexity of the orga-
nization. In an organization with 10 employees, for example, it is
easier to discover who knows what if compared to an organization
with 1000 employees. Regarding the complexity, the standardiza-
tion of tools, technologies, and programming languages adopted
in the organization tends to facilitate knowledge dissemination in
the organization, which could make the system less useful in such
scenarios.
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Four out of five participants considered the system very easy
and very feasible to use. As mentioned by participant P3, the sys-
tem leverages data existing in the organization. We believe this is
crucial for its feasibility since the members do not need to perform
extra activities to enable expert identification. The tasks they al-
ready perform leave a trace of knowledge possession in tools, code
bases, and chats, among others. Also, the participants defined the
system as “simple”, “intuitive”, and “straightforward”. This suggests
a low level of resistance to introducing the system in real-world
scenarios. However, we must consider that although the evaluation
was performed with real data, it is limited. We believe that the
availability of skill types in the system is important to its feasibility.
For example, if someone rarely finds the desired skill type in the
system, they would be discouraged from using it.

As for improvements in ExpertFY, one participant suggested that
the system could address different levels of skill proficiency. This
limitation is caused by iKnow, which does not address such levels.
Core-O addresses the Proficiency concept, and iKnow could be
extended to address it as well. This concept is indeed important
because someone who has the highest number of manifestations
of a skill does not necessarily have a high level of proficiency.
However, addressing this issue makes the development of an expert-
finding system more complex. So, we believe that further studies
are necessary to properly address this issue.

The results provided preliminary evidence that the system is
useful and its use is feasible. They also suggest that iKnow is useful,
since it supports the development of systems to identify who knows
what as the one developed in this work. Furthermore, the results
indicated that using task outputs and tasks as skill manifestations,
as proposed in iKnow, was effective. Participants considered the
suggestions made by the system more accurate than the ones they
had identified on their own. This suggests that incorporating this
rationale into expert-finding systems can contribute to knowledge-
sharing within the organization.

4.3 Threats to Validity

Like any study, the study performed to evaluate iKnow has some
limitations that may have threatened the validity of its results. Thus,
these limitations must be considered together with the results.

An important limitation is that iKnow was used by its author. To
minimize this limitation, BMC members and the second author, who
did not participate in the creation of iKnow were involved. Even so,
this use serves as proof of concept of the approach’s feasibility, and
it is necessary to perform other studies to ensure that the approach
is suitable for use by other people in practical settings.

Another limitation to be considered is the fact that the first author
works at BMC. On one hand, his knowledge of the organization may
have favored the execution of some iKnow steps. On the other, the
relationship of the survey participants with the author may have
influenced their answers. To address these threats, we involved
other members of BMC in each iKnow step to decrease bias, and the
participants were told to be free to express their opinions and were
advised to be very honest because they would not be evaluated and
their feedback would be important to improve the system.

The participants may also not have understood the system’s
features or the motivation for using it. To mitigate this threat,
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we made a brief presentation about the system and provided a
document describing its main features. The questions contained in
the questionnaire can also be a threat to the results. Some of them
can lead to confirmation bias. We addressed this threat by asking
the participants to justify their answers so that they could reflect
on the given answers instead of only answering yes or no.

Another limitation refers to the fact that the study occurred
in a semi-controlled environment that may not reflect a complete
real-world scenario, even though we used real data. Moreover, the
participants used the system for a short period of time, and the
evaluation was based only on their perception. The small number
of participants is also a threat to the results.

Considering these threats, the study results cannot be general-
ized and should be understood as preliminary evidence that iKnow
is useful and its use is feasible to support the development of sys-
tems to identify who knows what for knowledge-sharing purposes.
Analogously, there is only initial evidence that ExpertFY is useful
and its use is feasible. Therefore, these results should be comple-
mented by further studies.

5 Related Work

Before developing iKnow, we carried out a systematic mapping
study investigating approaches that help identify experts who can
share knowledge in software development [4]. The mapping study
results showed us that most approaches have relied on code repos-
itories as a source of evidence for identifying experts and, conse-
quently, focus on supporting developers in the codification activity.
Therefore, there is a need to explore different elements as sources
of evidence of expertise and increase activities supported by ex-
pert identification results. iKnow does that by enabling the use of
different artifacts and tasks as skill manifestations that provide
evidence of expertise. In addition, iKnow is application-domain and
data source independent. When using iKnow, the software engineer
defines the domains of interest and the data sources to be used.

The mapping results also revealed that there has been a lack of
concern with non-technical factors that influence reaching the most
suitable expert for a specific situation, and semantics has not been a
concern. iKnow includes a step devoted to identifying non-technical
factors that can influence expert identification in an organization
and provides a (not exhaustive) set of non-technical factors that
can be considered. To address semantics, iKnow relies on Core-O
conceptualization to use skill manifestations as knowledge evidence
and support expert identification. Moreover, the conceptualization
is used to assign semantics to data, enabling the semantic integra-
tion of data from different sources. In the following, we cite some
works and compare them with iKnow.

Lucas et al. [19] present four knowledge-oriented models to rep-
resent the developer’s knowledge about the following elements of
a software project: artifacts, tasks, similar tasks, and the whole soft-
ware project. The models combine information from interactions
between developers and between developers and artifacts. Schet-
tino et al. [31], in turn, propose a technique that uses data from
existing pull requests in Github to identify collaboration experts.
The approach utilizes a network structure to map the influence of
an individual over others, with weighted edges representing how
influential a developer is compared to others. In Teusner et al. [38],
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a framework is proposed to analyze developers’ expertise on the
system’s components based on code complexity measures. By ag-
gregating these measures, the framework identifies experts on the
components. In Morales-Ramirez et al. [25], a process is proposed
for exploiting online feedback and discussions to compute expertise
indicators. This process uses natural language processing (NLP)
and graph-based analysis. Hughes and Crowder [16] proposed an
architecture containing modules that, given a search query, pro-
duce a ranked list of documents or individuals. This work uses an
ontology describing the application domain, i.e., it does not address
general concepts related to expertise, such as knowledge or skill.

Aligned with our previous discussion, when analyzing these pro-
posals, we noticed that most of them focus on specific sources of
evidence of expertise and often propose solutions to specific repos-
itories. As a consequence, although the works present solutions
for using existing data to identify experts, they do not guide how
to build other solutions (e.g., exploring different data sources or
domains of interest). They typically handle technical concerns and
approaches for extracting data from specific sources. We believe
that some of the identified approaches could be combined with
iKnow, since it provides a high-level guide for identifying expertise
evidence and developing expert-finding systems, but does not ad-
dress low-level concerns, such as optimal methods for calculating
expertise scores, which could be covered by other approaches.

Table 1, summarizes some aspects comparing iKnow and the
cited works. The analyzed aspects were: (A1) the data sources used
for expert finding, (A2) whether the approach is domain-specific or
general, (A3) whether it provides guidelines for developing expert-
finding systems, (A4) whether it considers non-technical factors,
and (A5) whether it addresses semantic aspects.

Al A2 A3 | A4 | A5
Code repository and

[19] . General | No | No | No
ticket system

[31] Code repository Specific | No | No | No

(38] Code repository Specific | No | No | No

[25] Code repository Specific | No | No | No

[

General | No | No | Yes
General | Yes | Yes | Yes

16] Electronic documents

iKnow| Multiple sources

Table 1: Aspects addressed by expert-finding system ap-
proaches

6 Final Considerations

Software development is knowledge-intensive, and although there
is alarge volume of information, people still rely on experts to access
specific knowledge [17]. Expert-finding systems help by identifying
and ranking experts [3, 17], but their development is complex due
to abstract concepts and diverse data sources [17]. Ontologies can
support this process by organizing knowledge through a shared
vocabulary [36].

In this paper, we presented iKnow, an ontology-based approach
to support the development of systems to identify who knows what
in software organizations. Practitioners and researchers can use
iKnow to develop expert-finding systems by leveraging data related
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to task executions, produced artifacts, and their relationships to
skills. In addition, researchers can extend or deepen some of the
iKnow steps (e.g., to address the quality of the data used), making
the approach more comprehensive and potentially enhancing the
precision of expert identification.

iKnow was used to develop ExpertFY, which served as a demon-
stration that using iKnow is feasible and useful. ExpertFY enabled
software developers of the BMC organization to identify who knows
what and it was considered useful and feasible. These results can
be understood as initial evidence that iKnow is a promising ap-
proach. Although ExpertFY was developed considering the specific
BMC context, we believe that only minor modifications would be
necessary for use in other organizations. Furthermore, ExpertFY
development can be used as an example to help other people de-
velop similar systems using iKnow. The studies performed so far to
evaluate iKnow involved the participation of the first author. Thus,
new studies involving the iKnow use by other people are necessary
to provide new evidence.

As future work, we believe that non-technical factors can be
further explored. A more extensive list of possible factors can be de-
fined based on the literature and feedback from software practition-
ers. Moreover, studies can be conducted to evaluate the extension
of the impacts of each factor on knowledge sharing.

Additionally, we noticed that the identification of skill types,
task types, and artifact types may not be a simple task. Therefore, it
could be valuable to create a catalog of skill types in the context of
Software Engineering and integrate it with Core-O conceptualiza-
tion. Furthermore, we believe the relation between some skill types
and task types (what we called assumptions) may be independent
of a particular organization and could be reused in other contexts.
Moreover, it is important to evaluate the accuracy of the assump-
tions regarding expert identification, and the approach could be
evolved to address different proficiency levels.

Another important aspect to be explored is the influence of task
output quality when evaluating an individual’s skill manifested
through a performed task and produced artifact. For example, a
person can create a unit test containing test smells. In this case, has
that person still manifested a skill of writing unit tests?

Finally, considering the increasing use of Al-based systems (par-
ticularly LLMs) as a source of knowledge, research should be con-
ducted to investigate their use in knowledge sharing in organiza-
tions. Questions such as when to use Al-based systems, when to use
expert-finding systems, and when to combine both can be objects
of investigation.

ARTIFACT AVAILABILITY

A document describing iKnow and its use to develop ExperFY, and
the package of the study performed to evaluate ExpertFY are avail-
able in [5].
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