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Abstract

Event Storming has gained attention as an innovative method for software design.
However, conducting Event Storming is challenging due to the need for extensive involve-
ment from domain experts and stakeholders. In response to this challenge, we propose an
automated Event Storming process aimed at deriving bounded contexts from software re-
quirements. This process begins by extracting domain events from use case specifications.
It then identifies the entities and attributes in the domain model by leveraging Natural Lan-
guage Processing techniques and integrating domain knowledge sourced from external
knowledge bases. These entities are subsequently aggregated into aggregates and bounded
contexts in accordance with Domain-Driven Design principles. This method effectively
reduces the dependency on domain experts’ involvement and enhances the efficiency of

software design.

Keywords: Event Storming, Domain-Driven Design, Software Design, Natural Lan-

guage Processing, Knowledge Base
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Chapter 1 Introduction

During the software design process, developers translate software requirements into
comprehensive design representations, ensuring that each requirement is fully understood
and fulfilled. This process is crucial within the software development lifecycle and signifi-
cantly impacts the success of the software project. [6] Among the various software design
approaches, Event Storming [4], introduced by Alberto Brandolini, is a novel strategy
based on Domain-Driven Design (DDD) [8]. Through collaborative interactions between
domain experts and developers in Event Storming workshops, they clarify business pro-

cesses, define subdomain boundaries, and construct domain models.

However, Event Storming is time-consuming and expensive. It demands domain ex-
perts, developers, and stakeholders to participate in workshops that can span days. More-
over, software requirements are constantly evolving. It is impractical to bring the groups
together for Event Storming workshops every time the requirements change. Therefore,
there is a need to identify a more efficient approach to address requirement changes and

ensure the agility of software design processes.

In typical software development lifecycles, software requirements are documented
in natural language in the requirements analysis phase. These requirements clearly define

business processes. Additionally, off-the-shelf knowledge bases contain comprehensive

1 doi:10.6342/NTU202404153
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records of general human knowledge and domain-specific expertise. The combination of
software requirements and external knowledge bases enhances the feasibility of automat-

ing the Event Storming process.

In previous work, Lin [17] leveraged the fundamental steps of Event Storming to
gather domain events and subsequently derive bounded contexts. Yet, the approach still

faces the following issues:

1. Although Lin’s method has semi-automated Event Storming, it still requires human

intervention when distinguishing entities and attributes.

2. The approach focuses on distinguishing entities and attributes. It does not differen-

tiate between entities, aggregates, and bounded contexts.

To address these issues, we propose the following methods:

1. We analyze the semantic and syntactic information in domain events and utilize
external knowledge bases to access domain knowledge, a method adopted from
Lin’s approach. This combined approach allows us to automatically distinguish

between entities and attributes.
2. We aggregate entities into aggregates and identify bounded contexts by adhering to

the definitions of these model elements in Domain-Driven Design.

This paper is organized as follows: Chapter 2 introduces the background and related
works; Chapter 3 details the process of deriving bounded contexts from software require-

ments; Chapter 4 presents a case study on automatically deriving bounded contexts from

2 doi:10.6342/NTU202404153
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the requirements of the Unified University Inventory System (UUIS) [2]; Chapter 5 sum-
marizes the contributions of this work; and, finally, Chapter 6 outlines future research

directions.

3 doi:10.6342/NTU202404153


http://dx.doi.org/10.6342/NTU202404153

Chapter 2 Related Work

2.1 Background Work

2.1.1 Domain-Driven Design

Domain-Driven Design (DDD) is a software design concept introduced by Eric Evans
in his book Domain-Driven Design: Tackling Complexity in the Heart of Software [8]. It
emphasizes that the design of software systems should align closely with the business logic
of their respective domains. This philosophy enhances the maintainability of software

systems.

The book introduces the principles of DDD and defines a vocabulary for domain

modeling. The terms that will be used in this paper include:

Domain DDD defines domain as “A sphere of knowledge, influence, or activity”.

Bounded Context Large-scale software projects often encompass extensive business do-
mains, requiring collaboration among multiple teams. It is important that each team
focuses on specific areas of the domain model, maintains consistency within their
respective scopes, and understands their relationships with other teams. Thus, clear

boundaries need to be defined. Consequently, bounded contexts are defined as “the
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delimited applicability of a particular model.”

Aggregate An aggregate is a cluster of associated objects. Each aggregate has an entity
serving as its aggregate root. The aggregate root is the only entry point to the aggre-
gate. Any changes to the data within the aggregate must go through the aggregate

root to ensure consistency.

Entity An entity is a concrete concept that encompasses essential business logic. Entity

objects are identified by their identities rather than the values of their attributes.

2.1.2 Event Storming

Event Storming [4] is a software design technique proposed by Alberto Brandolini.
It aims to clarify business processes and establish domain models through highly collabo-
rative workshops. This approach is based on the principles of Domain-Driven Design and
facilitates the joint design of complex software systems by domain experts and developers

through the visualization of domain events and business processes.

In this work, we adopt the four fundamental steps of Event Storming:

1. Identify domain events arrange them chronologically.

2. Identify the commands and actors that trigger the domain events.

3. Group domain events and commands into aggregates.

4. Group aggregates into bounded contexts.

5 doi:10.6342/NTU202404153
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2.1.3 EARS Requirements

Software requirements are often written in unstructured natural language, leading
to issues such as ambiguity, complexity, omission, and duplication. The Easy Approach
to Requirements Syntax (EARS) [18] addresses these issues by providing a structured

requirement syntax. The six types of requirement templates are illustrated in Table 2.1.

Table 2.1: EARS Requirement Syntax

Requirements Type Template
Ubiquitous Requirements The <system name> shall <system response>.
Event-Driven Requirements WHEN <optional preconditions> <trigger>, the

<system name> shall <system response>.

Unwanted Requirements IF <optional preconditions> <trigger>, THEN the
<system name> shall <system response>.

State-Driven Requirements WHILE <in a specific state>, the <system name>
shall <system response>.

Optional Features Requirements WHERE <feature is included>, the <system
name> shall <system response>.

Compound Requirements <Multiple conditions>, the <system name>
SHALL <system response>.

2.2 Related Work

2.2.1 Leveraging Domain Knowledge in Domain Modeling

In software engineering, domain knowledge refers to the understanding of the en-
vironment in which the target system operates. Previous research indicates that domain
knowledge is crucial for domain modeling. Cherfi et al. [23] proposed a method to en-
hance the quality of business process (BP) models by leveraging domain knowledge. The

method aligns BP models with domain ontologies to identify defects in existing models

6 doi:10.6342/NTU202404153
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and recommends improvements to enhance readability and quality. Bogumita et al. 3]
introduced a method for developing domain models using domain ontelogies and con-
ducted a case study with the Suggested Upper Merged Ontology (SUMO). They found
that this approach helps maintain consistency between the developed domain model and

the domain ontology.

2.2.2 Mapping Natural Language to Programming Language

2.2.2.1 CodeBERT

Feng et al. [10] proposed CodeBERT, a bimodal pre-trained model designed for
comprehending both natural language (NL) and programming language (PL). The model
adopts a Transformer-based architecture and is pre-trained on bimodal data comprising
NL-PL pairs and unimodal PL data. Empirical evaluations have shown that, after fine-
tuning, the pre-trained model can be applied to tasks such as natural language code search

and code documentation generation.

2.2.2.2 CodeGPT

Studies have shown the capabilities of large language models (LLMs) in generating
code from natural language descriptions [1, 5, 15, 28]. This capability enables LLMs to
assist engineers in both software design and implementation. CodeGPT [14] exemplifies
a code assistant based on LLMs. It enhances developers’ efficiency by integrating LLMs
into integrated development environments (IDE), which allows developers to interact with
the models, such as asking them to explain code or generate code based on requirements

written in natural language.

7 doi:10.6342/NTU202404153
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Chapter 3 The Process of Deriving

Bounded Contexts

This section provides a detailed description of the automated process for deriving

bounded contexts. The inputs and outputs of this process are as follows:

Input Requirements and Use Case Specification To ensure that the input is clear, pre-
cise, and complete, we recommend documenting the requirements using the Easy
Approach to Requirements Syntax (EARS). For the use case specification, it should
include the ID, actors, pre-conditions, post-conditions, basic flows, alternative flows,

and exceptional flows for each use case.

Output Bounded Contexts The output of the process consists of the bounded contexts
derived from the input requirements and use case specifications. Each bounded
context includes one or more aggregates, with each aggregate comprising one or

more entities and their associated attributes.
The overview of the process is shown in Figure 3.1. It consists of four major steps:

1. Collect Domain Events

Following the principle of Event Storming, this step involves collecting domain

8 doi:10.6342/NTU202404153
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events from the requirements and the use case specification.

2. Extract Entities and Attributes
This step involves extracting entities and attributes from the collected domain events
by analyzing syntactic and semantic information as well as external knowledge

bases.

3. Identify Aggregates
This step further groups the extracted entities into aggregates and determines the

root of each aggregate.

4. Cluster Aggregates into Bounded Contexts
This step calculates the distances between aggregates and clusters them into bounded

contexts accordingly.

3.1 Collect Domain Events

In the beginning of an Event Storming session, all participants collaborate to “storm
out” the domain events to gain a clear picture of the business process. These domain

events are typically written in the past tense and arranged chronologically.

The descriptions in use case specifications naturally document the domain events,
their corresponding commands, and the involved actors, arranging them in chronological
order. For example, pre-conditions must precede the basic flows, while actions in basic
flows, alternative flows, and exceptional flows must occur in the order of their serial num-
bers. Consequently, we extract domain events, commands, and actors from the use case

specifications. Specifically, pre-conditions, basic flows, alternative flows, exceptional

10 doi:10.6342/NTU202404153
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flows, and post-conditions from each use case are collected and categorized as domain

events.

3.2 Extract Entities and Attributes

After determining the domain events and commands, participants in Event Storm-
ing sessions identify aggregates based on the responsibilities associated with each domain
event and command. According to Domain-Driven Design, an aggregate consists of mul-
tiple entities. Entities are objects specific to the business area that represent concepts
meaningful to domain experts. In this phase, we employ two approaches: the NLP-Based
Approach (Section 3.2.1) and the Knowledge Graph-Based Approach (Section 3.2.2) to
identify domain objects and their attributes. We then combine the results to derive entities

(Section 3.2.3).

3.2.1 NLP-Based Approach

The natural language domain events collected from use case specifications contain
substantial domain-specific information. For instance, the sentence “the user enters their
username and password and presses the Login Button” implies that the system must track
users’ usernames and passwords. In the NLP-Based Approach, we extract domain ob-
jects and attributes by analyzing the underlying information within these natural language

statements.

11 doi:10.6342/NTU202404153
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3.2.1.1 Syntactic Dependency Parsing

For syntactic analysis, we use the DependencyParser from the spaCy[12] en_core web_trf
model to perform syntactic dependency parsing. As illustrated in Figure 3.2, the parser
segments sentences into multiple tokens. Each token generally corresponds to a word in
the sentence and is associated with a head and a dependency label, except for the ROOT

token. The dependencies among the tokens form a tree structure.

dobj
m m poss cc

conj
The user enters their username and password.

DET NOUN VERB PRON NOUN CCONJ NOUN

Figure 3.2: An example of the syntactic dependency parsing result. The token enters
serves as the ROOT of this sentence. The token user depends on the token enters, with the
dependency label nsubj.

3.2.1.2 Semantic Analysis

For semantic analysis, we apply the following techniques and tools:

Word Sense Disambiguation (WSD) WSD is a natural language processing technique
used to determine the meaning of a word within a specific context. In this work, we

employ PyWSD [25] to perform WSD.

Coreference Resolution To avoid repetition, pronouns are commonly used in natural lan-
guage to refer to previously mentioned entities. However, this can make it challeng-
ing for machines to understand the actual referents. Therefore, natural language

processing often employs Coreference Resolution techniques to identify words or

12 doi:10.6342/NTU202404153
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phrases that refer to the same entity. In this work, we use the CoreferenceResolver

from spacy-experimental [9] for Coreference Resolution.

Semantic Categorization To classify the semantics of words, we use the semantic cat-
egories provided by WordNet [20]. The WordNet database organizes all synonym
sets (synsets) into 45 categories, which include 26 noun categories, 15 verb cate-

gories, 3 adjective categories, and 1 adverb category.

Sentiment Analysis Domain events are typically expressed in statements, which can be
either positive or negative. To identify negative statements, we use regular expres-
sion pattern matching and employ the Valence Aware Dictionary and sEntiment

Reasoner (VADER) [13] to perform sentiment analysis.

3.2.1.3 Rules

Combining the syntactic and semantic information in natural language, we com-
pile the following nine rules for identifying domain objects and attributes. The process

overview of the NLP-Based Approach is shown in Figure 3.3.

1. Proper nouns are domain objects.

2. The subject of a sentence, where the verb is an action verb (see Appendix A.1), is a

domain object.

3. In a sentence with a direct object, if the verb of the sentence falls into the category
of change-inducing verbs (see Appendix A.2), the subject is a domain object, and
the direct object serves as attributes of the subject.

4. If a verb has both an indirect object and a direct object, the indirect object is consid-

13 doi:10.6342/NTU202404153
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ered a domain object, while the direct object is viewed as an attribute of the indirect

object.

5. If anoun is identified as a domain object or an attribute, its conjuncts are also con-

sidered domain objects or attributes of the same domain object, respectively.

6. If a noun phrase indicates possession, the possessor noun is a domain object, and

the possessed noun is an attribute of the domain object.
7. If there is a phrase in the form of “X of Y”,

(a) If it matches the pattern “the X of Y is Z”,

1. If Z is a proper noun, Y and Z should be domain objects linked by the

relationship X.

ii. Otherwise, X should be an attribute of the domain object Y.
(b) If X is a collective noun, view the phrase as Y and reanalyze the sentence.

(c) Otherwise, Y should be a domain object, and X should be an attribute of Y.

8. If a noun has an appositive, use the appositive as the name of the domain object or

the attribute and ignore the main noun.

9. If a sentence is a negative statement, do not use it to identify domain objects and

attributes.

3.2.2 Knowledge Graph-Based Approach

Domain experts play a critical role in Event Storming. Their expertise in the domain

ensures that teams can gain a comprehensive understanding of the business domain. The

14 doi:10.6342/NTU202404153
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development and prevalence of knowledge bases document domain-specific knowledge.
Leveraging these knowledge bases can significantly reduce teams’ dependence on domain

experts.

In this work, we leverage ConceptNet [24] as the source of domain knowledge
for automated Event Storming. ConceptNet is a public, multilingual semantic network
designed to assist machines in understanding human language. The network repre-
sents words and phrases as nodes, referred to as Concepts, with edges connecting these
Concepts to describe their relationships (see Appendix A.2). For example, the edge
(computer, IsA, electronic_device) indicates that a computer is an electronic device. We
focus on the Concepts referring to English terms and the edges between them, of which

there are approximately 1,500,000.

We identify domain objects and attributes with ConceptNet through the following

three steps:

1. Group use cases based on their relationships.

2. Identify the domain objects and attributes within each use case group.

3. Determine which domain object each attribute is associated with.

3.2.2.1 Group Use Cases Based on Use Case Relationships

The business logic of related use cases often surround same sets of domain objects
and attributes. Therefore, before identifying domain objects and attributes, we group use

cases based on their relationships.

There are three types of use case relationships: include, extend, and generalization.

16 doi:10.6342/NTU202404153
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Include For use case inclusion, a base use case includes the behavior of another use case,
the included use case. Included use cases represent logic that is commonly reused by
other use cases. They must contain domain objects relevant to the domain. There-

fore, each included use case forms an individual group.

Extend For use case extension, the extension use case adds optional behaviors to the base
use case. Both use cases should be in the same theme, so the two use cases should

belong to the same group.

Generalization For use case generalization, the parent use case presents a goal, and all
child use cases describe specific ways to achieve the same goal. Similarly, both use

cases should be in the same theme, so the two use cases should belong to the same

group.

Based on the above analysis, we first group the use cases according to their extend
and generalization relationships. Then, we add each included use case as a new group
containing only itself. Figure 3.5 shows an example of the grouping result. The steps for

this stage are as follows:

1. Group use cases based on use case extension and generalization. Consider the rela-
tionship between use cases as a directed graph. The nodes represent the use cases,
and there is an edge between two nodes if there is an “extend” or “generalization”

relationship between the two use cases.

2. Construct groups based on use case inclusion. If an included use case is categorized
as a use case group containing multiple use cases in the previous step, add a new

group containing only the included use case itself.
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Figure 3.5: An example of the use case grouping result. Each color corresponds to a use
case group. In this example, there are eight use case groups. Note that UC-009 appears
in two groups: one group contains only UC-009 itself, while the other group includes
UC-003, UC-004, UC-005, UC-006, UC-007, UC-009, UC-010, UC-011, UC-012, and
UC-013.

3.2.2.2 Identify the Domain Objects and Attributes Within Each Use Case Group

In this step, we identify domain objects and attributes from the domain events of each

use case group.

We begin by extracting nouns from the domain events as domain object candi-
dates. Part-of-Speech (POS) tagging is performed using the Tagger from the spaCy [12]
en_core_web_lg model. Words identified as NOUN or PROPN (Proper Noun) are selected

as domain object candidates.

Next, we use ConceptNet [24] to distinguish domain object candidates into domain
objects and attributes. For each use case group, we determine the number of candidates
that each candidate can reach within two hops in ConceptNet. The domain object candi-
date(s) that can reach the highest number of candidates in each use case group are identified

as the domain object(s), while the rest are categorized as attributes.

3.2.2.3 Determine Which Domain Object Each Attribute Is Associated With

Finally, we determine the domain object(s) associated with each attribute. For each

attribute, if a domain object can reach it within two hops in ConceptNet, the domain object
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is linked to that attribute. If an attribute cannot be reached by any domain object, we

consider it a domain object.

3.2.3 Combining the Extraction Results

Following the NLP-Based Approach and the Knowledge Graph-Based Approach, we
combine the extraction results of the two approaches. The combination follows the rules

below:
* If a noun is identified as a domain object in one approach and an attribute in the
other, it should be transformed into a domain object.
+ If a domain object does not have any attributes, transform it into an attribute.
 Discard attributes that are not referenced by any others.

After the combination, the resulting domain objects correspond to entities, while at-

tributes correspond to value objects or attributes of entities.

3.3 Identify Aggregates

According to the definition in Domain-Driven Design, an aggregate is “a cluster of
associated objects that are treated as a unit for the purpose of data changes.” Each aggre-
gate must have an entity that serves as the aggregate root. The aggregate root is the only
entry point of the aggregate and is the only member of the aggregate that objects outside

the aggregate are allowed to reference.
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Based on the definition, we cluster entities into aggregates based on the following

properties:

* Entities connected with the “aggregation” and “generalization” relationships should

belong to the same aggregate.

» The aggregate root should be the only member of the aggregate that objects outside

the aggregate are allowed to hold a reference to.

The process of grouping entities into aggregates is as follows:

1. Let each entity be an aggregate containing itself. Let the only entity within each

aggregate be the aggregate root.

2. If any two entities have relation “PartOf”, “MadeOf”, “HasProperty”, or “IsA” in
ConceptNet, merge the two corresponding aggregates. Let the aggregate root of the

source of the relationship be the new aggregate root.

3. If any entity holds a reference to an entity from another aggregate that is not an
aggregate root, merge the two corresponding aggregates into one. Let the root of the
aggregate containing the referenced entity become the new aggregate root. Repeat

this step iteratively until no entity holds any non-aggregate-root entity.

3.4 Cluster Aggregates into Bounded Contexts

Large-scale software projects typically require collaboration among multiple teams
to be successfully developed. To ensure that each team can focus on specific parts of the

system and maintain consistency within their respective scopes, Domain-Driven Design

21 doi:10.6342/NTU202404153


http://dx.doi.org/10.6342/NTU202404153

CHAPTER 3. THE PROCESS OF DERIVING BOUNDED CONTEXTS

[8] introduced the concept of bounded contexts. It defines bounded contexts as “The de-
limited applicability of a particular model. Bounded contexts give team members a clear
and shared understanding of what has to be consistent and what can develop indepen-

dently.”

A bounded context consists of one or more aggregates. Therefore, we further cluster
the aggregates identified in Section 3.3 into bounded contexts. The process is illustrated

in Figure 3.6.

s e N
Compute Similarity in
jrmemmeees > WordNet Compute
P S Distance || — | ..
[ . 7y Lin Similarity A . ‘
Vo \ \. ggregate ! Di '
[ ? ! Distance
E : Aggregate Distances _>: Matrix '
11 Pairs | 4 " OWA :
N ' Compute Relatedness Compute || ~———— | “*----- ----
---------- ‘ > in ConceptNet X P H
R Distance '
Cosine Similarity !
\ \ J :
1. Calculate Distances Between Aggregates '

Apply Density- Find the Optimal Apply Hierarchical ; I-'
Based Clustering Number of Clusters Clustering : : ;'
DBSCAN Silhouette Score Ward i 1} Bounded

\1 | Contexts !

2. Apply the 2-Stage Clustering Algorithm

Figure 3.6: The process of clustering aggregates into bounded contexts.

3.4.1 Calculate Distances Between Aggregates

To cluster aggregates into bounded contexts, we use WordNet and ConceptNet to

calculate the distances between aggregates based on their similarities.
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3.4.1.1 Similarity in WordNet

In WordNet, noun synsets are organized into a directed acyclic graph (DAG) based
on Is-A relationships. We compute the similarities between aggregate roots using Lin

Similarity [16], which bases on the DAG and information content (IC).

For calculating information content, we use the Brown Corpus [11], a large Ameri-
can English corpus comprising approximately 1,000,000 words from various themes and

genres. Based on the Brown Corpus, the IC of a synset s is computed as follows:

> count(n)

newords(s)

N )

IC(s) = —log P(s) = —logfreTQ(S) = —log

(3.1)

where words(s) represents the set of words with the synset s and all its hyponyms; freq(s)
denotes the frequency of synset s, calculated as the total occurrence count of all words
corresponding to synset s and its hyponyms in the corpus; NN is the total number of noun

occurrences in the corpus.
Based on Equation 3.1, the Lin Similarity of two aggregates is computed as follows:

 2.1C(LCS,,,,)
N ]C(Sl) + ]C’(S]) ’

stmy (i, S;

(3.2)

where s; and s; represent the synsets of the two aggregate roots, respectively, and
LCS(s;, s;) is the Least Common Subsumer (LCS) of the two synsets in the DAG formed
by Is-A relationships. The similarity ranges from 0 to 1, reaching its maximum when

S; = Sj.

23 doi:10.6342/NTU202404153


http://dx.doi.org/10.6342/NTU202404153

CHAPTER 3. THE PROCESS OF DERIVING BOUNDED CONTEXTS

3.4.1.2 Relatedness in ConceptNet

To measure similarities between aggregates with ConceptNet, we utilize its Related-
ness API. The API calculates the relatedness between two Concepts based on the Cosine

similarity of their word embeddings:

, embe, - emb;
sime (¢, ¢5)

(3.3)

~ |lemb, lemb,., || ’

where ¢; and c¢; represent the Concepts corresponding to the two aggregate roots; emb,,
and emb,, denote the two corresponding word embedding vectors, which are derived from
a pruned ConceptNet grph, word2vec [19], and GloVe [21]. The similarity ranges from

—1 to 1, reaching its maximum when ¢; = ¢;.

3.4.1.3 Aggregating the Metrics

First, we convert the similarities obtained from Sections 3.4.1.1 and 3.4.1.2 into dis-
tance values ranging between 0 and 1. The higher the similarity between aggregates, the
closer their distance should be. Therefore, assuming the aggregate roots of two aggre-
gates are r; and r;, corresponding to synsets s,, and s,.,, the distance value is calculated

as follows:

disy (ri,rj) = 1 — simw (s, 5,,)

1 1
disc(ri,rj) = h sime (1, 75) + 3"

Next, we aggregate the two distance values with the ordered weighted averaging
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(OWA) operator [27]:
2
disowa(Ti,7j) = Z wy, - disg(ri, 75),
k=1

where disg(r;,7;) is the k' largest distance values among [disw (14, 7;), disc(ri,7;)].

Here, we select the weights as [wy, we] = [0.8,0.2].

3.4.2 Clustering Algorithm

In this stage, we employ a two-stage clustering algorithm to group aggregates into
bounded contexts based on the distances computed in Section 3.4.1. The algorithm in-
tegrates a density-based method with a hierarchical clustering method and dynamically

selects the optimal number of clusters.

3.4.2.1 Density-Based Clustering

First, we adopt the Density-Based Spatial Clustering of Applications with Noise (DB-
SCAN) [7] algorithm for the initial classification of all aggregates. This step allows us to
effectively identify and remove outliers and preliminarily classify the non-outlier aggre-
gates. Although the DBSCAN algorithm does not require the number of clusters to be pre-
determined, its performance heavily depends on the hyperparameters Min Pts and Eps.
It is challenging to select an appropriate Eps for unknown data distributions. Therefore,
in this stage, we only perform a preliminary classification of aggregates and dynamically

adjust the number of clusters in subsequent steps.
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3.4.2.2 Find the Optimal Number of Clusters

Next, we further divide each cluster obtained from the DBSCAN algorithm into mul=
tiple subclusters. To dynamically select the optimal number of subclusters for each cluster,
we use the Silhouette score [22] as the criterion for evaluating the quality of the clustering
results. Since the goal of subclustering is to group similar data points together, we aim for
data points within the same subcluster to be as close to each other as possible, and data
points in different subclusters to be as far apart as possible. The Silhouette score measures

such property.

To compute the Silhouette score of a subclustering result, we first calculate the Sil-

houette value of each data point, i.e., each aggregate, as follows:

1. Calculate the average distance of the data point to the other data points within the

same subcluster.

Zjecl,#j dis(i, j)
Cr| =1

a(i) =

2. Calculate the minimum average distance from the data point to the data points in

other subclusters.

. . ZjeCJ dlS(%j)
bli) = min ==

3. Combine a(z) and b(i) into the Silhouette value s(7).

0 , otherwise,

where 0 < s(i) < 1. The Silhouette score is then computed as the average Silhouette

value of all data points. A higher Silhouette score indicates a more optimal subclustering
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result.

We select the number of subclusters with the highest Silhouette score as the optimal

number of subclusters.

3.4.2.3 Hierarchical Clustering

Finally, based on Sections 3.4.2.1 and 3.4.2.2, we divide the preliminary clusters into
subclusters. We use Hierarchical Agglomerative Clustering (HAC) to split each cluster
generated by DBSCAN into the optimal number of subclusters. Initially, each aggregate
forms an individual subcluster. Subsequently, subclusters are merged recursively until
the number of subclusters reaches the optimal count. During this process, merging is
performed using Ward’s method [26], which minimizes the sum of squared Euclidean

distances from data points to the subcluster center.

After this final step, the aggregates within each subcluster form a bounded context.
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Chapter 4 Case Study: Unified
University Inventory

System

In this chapter, we present a case study on automatically deriving bounded contexts
from the requirements of the Unified University Inventory System (UUIS) [2]. The re-
quirement describes a university asset management system. The system integrates the
databases of three departments and supports functions such as asset transfer, editing, modi-
fication, addition, borrowing requests, asset returning, location creation, request approval,

authentication, and permission changes.

4.1 Input

The automated bounded contexts derivation process takes software requirements and
use case specifications as its input. The UUIS includes 25 functional requirements across

11 categories (see Table 4.1) and 10 use cases (see Table 4.2).
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Table 4.1: Functional Requirements of the Unified University Inventory System

ID Requirement Description

1 Transferring Assets

1.1 Within the same department: data base can be updated directly without any re-
quest.

1.2 Inter departments: request must be approved by a DA group member and faculty
group member unless it came from a higher level group.

1.3 Inter faculties transfer: request can be made by any authorized user and approved
by faculty group or higher level.

1.4  Transfer outside university should be approved by the university group.

2 Editing Assets

2.1  Any administrative level user or inventory user can edit an asset that belongs to
its department; same thing for faculty user, or university user; in order to make

modification if he is authorized to do it.

3 Modifying Assets

3.1  All fields of an edited asset can be modified except Ids.
3.2 A bulk entry file can be used.

4 Adding Inventory Assets

4.1  Any DA group member or authorized inventory group member asset is owned
by the department.

4.2 Any faculty member can add all related departments inventory.

4.3  Any university group member can add all assets in the inventory.

4.4 A bulk entry can be used to add many assets.

5 Creating Request to Borrow an Asset or Reserve a Location

5.1  Request can be made by any authorized user.
5.2 After creation, a request remains pending, waiting to be approved by an

administrative-level user who has the authority to do so.

6 Returning Assets

6.1  Aninventory user should check the returned asset and update the inventory.

7 Creating a New Location
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7.1 IT group members can create a new space and modify floor structure when they

receive an exception request from any administrative level.

8 Approving Requests

8.1  Any administration level or authorized inventory group member can display all
pending requests waiting for approval from this level and approve those requests.

8.2 When request is treated, the user is notified by email.

8.3  Request is added to the waiting for execution list.

8.4  Inventory is updated when user receive the requested asset.

9 Authentication

9.1  Authentication is made by user name and a password for all users.

9.2  Administrative level works on administration computers.

10 Changing Permission

10.1 Any administrative lavel user can delegate another user to execute some or all

his authorized actions. And this user acquires the role of inventory administrator.

11 Output Reports

11.1  Asset report by location.
11.2  Request report.

11.3  User permission user.

Table 4.2: Use Case Specification of the Unified University Inventory System

ID Name Description

MOD.UC Modify Use Case The use case describes the modification

that the Inventory Admin can do.

EDT.UC  Edit Use Case The use case describes the edit operation
that the Inventory Admin can do.

ANIL.UC Add New Asset Use Case The use case describes the operation of

adding a new asset to the inventory.

CRQ.UC  Create Request Use Case The use case describes the activity of cre-

ating a new request that the User can do.
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RTI.UC Returning Asset The use case describes the returning asset

update that the Inventory Admin ¢an do.

APR.UC  Approving Request The use case describes the:approving of

requests that an Inventory Admin can do.

CHP.UC Change Permission Use Case The use case describes the modification
that Department, Faculty, or University

Administrator can do to user permissions.

ATH.UC Authentication Use Case The use case describes the authentication.

SRCH.UC Search The use case describes the search opera-

tion that only authorized users can do.

REP.UC Create Reports Use Case The use case describes the creation of re-

ports that the User can do.

4.2 Domain Events

First, the process extracts each use case’s pre-conditions, basic flow, alternative

flows, exceptional flows, and post-conditions as domain events.

Here, 123 domain events are extracted from the UUIS use case specification, with
76 being unique. For example, 19 domain events are extracted from the Edit Use Case, as

shown in Table 4.3.

Table 4.3: Domain Events of the Edit Use Case

Pre-Conditions

1 Inventory Admin is authenticated.
Basic Flow
1 The use case begins when Inventory Admin start searching for an asset.
2 Inventory Admin edits the asset.
3 Inventory Admin modifies asset properties.
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Alternative Flow

Cond Administrator or authorized inventory user is waiting for approval list or wait-
ing for execution list.
1 Inventory user or Admin edits the asset.

2 Inventory user or Admin modifies asset properties.

Exceptional Flow

1.1 Inventory Admin searches for the asset.
1.2 Inventory Admin edits the asset.
1.3 Inventory Admin finds that the asset is out of inventory.

1.4 Message error is displayed because the asset cannot be modified.

2.1 Inventory Admin searches for the asset.
2.2 Inventory Admin edits the asset.
2.3 Inventory Admin does not have sufficient privileges to edit the asset.

24 Message error is displayed.

3.1 Inventory Admin searches for the asset.
3.2 No asset 1s found.

33 Message error is displayed.

Post-Conditions

1 The system state change according to the modification.

4.3 Entities and Attributes

Next, we extract entities and attributes from the domain events with both the NLP-

Based Approach and the Knowledge Graph-Based Approach.

The entities and attributes obtained through the NLP-Based Approach are shown in
Figure 4.1. For example, the entity USER has attributes such as username, password, and

permission, which align with the descriptions in the UUIS requirements.
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However, there are still some issues with the extraction results. For example,

INVENTORY ADMIN and ADMIN refer to the same concept but are identified as two dis-

tinct entities. ADMIN originates from the domain events “Inventory user or Admin edits

the asset” and “Inventory user or Admin modifies asset properties.” In these sentences, the

subject could be understood as “Inventory user and Admin” or “Inventory user and Inven-

tory Admin.” The latter aligns better with the requirements description, but the NLP-Based

Approach identifies it as the former due to ambiguity.

page

report
eport type asset number

APPLICATION asset s location
. request form
submit list
REQUEST TEXT
location
asset state username
t
e USER
ADMIN
SYSTEM .
INVENTORY ADMIN
password
asset permission
request asset property .
exception request form
EXCEPTION REQUEST
INVENTORY USER

ADMINISTRATOR approval list

IT
property

execution list

owner

Figure 4.1: The result of the NLP-based entity/attribute extraction. The ellipses denote
the entities, while the rectangles show the attributes. The edges show the dependencies.

The Knowledge Graph-Based Approach also extends the relations between entities

and attributes based on ConceptNet. Specifically, it extracts five additional relations, as

shown in Table 4.4.
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Table 4.4: Relations Added by the Knowledge Graph-Based Approach

Relation According to ConceptNet Relation(s)
SYSTEM — ADMIN (system, RelatedTo, admin)

(system, RelatedTo, admin)

SYSTEM — ADMINISTRATOR (admin, Synonym, administrator)

(system, RelatedTo, information_technology)

SYSTEM — 1T (information_technology, Synonym, it)

(system, RelatedTo, network)

SYSTEM thenticati ..
T authentication (network, RelatedTo, authentication)

(system, RelatedTo, system_pull)

SYSTEN — inventory (system_pull, RelatedTo, inventory)

Combining the NLP-Based Approach and the Knowledge Graph-Based Approach,

the entities and attributes extracted in this phase are shown in Figure 4.2.

4.4 Aggregates

Then, we group entities into aggregates with the algorithm mentioned in 3.3. In this
case, there are no “PartOf,” “MadeOf,” “HasProperty,” or “IsA” relationships between any
two entities in ConceptNet. Additionally, terms such as INVENTORY ADMIN, INVENTORY
USER, EXCEPTION REQUEST, and REQUEST TEXT are specific to the UUIS system and
do not correspond to any concepts in ConceptNet. Therefore, each entity forms its own

aggregate, resulting in a total of 10 aggregates (see Figure 4.3).

4.5 Bounded Contexts

Finally, we cluster aggregates into bounded contexts using the method described in
3.4. The method calculates the distances between aggregate pairs with WordNet Similarity

and ConceptNet Relatedness, and then applies the two-stage clustering algorithm outlined
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report type

location
request

inventory
note

submit
password request form
authentication
asset number
INVENTORY ADMIN

asset state USER
SYSTEM username

exception request form
T APPLICATION
permission

type asset property

EXCEPTION REQUEST ADMIN
INVENTORY USER REQUEST TEXT page
ADMINISTRATOR
owner

execution list

asset s location

property approval list

asset location

asset type

Figure 4.2: The result of the entity/attribute extraction. The ellipses denote the entities,
while the rectangles denote the attributes. The edges show the dependencies.

in Section 3.4.2. The distances between aggregates are illustrated in Figure 4.4. Following

the distance values, the 10 aggregates are clustered into five subclusters.

USER, ADMINISTRATOR, ADMIN

INVENTORY USER, INVENTORY ADMIN

REQUEST TEXT, APPLICATION, EXCEPTION REQUEST

SYSTEM

The resulting domain model is shown as 4.5.
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request
authentication

inventory

asset state

[ROOT] [ROOT]
INVENTORY USER ADMINISTRATOR

owner

execution list

asset s location

asset location

asset type

Figure 4.3: The result of the aggregate identification. The ellipses denote the entities,
while the rectangles denote the attributes. Entities with the same color belong to the same
aggregate. [ROOT] denotes the aggregate roots.
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0.4
USER
ADMINISTRATOR
ADMIN
0.2
REQUEST TEXT
SYSTEM
~ 0.0- APPLICATION
INVENTORY ADMIN
INVENTORY USER EXCEPTION REQUEST
_02 .
—0.41 I
-0.4 -0.2 0.0 0.2 0.4 0.6

X

Figure 4.4: The clustering result. Each data point corresponds to an aggregate. Aggregates
shown in the same color belong to the same group. The coordinates of each data point are
obtained by translating the distance matrix into points on a two-dimensional Cartesian
space via multidimensional scaling (MDS).
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report type
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authentication
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[ROOT]
t state INVENTORY ADMIN [ROOT]
asset
[ROOT] USER .
SYSTEM
asset exception request form
[ROOT]
™ APPDLl.ICAT]ION
permission
type asset property

[ROOT] [ROOT]

EXCEPTION REQUEST ADMIN
[ROOT]
[ROOT] [ROOT] REQUEST TEXT page
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execution list

asset s location
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asset location
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Figure 4.5: The result of the clustered bounded contexts. Entities with the same color
belong to the same bounded context.

38 doi:10.6342/NTU202404153


http://dx.doi.org/10.6342/NTU202404153

Chapter S Conclusion

This work presents an automated Event Storming approach that derives bounded con-
texts from software requirements and use case specifications. The approach first extracts
domain events from the requirements and the use case specifications. Then, it uses nat-
ural language processing techniques and external knowledge bases to extract the entities
and attributes implicit in these domain events. Next, it groups entities into aggregates and
then bounded contexts based on their properties as illustrated in Domain-Driven Design.
By leveraging semantic and syntactic information from the software requirements and the
ConceptNet knowledge base, this approach reduces reliance on domain experts as typi-
cally required for Event Storming sessions, thereby ensuring the agility of the software

design process.
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Chapter 6 Future Work

In the future, we plan to develop quantitative evaluation methods to assess the ex-
traction of entities, aggregates, and bounded contexts in the automated Event Storming

process from a modularity perspective.

Additionally, we plan to incorporate more external knowledge bases to expand the
range of supported domains. Currently, we only utilize ConceptNet and WordNet as ex-
ternal knowledge sources. However, each knowledge base has its limitations, and relying
on a limited number of knowledge bases restricts the domains that can be covered. There-
fore, we aim to integrate additional external knowledge bases to broaden the scope of

knowledge coverage.
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Appendix A — WordNet Lexical

Semantic Categories

A.1 Action Verbs

Table A.1: WordNet Lexical Semantic Categories of Action Verbs

Category Description Example
verb.body Verbs of grooming, dressing and bodily care act
verb.change Verbs of size, temperature change, intensifying, mutate
etc.
verb.cognition Verbs of thinking, judging, analyzing, doubting solve
verb.communication Verbs of telling, asking, ordering, singing ping
verb.competition Verbs of fighting, athletic activities tackle
verb.consumption Verbs of eating and drinking digest
verb.contact Verbs of touching, hitting, tying, digging hold
verb.creation Verbs of sewing, baking, painting, performing construct
verb.motion Verbs of walking, flying, swimming traverse
verb.perception Verbs of seeing, hearing, feeling experience
verb.possession Verbs of buying, selling, owning import
verb.social Verbs of political and social activities and events  pursue
verb.weather Verbs of raining, snowing, thawing, thundering persist
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A.2 Change-Inducing Verbs

Table A.2: WordNet Lexical Semantic Categories of Change-Inducing Verbs

Category Description Example
verb.change Verbs of size, temperature change, intensifying, etc. mutate
verb.cognition Verbs of thinking, judging, analyzing, doubting solve
verb.communication Verbs of telling, asking, ordering, singing ping
verb.creation Verbs of sewing, baking, painting, performing construct
verb.possession Verbs of buying, selling, owning import
verb.stative Verbs of being, having, spatial relations become
verb.social Verbs of political and social activities and events pursue
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Appendix B — Relations in ConceptNet

Table B.3: Relations in ConceptNet

Relation

Description

Symmetric or

Asymmetric

Example

IsA

A is a subtype or a spe-
cific instance of B; every
AisaB.

Asymmetric

robin — bird

PartOf

A is a part of B.

Asymmetric

tire — car

HasA

B belongs to A, either as
an inherent part or due to
a social construct of pos-
session. HasA is often the

reverse of PartOf.

Asymmetric

car — 4 _tires

AtLocation

A is a typical location for
B, or A is the inherent lo-

cation of B.

Asymmetric

computers — office

Synonym

A and B have very similar

meanings.

Symmetric

daytime — day
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RelatedTo

The most general rela-
tion. There is some posi-
tive relationship between
A and B, but ConceptNet
can’t determine what that
relationship is based on

the data.

Symmetric

trick «» magic

FormOf

A is an inflected form of
B; B is the root word of
A.

Symmetric

slept — sleep

UsedFor

A is used for B; the pur-
pose of A is B.

Asymmetric

pool — swimming

CapableOf

Something that A can
typically do is B.

Asymmetric

bottle — hold water

Causes

A and B are events, and it

is typical for A to cause B.

Asymmetric

exercise — sweat

HasSubevent

A and B are events, and B
happens as a subevent of

A.

Asymmetric

eating — chewing

HasFirstSubevent

A is an event that begins
with subevent B. The first
thing you do when you A
is B.

Asymmetric

eat — wash_hands

HasLastSubevent

A is an event that con-
cludes with subevent B.
The last thing you do
when you A is B.

Asymmetric

drink — swallow

HasPrerequisite

In order for A to happen,
B needs to happen; B is a
dependency of A.

Asymmetric

eat — find_food

HasProperty

A has B as a property; A

can be described as B.

Asymmetric

circle — round
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MotivatedByGoal

Someone does A because
they want result B; A is a
step toward accomplish-

ing the goal B.

Asymmetric

play — have fun

Desires

A is a conscious entity

that typically wants B.

Asymmetric

bird — fly

CreatedBy

B is a process or agent

that creates A.

Asymmetric

cake — baking

Antonym

A and B are opposites in
some relevant way, such
as being opposite ends of
a scale, or fundamentally
similar things with a key

difference between them.

Symmetric

hot < cold

DistinctFrom

A and B are distinct mem-
ber of a set; something

that is A is not B.

Symmetric

blue < red

DerivedFrom

A is a word or phrase that
appears within B and con-

tributes to B’s meaning.

Asymmetric

billionaire — billion

SymbolOf

A symbolically repre-

sents B.

Asymmetric

trophy — victory

DefinedAs

A and B overlap consid-
erably in meaning, and B
is amore explanatory ver-

sion of A.

Asymmetric

satan — devil

MannerOf

A is a specific way to do
B. Similar to ”IsA”, but

for verbs.

Asymmetric

document — record

LocatedNear

A and B are typically

found near each other.

Symmetric

shore <> ocean
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HasContext A is a word used in the Asymmetric square — arithmetic
context of B, which could
be a topic area, technical

field, or regional dialect.

SimilarTo A is similar to B. Symmetric patient <> unhurried

Etymologically-

RelatedTo A and B have a common Symmetric doctor <> doc
origin.

Etymologically-

DerivedFrom A is derived from B. Asymmetric eyecatch — eye

CausesDesire A makes someone want Asymmetric happiness — sing
B.

MadeOf A 1s made of B. Asymmetric book — paper

ReceivesAction B can be done to A. Asymmetric books — read
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