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Abstract. Conceptual modeling is the foundation of system analysis and design
methodologies. It is challenging because it requires a clear understanding of an
application domain and the ability to translate the requirement speciﬁcation into
a conceptual data model. Semi-automated conceptual data modeling is a process
of using an intelligent tool to aid the modeler for the purpose of building a quality
conceptual data model. In this paper, we ﬁrst present six categories of method‐
ologies that can be used for developing conceptual data models. We then describe
the characteristics of each category, compare these characteristics, and present
related work of each category. We ﬁnally suggest a framework for semi-auto‐
matically generating conceptual data models from requirements and suggest
challenging research topics.

1

Introduction

Conceptual modeling is the foundation of analysis and design methodologies for the
development of information systems. For many years, researchers have proposed
various conceptual data modeling formalisms such as Entity-Relationship (ER) model
[13], variations of the ER model such as IDEF1X, Oracle CASE notation, and
Information Engineering, Natural/Nijssen Language Information Analysis Method
(NIAM), Extended Entity Relationship (EER) models, Object Role Modeling (ORM),
object-oriented (OO) modeling, Uniﬁed Modeling Language (UML), EXPRESS, RMODP, and others. Thalheim [64] estimates that the total number of proposed variations
of the ER model is over 80. Comparisons of these modeling formalisms are shown in
studies by Song et al. [58], Kim and March [37], and Neill and Laplante [50].
Among the different conceptual modeling formalisms, ER models and UML models
are the most widely used in practice [40]. The ER model originally proposed by Chen [13]
has been widely used in systems analysis and conceptual modeling. The ER approach is
easy to understand, models real-world concepts, and readily translates an ER diagram into
a database schema [21]. Many extensions or variations of the ER model in the form of EER
(Extended ER or Enhanced ER) model have been proposed and utilized in different
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applications [28]. The UML class diagram is another widely used conceptual modeling
approach, especially in software engineering.
Natural language (NL) is the most common tool for people to describe things and
communicate. Studies [40, 50] show that nearly 90 % of all the requirements in industrial
practices are written in NL. There are at least three limitations in translating a require‐
ment in NL into a conceptual model [59]: (1) NL is ambiguous and an eﬀective and
accurate analysis is diﬃcult; therefore, techniques and rules for modeling are required.
(2) The same semantics can be represented in multiple ways; therefore, ways of handling
these context-dependent semantic variations are necessary. (3) Concepts that are not
explicitly expressed in a requirement speciﬁcation but still important in the application
are often diﬃcult to discover and model. Expertise in domain knowledge to discover
the hidden entities that were not explicitly stated is therefore needed.
Thus, this paper focuses on how to eﬀectively translate a requirement speciﬁcation
into a conceptual model, wherein we review literature to ﬁnd out the state-of-art in semiautomated conceptual data modeling.
The rest of this paper is organized as follows: Sect. 2 describes diﬃculties in creating
conceptual data models; Sect. 3 discusses six categories of semi-automated conceptual
data modeling methodologies; Sect. 4 proposes the next steps for semi-automated
conceptual modeling as well as a framework for semi-automated conceptual modeling;
and Sect. 5 concludes the paper.

2

The Diﬃculties in Creating Conceptual Data Models

The diﬃculties in creating conceptual data models have been discussed in a previous
study [7]. In spite of its importance, it is shown that conceptual data modeling is not
done well [56]. Through a literature review, we identiﬁed the factors that contribute to
the diﬃculties of creating conceptual data models.
2.1 Combinatorial Complexity in Possible Relationships
A previous study [67] shows that novice designers experience more diﬃculties in
modeling relationships than entities. Batra [7] reports that novice designers not only
have diﬃculties in modeling unary and ternary relationships, but also have diﬃculties
in modeling all kinds of meaningful binary relationships. As the number of entities
increases, the number of possible relationships increases at a combinatorial rate. The
primary challenge in modeling relationships is how to select a minimum set that captures
the semantics eﬀectively. For the meaningful identiﬁcation of relationships, at least the
following criteria should be met: (1) all semantics in the application should be modeled,
(2) any relationship constructs should not be redundant, (3) and the degree of relation‐
ships should be minimal.
2.2 Scattered Modeling Rules
There is no single complete set of heuristics/rules that can be used in developing quality
data models. In general, heuristics/rules are often useful, but sometimes they may lead
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to cognitive errors called biases [53] if they are not applied appropriately. Furthermore,
there is always a trade-oﬀ in applying heuristics: applying more heuristics requires less
human intervention while more complexities arise. Context-dependent conﬂicts among
heuristics could be one kind of complexity.
2.3 Semantic Mismatch
Translating a requirement speciﬁcation literally into a database structure could cause
literal translation errors [7]. For instance, a sentence stating that “an order records a sale
of products to customers” may incur an erroneous relationship between customer and
product entities. The example shows that not all real-world relationships map into
meaningful database relationships in the data model; some real-world relationships are
derivable at the database level.
2.4 Inexperience/Incomplete Knowledge of Designers
Novice designers have limited knowledge and skills, while expert designers often draw
their knowledge from past experiences. Even expert designers might fail to create a
quality conceptual model due to their lack of domain knowledge, unless he/she has a
clear perception on the requirement speciﬁcation [36]. Expertise in domain knowledge
to identify the hidden entities is therefore needed. Important issues are how novice
designers can be eﬃciently trained and how domain knowledge can be eﬀectively trans‐
ferred to the designers.
2.5 Multiple Solutions
In conceptual design, there is no single best answer. Moody and Shanks [48] also state
that one of the common problems encountered in design is a large number of alternative
designs can be created for a particular problem. Therefore, they propose a six-element
framework to evaluate the quality of conceptual data models [47]. Their framework is
composed of the following six factors: completeness, simplicity, ﬂexibility, understand‐
ability, integration, and implementability. Later this framework is increased into eight
factors by including correctness and integrity by empirically validating the frame‐
work [49].

3

Methodologies for Semi-automated Conceptual Data Modeling

The ﬁeld of conceptual data modeling has spawned numerous techniques for the iden‐
tiﬁcation of entities and their relationships. Most of these techniques heavily rely on
manual processes and experiences of designers. Currently, there are several commercial
graphical CASE tools used for automatically converting a conceptual data model into a
logical model and then generate a DDL deﬁnition in SQL for physical implementation.
However, there is still no commercial tool that directly translates a NL requirement
speciﬁcation into a conceptual data model. At present, a fully automated conceptual
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modeling approach seems extremely challenging due to the inherent ambiguities in NL,
the context-dependent nature of modeling, and the incompleteness of domain knowledge
in tools. It is desirable to develop a semi-automated intelligent tool that can alleviate
those problems to assist modelers.
This section presents a broad scope of methodologies that can be used for semiautomatically developing conceptual data models. We classify them into six categories:
linguistic-based, pattern-based, case-based, ontology-based, metamodeling-based, and
multi-techniques-based.
3.1 The Linguistic-Based Approach
Natural language processing (NLP) techniques and linguistic theories are used for
designing conceptual models. Chen [12] proposes eleven rules for translating English
sentence structures into ER constructs. Since then, several studies [33, 51] have tried to
reﬁne and extend the approach. However, these rules are still neither fully complete nor
accurate. Although entities can be identiﬁed by nouns in a requirements speciﬁcation,
not all the nouns are entities because nouns not only refer to entities but also refer to
attributes, or other throw-away concepts which need not be modeled. An entity can also
be identiﬁed from a verb phrase and implicit requirements [59]. Hartmann and Link [33]
modiﬁed Chen’s eleven rules for translation from English sentence structures into EER
constructs in which they re-organize and extend those rules using twelve heuristics.
However, even these heuristics are not complete. These rules cannot overcome the
inherent ambiguities of NLs. In addition, these kinds of rules cannot be universally
applied to multiple domains. Therefore, this approach can only serve as a basis for a
manual or a semi-automated process of transforming an English speciﬁcation into an
ER diagram.
In order to overcome inherent ambiguities in NL requirements, some studies put
constraints on the input by restricting either the vocabulary or sentence structures [3].
With these restrictions, simple linguistic processing such as tagging and chunking can
achieve reasonably good results. However, the use of controlled languages has some
limitations. They cannot be easily applied to existing requirement documents. Further‐
more, they are not natural and place extra burdens on requirements writers. Several
formal speciﬁcation languages such as Z, Object-Z, VDM, B, and OCL have also been
proposed for formal model-based speciﬁcations. They are very expressive but require
formal knowledge of the language to write a correct speciﬁcation. Moreover, these
languages have been designed for some speciﬁc applications, and their usages for
diﬀerent purposes may become awkward and diﬃcult. Other researchers propose
dialogue tools that help elicit the NL requirement speciﬁcation [9, 36]. The main disad‐
vantage of these tools is that they require more laborious human interventions, and thus
it is diﬃcult to use them for large-scale projects. In [54], a requirement speciﬁcation is
rewritten based on a constrained grammar. This approach, however, could introduce
semantic loss due to imposed constraints and requires the participation of experts who
know the grammar.
Classiﬁcation theory and entity categories have been applied to conceptual data
modeling [59]. Entity categories are characterized by the properties shared by their
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members and a widely-used technique in identifying entities or classes. In addition,
entity categories can be used to discover missing or hidden entities or classes that are
not explicitly stated in the requirement but can be discovered by applying domain
knowledge to the entity categories [59].
A trend in this technique is the collaborative use of huge linguistic dictionaries [23,
45] and common sense ontologies [39]. Linguistic dictionaries provide not only semantic
links among concepts such as synonym, antonym, hypernym (is-a), and meronym/
holonym (part-of), but also syntactical and morphological information. A variety of
relationship types is discussed in [62]. WordNet [44] is a popular linguistic dictionary
used for concept identiﬁcation during conceptual modeling because it is readily available
and extends to other languages such as European languages, Spanish, Chinese, and so
forth. However, the main drawback of WordNet is that it does not cover many relation‐
ships. Therefore, WordNet++, the extension of WordNet, which contains special types
of relationships that are not available in WordNet, is proposed in [19].
The domain independence is the strength of this approach. However, the strength of
this technique is also its weakness because the tools or systems proposed have no domain
knowledge incorporated in them. This technique does not provide an optimal solution to
many sophisticated requirement specifications because of the inherent limitations of NL.
3.2 The Pattern-Based Approach
The important role of patterns in design is recognized in Alexander’s book [4] on archi‐
tecture and urban planning. It suggests that designers should produce and use patterns
rather than solve problems from the ﬁrst principle. Now patterns have been well estab‐
lished as a technique for reusing solutions of recurrent problems in the software devel‐
opment process. Pattern reuse provides many beneﬁts such as higher productivity, soft‐
ware quality improvement, and a reduction of time and cost in software development.
Design patterns have been proven very useful in speeding up the design process through
reuse and in improving the overall quality of systems. Integrating patterns into concep‐
tual design is challenging. The recognition of patterns in the context of conceptual data
modeling is based on works by Coad et al. [15], Hay [34], and Fowler [26]. They created
a library of proven modeling structures and provided some examples of adapting generic
models to suit particular requirements.
Several authors have proposed various kinds of patterns [15, 26, 34]. Blaha [8]
proposes several types of data modeling patterns: universal antipatterns are the patterns
that we should avoid for all applications; archetypes are the common modeling patterns
occurring across diﬀerent applications; and canonical patterns are corresponding to
metamodels of modeling formalisms. However, their utility in automated data modeling
remains to be seen.
Empirical research shows that experts reuse patterns while novices do not [11].
The process in pattern reuse can be divided into three tasks: retrieval, adaptation,
and integration [5]. Retrieval involves choosing patterns that may be relevant to a
particular problem. After a pattern is chosen, it needs to be adapted or instantiated to ﬁt
the speciﬁc problem. Finally, it needs to be integrated with other patterns to form a
complete model in the form of a conceptual data model. The advantage of reusable
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patterns aims to reuse not only schema components but also relationships between
objects. However, building a repository of patterns involves the explication of human
developers’ knowledge, which is a major obstacle in facilitating the reuse of knowledge.
To develop a pattern repository, designers should have very clear knowledge about the
speciﬁc domain and identify the boundaries of what objects to include and what degree
they should be abstracted. It takes a lot of time and eﬀort to create a pattern repository.
Currently, most of the proposed reusable pattern repositories used for conceptual data
modeling are developed based on a manual approach that is time-consuming and skillintensive for expert designers. Furthermore, most of the proposed tools in this technique
use analysis patterns that require manual matching.
One solution to reduce the eﬀort and time of human experts comes from extracting
the pattern artifacts from existing designs [31]. If this could be done for various appli‐
cation domains, then it would assist in creating practically reusable pattern artifacts.
3.3 The Case-Based Approach
Case-based reasoning is a technology that utilizes a repository of cases for decisionmaking. The basic idea is, given the description of a new problem, to retrieve a similar
problem from the case repository and adapt the retrieval to obtain a solution.
Very few have used case-based reasoning where cases of conceptual models are
stored, indexed, and used for future design. We can ﬁnd only three KBSs that use this
technique, which are CSBR [63], DES-DS [52], and CABSYDD [14]. A comparison
between these KBSs can be found in [14].
This technique involves storing conceptual models of a large number of applications
and providing a keyword mechanism that enables users to search for a conceptual model
that is a candidate solution for a problem statement. The technique takes advantage of
reusing the previous design. The limitation of this technique is that if any adjustment is
required in the conceptual model, it has to resort to the generic data modeling approach.
Moreover, adjustments on the conceptual model are always required in order to cope with
changes in requirement specification. The major disadvantage of this technique is that
developing the conceptual model libraries and indexing mechanism are very expensive.
3.4 The Ontology-Based Approach
Ontologies have been proposed as an important way to represent real-world knowledge
and, at some level, to support interoperability [57]. An ontology can represent in the
form of a taxonomy, a thesaurus, a domain model, or a logical theory. Some papers point
out some similarities and diﬀerences between ontologies and conceptual data models
[20, 25]. According to Fonseca [25], two criteria that diﬀerentiate ontologies from
conceptual data models are (1) the objective of modeling and (2) objects to model.
Embley [21] suggests that ontologies are the key for solving the semantic problems of
information systems.
In the conceptual modeling ﬁeld, many researchers employ ontologies for evaluating,
improving or developing conceptual modeling formalisms. Storey [61] proposes an
ontology to classify the verb phrases of relationships based on research in linguistics
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and semantic data models. Evermann and Wand [22] examine the mapping between
ontological elements and UML elements and propose guidelines on how to use UML
elements to model real-world systems in particular. Purao and Storey [55] propose a
multilayered ontology for classifying relationships by using data abstractions and by
separating domain-dependent and domain-independent aspects of the relationship
constructs.
The major advantage of using ontologies for conceptual modeling is the reusability
of a knowledge repository. This can be developed into two levels: domain ontology and
large scale or upper level ontology. A domain ontology [29] represents concepts, rela‐
tionships between concepts, and inference rules for a particular domain. Several tools
for creating and querying domain ontologies are available such as Protégé, OWL,
SPARQL, etc. A detailed comparison of each tool is shown in [17]. Instead of developing
individual ontologies, there has been interest in creating an upper level or large scale
ontology. An upper level ontology [29] represents general concepts that are the same
across all domains and always consist of a hierarchy of entities and rules that describe
those general entities which do not belong to a speciﬁc problem domain. Examples of
upper level ontologies are Cyc, ResearchCyc, BFO (Basic Formal Ontology), DOLCE,
SUMO, geneontology, etc. For a review and comparison of upper level ontologies see
[42]. The potential usefulness of upper level ontologies lies in the fact that they are
domain independent. A major problem with existing upper level ontologies is the lack
of good user interface and a good API. For example, Cyc is not an ontology of word
sense like WordNet. As a result, there is no comprehensive mapping of Cyc concepts
into words of NL [16]. Without the support of an adequate tool, it is diﬃcult to work
with them. Obviously, domain ontologies are more usable than large scale ontolo‐
gies [29].
An ontology can be used as the source of domain knowledge, and designers can use
the ontology to get initial domain knowledge. Corcho and his colleagues [17] suggest
that a strategy for developing domain ontologies would be to reuse large scale or upper
level ontologies. The same upper level ontology can be used for developing many
domain ontologies, which share the same skeleton. Extensions of the skeleton should
be made at a low level by adding domain-speciﬁc subconcepts.

3.5 The Metamodeling Approach
A metamodel describes the syntax of the models with a collection of modeling concepts
and constraints. Metamodeling is an abstraction-based modeling technique; it is a
process of creating models using the domain knowledge starting from the metamodel.
One of the most active research areas utilizing metamodeling is model-driven develop‐
ment [6]. Metamodeling allows the user to use permitted structures and assign semantics
of the domain to the structures [60]. Fill and Karagiannis conceptualize the components
of modeling methods using the ADOxx metamodeling platform [24]. A detailed discus‐
sion of research challenges in metamodeling is presented in [60].
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3.6 Multi-Techniques-Based Approaches
From our survey, most tools or systems for conceptual design require users’ involvement
during the process. No single technique works best all the time because each technique
has some limitations. Ideally, various techniques should be integrated together during a
modeling process. For example, Song et al. [59] have proposed a TCM (Taxonomic
Class Modeling) methodology used for OO analysis in business applications. This
method integrates several class modeling techniques under one framework. The frame‐
work integrates the noun analysis method, class categories, English structures, check
lists, and modeling rules. Thonggoom et al. [65, 66] present two knowledge-based
modeling tools that integrate the pattern-based technique, WordNet, and other heuris‐
tics-based modeling techniques. These tools show how domain knowledge stored in
instance patterns can be reused together with other modeling techniques and improve
the eﬀectiveness of data modeling.

4

A Proposal for Semi-automated Conceptual Modeling

In this section, we propose a 3-step approach for semi-automated conceptual data
modeling from requirement speciﬁcation. The method includes the process of (1) anal‐
ysis and reﬁnement of the requirement speciﬁcation, (2) generation of a conceptual
model from the requirement, and (3) veriﬁcation and validation of the generated model.
Figure 1 shows our framework for semi-automated conceptual data modeling.

Fig. 1. A framework for semi-automated conceptual modeling
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4.1 Analysis and Reﬁnement of a Requirement Speciﬁcation
In the ﬁrst step, the syntax and semantics of the requirement speciﬁcation in NL is
analyzed and reﬁned. The requirement speciﬁcation in NL must be syntactically
complete. Most of previous studies simply assume that requirements are complete and
free from syntactic errors. Hence, it is necessary to check the syntax of the requirement
speciﬁcation before it is fed into an automated tool. An incomplete requirement speci‐
ﬁcation is treated to have syntactic errors, and the modeler should be informed so that
the errors could be corrected.
In order to check semantic quality of the speciﬁcation, a domain ontology related to
the speciﬁcation is most eﬀective [30]. In order to build the domain knowledge and
associate it to the requirement speciﬁcation, the methodology proposed in [31] can be
used. A systematic analysis and reﬁnement of a requirement speciﬁcation using a
sophisticated NLP tool that utilizes a domain-speciﬁc ontology is necessary. However,
the checking of the quality of a speciﬁcation, in terms of syntactic and semantic
completeness and accuracy, needs to be studied more.
4.2 Mapping from a Requirement Speciﬁcation to a Conceptual Model
In the second step, a conceptual model is generated from the reﬁned requirement spec‐
iﬁcation. The conceptual model should be generated by integrating syntactic analysis,
semantic modeling with domain knowledge, and quality analysis. Ideally, multiple
methodologies discussed in Sect. 3 should be combined and used.
The syntax and semantics of a requirement speciﬁcation should be analyzed sepa‐
rately. The syntactic analysis of a requirement speciﬁcation can be accomplished by
NLP tools. The ﬁrst easy-to-use technique is the noun-identiﬁcation approach, which
evaluates nouns in the requirement speciﬁcation to ﬁnd classes or entities in the concep‐
tual model [18, 51]. The patterns of speciﬁc sentences [41] or verbs [54] are retrieved
to ﬁnd appropriate relationships. Since these techniques are not complete, accurate or
even generic, we need to use other techniques to identify additional entities that cannot
be discovered by pure syntax analysis. We can use the taxonomic class modeling
methods [59] to identify entities that can be inferred from verbs and entities that are
important to the domain but are not explicitly stated in the speciﬁcation. Song et al. use
rule-based methods to identify entities from verbs and apply domain knowledge to the
notion of entity categories to discover those implicit entities [59].
Based on the results of the syntactic analysis, the semantic analysis of the require‐
ment speciﬁcation should be followed. A popular way to add semantics during the auto‐
mated generation of a model is to exploit a lexical database such as WordNet as well as
a domain ontology. Additional semantic modeling approaches that can be employed are
Discourse model [32], Interlingua [38], ROM [69], and SemNet [43]. For more mean‐
ingful semantic modeling, techniques of utilizing the domain knowledge with these
semantic modeling approaches should be studied.
Next, the ways of enforcing constraints of a domain or a modeling language and the
quality of ﬁnal conceptual models should be considered. A simple way to eﬀectively
enforce constraints is to employ a metamodel of the target conceptual model. Constraint
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types speciﬁed in the metamodel help the modeler identify and deﬁne domain-speciﬁc
constraints. An automated quality analysis of conceptual models is challenging. Agui‐
lera et al. [2] present a method that deﬁnes quality issues of a given model and detects
quality issues of the model. Another approach is to deﬁne domain-speciﬁc quality issues
by developing a UML proﬁle [27]. An automated mapping methodology that incorpo‐
rates the domain-speciﬁc quality issues needs much more investigation. To realize the
automation of the aforementioned processes, a series of steps such as syntax analysis,
semantic modeling, domain knowledge, and constraints and quality enforcement must
be systematically integrated.
4.3 Reverse Analysis Between the Reﬁned Requirement Speciﬁcation and the
Generated Requirement Speciﬁcation
Evaluation methods are required to examine whether the generated conceptual data
model represents the necessary and suﬃcient conditions of the semantics of the require‐
ment speciﬁcation. Ideally, both the data modeler and stakeholders (or domain experts)
should participate in the evaluation process. The data modeler can verify the syntax and
semantics of the model against the requirement speciﬁcation as he/she is well versed
with the employed data model. Stakeholders can validate the semantics of the generated
model as they know more about the domain than the data modeler does. In order to help
the stakeholders validate the model against the requirement speciﬁcation, the generated
conceptual model should be translated into a description in NL that could be easily
understood by the stakeholders. The semantics of generated description can be evaluated
against the original requirement speciﬁcation and the domain. A verbalization method,
used to produce a verbalization of a UML conceptual schema [1], may be used for this
purpose.
In previous studies, the conceptual models are summarized in terms of recall and
precision based on the experts’ analyses [35]. Comparative analyses between the
conceptual model in NL and the requirement speciﬁcation are also necessary. For this
purpose, both the comparison aspect of semantics at the sentence level and the devel‐
opment of quantitative measurements are also required. Semantic recall and precision
[10] could be employed for that purpose.
4.4 Needs for Rational Empirical Studies
For eﬀective comparisons of various conceptual modeling techniques and tools, it is
necessary to have consistent, reliable, and replicable testbed and benchmark tests. Our
survey shows that there have been no such environments in the conceptual modeling
community. A lack of these standard testing environments limits comparative studies.
These testing environments should include multiple speciﬁc application areas with
their requirement speciﬁcations; domain knowledge of the areas; automated conceptual
modeling methodologies and tools to create conceptual models; methods of translating
the generated conceptual model into diverse natural languages; and quantitative meas‐
ures for comparing the results of the testing. In order to create these environments,
contributions by crowdsourcing would be desirable.
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Conclusions

This paper presented six categories of methodologies that can be used for semi-auto‐
mated conceptual data modeling. These categories include linguistic-based, patternbased, case-based, ontology-based, metamodeling-based, and multi-techniques-based
conceptual modeling. Based on this survey, we proposed a three-step framework for
semi-automated conceptual data modeling. It consists of an analysis and reﬁnement of
the requirement speciﬁcation, a mapping of the requirement speciﬁcation to a conceptual
model, and a reverse analysis between the generated requirement speciﬁcation from the
generated conceptual model and the input requirement speciﬁcation. We proposed the
need for testbeds and benchmark testing environments for conceptual modeling
research. We also discussed promising research topics in each step. Automated concep‐
tual data modeling is far from satisfactory and there are many challenging issues ahead.
Recent advances in cognitive computing [46] and machine learning [68] techniques
could be introduced in automated conceptual modeling.
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