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Abstract 

 
 
 There is often a wealth of extant domain-specific, 

natural-language data available to help guide 
developers of object-oriented systems. This data is 
generally amenable to natural language processing in 
order to derive valuable design information. However, 
from a review of the field, we contend that current 
approaches have not been able to extract all the 
semantic and design detail that is present in such data. 
For instance: we see a lack of dynamic system 
representations; we detect reluctance for researchers 
to adopt hybrid solutions - where users confirm and 
elaborate automated analyses; and we suggest there is 
work needed to determine a comprehensive repertoire 
of potential relationships between system components. 
In partial pursuit of such a manifesto, this paper 
mentions briefly our algorithmic proposal for 
processing natural language into UML with 
supplemental user involvement. 
 
 

1. Introduction 

In order to capture essential and relevant software 
requirements for constructing a software system, 
Natural Language (NL) descriptions often need to be 
analysed, transformed and restructured into a form of 
design notation, eg Object-Oriented Analysis (OOA) 
might produce Unified Modelling Language (UML) [1] 
models.  

However, OOA exhibits some unique difficulties 
that are inherited form NL. Firstly, NL is highly 
informal in nature, with speakers or writers inventing 
new forms and combinations of language. Indeed, 
sentence patterns of NL can be complex and 
ambiguous, which may lead to multiple interpretations 
[2][3]. Ssecondly, based on the ambiguous and 

complex NL descriptions of user requirements, implicit 
requirements can be difficult to recover; especially 
when requirements engineers are not familiar with the 
problem domain of the system under consideration. 
Finally, such informal requirements descriptions could 
contain large amounts of information that can be time 
consuming to analyse. 

Previous studies (see section 3) have shown that 
using Natural Language Processing (NLP) in OOA can 
lead to automatic text analysis. Therefore, NLP can 
disambiguate NL descriptions and assist model 
generation.  

The objective of this paper is to investigate how the 
problems related to NL can be addressed in OOA by 
NLP-based tools. We begin with a background of OOA 
and consider linguistic theories and techniques used in 
NLP systems. Next, we investigate some existing NLP 
systems for automatic OOA and evaluate possible gaps 
in their coverage. Finally, we suggest enhancements to 
existing OOA systems by including dialogue with the 
user.  
 
 

2. Background  

2.1. Object-Oriented Analysis 

OOA applies the OO paradigm to models of 
proposed systems by defining classes, objects and the 
relationships between them. Classes are the most 
important building block of an OO system and from 
these we instantiate objects. Once an individual object 
is created it inherits the same operations, relationships, 
semantics, and attributes identified in the class. 
Attributes of classes, and hence objects, hold values of 
properties. Operations, also called methods, describe 
what can be done to an object/class. A relationship 
between classes/objects can show various attributes 



such as aggregation, composition, generalization and 
dependency.  

Attributes and operations represent the semantics of 
the class, while relationships represent the semantics of 
the model  

The KRB seven-step method, introduced by Kapur, 
Ravindra and Brown [4], proposes how to find classes 
and objects manually. Hence, 
1. Identify candidate classes (nouns in NL). 
2. Define classes (look for instantiations of classes). 
3. Establishing associations (capturing verbs to create 

association for each pair of classes in 1 and 2). 
4. Expanding many-to-many associations. 
5. Identify class attributes. 
6. Normalise attributes so that they are associated with 

the class of objects that they truly describe. 
7. Identify class operations. 
 

From this process we can see that one goal of OOA 
is to identify NL concepts that can be transformed into 
OO concepts; which can then be used to form system 
models in particular notations. Here we shall 
concentrate on UML. In particular, we shall see how 
existing systems in this field support diagrammatic 
notations to describe the context, static structure and 
dynamic behaviour of systems in section 4. 

 
2.2. Linguistic analysis 

Linguistic analysis studies NL text from different 
linguistic levels, i.e. words, sentence and meaning. 

(i) Word-tagging analyses how a word is used in 
a sentence. In particular, words can be changeable from 
one sentence to another depending on context (e.g. 
light can be used as noun, verb, adjective and adverb; 
and while can be used as preposition, conjunction, verb 
and noun). Tagging techniques are used to specify 
word-form for each single word in a sentence, and each 
word is tagged as a Part Of Speech (POS), e.g. a NN1 
tag would denote a singular noun, while VBB would 
signify the base form of a verb [7][8][9][10][11]. 

(ii)  Syntactic analysis applies phrase marker, or 
labeled bracketing, techniques to segment NL as 
phrases, clauses and sentences, so that the NL is 
delineated by syntactical/grammatical annotations. 
Hence we can shows how words are grouped and 
connected to each other in a sentence. Some theories of 
core grammar for syntactic analysis can be found in 
[12]. 

(iii)  Semantic analysis is the study of the meaning. 
It uses discourse annotation techniques to analyze 
open-class or content words and closed-class words 
(i.e. prepositions, conjunctions, pronouns). The POS 

tags and syntactic elements mentioned previously can 
be linked in the NL text to create relationships [13].  
 
2.3. Conventional NLP tools 

Applying these linguistic analysis techniques, NLP 
tools can carry out morphology processing, syntactic 
processing and semantic processing. The processing of 
NL text can be supported by Semantic Network (SN) 
and corpora that provide a knowledge base for text 
analysis [14].  

A SN is used to represent knowledge, and for 
knowledge reasoning in automated systems. They use a 
declarative graphic notation of interconnected nodes, 
where the nodes are concepts and the arcs are types of 
relationship denoted by NL (e.g. a kind of, includes, is 
a, is, has, etc).  

 

 
Figure 1. An Example of SN (from [15]) 

 
 Figure 1 is an example of a SN. It represents the 

relationships among certain types of concrete object. 
Each node is named with a noun and refers to a type of 
concrete object. According to Halliday’s [6] definition 
of nouns, “Noun names a class of things that could be 
concrete objects or persons, as well as abstracts, 
processes, relations, and states, attributes”. The 
different types of noun have different semantics in 
OOA, yet those differences are not distinguished in SN. 
Furthermore, the semantics of a relationship are 
denoted by NL, which has multiple semantics. For 
instance, in OOA, DOG and LEG have a ‘whole-part’ 
semantic relationship, i.e. an aggregation, and are 
denoted with a unique notation in, say, UML. 
However, in SN, the label “has” could denote 
aggregation, or it could imply state, etc. 

Although a SN can represent the problem domain 
under consideration, it does not necessarily map readily 
onto the OO paradigm. However, we argue that each 
concept can be considered an object, class or attribute; 
and that arcs signify associations and/or operations, 
which do warrant further analysis. 

The difficulty of OOA is not just due to the 
ambiguity and complexity of NL itself, but also the gap 
in meaning between the NL concepts and OO concepts. 



Thus, bridging this semantic gap has become an issue 
in NLP-based tools applied to OOA.  

 
 

3. Related Work 

3.1. Methods for OO Concepts Identification 

Previous studies provide some heuristics for 
mapping NL elements to OO concepts; however, it 
appears that the coverage is incomplete. For instance, 
Abbot first suggested that nouns indicate classes and 
objects, while verbs can denote behaviors [16]. Later, 
others suggested nouns also indicate properties 
[17][18] and verbs are used to indicate associations 
[19][20]. Saeki & Enemoto [26] suggest four 
categories of noun classification: class noun; value 
noun; attribute noun; and action noun. They also 
propose four categories of verb classification: state 
verb; action verb; action relational verb; and relational 
verb. In addition, Cockburn [21] proposes that 
adjectives describe nouns and as such can be class 
attributes. Hars and Marchewka [22] considered the 
meaning of various words, e.g. within, between and 
among, in order to explore the dynamic analysis of 
systems. Such heuristics suggest only some possibility 
that a class can be indicated. 

Based on previous studies allied to relationship 
identification [23][24], Juristo and Moreno [25] 
categorize eight specific NL structures: “is type of” 
denotes bottom-up simple inheritance; “can be” 
denotes top-down simple inheritance; “is a… and a…” 
denote multiple inheritances; “does … and …” denote 
binary association; “is identified by” denotes 
identification association; “does … to … on …” denote 
n-ary association; “contains … and …” and “are part 
of”  denote aggregation. Using those NL structures, 
they provide a set of rules that guide requirements 
engineers to construct static OO models. However, it is 
a manual approach and no dynamic modeling is 
considered.  Saeki and Enemoto [26] provide a process 
for requirements analysis based on the use of simple 
"verb patterns" to identify relationships and message 
sender (linguistic subjects) and message receivers 
(linguistic objects).  

The above techniques rely on the software engineer 
to identify and refine OO concepts rather than those 
concepts being derived automatically. The previous 
research provides methods for capturing candidate OO 
concepts, which are the foundation of automation in 
OOA. In the next section, we introduce some NLP 
systems that can be used to automatically identify OO 
concepts and/or generate object models. 

 
3.2. NLP for Automatic OOA 

Early studies have demonstrated the capability of 
NLP-based tools to handle ambiguity detection [27][3], 
and to provide reusable knowledge [28]. More recent 
projects emphasize automatic extracting of OO 
concepts to generate static and dynamic system views 
from domain-specific NL descriptions. 

Mich [29] demonstrates the use of a NLP system, 
LOLITA, to automatically generate an object model. 
That approach considers every noun as object and link 
attempts to find relationships amongst them. LOLITA 
[30] is built on a large scale SN. As we have explained 
early, a SN does not distinguish differences between 
classes, attributes, and objects. Therefore, the approach 
is limited and cannot identify classes.  

Delisle et al. [31], in their project DIPETT-HAIKU, 
capture candidate objects, linguistically differentiating 
between Subjects (S) and Objects (O), and processes, 
Verbs (V), using the syntactic S-V-O sentence 
structure. This work also suggests that candidate 
attributes can be found in the noun modifier in 
compound nouns, e.g. reserved is the value of an 
attribute of “reserved book”.  

Later, Harmain and Gaizauskas developed a NLP-
based CASE tool, CM-Builder [32][33], which 
automatically constructs an initial class model from NL 
text. It captures candidate classes, rather than candidate 
objects. 

Börstler [34] constructs an object model 
automatically based on pre-specified key words in a 
use case description. The verbs in the key words are 
transformed to behaviours and nouns are transformed 
to objects. Similarly, Overmyer and Rambow [35] 
developed NLP system to construct UML class 
diagrams from NL descriptions. Both these efforts 
require user interaction to identify OO concepts.  

The prototype tool developed by Perez-Gonzalez 
and Kalita supports automatic OO modeling from NL 
problem descriptions into UML notations, and 
produces both static and dynamic views. The 
underlying methodology includes theta roles and semi-
natural language [36].  
 
 

4. Methodology Evaluation 

In this section, the NLP systems that have been 
introduced in 3.2 are evaluated. Unfortunately, for a 
variety of reasons, we have not been able to locate the 
source code or working versions of all the tools. Some 
of our comparisons have, therefore, had to be based on 



the work presented in papers written by the authors of 
those tools. 

The output of OO requirements analysis is a system 
model consisting of different diagrams which represent 
the static and dynamic view of the internal system; and 
external interactions among components and users of 
the system. The capability for such model generation of 
each of the NLP systems previously discussed is 
illustrated in Table 1.  

Whilst there appears to be good provision for class 
and object diagrams, we can see that only GOOAL 
supports any sort of dynamic behavioral diagram. 
RECORD does provide for use case diagram 
generation, but it relies on user input. This shows the 
need for further research in NLP systems to provide a 
more diverse repertoire of system models. 
 

Table 1. Automatic OO modeling using NLPs 
Diagram 

Type 
NL-

OOPS 
96[29] 

D-H 
98 

[31] 

CM-
Builder
00[32] 

LIDA 
01[35] 

RCR 
01[34] 

GOOAL
03[36] 

External  
  

 
   

Use case
Diagram No No No No Yes No 

Internal &  
Static   

 
   

Class 
Diagram No No Yes Yes No Yes 

Internal & 
Dynamic    

 
   

Object 
Diagram Yes Yes No Yes Yes No 

Sequence 
Diagram No No No No No Yes 

Collab. 
Diagram No No No No No No 

External & 
Dynamic       

Activity 
Diagram No No No No No No 

 
Returning to the KRB seven-step method, classes 

are fundamental to the system we are looking to 
develop. Table 2 shows how well classes are identified 
in the three NLP systems which support class diagrams. 
In fact, we find that only two of these support 
automatic generation of the notation, while LIDA 
requires considerable user intervention.  

As we mentioned earlier, comprehensive class 
definition involves checking each candidate class from 
three perspectives: its attributes and behaviours; its 
identity to distinguish individual objects of a class; and 
its definition [4]. Table 2 shows that CM-Builder 
examines the candidate class according to the 

frequency of each noun (N) and noun-phrase (NP) 
appears in the text; and also the participation of N/NP 
in association relationships.  

We now use a case study presented in one CM-
Builder paper [32] to examine the success of that tool’s 
approach. This approach results in six correctly 
identified classes, two missing classes and seven extra 
classes. This is in comparison with the class model 
generated by hand in the case study in [37]; which we 
assume is optimal. Among the six correct classes, only 
four of them have any attributes identified and none of 
them has any operations. Therefore, we conclude that 
the issue of identifying classes from a NL description is 
not fully addressed by existing tools.  

 
Table 2. Identifying classes using NLP 

 
CM-Builder 

00 
LIDA 

01 
GOOAL 02 

Candidate 
Class N/NP  User 

N/NP   

Defining Class 
N/NP 
frequency, 
participation in 
Association R 

User Linguistic 
Analysis 
Technique 

Establishing 
Association ‘S-V-O’ on SN  

User  
Semi-NL 

many-to-many 
Associations 

Determiners 
(e.g. all, every, 
many, some) 

User  No 

Defining 
attribute Yes User  Yes 

Normalization 
No No No 

Defining 
operation No User  Yes 

 
Relationships describe the structure of classes and 

their interactions. Table 3 illustrates the class 
relationships that NLP systems can identify from NL 
descriptions. Only CM-Builder and GOOAL support 
automatic relationship identification, as shown 
previously. 

The left column in Table 3 lists the different types 
of class relationships found in the UML [4].  Among 
the five types of relationship, both CM-Builder and 
GOOAL are capable of identifying association 
relationships by using verbs and the SVO syntax. This 
is possible using linguistic tagging techniques. 

 



Table 3. Identifying class relationship using NLPs 
Class 

Relationship 
CM-
Builder 00 

GOOAL   
02 

Association Yes Yes 
Multiplicity in 
Association 

Single / 
Multiple 

Single /  
Specific  

Aggregation Yes No 
Composition No No 
Generalization No No 
Dependency No No 

 
However, both systems lack the ability to identify 

the four structure relationships - aggregation, 
composition, generalization and dependency. From a 
linguistic point of view, as we described earlier, such 
relationships are embodied in specific NL structures. 
For instance, “belong-to” can be used to identify the 
aggregation relationship in the organization of a 
system. Typical NL structures for generalization 
relationships are [25] “is-a-kind-of”,  “is-type-of”, 
which can be interpreted as bottom up generalizations, 
e.g. water is a type of liquid. At the same time “can-
be” may be interpreted as a top down generalization, 
e.g. a liquid can be water. 

Composition is a “whole-part” relationship and may 
be denoted by the NL structure “is-a-part-of”. Finally, 
dependency is even harder to capture and naively might 
be signaled by “uses” or “depends on”. 

In fact, NL descriptions are unlikely to be written in 
such a standard structure. For instance, consider the 
following text from the case study in CM-Builder, 
“there are two types of loan items, language tapes, and 
books”, rather then “language tape is a type of loan 
items” and “book is type of loan items”. This variety in 
NL description causes great difficulty in automatically 
identifying relationships among classes. 

An overall evaluation of such NLP systems 
illustrates that they are limited by the simplicity of 
input NL expressions and the size of those descriptions 
(typically <200 words). They generally rely on the 
software engineer to further refine models and they 
provide no support for incremental and iterative 
processes. In addition, they lack the ability to highlight 
missing requirements, but they often do provide 
general assistance in analyzing informal NL 
requirements descriptions and NL disambiguation. In 
terms of model generation, though each of them 
provides limited support, they have the potential to 
offer this feature in the future.  
 

5. Proposed approach for more 
comprehensive model generation 

Having seen that user intervention has been 
employed in previous work (e.g. LIDA) to support the 
OOA process, Figure 2 shows our proposed additional 
dialogue sub system integrated with conventional NLP 
functionality in order to support an iterative class 
identification process and support additional diagram 
genres. The aim is to report any ambiguity or 
inadequacy in the evolving model, which can then be 
further specified, confirmed and elaborated by an 
analyst or a customer. As such, the scheme proposed is 
a pragmatic reaction to the many challenges we face in 
gradually automating the various necessary steps. As 
and when we are able to automate the different steps, 
we can gradually reduce the amount of dialogue 
generation and hence user involvement. 
 

 
Figure 2 - Activity diagram of NLP system for 

identifying UML Diagrams 
 

User 

Processing input text 

Conventional NLP System 

Store UML diagrams 

Identified candidate classes and 
association relationships among 
classes (or class diagram) 

 

Suggest the need of attributes 
 

Input NL requirements 
description  

Suggest the need of operations 
 

Suggest the need of 
association relationship 

Suggest Actors 

Confirm 
attributes 

Confirm 
operations 

Refined Classes   

Refined Classes 

Refined Classes 

Confirm 
relationships 

Confirm 
Actors  

Additional 
dialogue 

sub 
system 

Suggest the possible aggregation, 
composition, generalization dependency 

Refined Classes 

Confirm 
relationships 

Refined Classes 



 

6. Conclusion and future work 

In the short term, the primary stumbling block to 
OOA successfully exploiting NLP systems is class 
identification and elaboration. However, as we become 
more adept at specifying classes, we will encounter 
future challenges as we try to automatically generate 
other system design views.  

From a review of existing NLP systems we have 
seen incomplete coverage of the necessary notations. 
As a consequence, we have proposed a pragmatic 
intermediate solution involving the development of a 
dialogue algorithm that will help tease out a more 
comprehensive system model from the domain expert. 

In terms of the future of this research, we now have 
a pressing need to devise an effective dialogue 
algorithm as well as develop a more comprehensive set 
of heuristics that can allow us to extract a richer model 
from NL descriptions. 

Beyond that, we see inadequacies in provision for 
dynamic system views. We are also keen to encourage 
further integration of this technology with downstream 
processes through the export of XMI [38]. 
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