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Abstract. Conceptual modelli ng is a key task in the early phases of an
information system (IS) li fe cycle. In the development of object-oriented
information systems (OOIS) class diagrams become the conceptual schema that
reflects not only the objects of the application domain but also the behaviour of
them. They lay the foundation of all l ater design and implementation work.
Hence class diagram quali ty is a crucial issue that must be evaluated (and
improved if necessary) in order to get getting quality OOIS, which is the main
concern of present day software development organisations. It is in this context
where software measurement plays an important role, because the early
availabilit y of metrics could contribute to build better OOIS. After a thorough
review of the existent OO measures applicable to class diagrams at high level
design stage, we have presented in [13] a set of metrics for the structural
complexity of class diagrams built using the Unified Modelli ng Language
(UML). The main goal of this work is the empirical validation of those metrics.
We will present a controlled experiment carried out to assess the capabilit y of
those metrics to be used as early maintainabilit y indicators. Using the data
collected in the experiment we will build a maintainability prediction model for
class diagrams based on fuzzy classification and regression trees.
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1 Introduction

Conceptual modell ing is a key task in the early phases of an information system (IS)
li fe cycle. Moreover, modern approaches towards OO system development, like
Catalysis [6] and Rational Unified Process [27], have included conceptual modelling
as a relevant task. In the development of object-oriented information systems (OOIS)
class diagrams become the conceptual schema that reflects not only the objects of the
application domain but also the behaviour of them. They lay the foundation of all l ater
design and implementation work. Hence class diagram quality is a crucial issue that
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must be evaluated (and improved if necessary) in order to get quality OOIS, which is
the main concern of present day software development organisations.

The early focus on class diagram quali ty may help IS designers build better OOIS,
without unnecessary rework at late stages of the development when any changes are
more expensive and more difficult to perform. It is in this context where software
measurement plays an important role, because the early availabili ty of metrics could
contribute to evaluate class diagram quali ty in an objective way avoiding bias in the
quali ty evaluation process.

Most of the existing literature about OO measures [16], [22], [33] is related to
measures which can only be applied once a software product is completed or nearly
complete, and these provide information too late in order to lead us to build quali ty
OOIS.

After a thorough review of some of the existing OO measures, applicable to class
diagrams at high level design stage [5], [20], [3], [21] we have proposed [13] a set of
measures which measures the structural complexity of class diagrams due to the usage
of relationships (associations, generalisations, aggregations and dependencies). Those
measures are applicable to class diagrams built using the Unified Modelli ng Language
(UML) at a high level design stage. However, the simple proposal of metrics is of no
value if its practical use is not demonstrated empiricall y by experimentation, either by
means of case studies taken from real projects or   by  controlled experiments.
Therefore, empirical validation is crucial for the success of any software measurement
project [18], [11], [29], [1].

Given that maintenance was (and will continue to be) the major resource waster in
the whole software life cycle, maintainabili ty has became one of the software product
quali ty characteristic [17] that software development organisations are more worried
about. As an external quality attribute, maintainabil ity can only be measured when the
product is finished, so our idea is to use the early metrics we proposed [13] as early
maintainabili ty indicators. Therefore, we will present a controlled experiment carried
out to assess the capabili ty of those metrics to be used as early maintainabili ty
indicators for class diagrams. From the empirical data we will build a maintainabili ty
prediction model for class diagrams, using a novel approach  based on fuzzy
classification and regression trees.

This paper is organised in the following way:  In section 2 we will present a set of
metrics for measuring UML class diagram structural complexity proposed in [13]. In
section 3 we will describe each of the steps followed to perform a controlled
experiment, with the objective of empiricall y validating those metrics. In section 4 we
will show how to predict class diagram maintainabili ty using a prediction model
based on fuzzy classification and regression trees. Lastly, section 5 summarises the
paper, draws our conclusions, and presents future trends in metrics for object
modelling using UML.

2 A proposal of metr ics for UML class diagrams

In this section we present some of the metrics proposed in [13] and some other typical
OO measures, which can be applied to class diagrams at a high level design stage. We
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only consider those related to the class diagram as a whole, which we called “Class
Diagram-Scope metrics” .
− NUMBER OF CLASSES. (NC) is the total number of classes within a class diagram.
− NUMBER OF ATTRIBUTES. (NA) is the total number of attributes within a class

diagram.
− NUMBER OF METHODS. (NM) is the total number of methods within a class

diagram.
− NUMBER OF ASSOCIATIONS. (NAssoc) is defined as the total number of associations

within a class diagram.
− NUMBER OF AGGREGATION. (NAgg) is defined as the total number of aggregation

relationships within a class diagram (each whole-part pair in an aggregation
relationship).

− NUMBER OF DEPENDENCIES. (NDep) is defined as the total number of dependency
relationships within a class diagram.

− NUMBER OF GENERALISATIONS. (NGen) is defined as the total number of
generalisation relationships within a class diagram (each parent-child pair in a
generalisation relationship).

− NUMBER OF GENERALISATIONS HIERARCHIES. (NGenH) is defined as the total
number of generalisation hierarchies in a class diagram

− MAXIMUM DIT. The Maximum DIT in a class diagram is the maximum between
the DIT value obtained for each class of the class diagram. The DIT value for a
class within a generalisation hierarchy is the longest path from the class to the root
of the hierarchy.

3 Empir ical validation of the proposed metr ics

Taking into account some suggestions provided in [2], [24] about how to do empirical
studies in software engineering, we carried out a controlled experiment pursuing the
following goals:

1. To ascertain if any relationship exists  between each of the proposed metrics and
three of the maintainabili ty sub-characteristics: understandabilit y, analysabili ty and
modifiabil ity [17] related to UML class diagrams.

2. To establish a prediction model for those maintainabili ty sub-characteristics from
metric values obtained at a high level design stage.

3.1 Subjects

The experimental subjects used in this study were: 7 professors and 10 students
enrolled in the final-year of Computer Science in  the Department of Computer
Science at the University of Castill a-La Mancha in Spain. All of the professors belong
to the Software Engineering area and they have ample experience in the design and
development of OO software. By the time the experiment was done all of the students
had had two courses on Software Engineering, in which they learnt in depth how to
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build OO software using UML. Moreover, subjects were given an intensive training
session before the experiment took place.

3.2 Experimental materials and tasks

The subjects were given twenty eight UML class diagrams of the same universe of
discourse, related to Bank Information Systems.  Each diagram has a test enclosed
which includes the description of three maintainabili ty sub-characteristics, such as:
understandabili ty, analysabilit y, modifiabili ty. Each subject has to rate each sub-
characteristic using a scale consisting of seven linguistic labels. For example for
understandabili ty we use the linguistic labels shown in table 1.

Table 1.  Understandabilit y linguistic labels.

Extremely
diff icult to
understand

Very
diff icult to
understand

A bit
diff icult to
understand

Neither
diff icult nor

easy to
understand

Quite easy
to

understand

Very easy
to

understand

Extremely
easy to

understand

We allowed one week to do the experiment, i.e., each subject had to carry out the
test alone, and could use unlimited time to solve it.

After completion of the tasks subjects were asked to complete a debriefing
questionnaire. This questionnaire included (i) personal details and experience, (ii )
opinions on the influence of different components of UML class diagrams, such as:
classes, attributes, associations, generalisations, etc... on their maintainabili ty.

3.3 Experimental design and data Collection

The INDEPENDENT VARIABLE  is the structural complexity of UML class diagram
measured with the metrics proposed in sections 2.

The DEPENDENT VARIABLES are three of the maintainabili ty sub-characteristics:
understandabili ty, analysabilit y and modifiabil ity measured according to subject’s
rating.

We decided to give our subjects as much time as they needed to finish the test they
had to carry out. All tests were considered valid because all the subjects had at least
medium experience in building UML class diagrams and developing OOIS (this fact
was corroborated analysing the responses of the debriefing questionnaire).

3.4 Data Analysis and Results

Due to the nature of the software development process and products, one cannot
expect to use in Software Engineering the same measurement data analysis techniques
that are used in “exact” sciences, e.g., Physics, Chemistry, nor obtain the same degree
of precision and accuracy [23]. The calculation of correlation or the use of regression
analysis is not sufficient [4]. Statistic and numerical machine learning techniques are
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very dependant on the set of data and the models and are not qualitative [28].
Therefore, we need a machine learning technique that allow us to build prediction
models with two characteristics: they must be highly qualitative and more
straightforward and intell igible to human beings.

Following this idea, [9] and [10] proposed a fuzzy classification using a set of
software quality metric values by an unsupervised learning process. However our
proposal is different because we follow a supervised learning method, which is a
novel data analysis approach based on a rule system with linguistic variables [32].
This approach, as a method of supervised learning, provides models that allow us to
discover the most relevant conceptual relationships between the data we are
analysing, where the accuracy of those models is sacrificed in favour of its simplicity
and easiness to understand.

This method  for induction of fuzzy rule system is a generalisation of the classical
regression approach. For the sake of brevity we only show the results obtained by the
application of this technique. More information about it could be found in [14], [19],
[7].

First, we establish fuzzy rule systems for understandabili ty, analysabil ity and
modifiabil ity. For example for understandabili ty we use a learning set with X={ set of
our metrics} and Y={ the values of understandabili ty obtained in our experiment} . We
have obtained 476 values (28 class diagrams and 17 subjects) of this unknown
function:

F1(NC,NA,NM,NAssoc,NAgg,NAggVC,NAggH,NDepR,NDepVC,NGen,NGH,M
axDIT)=understandabili ty

We also consider functions for the analysabil ity and modifiability, as is shown below:

F2(NC,NA,NM,NAssoc,NAgg,NAggVC,NAggH,NDepR,NDepVC,NGen,NGH,
MaxDIT)=analisabili ty

F3(NC,NA,NM,NAssoc,NAgg,NAggVC,NAggH,NDepR,NDepVC,NGen,NGH,
MaxDIT)=modifiabili ty

By the induction method described above we have obtained a prediction model
composed of fuzzy rules, generated from the obtained fuzzy rules. A fuzzy rule is
formed by the antecedent part (left part of the rule) and the consequent part (right part
of the rule) to reflect causal-effect relation. The antecedent part is formed by
aggregation of fuzzy statements as “ X is A” , where X is a metric value and A is a
fuzzy set over metric domain.

In this example we have used a trapezoidal function for fuzzy sets, which are
defined by four numbers. The fuzzy set [a,b,c,d] has the following membership:
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As our goal is to define a rule system with linguistic variables we briefly introduce
the concept of linguistic variables. A linguistic variable [32] is a tuple (X, T(X), V, G,
M) where X is the variable name (in our case metric names), T(X) is the label set, V is
the domain in which the variables are defined, M is a semantic rule that associate to
each label a fuzzy set defined over the domain V.

With our method once the fuzzy sets are inducted, we will label each fuzzy set (see
table 2) for establishing the linguistic variables we will use. In table 2 only appear
those metrics that have bee resulted relevant for the maintainability sub-characteristics
we have considered.

Table 2. Labels of fuzzy sets.

Metr ics Very_Low
(V_L)

Low
(L)

Medium
(M)

High
(H)

Very_High
(V_H)

 NC [2,2,3,4] [3,4,5,7] [5,7,11,17] [11,17,20,22] [20,22,29,29]
 NA [4,4,22,30] [22,30,34,41] [34,41,56,56]
 NM [8,8,21,30] [21,30,30,35] [30,35,38,65] [38,65,69,73] [69,73,98,98]
 NGen [0,0,7,16] [7,16,24,24]
 NAgg [0,0,2,4] [2,4,9,9]

Table 3 shows the set of fuzzy rules of the understandabili ty model (they were
generated using an automatic tool). The rows named 1-15 represent the 15 rules
obtained by the induction approach where Everything (E) is the complete domain of
the metric. We can read the rule 14 thus “ IF NC is Very_High and NA is High and
NM is High or Very_High and NAgg is Low and NGen is High THEN
Understandabilit y is 5.6624 “  . This rule makes 0.009 error and has a data coverage
percentage of  0.68%.

Table 3.  Understandabili ty qualitative linguistic fuzzy model.

NC NA NM NAgg NGen Unders-
tandabili ty

ERROR COV%

1 V_L E E E E 1.6661 0.1104 19.6956
2 L E E E E 2.1647 0.1605 14.7674
3 M E L E E 2.7241 0.0964 7.1446
4 M E V_L E E 2.908 0.0828 6.6071
5 M E M E E 3.3291 0.1902 10.4751
6 M E H or

V_H
E E 3.7804 0.0893 3.5239

7 H E Not (H E E 4.1179 0.0668 2.8853
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NC NA NM NAgg NGen Unders-
tandabili ty

ERROR COV%

or V_H)
8 H E H E E 4.714 0.1275 6.625
9 V_H E Not (H

or V_H)
E E 4.7853 00084 0.2492

10 H E V_H E E 5.0307 01272 5.8916
11 V_H H H or

V_H
E L 5.3867 0.0166 1.2598

12 H E V_H E E 5.4917 0.0637 3.5325
13 V_H M H or

V_H
E E 5.6533 0.0189 1.2511

14 V_H H H or
V_H

L H 5.6624 0.0095 0.6839

15 V_H H H or
V_H

H H 5.7305 0.1837 14.8324

Where: the first column represents each rule number; the columns NC, NA, NM,
NAgg and NGen are the linguistic variables associated with each metric name; the
column Understandabili ty is the output or the consequent of the rules; the column
ERROR is the error produced when the rule is generated and the column COV% is
the data coverage percentage taking into account the sample data.

By our approach we also have obtained linguistic models for analysabili ty and
modifiabil ity, which are shown in tables 4 and 5. Those can be interpreted in the same
way as table 3.

Table 4.  Analysabilit y qualitative linguistic fuzzy model.

NC NA NM NGen Analysa
-bili ty

ERROR COV%

1 V_L E E E 1.828 0.1299 19.6956
2 L E E E 2.3444 0.1723 14.7674
3 M E L E 2.9064 0.0972 7.1446
4 M E V_L E 2.9739 0.0825 6.6071
5 M Not L M E 3.0203 0.032 2.0865
6 M L M E 3.413 0.1735 8.3886
7 M E H or V_H E 3.9167 0.0897 3.5239
8 H E Not (H or V_H) E 4.163 0.0585 2.8853
9 H E H E 4.8479 0.1242 6.625
10 V_H E Not (H or V_H) E 4.8697 0.0078 0.2492
11 H E V_H E 5.1622 0.1049 5.8916
12 H E H or V_H E 5.4117 0.0626 3.5325
13 V_H H H or V_H L 5.6073 0.013 1.2598
14 V_H M H or V_H E 5.6815 0.0154 1.2511
15 V_H H H or V_H H 5.6925 0.1662 15.5163

Table 5.  Modifiabilit y qualitative linguistic fuzzy model.

NC NA NM Modifia-bili ty ERROR COV%
1 V_L E E 1.9457 0.1416 19.6956
2 L L E 2.3705 0.1796 14.4859
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NC NA NM Modifia-bili ty ERROR COV%
3 M E L 2.9299 0.0901 7.1446
4 M Not L M 3.1397 0.035 2.0865
5 M E V_L 3.1471 0.0894 6.6071
6 M L M 3.5483 0.1911 8.3886
7 M E H or V_H 4.0154 0.0948 3.5239
8 H E Not (H or V_H) 4.2811 0.0566 2.8853
9 L Not L E 4.6282 0.0077 0.2814
10 H E H 4.905 0.1129 6.625
11 V_H E Not (H or V_H) 4.9974 0.0081 0.2492
12 H E V_H 5.2336 0.1249 5.8916
13 H E H or V_H 5.5931 0.0604 3.5325
14 V_H H H or V_H 5.7989 0.1965 16.7761
15 V_H M H or V_H 5.8278 0.0167 1.2511

These fuzzy rules systems shown in table 3, 4 and 5, represent prediction models
for the understandabili ty, analysabili ty and modifiabili ty. These models are highly
natural and closer to  the human mind, therefore they are in accordance with our
goals, presented in the beginning of this section.

Our method also allow us to identify which are the most relevant metrics
associated to each maintainabili ty sub-characteristics, as we described in the
following:

− Understandabilit y: NC, NA, NM, NAgg and NGen metrics (see table 3).
− Analysabilit y: NC, NA, NM and NGen metrics (see table 4).
− Modifiabilit y: NC, NA and NM metrics (see table 5).

3.5 Threats to Validity

We will discuss the empirical study’s various threats to validity and the way we
attempted to alleviate them.
− CONSTRUCT VALIDITY.  The degree to which the independent and the dependent

variables accurately measure the concepts they purport to measure.
− INTERNAL VALIDITY. The degree to which conclusions can be drawn about the

causal effect of independent variables on the dependent variables.
− EXTERNAL VALIDITY. The degree to which the results of the research can be

generalised to the population under study and other research setting.

3.5.1 Threats to Construct Validity
The dependent variables we used are maintainabili ty sub-characteristics:
understandabili ty, analysabilit y and modifiabil ity. We propose subjective metrics for
them (using linguistic variables), based on the judgement of the subjects (see section
3.3). As the subjects involved in this experiment have medium experience in OOIS
design and implementation we think their ratings could be considered significant.

For construct validity of  the independent variables, we have to address the
question to which degree the metrics used in this study measure the concept they
purport to measure. Our idea is to use metrics presented in section 2. to measure the
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structural complexity of an UML class diagram. From a system theory point of view,
a system is called complex if it is composed of many (different types of elements),
with many (different types of) (dynamically changing) relationships between them
[26]. According to this, we think that the construct validity of our independent
variables can thus be considered satisfactory. In spite of this, we consider that more
experiments must be done, in order to draw a final conclusion to assure construct
validity.

3.5.2 Threats to Internal Validity
The following issues have been dealt with:
− DIFFERENCES AMONG SUBJECTS. Using a within-subjects design, error variance

due to differences among subjects is reduced. As Briand et al. remarks [2] in
software engineering experiments when dealing with small samples, variations in
participant skills are a major concern that is difficult to fully address by
randomisation or blocking. In this experiment, professors and students had the
same degree of experience in modell ing with UML.

− KNOWLEDGE OF THE UNIVERSE OF DISCOURSE AMONG CLASS DIAGRAMS. Class
diagrams were designed for the same universe of discourse, only varying the
number of attributes, classes, associations, i.e. their constitutents parts. So that,
the knowledge of the domain doesn’ t attempt to the internal validity.

− ACCURACY OF SUBJECT RESPONSES. Subjects assumed the responsibili ty for rating
each maintainabili ty sub-characteristics. As they have M experience in OO
software design and implementation, we think their responses could be
considered valid. However we are aware that not all of them have exactly the
same degree of experience, and if the subjects have more experience minor
inaccuracies could be introduced by subjects.

− LEARNING EFFECTS. All the tests in each experiment were put in a different order,
to avoid learning effects. Subjects were required and controlled to answer in the
order in which test appeared.

− FATIGUE EFFECTS. On average the experiment lasted for less than one hour, so
fatigue was not very relevant. Also, the different order in the tests helped to avoid
these effects.

− PERSISTENCE EFFECTS. In order to avoid persistence effects, the experiment was
run with  subjects  who had never done a similar experiment in UML.  One
similar experiment was done by these subjects but related to entity relationship
diagrams [14].

− SUBJECT MOTIVATION. All the professors who were involved in this experiment
have participated voluntarily, in order to help us in our research. We motivated
students to participate in the experiment, explaining to them that similar tasks to
the experimental ones could be done in exams or practice by students, so they
wanted to take the most of the experiment.

− OTHER FACTORS. Plagiarism and influence between subjects really could not be
controlled. Students were told that taking with each other was forbidden, but they
did the experiment alone without any control, so we had to trust them as far as
that was concerned.
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Seeing the results of the experiment we can conclude that empirical evidence of the
existing relationship between the independent and the dependent variables exists.  But
only by replicating controlled experiments, where the measures would be varied in a
controlled manner and all the other factors would be kept constant, could really
demonstrate causality.

3.5.3 Threats to External Validity
The greater the external validity, the more the results of an empirical study can be
generalised to actual software engineering practice. Two threat of validity have been
identified which limit the abili ty to apply any such generalisation:
− MATERIALS AND TASKS USED. In the experiment we tried to use class diagrams

and tasks which can be representative of real cases, but more empirical studies
taking “real cases” from software companies must be done.

− SUBJECTS. To solve the difficulty of obtaining professional subjects, we used
professors and advanced students from software engineering courses. We are
aware that more experiments with practitioners and professionals must be carried
out in order to be able to generalise these results. However, in this case, the tasks
to be performed do not require H levels of industrial experience, so, experiments
with students could be appropriate [1].

We want to highlight that this is a first approach to predict UML class diagram
maintainabili ty. We are aware that it is necessary to replicate this experiment with a
greater number of subjects, including practitioners. It could also be useful to have
“real data” about UML class diagram maintainabili ty efforts, like time spent in
maintenance tasks in order to predict data that can be highly productive for software
designers and developers. However, this is the major problem confronting software
measurement, the scarce availabili ty  of data related to “real projects” . It would be
necessary to have access to a public repository [4] with metric related data in order to
reuse past experiences and learn and move on from them.

4 Prediction of class diagram maintainabili ty

Now, by way of an example we will only demonstrate how the understandabili ty of a
class diagram can be predicted using the proposed model, presented above.

For example, suppose that we want to answer the following question,” What is the
value of Understandabili ty, if we know that NC is 21, NA is 50, NM is 70, NAgg
is 9 and NGen is 20 ?”. This question, can be answered by inference following table
6.

Table 6.  Inference of a new value of understandabili ty.

RULE NC=21 NA=50 NM=70 NAgg=9 NGen=20 Unders-
tandabili ty

MIN MIN*
Unders-
tanda-
bili ty

1 0 1 1 1 1 1.67 0 0
2 0 1 1 1 1 2.16 0 0
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RULE NC=21 NA=50 NM=70 NAgg=9 NGen=20 Unders-
tandabili ty

MIN MIN*
Unders-
tanda-
bili ty

3 0 1 0 1 1 2.72 0 0
4 0 1 0 1 1 2.91 0 0
5 0 1 0 1 1 3.33 0 0
6 0 1 0.75 1 1 3.78 0 0
 7 0.5 1 0.25 1 1 4,12 0.25 1.03
8 0.5 1 0.75 1 1 4.71 0.5 2.36
9 0.5 1 0.25 1 1 4.79 0.25 1.2

10 0.5 1 0.25 1 1 5.03 0.25 1.26
11 0.5 1 0.75 1 0 5.39 0 0
12 0.5 1 0.25 1 1 5.49 0.25 1.37
13 0.5 0 0.75 1 1 5,65 0 0
14 0.5 1 0.75 0 1 5.66 0 0
15 0.5 1 0.75 1 1 5.73 0.5 2.87

SUM 2 10.08

Where: the column RULE is the rule number; the columns NC, NA, NM, NAgg,
NGen represent the degree of membership of each; the column Understandabili ty
represents  the output or the consequent of the rules; the column MIN represents
minimum of the degree of membership of the antecedents and the column
MIN*Understandabili ty represents the contribution of each rule to the final
solution 5.04.

Using approximate reasoning [30] and with a simplified consequent, detailed in
table 3, we obtain the result shown in figure 1.

Ex trem ely
di f f i cul t to
understand

V ery
di f f i cul t to
understand

A  bi t
di f f i cul t to
understand

N ei ther
di f f i cul t nor

easy  to
understand

A  bi t easy
to

understand

V ery  easy
to

understand

Ex trem ely
easy  to

understand

7 6 5 4 3 2 1

1

0

0.99

0.01

5.04

Fig. 1.  Inference of a new understandabilit y value
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The value of understandabili ty is 10.08/2=5.04. This value is 99% a bit diff icult to
understand and 1% very difficult to understand. This value is obtained making a
weigted average of the output (maintenanse time) of each rule with your degree of
membership. Even though this is a very simple example, it ill ustrates thatbit is
possible to predict the class diagram understandabili ty, modifiabili ty and analy
sabili ty from the metrics values, early in the development of OOIS, helping thus the
OOIS designers.

5 Conclusions and future work

It is widely recognised that the quali ty assurance of OOIS  must be guaranteed since
the early phases of its life cycle. OO conceptual models, like class diagrams are the
key artifact of the early development, so focusing in their quality should contribute to
the quali ty of the OOIS which is ultimately implemented.

We have presented a set of measures for evaluating UML class diagram structural
complexity. From metrics values we have built prediction models for the
understandabili ty, analysabilit y and modifiabil ity of class diagrams based on fuzzy
classification and regression trees. The data used to built those prediction models was
collected through a controlled experiment.

That experiment also allowed us to highlight the most relevant metrics associated
to each maintainabili ty sub-characteristics, which are for understandabili ty NC, NA,
NM, NAgg, NGen, for analysabili ty NC, NA, NM, NGen, and for modifiabil ity NC,
NA and NM. Nevertheless, given that these conclusion can be considered as
preliminaries we cannot discard the others metrics. We are aware that we need to do
more metric validation, specially taken data from “real cases” to derive some design
heuristics that could/should be included on design tools. This could really help IS
designers to take better decisions in their design tasks, which is the most important
goal that must pursue any measurement proposal if it pretends to be useful [12].

We have developed another prediction model for those maintainabili ty sub-
characteristics [15] based on fuzzy deformable prototypes. As future work we will
compare the prediction capabili ty of both models applied to real data

We will also focus our research on measuring other quality factors like those
proposed in the [17], which not only tackle class diagrams, but also evaluate other
UML dynamic diagrams, such as use-case diagrams, state diagrams, etc. To our
knowledge, littl e work has been done towards measuring dynamic and functional
models [8]; [25]; [26]. This is an area which need further investigation [4].
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