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Abstract This paper presents the results of an empirical
study aiming at comparing the support provided by ER and
UML class diagrams during maintenance of data models. We
performed one controlled experiment and two replications
that focused on comprehension activities (the first activity in
the maintenance process) and another controlled experiment
on modification activities related to the implementation of
given change requests. The results achieved were analyzed
at a fine-grained level aiming at comparing the support given
by each single building block of the two notations. Such an
analysis is used to identify weaknesses (i.e., building blocks
not easy to comprehend) in a notation and/or can justify the
need of preferring ER or UML for data modeling. The analy-
sis revealed that the UML class diagrams generally provided
a better support for both comprehension and modification
activities performed on data models as compared to ER dia-
grams. Nevertheless, the former has some weaknesses related
to three building blocks, i.e., multi-value attribute, compos-
ite attribute, and weak entity. These findings suggest that an
extension of UML class diagrams should be considered to
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overcome these weaknesses and improve the support pro-
vided by UML class diagrams during maintenance of data
models.

1 Introduction

Data modeling is a process used to define and analyze data
requirements needed to support the business processes within
the scope of corresponding information systems in organiza-
tions [19]. This process usually involves data modelers that
work closely with business stakeholders and potential users
of the information system.

The output of the data-modeling process is represented
by a data model. The data model describes both the struc-
ture of and the operations on a database in a diagrammatic
form aiming at facilitating the communication between the
stakeholders involved in the data-modeling process [19].

Understanding and interpreting data models represents
a fundamental activity from the earliest stages of software
development, e.g., requirement analysis. Thus, a comprehen-
sive notation is really desirable to avoid misunderstanding
that can lead to the introduction of errors very expensive to
remove in the later phases of the software development.

A comprehensive notation is also desirable to facilitate the
maintenance of the produced data model. Indeed, data mod-
els should be considered living documents that will change
in response to a changing business. Thus, a comprehensive
notation can facilitate the comprehension activities that have
to be performed to understand the data model before the
analysis and the implementation of a change request.

Entity-relationship (ER) and its extensions are the most
used notations for database conceptual modeling and still
remains the de facto standard [19]. The success of the
object-oriented (OO) approach for software development has
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encouraged the use of this approach also for database model-
ing [23]. Specifically, UML class diagrams can be used to rep-
resent the conceptual schema of the whole software system,
so the same notation can be used to model the functionality
of the system as well as to represent its data. The structural
constructs of the UML class diagram which represents the
data structure is somewhat equivalent to extended ER (EER)
representation (e.g., object classes considered equivalent to
entity and relationship types). The functionality is repre-
sented through “Methods” that are attached to the object
classes.

While UML is becoming a de facto standard for the analy-
sis and design of software systems, it is not exploited with
the same success for modeling databases. Indeed, nowadays
ER remains the most used notation to model databases, and
in some cases, it complements UML in the design of soft-
ware systems. A recent survey also indicated that in some
cases, both ER and UML class diagrams are employed to
represent the same database [11]. Such behaviors might be
the trigger for possible problems during the evolution of the
data models. More effort is required to maintain the models
and their implementation up-to-date, since out-of-data mod-
els can generate inconsistency and misunderstanding during
software maintenance and evolution.

All these considerations lead researchers to empirically
compare the ER and UML diagrams to show the actual ben-
efits given by one notation as compared to the other [11]. The
results achieved in all these studies indicate that the support
given by UML class diagrams in comprehension and modi-
fication tasks is at least equal to (and in some cases, higher
than) the support given by ER diagrams. However, a deeper
analysis concerning the identification of the graphical ele-
ments of one notation that are more comprehensible than the
corresponding elements in the other notation is still missing.
To the best of our knowledge, such an analysis was only per-
formed by Shoval et al. [23] during the comparison of EER
and OO models.

A fine-grained analysis is vital to provide insight on why
UML class diagrams are better than the ER diagrams or vice
versa and to highlight strengths and limitations of the two
notations. This kind of analysis can be used to (i) justify
the need of preferring ER or UML class diagrams for data
modeling, or (ii) identify weaknesses in a notation that could
be overcome to improve its support for data modeling.

In this paper, we aim at bridging this gap presenting the
results of a set of controlled experiments to deeply analyze the
support given by ER and UML class diagrams during mainte-
nance of data models. In particular, we conducted a controlled
experiment and two replications aiming at analyzing the sup-
port given by the two notations during comprehension tasks.
In addition, we conducted another controlled experiment to
analyze the support given during modification activities. We
focus the attention only on these two activities, since high

comprehensibility and high modifiability are the two typical
expectations of people using these two notations to represent
conceptual data models. Indeed, an effective notation should
help to understand a system, modify it, and avoid defects in
the early stages of development [7].

The experiments aimed at performing a fine-grained
analysis to (objectively and subjectively) compare the sin-
gle building blocks, i.e., Entity, Primary Key/ID, Compos-
ite Attribute, Multi-value Attribute, Recursive relationship,
Relationship cardinality, Ternary relationship, Generalization
IS-A, Weak entity, M:N relationship, of the two notations.
The experiments aimed at analyzing the comprehensibility
of the two notations involved 156 students of the Univer-
sity of Salerno (Italy) with different academic background
represented by fresher, bachelor, and master’s students. The
experiment conducted to analyze the modifiability of the two
notations involved 28 master’s students of the University of
Salerno (Italy).

The results achieved indicated that UML class diagrams
are characterized by three weaknesses related to the repre-
sentation of Composite attribute, Multi-value attribute, and
Weak entity, as compared to the ER diagrams. However,
except for the three identified weaknesses, the UML class
diagrams are generally more comprehensible and easier to
modify than the ER diagrams.

The rest of the paper is organized as follows. Section 2
presents the related works. Section 3 provides details on the
design of the experiments, while Sect. 4 presents the results
achieved. Section 5 discusses the possible threats that could
affect the validity of the results achieved in our study. Con-
cluding remarks and directions for future work are given in
Sect. 6.

2 Related work

In the last four decades, several papers have analyzed graph-
ical notations supporting data modeling through controlled
experiments, empirical studies, and surveys.

In the 1970s, there was a tendency for comparing log-
ical models and focusing on the relational model versus
hierarchical and network models. For example, Brosey and
Shneiderman [8] found that the hierarchical model was sig-
nificantly easier to use than the relational model, but only
for the beginners group. Durding et al. [13] investigated how
people could organize data without using specific data mod-
els. Results suggested that the ease of using a model depends
on the inherent structure of the data in an application, and
the results supported Brosey and Shneiderman’s findings.

During the 1980s, empirical studies were performed
to compare logical models with conceptual models. They
largely emphasized the relational model versus conceptual
models. Usually, the results favor one model or the other
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based on the design task. Juhn and Naumann [14] com-
pared logical data structure (LDS), entity-relationship model
(ERM), data access diagram (DAD), and relational model
(RM). They reported that in relationship and cardinality find-
ing tasks, ERM and LDS were superior to RM and DAD.
On the other hand, RM outperformed ERM and LDS on
identifier comprehension tasks. Batra et al. [4] compared
novice user’s performances, using RM and Extended ER
model (EERM), and the results of their study suggested
that EERM led to significantly better user’s performances
in modeling binary and ternary relationships. Palvia et al.
[21] reported end-user’s experiences with hierarchical, net-
work, relational, and object-oriented models (OOM) [12].
Their analysis revealed that the OOM and network model
outperformed relational and hierarchical model in terms of
comprehension, efficiency, and productivity. Liao and Shih
[17] investigated the effects of data models and training on
data representation. EERM resulted to be superior to RM
in many areas. Furthermore, the high-degree training group
outperformed the low-degree one in modeling identifiers, cat-
egories, and relationships.

In the 1990s, the research interest moved to empirically
comparing different conceptual models, in particular, ERM
and OOM. As the focus of the current paper falls in this cat-
egory of studies, we will present a more detailed analysis of
previous research on comparing ERM and OOM. Tables 1
and 2 summarize the analyzed papers. For a better extract
of the main information when comparing the empirical stud-
ies, we designed Tables 1 and 2, according to the following
columns:

1. Ref. contains the reference to the paper presenting the
considered empirical study.

2. Goal describes the goal pursued by the empirical study.
3. Subjects presents the numbers of subjects, who partici-

pated in the empirical studies.
4. Independent variables describes the variables that are

studied to ascertain their effect on the dependent vari-
ables. The values (treatments) of the independent vari-
ables are presented.

5. Dependent variables presents the outcome variables,
which are the variables that are affected by the
changes produced in the independent variables.

6. Experiment design contains the type of design selected,
which can be:

– Between-subjects each subject receives only one
treatment.

– Within subjects each subject receives all the treat-
ments.

7. Tasks describes the tasks to be performed by the subjects
as part of the empirical study.

8. Results reveals the main findings obtained.

Table 1 presents the studies that compare the single build-
ing blocks (also called constructs), e.g., Entity, Primary
Key/ID, Composite Attribute, Multi-value Attribute, while
Table 2 summarizes empirical studies that compare ERM
and OOM in overall terms, i.e., not focusing on each build-
ing blocks.

There are four empirical studies for comparing data mod-
els by carrying out a fine-grained analysis of each of the
building blocks:

– Bock and Ryan [6] examined the correctness of the
design for eight constructs (i.e., entities/objects, attribute/
property identifiers, categories, unary one-to-one rela-
tionships, binary one-to-many relationships, binary
many-to-many relationships, ternary one-to-many-to-
many relationships, and ternary many-to-many-to-many
relationships) in an empirical analysis comparing EER
and OO models from a designer perspective. The analy-
sis revealed significant differences only in four cases
(i.e., representation of attribute identifiers, unary 1:1 and
binary M:N relationships) and no difference was found
concerning the time to complete the tasks.

– Shoval and Shiran [24] compared EER and OO data mod-
els from the point of view of design quality, where quality
was measured in terms of correctness for the produced
models, time to fully perform the design task, and design-
ers’ opinions. The comparison performed by Shoval and
Shiran based on several buildings blocks, related to rela-
tionships (i.e., inheritance, unary 1:1, binary 1:1, binary
1:n, and binary M:N relationships, ternary m:n:1, and
ternary m:n:p relationships) revealed that there was no
significant difference between EER and OO data mod-
els, except for the use of ternary and unary relationships,
since in this case, EER models provided better results.
Furthermore, the designers preferred to work with the
EER models.

– Shoval and Frumermann [23] also performed a compar-
ison of EER and OO diagrams, focusing on three main
building blocks (i.e., attribute, binary relationships, and
ternary relationships), taking into account the user com-
prehension. As done by Shoval and Shiran [24], they
separately examined the comprehension of various con-
structs of the analyzed models. Similar to Shoval and Shi-
ran [24], their analysis revealed that the EER schemas are
more comprehensible for ternary relationships while for
the other constructs, no significant difference was found.

– Liao and Plavia [16] assessed the design effectiveness
of some data models (i.e., RM, ERM, and OOM) from
the end-user’s perspective. They focused on the follow-
ing buildings blocks: entities/objects, descriptors, iden-
tifiers, relationships and generalization hierarchies, and
six facets of a relationship: unary one-to-one, unary one-
ternary, binary one-to-one, binary one-to-many, binary
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many-to-many, and ternary many-to-many-to-many. The
results of the study revealed that the ERM was generally
superior in representing relationships, OOM required less
time, and there was no significant difference with respect
to perceived ease of use.

The remaining two studies (Table 2), which contain eight
experiments in total (considering replications) and one sur-
vey, compared data models in overall terms, considering the
model as a whole, not analyzing each building block:

– A comparison between OOM and ERM from an end-
user’s perspective was carried out by Palvia et al. [22],
whose aim was to establish which was more comprehen-
sible. The results of a controlled experiment suggested
that the OOM was superior in this respect. They also car-
ried out a survey pursuing to compare ERM and OOM
with respect to 17 characteristics (i.e., data structure, data
independence, data integrity, data duplication, level of
detail, communication ability to users, communication
ability to computer professionals, documentation, revi-
sion of design, better design production, early discov-
ery of problem, flexibility of design produced, ease of
use, ease of learning, efficiency, productivity, and overall
quality). They also aimed at investigating the relation-
ships between the 17 characteristics and user’s attributes
(i.e., work experience, computer experience, and data-
base experience). The obtained findings revealed that the
gap in the user’s performances using OOM and EER
highlighted by the experiment diminished when com-
puter and database experience of subjects increased.

– De Lucia et al. [11] presented the largest empirical study,
which consist of three sets of controlled experiments (7
experiments in total) aimed at analyzing whether UML
class diagrams provided better support in comprehen-
sion, maintenance, and verification tasks, respectively.
The results showed that the UML class diagrams pro-
vided better support in comprehension and verification
activities. There was no difference regarding mainte-
nance tasks.

3 Design of the experiments

We present in detail the design of the experiments we car-
ried out to assess and compare the support provided by ER
and UML class diagrams during maintenance of data mod-
els. We performed one controlled experiment (and two repli-
cations) that focused on comprehension activities. Subjects
represented the only substantial difference among the exper-
iment and the two replications. We also conducted another
controlled experiment considering modification activities. In
the context of this experiment, we considered different tasks

and different subjects as compared to the experiments on
comprehension activities.

According to the two-dimensional classification scheme
by Basili et al. [3], we performed blocked subject-project
studies, as we examined objects across a set of subjects and
a set of projects. The description follows a template originat-
ing from the Goal–Question–Metric (GQM) paradigm [2] as
described by Wohlin et al. [26]. The materials and the the
raw data of our studies are publicly available online [5].

3.1 Experiment definition and context

The goal of our study was “analyzing the effectiveness of
UML class diagrams and ER diagrams for the purpose of
understanding which provides better support with respect to
the comprehension and modification of data models from the
point of view of researchers, in a context represented by B.Sc.
and M.Sc. students’’.

The performed experiments involved students from the
University of Salerno (Italy) having different academic back-
grounds and, consequently, different levels of experience on
ER and UML class diagrams. The experiments on compre-
hension activities were conducted in the 2009 with three cat-
egories of students:

– fresher students first-year B.Sc. students those were start-
ing their academic career when the experiment was per-
formed;

– bachelor students second-year B.Sc. students those
attended Programming and Databases courses in the past
and were attending the Software Engineering course
when the experiment was performed;

– master’s students first-year M.Sc. students those attended
advanced courses of Programming and Software Engi-
neering in the past and were attending an advanced Data-
bases course when the experiment was performed.

It is worth to note that in the Software Engineering course,
the design notation used is UML while in the Databases
course, the design notation is ER.

The number of subjects involved in the original experi-
ment (Com1 in the following) were 37 bachelor students,
while the first (Com2 in the following) and second replica-
tions (Com3 in the following) involved 52 master’s students
and 67 fresher students, respectively.

The experiment on modification activities (Mod in the
following) was conducted at the University of Salerno (Italy)
involving 28 master’s students having almost the same acad-
emic background and the level of experience on ER diagrams
and UML class diagrams of the students involved in Com2.

For all the experiments, we employed the data models of
the following systems:
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Table 3 Data models used in each controlled experiment

System # Entities # Attributes # Relationships

Company 7 17 5

EasyClinic 6 18 5

– Company a software system implementing all the oper-
ations required to manage the projects conducted by a
company;

– EasyClinic a software system implementing all the oper-
ations required to manage a medical doctor’s office.

We used two different data models represented in terms of
ER and UML class diagrams.1 Table 3 shows the characteris-
tics of the data models used in the experiments. The selection
of the objects for each experiment was performed ensuring
that the data models had a comparable level of complexity.
For this reason, we extracted sub-diagrams of comparable
size from the original data models according to “the rule of
seven” given by Miller [18] to build comprehensible graph-
ical diagrams.2 In the context of our experimentation, we
applied such a rule to select data models easy to compre-
hend. This was necessary because (i) each experiment was
designed to be performed in a limited amount of time and
(ii) a simple data model is preferred to a more complex data
model, since the latter might negatively influence the sub-
ject’s performances. To obey to such a rule, for EasyClinic,
we extracted from the original data model only the entities
and relationships related to the booking management.

3.2 Variable selection and experiment design

We employed a single factor within-subjects design, where
the independent variable (main factor) is represented by the
design notation used to represent a data model. This variable
is denoted as “Method”, that can assume two values, ER
diagram (ER) or UML class diagram (CD).

For the experiments Com1, Com2, and Com3, the depen-
dent variable is “Comprehension Level”, which denotes the
comprehension level achieved by the subjects using the two
methods (i.e., ER and CD). Turning to the experiment Mod,
the dependent variable is “Modification Level”, related to
the ability of the subjects to comprehend which modification
should be applied to a data model to implement a change
request.

To evaluate the “Comprehension Level” and “Modifi-
cation Level” values achieved with the two methods, we

1 A representation of the EasyClinic system using both ER and UML
is reported in the appendix.
2 The rule of seven is the generally accepted claim that people can hold
approximately seven (plus or minus two) chunks or units of information
in their short-term memory at a time [18].

asked the subjects to answer a questionnaire. Specifically,
for Com1, Com2, and Com3, we employed the same ques-
tionnaire consisting of ten multiple-choice questions where
each question has three possible answers and, among them,
one or more are correct. The questionnaire used for Mod
also included ten multiple-choice questions, however each
question admitted only one correct answer.

The questions cover all the building blocks Bi of the
two notations exploited to model a database, where Bi ∈
{Entity, Primary Key/ID, Composite Attribute, Multi-value
Attribute, Recursive relationship, Relationship cardinality,
Ternary relationship, Generalization IS-A, Weak entity, M:N
relationship}. Figure 1 shows a sample comprehension task
on the system Company, while Fig. 2 reports an example on
modification activity on the system EasyClinic.

The structure of the questionnaires allowed us to assess
the answers using the well-known information-retrieval (IR)
metrics, namely recall and precision [1]. Indeed, since the
questionnaire is composed of multiple-choice questions, we
could compute recall and precision for each question as given
below.

Q4 Let us focus on the classes Project and Company. 
Which of the following statements is true:

[] A company has a unique office 
[] A project has a unique office 
[] A company may have multiple offices

Fig. 1 An example of comprehension activity

Q6 We want to specify the information about the equipments 
present in each laboratory. A laboratory can contain several 
equipments and each equipment is identified by an inventory 
code. A description and a name have also to be specified for an 
equipment. Indicate the part of the class diagram interested by 
this modification activity:

Number{id}
Floor

Laboratory

InventoryID{id}
Name
Description

Equipment

Belong
to

1

1..*

Number{id}
Floor

Laboratory

InventoryID{id}
Name
Description

Equipment

Belong
to

1..*

1

Number{id}
Floor

Laboratory

InventoryID
Name{id}
Description

Equipment

Belong
to

1

1..*

(a) (b) (c)

Fig. 2 An example of modification activity

123



G. Bavota et al.

recalls,i = |answers,i ∩ correcti |
|correcti | %

precisions,i = |answers,i ∩ correcti |
|answers,i | %

where answers,i is the set of answers given by subject s to
question i and correcti is the set of correct answers expected
for question i.

It is worth noting that the recall and precision measure
two different concepts. Thus, we decided to use an aggregate
measure (i.e., F-measure [1]) to obtain a balance between
them:

F−measures,i = 2 × precisions,i × recalls,i
precisions,i + recalls,i

%

Thus, in the context of our study, we computed both the vari-
ables “Comprehension Level” and the “Modification Level”
using the F-measure.

Besides an objective evaluation of the support given by the
different building blocks, we performed a subjective evalu-
ation aiming at capturing the subjects’ preferences between
the two considered notations. Specifically, subjects filled-in
another questionnaire where for each building block Bi , they
expressed a preference among ER diagram, No preference,
and UML class diagram.

The experiments were performed in a controlled labora-
tory and organized in two sessions where subjects used the
two different methods, i.e., ER and CD, to fill-in two ques-
tionnaires on two different data models. Such an organization
required to control other factors (called co-factors) that may
impact the results achieved by the subjects and be confounded
with the effect of the main factor. In the context of our study,
we identified the following co-factors:

– System in the context of the experiments students had to
perform comprehension or modification activities on two
different systems (Sect. 3.1). Even if we tried to select
software systems of a comparable size and to balance the
complexity of the data models by using the Miller’s rule,
there is still the risk that the system complexity may have
a confounding effect with “Method”. For this reason, we
considered the modeled system as an experimental co-
factor.

– Lab the experiments were organized in two laboratory
sessions and in each session, the subjects experimented
one of the two methods (i.e., CD and ER). This requires
to analyze whether subjects perform differently across
subsequent sessions to verify the presence of any learning
or tiring effect.

The organization of each group of subjects3 in each exper-

3 The students were assigned to the four groups in a randomly balanced
way.

Table 4 Experimental design

Group Method

ER CD

A EasyClinic, Lab1 Company, Lab2

B Company, Lab2 EasyClinic, Lab1

C Company, Lab1 EasyClinic, Lab2

D EasyClinic, Lab2 Company, Lab1

imental lab session (Lab1 and Lab2) followed the design
shown in Table 4. In particular, the rows represent the four
experimental groups, whereas the columns refer to the design
notation used to represent the data model (i.e., ER and
CD). Such an experimental design ensured that each sub-
ject worked on different systems in the two laboratory ses-
sions, using a different design method each time. The chosen
design also permitted to consider different combinations of
“System” and “Method” in different order across laboratory
sessions. It is important to note that all the experiments (i.e.,
Com1, Com2, Com3, and Mod) followed the same balanced
design (Table 4).

3.3 Experimental procedure and data analysis

Subjects performed the assigned tasks individually. Before
the experiments, subjects were trained on both ER and UML
class diagrams. To avoid bias, (i) the training was performed
on a data model not related to the systems selected for the
experimentation and (ii) its duration was exactly the same for
all the experiments. Right before the experiments, the stu-
dents attended a 30-min presentation where detailed instruc-
tions concerning the tasks to be performed were illustrated.

According to the experimental design (Table 4), each sub-
ject was involved in two laboratory sessions, where subjects
had a fixed amount of time to complete the required tasks.
In particular, in the experiments Com1, Com2, and Com3,
subjects had 30 min to complete the task on the data mod-
els of the assigned systems documented with ER and CD. In
the experiment Mod, subjects had 45 min to complete the
assigned task.

Moreover, at the end of each laboratory session, a sur-
vey questionnaire was proposed to the subjects. This survey
aimed at assessing the overall quality of the provided mate-
rial as well as the clearness and difficulty of comprehension
and modification tasks. In particular, the subjects provided
answers to the following questions (one choice for each ques-
tion).

– S1: I had enough time to perform the tasks
– S2: The task objectives were perfectly clear to me
– S3: The tasks I performed was perfectly clear to me
– S4: Judging the difficulty of the assigned task
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where S1, S2, and S3 expected closed answers according
to the Likert scale [20] going from 1 (strongly disagree) to 5
(strongly agree), while for S4 the answer ranges from 1 (very
low) to 5 (very high).

After the execution of each experiment, we collected the
questionnaires filled-in by each subject in each laboratory
session. The results of the questionnaire were reported by
one of the authors in spreadsheets to ease data analysis.
To reduce the risk of human errors in reporting the results,
another author double-checked the inserted data. Once the
data were validated, the F-measures achieved by the subject
were calculated.

The results achieved were statistically analyzed. Specif-
ically, we used a paired Wilcoxon one-tailed test [10] to
analyse the differences exhibited by each subject for the two
methods and test the following null hypotheses:

– H0c : there is no difference in the comprehension level of
subjects using the ER or UML class diagrams.

– H0m : there is no difference in the modification level of
subjects using the ER or UML class diagrams.

A one-tailed paired t test [10] can be used as an alterna-
tive to the Wilcoxon test. However, we decided to use the
Wilcoxon test, since it is resilient to strong departures from
the t test assumptions [7].

When the null hypothesis can be rejected, it is possible
to accept an alternative hypothesis highlighting the positive
effect of one of the two involved notations on the comprehen-
sion/modification level of the subjects. The achieved results
were intended as statistically significant at α = 0.05. This
means that if the derived p value is less than 0.05, the null
hypothesis can be rejected and it can be concluded that there
is a significant difference between the support given by the
treatments when performing comprehension and/or modifi-
cation tasks.

Other than testing the hypotheses formulated above, it is
of practical interest to estimate the magnitude of the differ-
ence between performances achieved with different notations
(e.g., ER vs. CD). To this aim, we used the Cohen d effect
size [10], which indicates the magnitude of the effect of the
main treatment on the dependent variables (“whereas the p
values reveal whether a finding is statistically significant,
effect size indicates practical significance” [15]). For depen-
dent samples (to be used in the context of paired analyses), it
is defined as the difference between the means, divided by the
standard deviation of the (paired) differences between sam-
ples. The effect size is considered small for 0.2 ≤ d < 0.5,
medium for 0.5 ≤ d < 0.8 and large for d ≥ 0.8 [9]. We
chose the Cohen d effect size as it is appropriate for our vari-
ables (in ratio scale) and given the different levels (small,
medium, large) defined for it, it is easy to be interpreted.

The chosen design also permitted to statistically analyze
the effects of co-factors and their interaction with the main
factor. For this, we used the three-way analysis of variance
(ANOVA) [10] to analyze the interaction between the main
factor, i.e., “Method”, and the two co-factors, i.e., “System”
and “Lab”. We decided to use ANOVA, because, in con-
trast to its non-parametric alternatives such as the Friedman
test [10] that could have been considered in this case, ANOVA
allows to test for the presence of interactions between factors.
ANOVA is also quite robust to deviations from normality. In
addition, we can relax the normality assumption applying the
law of large numbers. According to [25] having a population
higher than 30 it is possible to relax the normality assump-
tion. Since in our experimentation subjects performed two
tasks, our population is 312 in the experiments on compre-
hension activities and 56 in the experiment on modification
activities.

Finally, we also analyzed the students’ preferences about
the single building blocks of the two notations using his-
tograms, while the answers provided by subjects to the survey
questionnaire were analyzed using boxplots.

4 Analysis of the results

In this section, we report the results achieved in our exper-
iments. We discuss (i) the results of the Com1, Com2, and
Com3 experiments, aimed at evaluating the comprehension
level of the subjects using the two different notations, i.e.,
ER and UML class diagrams, and (ii) the results of the Mod
experiment, targeted at analyzing the influence of the two
notations on the ability of subjects in performing changes on
data models.

4.1 Support to comprehension activities

Table 5 reports the descriptive statistics of the comprehen-
sion level (measured through F-measure) achieved by the
subjects in our experimentation. The results highlighted that
the two notations provided comparable support when per-
forming comprehension activities on data models. The higher
difference between the two notations in terms of F-measure
is 1 % achieved in the experiment with the master’s students
(see Table 5).

Table 5 Comprehension activities: descriptive statistics

Subjects ER CD

Mean Median SD Mean Median SD

Fresher 0.801 1.000 0.307 0.816 1.000 0.280

Bachelor 0.849 1.000 0.242 0.845 1.000 0.278

Master 0.849 1.000 0.277 0.838 1.000 0.272
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Table 6 Comprehension activities: Wilcoxon test

Subjects CD versus ER p value Effect size

Mean Median SD

Fresher 0.014 0.000 0.404 0.343 0.037

Bachelor 0.003 0.000 0.330 0.420 −0.011

Master −0.012 0.000 0.383 0.817 −0.030

As designed, we performed the Wilcoxon test to analyze
whether the difference between the results obtained using
the two notations is statistically significant. Table 6 reports
the achieved results that highlight no significant difference
between the two notations when used to comprehend data
models (p value always higher than 0.05). Thus, we cannot
reject the null hypothesis H0c .

Our finding surprisingly contrasts with the results achieved
in a previous experimentation where the analysis highlighted
the benefits provided by the UML class diagrams with respect
to the ER diagrams during the comprehension of data models
[11]. To further investigate this discrepancy, we analyzed the
support given by the two notations at a fine-grained level,
i.e., on each building block used in the definitions of data
models.

To statistically analyze the weaknesses of CD, Table 8
shows the results of the Wilcoxon test executed for each
building block to verify where the ER performances are
statistically better than those of CD. The achieved results
revealed that the ER has a comprehension level significantly
higher than the comprehension level of CD for three building
blocks, i.e., Composite attribute, Multi-value attribute, and
Weak entity. These results generally hold for all the groups of
subjects, i.e., Fresher, Bachelor, and Master, involved in the
experimentation. The only exception is given by bachelor
students when analyzing the Multi-value attribute building
block. However, Table 7 shows that bachelor students also
achieved better results in terms of descriptive statistics with
ER when answering the questions related to the Multi-value
attribute.

It is worth noting that the previous controlled experiments
[11] did not consider these three building blocks to determine
the comprehension level provided by the two notations, i.e.,
the questionnaires used by the authors did not include ques-
tions related to composite attribute, multi-value attribute, and
weak entity. To verify whether the different findings between
our experiment and previous experiments [11] were due to
these three building blocks, we also performed the compari-
son between ER and UML class diagrams without consider-
ing the answers of the students related to Composite attribute,
multi-value attribute, and weak entity. Specifically, we
re-executed the Wilcoxon test to analyze if CD provided a
significant higher comprehension level than ER. The results
in Table 9 highlight that the CD achieved statistically sig-

nificant higher comprehension level than ER for the Fresher
and Bachelor students. Thus, in these two experiments we
can reject the null hypothesis H0c in favor of CD. Moreover,
CD provided better results than ER also for master’s students
even if this is not statistically significant (p value 0.096). This
results are in line with the results achieved in the previous
experiments [11].

Besides an objective analysis, we also conducted a subjec-
tive comparison of the support given by the building blocks
of the two notations. Figures 3, 4, and 5 report the preferences
expressed by the Fresher, Bachelor, and Master, respectively.
The analysis of the results confirmed the results of the objec-
tive analysis. Indeed, students preferred ER diagrams to rep-
resent the three building blocks identified as weaknesses of
the UML class diagrams, i.e., Multi-value attribute, Com-
posite attribute, and Weak entity. Concerning the remaining
building blocks, the students preferred UML class diagrams
to represent the Entity, the Relationship cardinality, and the
Generalization relationship, while they did not provide a clear
preference for the Primary key/ID, Recursive relationship,
Ternary relationship, and M:N relationship.

Summarizing, the achieved (objective and subjective)
results highlighted that the UML class diagrams are char-
acterized by three weaknesses related to the representation
of composite attribute, multi-value attribute, and weak entity,
with respect to the ER diagrams, when performing compre-
hension activity. However, except for the three identified
weaknesses, the UML class diagrams are generally more
comprehensible than the ER diagrams, confirming the find-
ings of previous experiments [11].

4.2 Support to modification activities

Table 10 reports the descriptive statistics of the results (in
terms of F-measure) achieved by the subjects. As observed
for the comprehension level, the overall modification level
achieved by the subjects using the two notations is almost
the same. Specifically, the difference in terms of F-Measure
is less than 2 % in favor of CD (0.750 vs. 0.732).

As expected, this difference does not result to be statis-
tically significant (Table 11). This means that also for the
modification level achieved by the subjects the two notations
are almost equivalent considering all the building blocks
involved in data modeling (i.e., we cannot reject the null
hypothesis H0m ). However, the goal of our study was to per-
form a fine-grained analysis of the two notations, and thus,
of the support provided by each of their building blocks.

Table 12 shows the descriptive statistics of the results (in
terms of F-measure) achieved by the subjects considering
the answers to questions related to each building block. Also
in this case for both CD and ER, strengths and limitations
are highlighted. In particular, CD performed better than ER
on six building blocks: Entity, Primary Key/ID, Relationship
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Table 9 Comprehension activities (without the identified CD weak-
nesses): Wilcoxon test

Subjects CD versus ER p value Effect size

Mean Median SD

Fresher 0.066 0.000 0.410 0.000 0.161

Bachelor 0.052 0.000 0.290 0.010 0.120

Master 0.027 0.000 0.358 0.096 0.074

The value is in bold if the comprehension levels achieved with CD are
statistically higher than those achieved with ER

cardinality, Ternary relationship, Generalization IS-A, and
M:N relationship. In contrast, ER provided a better support
for the Composite attribute, Multi-value attribute, Recursive
relationship, and Weak entity building blocks. Thus, on six
out of the ten investigated building blocks the support pro-
vided by CD was superior to that provided by ER. Note that
these results confirm in part those achieved for the compre-
hension level. Only one difference leaps out: when perform-
ing modification activities, the weaknesses of CD seem to be
four, adding the Recursive relationship to the three weakness
identified during comprehension activities.

Table 13 shows the results of the Wilcoxon test executed
for each building block to verify whether the ER perfor-
mances are statistically better than those of CD. The results
show that only for two building blocks, i.e., Multi-value
attribute and Weak entity, the modification level of ER is
statistically higher than the one achieved by CD. Note that
these two weaknesses have also been identified for the com-
prehension task in the family of experiments reported in
Sect. 4.1. However, in the comprehension task, also the Com-
posite attribute has been identified as a weakness of the UML
class diagrams. In this case, even if the difference is not sta-
tistically significant, the students achieved better results in
terms of descriptive statistics with ER when answering the
questions related to the Composite attribute (Table 12).

Concerning the recursive relationship, also in this case,
there is no statistically significant difference, but only bet-
ter descriptive statistics achieved by ER. In these cases, the
subjects’ preferences could help in understanding whether
(i) the composite attribute could be considered a weaknesses
also for the modification task, and (ii) whether it is the case
to include also the recursive relationship in the list of the
possible CD weaknesses.

Figure 6 reports the preferences expressed by the students
for each of the analyzed building blocks. The results achieved
highlighted the following.

– The ER representation of Composite attribute, Multi-
value attribute, and Weak entity is clearly preferred by
the students also for modification tasks. In fact, on these
three building blocks on average 18 students preferred the
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Fig. 3 Comprehension activities: preferences expressed by fresher students
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Fig. 4 Comprehension activities: preferences expressed by bachelor students
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Fig. 5 Comprehension activities: preferences expressed by master’s students
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Table 10 Modification activities: descriptive statistics

ER CD

Mean Median SD Mean Median SD

0.732 1.000 0.444 0.750 1.000 0.434

Table 11 Modification activities: Wilcoxon test

CD versus ER p value Effect size

Mean Median SD

0.018 0.000 0.613 0.313 0.029

Table 12 Fine-grained analysis
of the modification activities:
descriptive statistics

Method Element Mean Median SD

ER Entity 0.750 1.000 0.441

Primary Key/ID 0.821 1.000 0.390

Composite attribute 0.714 1.000 0.460

Multi-value attribute 0.679 1.000 0.476

Recursive relationship 0.714 1.000 0.460

Relationship cardinality 0.857 1.000 0.356

Ternary relationship 0.607 1.000 0.497

Generalization IS-A 0.643 1.000 0.488

Weak entity 0.821 1.000 0.390

M:N relationship 0.714 1.000 0.460

CD Entity 0.929 1.000 0.262

Primary Key/ID 0.893 1.000 0.315

Composite attribute 0.678 1.000 0.476

Multi-value attribute 0.464 1.000 0.508

Recursive relationship 0.571 1.000 0.504

Relationship cardinality 0.929 1.000 0.262

Ternary relationship 0.893 1.000 0.315

Generalization IS-A 0.786 1.000 0.418

Weak entity 0.536 1.000 0.508

M:N relationship 0.821 1.000 0.390

ER diagrams, 4 the UML class diagrams, and 6 answered
with “No preference”.

– The Recursive relationship is not considered a true weak-
nesses of CD for the students, in fact 13 students preferred
ER against the 11 of CD and 4 students had “No prefer-
ence”.

– There is a substantial equilibrium on the remaining build-
ing blocks. The highest difference of preferences is
achieved with the Primary Key/ID building block, on
which ER got three preferences more than CD.

Summarizing, we can conclude that (i) the objective analy-
sis have highlighted two main weaknesses of CD when per-

forming modification tasks, i.e., Multi-value attribute and
Weak entity, and (ii) in the subjective analysis, the stu-
dents preferences confirmed as CD weaknesses the three
identified in the comprehension task, adding the Compos-
ite attribute to the two objectively identified. Finally, it is
worth noting that the modification support provided by CD
resulted to be statistically higher than that provided by ER
when removing the three identified weaknesses from the
dataset (p value 0.006). Thus, in this case, we can reject
the null hypothesis H0m in favor of CD. This confirms that
the removal of these three weaknesses can strongly increase
the modification support of CD when working on data
models.
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Table 13 Fine-grained analysis of the modification activities: Wilcoxon test results

Element ER versus CD p value Effect size

Mean Median SD

Entity 0.179 0.000 0.476 0.976 0.375

Primary Key/ID 0.071 0.000 0.539 0.784 0.132

Composite attribute −0.036 0.000 0.693 0.406 −0.052

Multi-value attribute −0.214 0.000 0.630 0.045 −0.340

Recursive relationship −0.143 0.000 0.705 0.151 −0.203

Relationship cardinality 0.071 0.000 0.378 0.885 0.189

Ternary relationship 0.286 0.000 0.600 0.991 0.476

Generalization IS-A 0.143 0.000 0.651 0.885 0.220

Weak entity −0.286 0.000 0.600 0.012 −0.476

M:N relationship 0.107 0.000 0.629 0.830 0.170

The value is in bold when the ER comprehension level is statistically higher than CD comprehension level
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Fig. 6 Modification activities: preferences expressed by students
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Fig. 7 Comprehension activities: answers of subjects to the post-experiment survey questionnaire

5 Validity evaluation

In this section, we discuss the threats to the validity that
could affect the validity of our results, focusing the atten-
tion on construct, internal, external, and conclusion validity
threats.

Construct validity threats that may be present in this exper-
iment, i.e., interactions between different treatments, were
mitigated by a proper design that allowed to separate the
analysis of the different factors and of their interactions.
To avoid social threats due to evaluation apprehension, stu-
dents were not evaluated on their performances achieved in
the experiments. Moreover, subjects were not aware of the

experimental hypotheses. In addition there was no abandon-
ment during the experiments, and the analysis of the post-
experiment survey (Figs. 7, 8) revealed that the students had
enough time to perform the assigned tasks (S1) and had clear
the task (S2) as well as the lab objectives (S3). It is worth
noting that the subjects experienced no particular difficulties
(S4) when performing the comprehension tasks, while they
experienced some difficulties in the modification task. This is
also clear by the average modification level achieved by the
subjects that is considerably lower than the comprehension
level.

The experiments have been carried out to evaluate the
value of ER and CD in supporting comprehension and modifi-
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Fig. 8 Modification activities: answers of subjects to the post-
experiment survey questionnaire

cation of data models. Thus, ease of comprehension and mod-
ification were the only criteria examined, since they represent
the key issues for a graphical notation. However, especially,
where the design of performance-critical, data-intensive soft-
ware like databases is concerned, there are other key con-
siderations as well, e.g., analyzability. One may choose to
sacrifice expressiveness for analyzability or other properties.
For this reason, future work will be devoted to evaluate other
properties of the two notations.

Internal validity threats can be due to the learning (or tir-
ing) effect experienced by subjects between labs. We tried to
mitigate these issues through the experiment design: subjects
worked, over the two labs, on different tasks and using two
different design methods (i.e., ER and CD). Nevertheless,
there is still the risk that, during labs, subjects might have
learned how to improve their comprehension/modification
performances. We tried to limit this effect by means of a pre-
liminary training phase. In addition, as highlighted by Briand
et al. [7], one possible issue related to the chosen experiment
design concerns the possible information exchange among
the subjects between the laboratories. To mitigate such a
threat, the experimenters monitored all the students during
the experiment execution to avoid collaboration and com-
munication between them. Finally, subjects worked on two
different diagrams and, even if we tried to select diagrams
having comparable size, there is still the risk that one diagram
might be easier than another.

We statistically analyzed the effect of co-factors (Lab and
System) on the dependent variables as well as the interaction
between the main factors and the co-factors. Tables 14 and 15
report the results achieved by the ANOVA test in the analysis
of the interaction between the main factor, i.e., Method and
the two aforementioned co-factors. The results highlight no
effects of both lab and system on the subject’s performances
in all the experiments, as well as no interaction with the main
factor. This statistically confirms the goodnesses of the used
experimental design.

External validity threats concern the generalization of the
results and are always present when experimenting with stu-
dents. All the students have an acceptable analysis, devel-
opment, and programming experience, and they are not far
from junior industry analysts. Moreover, in the context of
the Software Engineering course, both master’s and bach-
elor’s students had participated to software projects, where
they experienced software development and documentation,
including database design. Nevertheless, there are several
differences between industrial and academic contexts. Thus,
replications in industrial contexts would be desirable even
if, given the number of subjects involved in our study (i.e.,
more than 150), we are confident about the reliability of the
achieved results. Finally, the complexity and size of data
models used to perform the comprehension tasks are compa-
rable to those of the small/medium industrial projects.

Conclusion validity is the most important of the four valid-
ity types because it is relevant whenever someone is trying to
decide if there exists a relationship in the considered observa-
tions. A definition of conclusion validity could be the degree
to which conclusions we reach about relationships in our
data are reasonable. Regarding our experiment, proper tests
were performed to statistically analyze the results. More-
over, survey questionnaires, mainly intended to get qualita-
tive insights, were designed using standard ways and scales
[20].

6 Conclusion and future work

In this paper, we presented a comparison of ER diagrams and
UML class diagrams in supporting comprehension and mod-
ification activities on data models. In particular, we involved

Table 14 Comprehension:
influence of co-factors Factor Interaction

Fresher Bachelor Master All

Lab No (0.787) No (0.163) No (0.175) No (0.216)

System No (0.793) No (0.636) No (0.113) No (0.229)

Method versus lab No (0.817) No (0.833) No (0.305) No (0.439)

Method versus system No (0.793) No (0.817) No (0.618) No (0.679)
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Table 15 Modification: influence of co-factors

Factor Interaction

Lab No (0.576)

System No (0.720)

Method versus Lab No (0.173)

Method versus System No (0.720)

156 subjects in three experiments aimed at analyzing the
comprehension support, while one experiment with 28 sub-
jects was performed to analyze the modification support.

The results achieved can be summarized as given below.

– Comprehension activity the UML class diagrams are
characterized by three weaknesses related to the repre-
sentation of Composite attribute, Multi-value attribute,
and Weak entity, as compared to the ER diagrams. How-
ever, except for the three identified weaknesses, the UML
class diagrams are generally more comprehensible than
the ER diagrams.

– Modification activity through an objective analysis, two
weaknesses of the UML class diagrams were statistically
identified, i.e., Multi-value attribute and Weak entity.
However, a subjective analysis confirmed also the third
weakness identified for the comprehension activities, i.e.,
the Composite attribute. Moreover, the UML class dia-
grams generally provide a better support than the ER dia-
grams also for the modification activities, because with
UML class diagrams, on six out of the ten building blocks,
students achieve better results.

Comparing our results with those achieved in the previ-
ous work assessing the comprehensibility of ER diagrams
and OO data models, our findings confirm those reported De
Lucia et al. [11] and Palvia et al. [22] highlighting the over-
all better support provided by the OO representation when
performing comprehension activities. Focusing on the single
building blocks, the only study in the literature analyzing at a
fine-grained level the comprehension support provided by the
two notations is the study by Shoval and Frumermann [23],
where the authors compared three building blocks of EER
and OO diagrams, i.e., attribute, binary relationships, and
ternary relationships. In contrast to our results, they found
that the EER diagram representation of ternary relationships

provides a better support when performing comprehension
activities with respect to the OO diagram representation. As
for the results achieved in the experiment focused on modi-
fication activities, our findings confirm those reported by De
Lucia et al. [11], since, even ifUML class diagrams achieved
slightly better results, the modification support provided by
the two notations is not significantly different.

It is worth noting that the overall superiority of UML high-
lighted by De Lucia et al. [11] and Palvia et al. [22] and
confirmed by our studies is somewhat surprising. In fact,
one could expect that a more domain-specific language like
ER, designed to represent data models, should ensure a bet-
ter support during their comprehension and modification as
compared to UML, which is a general-purpose modeling lan-
guage. However, we also identified three weaknesses of the
UML class diagrams, that are likely due to a lack of detail
of this notation in representing specific concepts of database
modeling (e.g., weak entities). Thus, an extension of UML
class diagrams focused on providing a clearer representa-
tion of the building blocks composite attribute, multi-value
attribute, and weak entity should be considered to overcome
the highlighted weaknesses and improve the maintainability
of data models given in terms of UML class diagrams.

As it always happens with empirical studies, replications
in different contexts, with different subjects and objects,
is the only way to corroborate our findings. It would be
interesting to consider alternative experimental settings in
several respects, but maybe the most important one is the
profile of the involved subjects. Replicating this study with
students/professionals having a different background would
be extremely important to understand how much our findings
can be generalized.
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Appendix: EasyClinic data models

Figures 9 and 10 show the ER and UML models, respectively,
of one of the object system used in our study, i.e., EasyClinic.
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Fig. 9 ER diagram modeling
the EasyClinic system
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