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Abstract
Context: During the last decades, MDWE approaches have claimed
important advantages in terms of short and long term productivity
gains. However, the extent of such objective gains is still not clear.
Moreover, despite such gains, they suffer from a low level of adoption.
Being a complex socio-technical activity, not only productivity but also
individual developer’s characteristics such as personality are potential
explanatory factors of such situation.
Objective: To study the relationship between (a) intention to use MDWE
approaches and (b) individual personality and productivity factors.
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contract TIN2016-78103-C2-2-R (Access@City). Special thanks to the subjects of the experiment who
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Method: We have proposed a conceptual model that has guided the
design of an observational study with 77 subjects from the University of
Alicante.After following an MDWE course, the subjects were measured
in terms of their psychological profile, their productivity and their
intention to use an MDWE approach in the future.
Results: The study shows that higher levels of neuroticism relate with
lower intention to use MDWE: subjects rating high in this dimension
regard MDWE as significantly more difficult to use, and they show
lower interest in using MDWE in future developments. Also, it shows
how highly effective MDWE developers express a higher intention to
use the approach.
Conclusions: According to our data, in order to reach a wider audience,
MDWE approaches need to improve their ease of use, and limit the
amount of potential developer’s stressors. Also, our data suggest that
the MDWE community should focus on improving the effectiveness
of the developers, since it is the increased effectiveness rather than the
efficiency what is significantly related with the intention to use MDWE
in the future.
Keywords: MDWE, Personality, Productivity, Intention to Use,
Technology Acceptance Model, EPQ-R, UMAM-Q.

1 Introduction
During the last decades, the Web Engineering research community
has advocated the use of Model-Driven Web Engineering (MDWE)
to improve the development processes for Web applications. MDWE
is based on the assumption that using development methods that
rely on models and code generation improves the global developer’s
experience. In order to justify its adoption, the MDWE literature reports
a set of advantages, among which (a) productivity gains -shorter timeto-market, less human resources and lower maintenance costs- and
(b) higher end-user satisfaction stand out [43, 46, 59, 60]. These
advantages are increasingly being supported, at least in certain contexts,
by empirical evidence [49, 64, 70].
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However, in spite of the available data, the paradigm shift from pure
code-centric approaches to MDWE that has been expected in industry
for years is still to come. A set of surveys and industrial case studies that
looked into the MDE adoption problems [90] reported that researchers
needed to look beyond the technical benefits such as productivity,
maintainability, etc., and focus on social and organizational issues. This
same view is supported in [12], where the authors hypothesize that this
low level of adoption of MDWE approaches may be partly due to the
fact that method assessment efforts still mostly revolve around method
technological features (such as separation of concerns, the availability
of tools or artifacts traceability, to name a few), while the developers’
attitudes and perceptions of the method are largely dismissed. Some
authors argue that such research gap may be caused by technological
features being much easier to understand and quantify by technical
people [65], who may at the same time undervalue the effect of soft
skills on their work [12]. All these arguments are aligned with the
fact that, in Software Engineering (SE), human cognitive limitations
and personal behaviour have been known to play an important role in
job productivity and attitudes since the early seventies [3, 12, 41, 88].
Therefore, understanding what distinguishes individual MDWE practitioners should be an integral part of a well developed theory of MDWE;
given the myriad of soft skills and personality factors, there is ample
room for empirical studies that help to discern which are the specific
sources of differences in MDWE productivity and satisfaction.
The study of the main factors that may impact productivity in SE
has been the subject of numerous studies. According to the model of
work performance described by Blumberg and Pringle [10, 23], there
are three individual dimensions that may influence work productivity:
capacity (including variables such as level of education, cognitive
abilities and work experience, to name a few), willingness (psychological and emotional characteristics such as motivation, job status or
personality) and opportunity (tools, materials, working conditions, and
so on) [34].
However, there is a scarcity of studies that focus on the human
factors that influence the Intention to Use (I2U) a given SE method or
technique [25]. For management, being aware in advance of the risk
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of developers’ resistance to adopt a new SE method or technique is of
the utmost importance in order to prevent the effects that a coercive
imposition of the innovation may have on the personnel, including job
stress and burnout among IT employees [36] and failure to fully deploy
and realize the benefits of the method [45].
Our hypothesis in this sense, based on the existing literature, is
that the same three factors that, according to the model of work
performance, impacted productivity, together with productivity itself,
may contribute to forming the behavioural intention. Such hypothesis
is reflected in the Conceptual Model (CM) presented in Figure 1. In
order to partially test this hypothesis, in a previous work [84] we
explored the relationship between developers’ individual personality
traits and MDWE perceptions. In this paper we extend such work with
the analysis of the relationship between productivity and developer’s
perceptions. With such extension we aim at providing a broader picture
regarding which components of personality and productivity are likely
to be the stronger influencers on the intention to adopt MDWE methods.
The constructs and influence relationships included in this study are
stressed with a darker line in Figure 1.
The paper is organized as follows: in Section 2 we present a discussion of the personality, productivity and I2U constructs and their underlying theories, together with a summary of the main reported empirical

Figure 1

Conceptual model: Overview.
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results regarding their interactions in the context of SE. Section 3 builds
up on such related work and discusses the two detailed views of the CM
that summarize the main components of the personality and productivity constructs that, according to the existing literature, may affect user
attitudes regarding MDWE adoption. Based on such CM, Section 4
presents the planning and execution of the observational study, whose
data analysis results are presented in Section 5. Last, Section 6 presents
the main conclusions and some further lines of research.

2 Related Work
Human and organizational factors are known to have a substantial effect
on job productivity and attitudes [21]. Being software construction a
human-intensive labor, software companies are particularly vulnerable
to people problems [48]. However, despite this potential risk, the SE
community has traditionally neglected people factors [34, 52], which
in turn has had a detrimental effect on progress in SE [66].
As we have previously mentioned, our CM (see Figure 1) includes
three individual dimensions that, similar to what happens with work
performance [34], may influence the I2U a given SE method or
technique in the future: capacity, willingness and opportunity. Inside
willingness, this paper focuses on personality. Also, our CM considers
that the objective developer’s productivity with the method may also
impact her intention to use it in the future.
In the next subsections we will first characterize the three main
constructs included in this paper (personality, productivity and I2U).
Then, we will present a review of the current empirical knowledge
regarding the potential relationships between them in the context of SE.
2.1 Personality
According to the APA [4], personality can be defined as individual
differences in characteristic patterns of thinking, feeling, and behaving.
Personality matters because it predicts and explains behavior and
productivity at work [7]. The reason is that people with different
personalities will regard a problem from different perspectives and
make different decisions in a SE project [52].
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A mapping study from 2015 [20] detected how the personality
concept has been worked on according to seven different perspectives,
among which the dispositional one, which encompasses the traits and
types theory, is the one preferred in organizational psychology and in
studies on personality in SE. Such traits and types approach assumes
that personality consists of stable inner qualities [54] that differ between
individuals and influence behavior.
In the context of the traits and types perspective, there are three
mainstream theories competing for the attention of SE researchers [42]:
(1) the Jung’s Personality Types theory [55], (2) the Five Factor Model
(FFM), also known as the Big Five (BF) personality model [53], and
(3) the Eysenck’s Hierarchical Three Factor model [32], also referred
to as the Giant Three Model or the PEN model [80] (see Table 1).
For a long time, the Jung’s Personality Types theory has been
the most popular approach for assessing personality profiles in SE.
However, personality psychologists consider BF and PEN to be the
two theories better representing the personality structure [5, 34]. Also,
comparisons between models have demonstrated the benefits of the BF
model in terms of both completeness and measurement reliability [6].
For these reasons, these two theories particularly the BF have been
gaining popularity in the last years among the SE community [20].
Table 1 Main Personality Theories, Measurement Instruments and Usage Examples
Examples of use in SE
Theory
Instruments
(personality
assessment)
Jung’s Personality
MBTI [74]
[11, 1, 2, 72, 16, 91, 13,
Types [55]
14]
Five Factor Model – Big
IPIP [38],
[81, 34, 57, 40]
Five [53]
mini-IPIP [29],
NEO-PI-R [19],
NEO-FFI [18]
Eysenck’s Hierarchical
EPQ-R [33]
[56, 15]
Three Factor Model –
Giant Three Model –
PEN [32]
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The BF model includes five factors: Extraversion (E), Openness
to experience (O), Agreeableness (A), Conscientiousness (C) and Neuroticism (N). The PEN model limits these factors to three: Extraversion
(as opposed to introversion (E), Neuroticism (as opposed to stability)
(N) and Psychoticism (as opposed to socialization) (P). Also, they have
different aims: while the aim of BF is the classification of all major
sources of individual differences in personality, the PEN model has the
primary aim of identifying those dimension of individual differences
which are well grounded in biological processes [77]. Several studies
have compared the suitability of the PEN model vs. the BF model [77].
According to them, Eysenck’s E and N dimensions correspond to BF’s
E and N dimensions. Eysenck’s P dimension has shown to overlap with
A and C from the Big Five. Last, BF’s O, which is the fifth dimension
in BF, is also considered to be a component of P in Eysenck’s PEN
model. Both models have shown similar psychometric validity, and the
discussion remains open regarding whether three or five factors best
represent the basic dimensions of personality [80].
For the sake of parsimony, in this paper we have chosen the PEN
model as the basis for our CM (see Figure 2). Table 1 presents the
thee theories together with their best-known associated measurement
instruments and some examples of use in the context of SE.
2.2 Intention to Use
During the last years plenty of theoretical models have emerged
aiming at clarifying the factors affecting the adoption of information
technologies, tools and methods by individuals and organizations [28].
Most of these models adapt, either directly or indirectly, the Technology
Acceptance Model [24] (TAM). TAM is a generic model that can be
applied to measuring the acceptance and infusion of a technology or
system. The original model explains users’ I2U a new system through
two beliefs, perceived usefulness and perceived ease of use. A summary
of how it has evolved through time and domains is presented in [28].
Some authors have proposed variations of the TAM model in the
context of method adoption [45]. Their research results show how the
pattern of intention determinants differs between method adoption and
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Figure 2 Conceptual model: Personality factors potentially influencing
MDWE I2U.

tool adoption, and how not only usefulness, but also compatibility and
social pressure all influence method adoption intentions directly, above
and beyond the effects of organizational mandate.
Such method adoption intention has also been studied in the particular case of the Model-Driven Engineering (MDE) field [35, 87].
In this context, the main deviation from the original model consists in
the addition of a ‘tool maturity’ dimension. However, the usefulness
of such dimension is controversial; in Walderhaug et al. [87], in the
context of the healthcare domain, perceived usefulness and ease of use
reveal themselves as the most important factors for adopting MDE,
while no significant relationship between intention to use and tool
productivity or subjective norm were found. On the other hand, the
study of Mohagheghi et al. [35], carried out in an industrial context,
concludes that tool maturity, together with usefulness and ease of use,
are important determinants for the adoption of MDE in industry. Also
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related to the MDWE adoption intention, in [63] a comparison between
the intention to adopt (a) a model-driven, (b) a model-based and (c) a
code-centered development method was made. The data shows how the
MDWE method was regarded as the least compatible with developers
current practices, but the most useful in the long run. Also, it added
empirical evidence to the claim that the perceived usefulness of the
method seemed to have a much greater impact on intention to use a
method than compatibility [76], at least among junior developers.
In an effort to come up with a model that is tailored to the intention
to adopt SE methods and summarizes the current knowledge while
overcoming some of the well-known problems of the previously existing proposals (lack of proper definitions for the dimensions, use of the
same names for different purposes, confusion among types of variables,
etc.), in [28] the authors proposed a Unified Method Adoption Model
(UMAM) [28]. The UMAM decomposes the I2U construct into the
five dimensions on which the research community has reached a wider
consensus: Usefulness, Ease of Use, Subjective Norm, Compatibility
and Voluntariness. The model includes all the dimensions proven
important to assess the intention to adopt SE methods [45], and it comes
together with a measurement instrument (the UMAM-Q) that has been
validated in our context of use [28].
2.3 Productivity
Following the traditional concept of the industrial production processes,
the productivity concept can be defined as the ratio of units of output
divided by units of input [83]. The SE community has adapted this
definition to the software development context [85], where productivity
refers to the inputs (e.g. human resources, time, etc.) spent to produce
software deliverables (e.g. features, functions, etc.) [31]. Similarly, the
efficiency and effectiveness measures related to productivity have also
been adapted [68]; according to the ISO standard [50], effectiveness is
the extent to which planned activities are realized and planned results
are achieved, while efficiency refers to the relationship between the
results achieved and the resources used. It is important to note how
measuring software productivity is considered to be significantly more
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difficult than any other form of productivity. The reason is that software
organizations develop new products, as opposed to producing the same
product over and over again [85]. This fact, as we have mentioned
before, makes of software development a human-based (soft) activity
with extreme uncertainties from the outset.
In the context of the MDE paradigm, there are still few documented
quantitative benefits that show how developers are more productive
by using MDE tools, as well as how developing software using
models yields fewer bugs [47, 73]. From them, many validate the
use of MDE in academic environments. Such studies report a MDE
productivity of 2 to 9 times higher than that obtained with other
development paradigms [27, 62]. Moreover, productivity can be up
to 20 times higher when the size of the development project increases.
These results contrast with those reported by experiments in industrial
environments [70], where the results are much more heterogeneous, and
range from those that directly report a productivity loss of 10% [22], to
some studies that coincide with academic results and report productivity
gains ranging from 20% to 35% [58, 61].
2.4 Conceptual Model Relationships: Empirical Evidence
Once the main constructs of our CM have been defined, next we present
a review of the main empirical studies that have analyzed (a) the
Personality-I2U and (b) the Performance-I2U relationships, which are
the main focus of this paper.
2.4.1 Personality and intention to use
Regarding the relationship between personality and I2U, several
authors have reported significant results.
In [25] the authors propose a conceptual model that depicts what
personality traits (BF model) can be useful predictors of the different
dimensions of the I2U construct, defined on the basis of an extended
version of the TAM model. They then validate the model with data
gathered from 180 new users of a collaborative technology. Their data
show how both neuroticism and agreeableness influence usefulness,
while extraversion, consciousness and agreeableness moderate the
relationships U-I2U and SN-I2U.
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In [51] the authors use the BF model to show how higher levels
of neuroticism are related with lower attachment to development processes, while higher levels of agreeableness, openness to experience and
conscientiousness are related to higher satisfaction with the adoption of
processes; no relationship is found between extroversion and process
attachment or satisfaction.
In [37] the authors focus on the influence of different human factors
over the adoption and transition towards Agile methods. The reason
for this focus is that, given the fact that Agile methods are much more
people-oriented than traditional SE development methods, individual
characteristics are likely to play a much more significant role. The
results show how certain personality traits such as individualism or
aversion to change are impediments to Agile adoption, while others
such as enthusiasm act as change accelerators.
In [71] the authors study the process of adoption/rejection of
innovative SE processes and practices in industrial settings. Based on
a qualitative study, they conclude that past experiences, personality
types and repeated behaviour all have a strong influence on behavioural
intention to adopt such new SE practices.
In [36] the authors study how tolerance of ambiguity and openness
to experience associate with a higher IT professionals’ ability to adapt
to a technological innovation.
In [34] the authors study the relationship between personality
and general views about SE in an industrial context. They conclude
that higher levels of extraversion is linked to preferring to work in
teams, while higher levels of openness is linked to preferring to take
responsibility for a whole project and not individual parts.
Last, regarding MDWE, the study presented in [84] shows how
developers with lower levels of neuroticism regard MDWE methods
as significantly easier to use, and show a greater intention to adopt the
method in the future.
2.4.2 Productivity and intention to use
The second relationship in Figure 1 is that between productivity and
I2U. To our knowledge extent there is a research gap regarding the
potential differences in usage intention depending on the productivity
achieved with a given SE method or technique. One notable exception
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is the study of Hutchinson et al. [49] regarding the MDE adoption
intention. This study concludes that, although the productivity increases
with the use of MDE tools, such improvement is not considered
significant enough to drive an adoption effort in companies.
Next, we dive into the CM that has driven the empirical study
presented in this paper.

3 Conceptual Model
In setting an agenda for the empirical assessment of the effect of
human factors on MDWE productivity and I2U, and in order to provide
scientific rigour to the results, it would be ideal that such empirical
assessment revolved around a theoretical model [20]. Theoretical models structure knowledge and provide explanations and understanding
to observed phenomena in terms of basic concepts and underlying
mechanisms [44]. Therefore, its existence greatly contributes to the
soundness of the empirical work, since it provides guidance in targeting
what behaviour to study and in assessing a study’s results [86, 89].
Unfortunately, to the best of our knowledge, such theoretical model
does not exist so far. Also, some previous empirical findings [84]
suggest that CMs devised for other technology adoptions such as the
one presented in [25] may be missing important relationships such as
the one between neuroticism and ease of use, which is why they may
not fit the reality of the MDWE adoption process.
For this reason, in this paper we propose a CM to guide our research
until the community develops such theory. Figure 1 already presented
a global overview. Here, the partial view presented in Figure 2 further
dives into the potential relationships among personality factors and I2U
factors. On the other hand, given the lack of related work regarding the
relationship between productivity and I2U (see Section 2.4.2), Figure 3
reflects our current understanding of the matter.
3.1 Definition of the Conceptual Model Constructs and
Relationships
In Figures 2 and 3 we can observe the different constructs for (a) personality, (b) intention to use and (c) productivity. As it was explained
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Figure 3 Conceptual Model: Productivity factors potentially influencing
MDWE I2U.

in Section 2, for the definition of personality we have abode by the
PEN model, while, for the I2U definition, we have used the Usefulness,
Ease of Use, Compatibility and Subjective Norm factors of the UMAM
model. The reason why we have left out of this paper the Voluntariness
factor is that the context of our study, as we will explain later, did not
allow us to test that factor. Also, it is assumed to have a much lower
impact on the adoption intention of methods than the remaining factors [49]. Last, we have based the definition of the productivity construct
on its adaptation to the SE context [31] and the ISO standard [50].
The detailed definitions of each factor are as follows:
• Personality. It is made up of three dimensions: Extraversion/
Introversion (E), Neuroticism/Stability (N), and Psychoticism/
Socialization (P).
– E: Degree to which a person is sociable and communicative.
Higher scores on this dimension imply being more outgoing,
talkative, and more in need of external stimulation.
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– N: Degree to which a person shows emotional instability.
Higher scores on this dimension imply being more prone
to depression, anxiety, and obsessive behaviours. Neurotic
people have lower tolerance to stress and uncertainty, and they
are easily nervous or upset.
– P: Degree to which a person shows vulnerability to impulsive,
aggressive or low-emphatic behaviours. Higher scores on this
dimension also imply higher levels of assertiveness, orientation towards achievement, and tough-mindedness, among
others. P is also related to higher levels of creativity and
divergent thinking.
• Intention to Use. It is made up of five dimensions: Usefulness
(U), Ease of Use (EoU), Compatibility (C), Social Norm (SN) and
Voluntariness (V). All these factors load into a global Intention to
Use (I2U) factor.
– U: Degree to which a person believes that using a particular
method will enhance his/her job productivity.
– EoU: degree to which a person believes that using the method
would be free of effort.
– C: Degree to which the method is perceived as being consistent with existing values, principles, practices and the past
experience of potential adopters
– SN: Degree to which developers perceive that others who are
important to them think that they should use the method.
– V: Extent to which potential adopters perceive the adoption
decision to be non-mandated; it represents the felt pressure
from the social environment on the potential adopter.
– I2U: Global intention to use the method in the future if given
the chance.
• Productivity. Following the quantitative productivity metrics recommendations for MDE presented in [47], MDWE productivity has been defined in terms of design development effort
(Modelling Effectiveness, MEfs), implementation development
effort (Programming Effectiveness, PEfs), MDWE Effectiveness
(MDWEEfs) and MDWE Efficiency (MDWEEfy).
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– MEfs: ratio of correct modeling tasks divided by total number
of modeling tasks.
– PEfs: ratio of correct programming tasks divided by total
number of programming tasks.
– MDWEEfs: ratio of correct MDWE tasks (both modelling
tasks and programming tasks) divided by total number of
MDWE tasks.
– MDWEEfy: ratio of correct MDWE tasks divided by the
development time required.
In Figure 2, the reader can observe how, given the lack of consensus
among researchers (see Section 2.4.1) and the exploratory character
of this study, the three main personality dimensions according to the
EPQ-R model (E, N and P) are assumed to be potentially related with
the developer’s perception regarding U, EoU, C and SN of MDWE
methods. This differs from the proposal presented in [25] in several
aspects:
• In [25] the authors considered that extraversion did not directly
affect the U, EoU, C and SN perception variables. However, an
argument could be made that more extroverted people may regard
MDWE methods more optimistically, and may therefore score
higher on U, EoU, C and SN.
• Also, in [25] the authors considered that neuroticism only affected
U and SN. However, in [84] the relationship N-EoU was found
significant in the MDWE context, which means that their CM
proposal may be incomplete for this context. MDWE methods are
usually accused of allowing for lower code control. This might
augment the potential feeling of anxiety, so people scoring higher
in neuroticism may regard the method not only as less useful and
with a lower SN, but also more difficult to use and less compatible.
• Last, since MDWE methods are oriented towards achievement,
people scoring higher on P may regard the methods as not only more
useful (as stated by [25]) but also easier to use, more compatible
and with a higher SN.
If we now look at Figure 3 regarding the relationship between Productivity and Intention to Use, the reader can observe how the CM
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opens up the exploration of the fact that higher productivity values
may positively impact any of the perception components of the I2U
model (U, EoU, C, SN).

4 Description of the Observational Study
Observational studies are a kind of empirical study where, contrary
to experiments or quasy experiments, the independent variables are
not manipulated but rather observed, and, based on such observations,
the researcher tries to draw some conclusions [9]. They provide a
way to scientifically observe phenomena and report data in situations
such as ours in which we cannot manipulate the variables (neither
the personality of the developers nor their productivity with respect
to MDWE methods). As their main disadvantage, they do not permit
to establish cause-effect relationships, but only assess correlations or
group differences. Next we describe our experimental design and main
outcomes.
4.1 Goals and Context Definition
Following the GQM template [8], our empirical study is aimed at
analyzing the intention to use an MDWE method for the purpose of
evaluating its relationship with respect to the personality and productivity from the point of view of junior software developers. Our research
questions (RQ) can be formulated as follows:
• RQ1: Is there a relationship between developer’s I2U an MDWE
method and personality?
• RQ2: Is there a relationship between developer’s I2U an MDWE
method and performance?
The MDWE method chosen to carry out the study in order to answer
these questions has been the OOH4RIA approach, which we introduce
next.
4.1.1 The MDWE OOH4RIA Method
OOH4RIA is an MDWE approach that extends the OOH method [39]
and proposes a complete development process based on a set of models
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and transformations that allow to go from conceptual models to code.
OOH4RIA is also equipped with an Implementation Development
Environment (IDE) [67] that offers support for both the design activities
and the automatic code generation process. OOH4RIA is free of charge
for universities, and it is taught as part of the Multimedia degree in
which the empirical study took place. In this experiment, the reason
for selecting OOH4RIA is two-fold. On the one hand, the MDWE
community does no favor any specific MDWE approach over the other,
so, to the best of our knowledge, the selection of one or other is a highly
subjective choice. On the other hand, the OOH4RIA modelling artifacts
included in this study are based on the Unified Modelling Language
(UML) which is the de facto standard in SE.
4.2 Study Planning
We planned to run the observational study with 81 students enrolled in
the ‘Software Design’ course (5th semester of the Multimedia degree)
at the University of Alicante in January 2018. In order for the subjects
to be able to take part in the study, a 15-hour training with OOH4RIA
was scheduled for November and December 2017. In January, both
the execution of an objective proof under exam conditions and the
fill-in of two questionnaires was scheduled. The questionnaires were
prepared online using the Qualtrics platform. For the objective proof,
a Google form was prepared to guide the assessment of the modelling
and programming efficiency measures, and in this way increase their
reliability1 . Last, a set of t-test comparisons was planned regarding the
MDWE perceptions between the high achievers (percentile>=66%)
and the low achievers (percentile<=33%) on each of the personality
and productivity scales.
4.2.1 Objective test
The objective proof consisted in using the OOH4RIA approach to
generate a full-fledged application. Such development included both
modelling and programming activities. To do that, the subjects has a
1

https://goo.gl/Abz95s
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specification that explained the static part of the system. Based on that
specification, the subjects had to model the entities (classes, attributes,
operations and relationships with cardinalities) in an OOH4RIAdomain
model. The last part of the document consisted in a behavioral specification of the system from which the subjects had to implement three
operations using C#. All the activities were planned to be achievable
in 2 hours, and the complexity of the system was adjusted to that time
restriction.
4.2.2 Questionnaires
In order to operationalize the constructs included in the CM (Figures 2
and 3), the following two questionnaires were selected:
• EPQ-R: Spanish version [33]. This questionnaire includes the items
for the three scales included in the CM: E (19 items), N (23 items),
and P (23 items).
• UMAM-Q [28]: This questionnaire, which shares many features
with questionnaires such as [69] and [30], was developed to
specifically measure SE method adoption. It includes 42 items
divided into six scales: U (7 items), EoU (7 items), C (7 items), SN
(7 items), V (7 items) and I2U (7 items).
4.2.3 Variables
As it was mentioned before, the context in which our study took
place limited the set of perception variables to measure. Namely,
voluntariness could not be measured in the context of the course, where
all subjects were required to use OOH4RIA. Also, evaluating the actual
usage would have required a follow-up of the subjects once they have
entered the work force, which falls out of the scope of this paper. The
dismissal of these variables has been marked in Figures 2 and 3 by
writing the corresponding dimensions in a lighter shadow of grey.
The set of variables included in the study, all measured at a
continuous level, were the following (range specified in brackets):
• Independent Variables (IV):
– Personality Variables: E [0..19], N [0..23], P [0..18]
– Productivity Variables: MEfs [0..100], PEfs [0..100],
MDWEEfs [0..100], MDWEEfy [0..100]

An Exploratory Observational Study 501

• Dependent Variables (DV):
– Perception Variables: U [7..49], EoU [7..49], C [7..49], SN
[7..49]
– Intention Variable: I2U [7..49]
The definition of these variables matches that of the corresponding CM
constructs presented in Section 3.
4.2.4 Hypotheses description
Based on the RQs and the CM views of Figures 2 and 3, we established
the following sets of hypotheses:
• Personality-I2U hypotheses
– HPs1 : Subjects with high vs low levels of E differ on their perceptions regarding U, EoU, C, SN and I2U of the OOH4RIA
method.
– HPs2 : Subjects with high vs low levels of N differ on their perceptions regarding U, EoU, C, SN and I2U of the OOH4RIA
method.
– HPs3 : Subjects with high vs low levels of P differ on their perceptions regarding U, EoU, C, SN and I2U of the OOH4RIA
method.
• Productivity-I2U hypotheses
– HPd4 : High vs Low achievers regarding Modelling Effectiveness differ on their perceptions regarding U, EoU, C, SN and
I2U of the OOH4RIA method.
– HPd5 : High vs Low achievers regarding Programming Effectiveness differ on their perceptions regarding U, EoU, C, SN
and I2U of the OOH4RIA method.
– HPd6 : High vs Low achievers regarding MDWE Effectiveness
differ on their perceptions regarding U, EoU, C, SN and I2U
of the OOH4RIA method.
– HPd7 : High vs Low achievers regarding MDWE Efficiency
differ on their perceptions regarding U, EoU, C, SN and I2U
of the OOH4RIA method.
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4.3 Execution of the Study
4.3.1 Subjects
On the scheduled date, the 81 initial set of subjects were asked to
develop a software project following the OOH4RIA method. From
them, 2 subjects dropped out of the course before the study data
gathering phase had started. Since the subjects were not aware of the
fact that they were being asked to participate in the study, we can
assume that the results of the experiments have not been compromised
by their drop out. The final set of observations thus corresponds to
the observations of the remaining 79 subjects, none of which had had
any prior experience with MDWE. The final sample was made up of
63 men and 16 women. The mean birth year of the participants was 1995
(23 years old), with a median of 1996 for men and 1997 for women.
Out of the 79 subjects, one man and one woman filled the EPQ-R and
UMAM-Q questionnaires, but failed to show the day of the objective
proof. From the 77 subjects who carried out the objective proof, 24
failed to fill in the UMAM-Q questionnaire, while 22 failed to fill in
the EPQ-R questionnaire. Figure 4 shows the number of subjects that
participated in each part of the study. When asked about the reasons for
not filling in the questionnaires, all the subjects reported lack of time
as the only reason, while none of them expressed any kind of concern
regarding having to answer personality or I2U-related questions. This
notwithstanding, we cannot discard that possibility, so this poses a risk

Figure 4 Number and descriptive statistics of subjects.
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to the internal validity of the study that will be discussed in Section 5.4.
The complete versions of the questioners used in this experiment are
available as part of the experimental package.2

5 Data Analysis
5.1 Questionnaire Validation
Table 2 presents the Cronbach’s α coefficient for both the EPQ-R and
the UMAM-Q scales. In EPQ-R, E and N show a high reliability.
These results are aligned with the reported reliability of the published
questionnaire, where the reliability of E is between 0.80 (women) and
0.82 (men), and the reliability of N is 0.86 for both men and women [33].
In the questionnaire report the reliability of P is lower than for E and
N (around 0.76). However, our results show an even lower level of
reliability (0.52) that poses construct threat to the validity of the study,
as we will discuss in Section 5.4. For this reason, in this paper we have
dismissed the analysis of the P construct. As for the UMAM-Q, all the
scales show a Cronbach’s α higher than 0.7, which is proof of sufficient
internal consistency [82].
Table 2 Reliability of EPQ-R and UMAM-Q scales
Instr

EPQ-R

UMAM-Q

2

Scale

Items

Cronbach’s α

E

19

0.88

N

23

0.87

P

23

0.52

U

7

0.71

EoU

7

0.80

C

7

0.84

SN

7

0.85

I2U

7

0.95

http://mde.dlsi.ua.es/ooh4ria/labPackages/ExperimentalPackageJWE2018.zip

504 M. G. T. Sánchez et al.
Table 3 Descriptive Statistics for the EPQ-R scales
EPQ-R
E

N

P

L

M

SD

M

SD

M

SD

M

SD

11.67

4.93

11.24

5.60

5.69

2.32

8.22

3.02

Table 4 Descriptive Statistics for the UMAM-Q scales
UMAM-Q
U

EoU

C

SN

I2U

M

SD

M

SD

M

SD

M

SD

M

SD

33.64

8.64

27

7.47

29.64

5.47

29.36

6.87

29.56

10.93

Table 5 Descriptive Statistics for the productivity measures
Productivity
MEfs

PEfs

MDWEEfs

MDWEEfy

M

SD

M

SD

M

SD

M

SD

71.02

19.13

28.55

25.07

54.42

14.86

0.50

0.13

5.2 Descriptive Statistics
In Tables 3–5 the descriptive statistics (Mean and Standard Deviation)
of the measurements for all the constructs are presented.
5.3 Hypothesis Analysis
In order to study whether differences in personality and/or productivity
(the IVs) are related with differences in U, EoU, C, SN and I2U (the
DVs), for each personality trait (E, N, P) and each productivity variable
(MEfs, PEfs, MDWEEfs, MDWEEfy) we classified the subjects into
two groups (Low, High), whose cut points were the percentile 33 and
66 of the corresponding scores. In cases where several subjects had
the same cut score, we assigned all of them to the group who initially
included more subjects with that score. Tables 6 and 7 present the
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final number of members and the cut scores for the E and N High/Low
groups, together with their descriptive statistics. Tables 8–11 do the
same for the productivity variables.
Then, we carried out a set of statistical analyses. For all of them, the
selected statistical procedure was an independent-samples t-test. This
test makes six assumptions. The first three (one dependent variable
measured at the continuous level, one independent variable that is
dichotomous, and independence of observations) are automatically
met by the mere design of the observational study: all the IVs are
dichotomous (Low group vs High group), all DV are measured at the
continuous level, and the two sets of measures were unrelated.
The other three relate to the nature of the data:
• There should be not significant outliers data points more than 1.5
box-lengths from the edge of their box in a boxplot in the two groups
of the independent variable in terms of the dependent variable.
Outliers were detected by inspecting boxplots for values greater
than 1.5 box-lengths from the edge of the box. After a careful
examination, which included the time it had taken the subjects
to complete the questionnaires and the tasks, we concluded that,
when the outliers appeared, they were not the result of any data
entry error nor a measurement error, but genuinely unusual values,
and therefore we kept them in the analyses.
• The dependent variable should be approximately normally distributed for each group of the independent variable. We tested
whether the data was normally distributed for each category (Low,
High) of the independent variable with the Shapiro-Wilk test (see
column SW in Tables 6–11). This test is recommended rather than
the Kolmogorov-Smirnov for small sample sizes [75], where the
visual interpretation of the Normal Q-Q Plots or other graphical
methods is difficult. When the test did not hold, we checked the
skewness of both groups. If only one group was skewed, or if both
group distributions were skewed in a similar manner, we proceeded
with the test, since independent samples t-test is considered robust
to violations of normality [79]. Only in cases where the two groups
were skewed in different directions (and therefore the violation
was more acute), did we plan to solve it by applying a data
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transformation. In our data, such transformation was not needed
in any of the four violations encountered (see the Shapiro Wilk
(SW) values marked with an * in Tables 6–11).
• There should be homogeneity of variances. In all the analyses
the homogeneity of variance was checked with Levene’s test,
which showed p values greater than 0.05 for all the analyses (see
Tables 6–11).
5.3.1 HPs1 : Extroversion and developer’s perceptions
For the E scale, we classified as extroverts (subjects with high extraversion levels) those that have a score of 16 or more on the scale
(15 subjects out of 55). Introverts, on the other hand, scored 8 or less on
the scale (19 subjects out of 55). Data are mean ± standard deviation,
unless otherwise stated.
If we look at Table 6, we can see how extroverts regard the
OOH4RIA method as more useful and more easy to use, and show
a slightly higher inclination towards using it in the future. However,
such differences are not significant (see results of the t-tests in Table 6).
Also, neither the perceived C nor SN seem to be related with the level
of extroversion.
5.3.2 HPs2 : Neuroticism and developer’s perceptions
For the N scale, we have classified as neurotics those that have a score
of 14 or more on the scale (18 subjects out of 55). Stable subjects,
on the other hand, are those who have scored 7 or less (17 subjects
out of 55).
Table 6 Extraversion and developer’s perceptions (M: Mean, SD: Standard
Deviation, Lev: Levene, SW: Saphiro-Wilk, EL : Low Extraversion, EH : High
Extraversion).
Pers

I2U

E

U
EoU
C
SN
I2U

EL
M
31.74
25.74
29.53
29.74
27.47

(<=9) (15)
SD
SW
9.48 0.023*
8.13 0.345
5.47 0.411
6.57 0.822
11.03 0.076

EH (>=16) (19)
M
SD
SW
35.73
6.91 0.469
26.80
7.23 0.882
29.27
4.46 0.652
29.00
7.83 0.263
29.13 10.92 0.402

Lev

t

df

p

0.098
0.257
0.15
0.30
−0.44

−1.37
−0.40
0.460
0.580
0.611

32
32
32
32
32

0.181
0.694
0.883
0.767
0.665
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Table 7 Neuroticism and developer’s perceptions (M: Mean, SD: Standard Deviation, Lev: Levene, SW: Saphiro-Wilk, NL : Low Neuroticism, NH : High Neuroticism)
Pers

I2U

N

U
EoU
C
SN
I2U

NL (<=7) (17)
M
SD
SW
35.33
7.14 0.127
30.94
6.61 0.570
29.56
5.91 0.643
30.06
7.01 0.764
33.78 10.42 0.435

NH (>=14) (18)
M
SD
SW
32.41
9.33 0.098
24.18
8.20 0.613
29.18
5.43 0.204
30.00
8.07 0.125
27.06 11.91 0.342

Lev
0.250
0.163
0.760
0.606
0.470

t

df

p

1.04
2.69
0.20
0.02
1.78

33
33
33
33
33

0.304
0.011*
0.845
0.983
0.084

In Table 7, we can see how more stable subjects regard the OOH4RIA
method as more useful and easier to use, and show a slightly higher
inclination towards using it in the future. Also, neither the perceived C
nor SN seem to be related with the level of neuroticism. If we now look
at the t-test results in 7, we can observe how the EoU is significant. This
means that there is a significant relationship between higher levels of
stability and higher perceived EoU of the OOH4RIA method.
5.3.3 HPs3 : Psicoticism and developer’s perceptions
For the P scale, given the low reliability of the scale, we have dismissed
its analysis.
5.3.4 HPd1 : Modelling effectiveness and developer’s
perceptions
Regarding Modelling Effectiveness (%) (see Table 8), we have classified as high achievers those that have correctly modelled at least a
82.14% of the system (17 subjects), while low achievers are those
subjects whose score has fallen below 62.50% (18 subjects). In Table 8
we can observe how high achievers perceive OOH4RIA to be more
Table 8 Modelling Effectiveness and developer’s perceptions (M: Mean, SD:
Standard Deviation, Lev: Levene, SW: Saphiro-Wilk, MEfsL : Low Modelling
Effectiveness, MEfsH : High Modelling Effectiveness)
Perf

I2U

MEfs

U
EoU
C
SN
I2U

MEfsL
M
30,67
23
28,83
26,61
26,22

(<=62.5) (18)
SD
SW
8,79
0.731
7,15
0.917
6,68
0.992
6,61
0.102
11,15 0.643

MEfsH
M
35,41
30,18
30,29
31,94
32,76

(>=82.14) (17)
SD
SW
8,68 0.008*
6,14 0.392
4,15 0.407
6,37 0.374
9,38 0.918

Lev
0.955
0.337
0.140
725
0.480

t

df

p

−1,61
−3,18
−0,77
−2,43
−1,87

33
33
33
33
33

0,118
0,003*
0,446
0,021*
0,070
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Table 9 Programming Effectiveness and developer’s perceptions (M: Mean, SD:
Standard Deviation, Lev: Levene, SW: Saphiro-Wilk, PEfsL : Low Programming
Effectiveness, PEfsH : High Programming Effectiveness)
Perf

I2U

PEfs

U
EoU
C
SN
I2U

PEfsL
M
34
27,56
30,28
29,33
30,72

(<=13.33) (18)
SD
SW
7,98
0.877
7,24
0.191
5,50
0.657
6,01
0.712
10,89 0.348

PEfsH (>=40) (17)
M
SD
SW
36,24 8,85
0.109
28,47 8,09
0.851
31,71 5,42
0.427
30,35 6,70
0.226
34
10,64 0.390

Lev
0.662
0.686
0.799
0.570
0.820

t

df

p

−0,79
−0,35
−0,77
−0,47
−0,90

33
33
33
33
33

0,438
0,726
0,445
0,638
0,375

useful, easier to use, more compatible with their way of working, and
more supported by their peers. Overall, they are more likely to adopt
it as a development method in the future than low achievers. These
differences are significant for EoU and SN.
5.3.5 HPd2 : Programming effectiveness and developer’s
perceptions
Regarding Programming Effectiveness (%), in Table 9 we can see how
high achievers (those scoring 40 or higher on the study, 17 subjects)
regard MDWE as slightly more useful, easier, and more compatible.
Also, they feel more encouraged by their environment to use it and,
in general, they show a higher intention to use the method than low
achievers (those scoring 13.33 or less, 18 subjects). However, none of
the differences are significant.
5.3.6 HPd3 : MDWE effectiveness and developer’s
perceptions
If we now look at the aggregated measure MDWE Effectiveness (%), in
Table 10 we can observe how high achievers are those subjects that have
obtained a total MDWE development score (modelling + programming)
of 40% or higher (18 subjects). On the other hand, low achievers are
those subjects whose score has been 13.33% or lower (18 subjects). In
Table 10, we can see how high achievers again think that OOH4RIA is
more useful, easier to use, more compatible with their way of working
and more supported by their working environment. In agreement with
such perceptions, they show a greater inclination towards using it in
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Table 10 MDWE Effectiveness and developer’s perceptions (M: Mean, SD:
Standard Deviation, Lev: Levene, SW: Saphiro-Wilk, MDWEEfsL : Low MDWE
Effectiveness, MDWEEfsH : High MDWE Effectiveness)
Perf

I2U

MDWEEfs

U
EoU
C
SN
I2U

MDWEEfsL
M
SD
SW
30,06 10,04 0.512
24,61 7,88
0.612
28,33 6,86
0.982
26,67 6,39
0.171
25,50 11,58 0.441

MDWEEfsH
M
SD SW
37,11 8,65 0.020*
29,11 6,65 0.914
32
4,86 0.070
32,39 5,95 0.110
34,83 8,37 0.505

Lev
0.314
0.248
0.141
0.607
0.112

t

df

p

−2,26
−1,85
−1,85
−2,78
−2,77

34
34
34
34
34

0,03*
0,073
0,073
0,009*
0,009*

Table 11 MDWE Efficiency and developer’s perceptions (M: Mean, SD: Standard
Deviation, Lev: Levene, SW: Saphiro-Wilk, MDWEEfyL : Low MDWE Efficiency,
MDWEEfyH : High MDWE Efficiency)
Perf

I2U

MDWEEfy

U
EoU
C
SN
I2U

MDWEEfyL
M
SD
SW
32,83 8,73
0.363
26
7,24
0.495
29,61 5,84
0.917
28,83 5,95
0.484
28,89 11,10 0.341

MDWEEfyH
M
SD
SW
36,67 7,99
0.003*
29,06 7,29
0.550
31,39 5,14
0.075
32,17 6,44
0.289
33,50 10,26 0.608

Lev
0.534
0.960
0.536
0.245
0.817

t

df

p

−1,37
−1,26
−0,97
−1,61
−1,29

34
34
34
34
34

0,178
0,216
0,339
0,116
0,204

the future. U, SN and I2U are significantly higher while EoU and C,
while not significant, are very close.
5.3.7 HPd4 : MDWE efficiency and developer’s perceptions
Last, for the overall MDWE Efficiency measure (MDWEEfs/min), we
have classified as low achievers those that have a score of 0.42 or less
(18 subjects), and high achievers as those who have a score of 0.55 or
more (18 subjects). In Table 11, we can see how more efficient subjects
regard OOH4RIA as more useful, easier, more compatible, and more
supported by their working environment. Therefore, they show a greater
intention to use it in the future. However, contrary to what happens with
the MDWE effectiveness, none of these differences are significant.
5.4 Threats to Validity of the Study
We have followed the classification proposed by Cook and Campbell [17] for the classification of the main threats to the validity of
the study: internal, external, construct and conclusion.
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Threats to internal validity are concerned with the possibility of hidden
factors which provide alternative explanations for the result. The main
threat to the internal validity of this study is the fact that 24 subjects
out of 77 chose not to answer one or both questionnaires (experimental
mortality). Although, when asked about why they hadn’t answered,
they put forward lack of time reasons, we cannot be sure that their
personality profile did not have any effect on such decision. This
risk is unfortunately unavoidable, since ethical reasons required the
fulfillment of the questionnaires to be voluntary, and the load of work
at the end of the term tends to be high.
Threats to external validity are concerned with generalization of the
results. Our main threat to the external validity is that subjects are
students of the Multimedia degree, which is unrepresentative of the
population of MDWE developers in the industry. Also, the use of a
specific MDWE method like OOH4RIAand its tool constitutes a limited
environment and can influence the results.
Threats to construct validity refer to the relationship between theory
and observation. Both the theory and the scales used to measure the
different constructs are widely accepted by the research community.
Also, the instruments used have proven their reliability and validity
in different settings. However, the P scale has showed a low internal
validity in our context. We have mitigated this threat by excluding the
P variable from the study.
Last, threats to conclusion validity refer to the relationship between
the treatment and the outcome. All the statistical analyses have been
preceded by tests that checked that the assumptions of the statistical
procedure were not being violated. In the four cases where the normality
of the High or the Low group was violated, we checked that such violation was not severe [79], and planned the use of data transformations
otherwise.

6 Conclusions and Future Lines of Research
This paper has presented a CM for the study of the effect of personality
and productivity on the perceptions and adoption intentions regarding
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MDWE. Also, it has presented an exploratory observational study
to assess whether there are significant differences between groups
of subjects scoring at the high vs low level of the personality and
productivity IVs with respect to the perception and intention DVs. Our
purpose with these two contributions is fostering the discussion among
the research community regarding individual differences and how they
may be affecting the use of MDWE methods and tools.
We believe that, in order for the MDWE research community to
come up with a CM that truly reflects the MDWE method adoption
influencers, substantial empirical research needs to be done. In this
sense our paper is only another drop in the bucket. Only with many
more data will it be possible to apply much more sophisticated statistical
analysis that serve to validate alternative CMs in order to better
understand which are the real influencers of MDWE adoption.
This notwithstanding, even with the simple exploratory analyses
presented in this paper, some hypotheses regarding how an MDWE
adoption CM should evolve have emerged, which we discuss next.
6.1 RQ1: Personality and I2U
According to the initial CM, extroverted subjects regard MDWE methods more optimistically, which explains higher scores on U, EoU, C
and SN. Our data (see Table 6) seems to confirm higher ratings for
U, but not for EoU, C or SU, where the differences are very small.
Also, none of the results are significant. Therefore we can conclude
that, at least in our experimental setting, Extroversion does not pay a
significant role as a predictor of MDWE adoption (although we cannot
discard a role as a moderator variable in other relationships, as was
pointed out in [25]). These finding are consistent with the results of other
studies [51].
Our initial CM also suggest that stable (as opposed to neurotic)
people shows more positive perceptions about MDWE methods. Again,
our data confirms such trend for U and EoU, but not for C or SN.
Of particular interest is the statistically significant differences in EoU
between developers scoring high and low in N. Such difference was
not even considered in previously proposed CMs [25]. One possible
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explanation is the learning curve of MDWE methods and the perceived
lack of control of the produced code [63]. Neurotic people (characterized by presenting a lower tolerance to uncertainly) may more acutely
suffer these MDWE disadvantages. It is important to note how such
effect is quite big, to the point of making differences in the global I2U
variable nearly statistically significant (see Table 7).
Last, the CM suggests that, since MDWE methods are oriented
towards achievement, people scoring higher on P may regard the
methods as more useful, easy to use, compatible and with a better
community support. However, the lack of reliability of the scale in our
analysis has prevented us from being able to explore that relationship.
6.2 RQ2: Productivity and I2U
The productivity analyses presented in this paper show how it is
the MDWE effectiveness rather than the MDWE Efficiency what
influences MDWE perceptions.
Based on these results a new hypothesis emerges. If we accept
the fact that increased efficiency is important for MDWE adoption
in general [63], one possible explanation for this result is that, once
an acceptable level of efficiency has been reached, further improving
such efficiency does not impact the method perception. Following
the definitions provided by the KANO model [78], we would say
that MDWE Efficiency is perceived as a must-be attribute of MDWE
methods, that is, a requirement that the developers expect and is taken
for granted. MDWE Effectiveness, on the other hand, seems to be
regarded as a one-dimensional quality, that is, it results in a greater
I2U when fulfilled and a lower I2U when not fulfilled.
Therefore, we believe that MDWE improvement efforts should
be directed towards supporting developers in achieving better effectiveness in their activities, rather than focusing on reaching higher
levels of efficiency. Such support could consist in the inclusion of
a more powerful modelling validation that assisted the developer in
diminishing the number of errors both in the models and in the code
generated from them.
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6.3 Future Lines of Research
As future work we plan to carry out replications of this empirical study,
if possible with different MDWE approaches and audiences, in order to
augment the external validity of the results and provide more empirical
data that serve to evolve and validate with more powerful statistical
techniques such as Structural Equation Modelling a useful CM for the
MDWE community.
Also, we plan to include in our replicas the use of the BF model
in addition to the PEN model for the characterization of personality.
The purpose of such addition is two-fold: on the one hand we want to
check whether the N and E dimensions are actually equivalent in both
models when applied to the MDWE domain. On the other hand, we
want to check whether using the three different scales of BF instead of
the single P scale of PEN augments the internal validity of the scales.
Last, we would like to point out that there is plenty of opportunity
to augment the scope of this kind of study and include many other
variables, such as cognitive abilities, motivation, emotional intelligence
and cognitive styles, all of which may add prediction power to job
productivity and preferences [26].
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[87] Ståle Walderhaug, Erlend Stav, and Marius Mikalsen. Experiences
from model-driven development of homecare services: Uml profiles and domain models. In International Conference on Model
Driven Engineering Languages and Systems, pages 199–212.
Springer, 2008.
[88] Gerald M. Weinberg. The psychology of computer programming,
volume 932633420. Van Nostrand Reinhold New York, 1971.
[89] Kirsten N. Whitley. Visual programming languages and the empirical evidence for and against. Journal of Visual Languages &
Computing, 8(1):109–142, 1997.
[90] Jon Whittle, John Hutchinson, and Mark Rouncefield. The state
of practice in model-driven engineering. IEEE software, 31(3):
79–85, 2014.
[91] Murat Yilmaz and Rory V. OConnor. Towards the understanding
and classification of the personality traits of software development practitioners: Situational context cards approach. In Software engineering and advanced applications (SEAA), 2012 38th
EUROMICRO conference on, pages 400–405. IEEE, 2012.

Biographies

Magister Glenda Toala Sánchez is a professor at the Faculty of
Economic Sciences of the Central University of Ecuador. She has
extensive teaching experience in the areas of Programming and
Information Technology and Communications.

An Exploratory Observational Study 523

Currently, she is studying a doctorate in computer science at
the University of Alicante, Alicante, Spain. She has participated in
international conferences of great reputation in the field of Software
Engineering: International Conference on Web Engineering (ICWE)
2018, Iberian Conference on Information Systems and Technologies
(CISTI) 2018 and International Congress of Information, Systems and
Sciences of Computation (INCISCOS) 2018. The results of the investigations are included in Springer LNCS proceedings, EI-Compendex,
IEEE XPlore, INSPEC, ISI, SCOPUS and Google Scholar.

Cristina Cachero is associate professor at the Department of
Languages and Systems of the University of Alicante. She has extensive
teaching experience in the areas of Programming and Software
Engineering, and she coordinates two undergraduate subjects related to
these areas. Her main lines of research are (a) the empirical evaluation
of Model-Driven Engineering notations, methods and techniques, and
(b) the impact of human factors on the performance and satisfaction of
software developers while using them.
As part of her research work, Dr Cachero has been a visiting
researcher at Politecnico de Milano (Italy), Gent Universität (Belgium),
Université de Montréal (Canada) and Universidad de la Frontera
(Chile).
Her research results have been published in JCR journals –
IEEE Multimedia, Journal of Systems and Software (JSS), Journal
of Web Engineering (JWE), Empirical Software Engineering (ESE),
Information and Software Technology (IST), International Journal on
Intelligent Systems (IJIS), etc. – and highly reputed conferences in

524 M. G. T. Sánchez et al.
the Software Engineering field – DEXA, WISE, ER, EC-Web, ICWE,
CAISE, MODELS, etc.-.
Dr. Cachero has acted as invited reviewer of several journals,
conferences and workshops. Also, she has been invited editor of special
issues in the RE, JSS and JWE journals, and she has co-organized
several workshops in international conferences such as WTA (SAC
2005), IWWUA (WISE 2008 and WISE 2009) and QWE (ICWE 2010
and ICWE 2011).

Santiago Meliá is associate Profesor at the Department of Languages
and Information Systems at the University of Alicante. His research
interest includes Model-Driven Development, Web Engineering
Methodologies, Automatic Code Generation Techniques and Web
Software Architecture, all of them are part of his Ph.D. received at
the University of Alicante in 2007. In the last years has focused
on the empirical software engineering applied to the area of the
model-driven for refuting his promises of improvement in productivity,
maintainability and satisfaction in the software development.
He has published in prestigious journals such as (IEEE Internet
Computing, Journal of Systems and Software, Information Systems
Frontiers, European Journal of Information Systems, Information
Software Technology, Journal of Web Engineering, etc.) and conferences (OOPSLA, WISE, ER, EC-Web, ICWE, CADUI, etc.).
He regularly serves in the PC of several international conferences
(WWW, ICWE, JISBD) and he has co-organized during three years
the international workshop MDWE (2011, 2012 and 2013).

An Exploratory Observational Study 525

Finally, It is important to hightlight that he has coordinated and
participated in several industrial research projects in which it has been
able to apply the latest techniques of software engineering to develop
applications for companies like Ambulancias Ayuda S.L.U, INASE,
Patronato de Turismo de la diputación de Alicante, Smartloto S.L,
SUMA Gestión Tributaria, etc.

