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1 | INTRODUCTION

Every day humans generate several petabytes of data from a variety of sources such as orbital weather satellites, ground-based
sensor networks, mobile computing devices, digital cameras, and retail point-of-sale registers'.. The availability of huge amounts
of data is changing our attitude toward science, which is moving from specialized to massive experiments and from focused to
very broad research questions?. Likewise, software development is also changing from traditional computing to data-oriented
systems”. Data-oriented software systems focus on analyzing data to offer valuable insights, which in turn may offer a quan-
tifiable competitive advantage to the enterprise or organization*. With the emergence of this data-oriented perspective, the
application of ML techniques has gained interest in software development.

On the one hand, there are development methodologies to design and implement data-oriented software systems based on
ML techniques. These methodologies take advantage of ML techniques to use huge amounts of data that had previously no use
and makes analysis and predicting trend and patterns®. The two major methodologies are CRISP-DM (Cross Industry Standard
Process for Data Mining) and SEMMA (Sample, Explore, Modify, Model, and Assess)™.

On the other hand, there are development methodologies to design and implement software systems based on models. These
methodologies take advantage of models, which raise the abstraction level using concepts that are much less bound to the under-
lying implementation technology and are much closer to the problem domain ‘. Agile Model Driven Development methodology
(AMDD) is an agile version of Model Driven Development (MDD) that takes advantage of both approaches: models and agility.

Increasingly, the MDE community is paying more attention to the techniques offered by the Machine Learning (ML) commu-
nityZ%, Therefore, the software development may benefit from both the abstraction level (models) and data-oriented perspective




A. C. Marcén ET AL

| AMDD I

Envisioning

F——— >

Development <

Data Models
Static Models
Behaviour Models

| AMDD-ML I

| Envisioning

| Learning in tems of Models

ﬂ

— 1))
) Static Models Ontology Views c
5 Release I Development <Behaviour Models Component Models [ : E}
o

-1 Production I Release @ q;) 2
c - © > E
] | Production g > 8
‘b' | >~8?)
© - - - -"-"-"-=" -="-=- -="-=" -"=" -" -" -"=-" -" - -="-="-="-="=-"=-"=- == = 897D
s | \ Sg
= [ crISP-DM & SEMMA | S
'2 I I Data Understanding

| Classifiers

| Evaluation

|

|

+

Data-Oriented

FIGURE 1 Overview of the comparison between methodologies according to human understanding and orientation to data.

(ML techniques). Nevertheless, there is a lack of empirical experiments that evaluate the benefits that ML brings to MDE. To
cope with this lack, we evaluate the benefits of empowering model engineers of MDD with a ML classifier. To do this, the
contribution of this paper is twofold.

First, we tackle the ML classifier as part of the MDD. Specifically, we extend the AMDD methodology embedding the data-
oriented perspective of CRISP-DM and SEMMA methodologies. Figure [T| shows an overview of how AMDD is extended to
AMDD-ML. ML is embedded in AMDD-ML through the Learning phase and the Development phase. The Learning phase is
responsible for analyzing the data and creating ML classifiers for the company’s purposes (e.g., a ML classifier to predict the
success of its next advertising campaign). The Development phase is responsible not only for the behavior and static models
but also for the ontology views and component models. The ontology views and component models allow embedding the ML
classifier as part of the models, providing a higher level of abstraction.

Figure [T] also shows the phases of each methodology and compares the methodologies in terms of abstraction level and
oriented-data perspective. Regarding the abstraction level, as an assembly language is usually easier to understand than a binary
code and a programming language is usually easier to understand than an assembly language, the high-level abstraction that is
provided by models is usually easier to understand than programming languages. In addition, the models are much less bound to
the underlying implementation technology, much closer to the problem domain, and allow engineers to see ‘the big picture’©2,
Both AMDD and AMDD-ML are based on models, so they benefit from a higher abstraction level than SEMMA and CRISP-DM
which are based on programming languages.

Regarding the data-oriented perspective, data can be modeled to be used or can be analyzed to provide valuable insights not
only for enterprise competitive advantages but also for the Development phase. For example, a marketing company can store
information of the last advertising campaigns and show their statistical results of them. However, the company can go a step
further and analyze these results creating a ML classifier that predicts the success of its next campaign. AMDD tackles the first
step of this company, data modeling. In contrast, SEMMA, CRISP-DM, and AMDD-ML go a step further and benefit from
analyzing and predicting patterns to exploit the data through ML techniques.

Second, we evaluate the benefits of embedding the ML in the MDD from the engineer’s point of view. It was evaluated
by two different real industrial cases. The first real case was CA a worldwide provider of railway solutions. The second
one was BSI—ﬂ the leading manufacturer of home appliances in Europe. A domain expert was responsible for identifying the
requirements based on these real cases. Then, some students, who have previous knowledge of working with models, were
recruited to model these requirements. Specifically, the students were divided into two groups, to perform a paired design blocked
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FIGURE 2 Overview of the phases and workflow diagrams of these phases

by experimental objects!?, where the experimental objects were the extended methodology (AMDD-ML) and the baseline
methodology (AMDD). Finally, we evaluated the developed models concerning quality, effort, productivity, and satisfaction.

The outcome shows that there are no significant differences between the extended methodology and the baseline method-
ology concerning productivity. However, the extended methodology provided the best quality results, successfully passing
85.68 percent of the test cases. Moreover, this extended methodology also achieved the best satisfaction results for the Per-
ceived Usefulness and the Intention to Use, overcoming the results of the baseline methodology for 8 marks and 15.34 marks,
respectively.

The remainder of this paper is structured as follows: Section [2] presents the AMDD-ML methodology. Section [3] details the
evaluation designed to tackle the Research Questions, and the results of said evaluation. Section [] discusses our methodology
and the obtained results. Section [5|describes the threats to the validity of our work. Section[6]introduces the existing works that
are related to the one presented through the following pages. Finally, Section[7]concludes the paper.

2 | AMDD-ML METHODOLOGY

Figure[2]shows an overview of the phases of AMDD-ML and the workflow diagrams of their phases. On the one hand, AMDD-
ML reuses four phases of AMDD: Envisioning, Development, Release, and Production. These four phases are briefly presented
to make the paper self-contained, there are more details in'''4, On the other hand, AMDD-ML contains a new phase: the
Learning in terms of Models phase. This phase is responsible for data-oriented development through data models and ontologies.
In Figure 2] the background of the Learning in terms of Models phase is dotted to highlight that is the new phase embedded in
AMDD.

2.1 | Envisioning phase

This phase identifies the scope of the project through two activities: Initial Requirements Envisioning and Initial Architectural
Envisioning. On the one hand, the Initial Requirements Envisioning identifies the business goals, develops a common vision,
and identifies the high-level requirements for the project. On the other hand, the Initial Architectural Envisioning performs some
high-level architectural modeling early in the project to help foster agreement regarding your technical strategy within the team
and with critical stakeholders.

2.2 | Learning in terms of Models phase

The most fundamental challenge for data-oriented software systems is to explore large volumes of data and extract useful infor-
mation or knowledge for future actions™3. Specifically, a classifier is the artifact trained from the stored data and used to predict,
classify, or evaluate new data. Therefore, a classifier can allow modelers to know how effectively new data can be predicted,
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classified, or evaluated, so modelers can leverage this knowledge in their design. For example, in a railway company, if a modeler
knows that a classifier can successfully determine whether a braking is correct, he may decide to communicate this information
to the driver. This information will be more useful than a large list of sensor values, that the driver must analyze in real-time
using his experience. However, to make this decision, the modeler needs to know that it is possible to train a successful classifier
from the stored data.

For this reason, before starting the Development phase, our proposed Learning in terms of Models phase allows to analyze
the data to know if the data may be useful, what data is relevant, and how to predict, classify, or evaluate this data. To do this,
the Learning in terms of Models phase is based on ML, so the engineers that work in this phase should have experience in ML.

ML is known as the branch of artificial intelligence that gathers statistical, probabilistic, and optimization algorithms, which
learn empirically'#. ML has a wide range of applications, including search engines, medical diagnosis, text and handwriting
recognition, image screening, load forecasting, marketing, and sales diagnosis, etc.1>. ML is based on training to learn how to
extract information, and then to apply what it has learned to extract information from huge volumes of data. To do this, firstly,
data has to be prepared to be used by a ML technique.

Secondly, a model is trained through a ML technique. However, the concept of model could be confused in this specific
context because it has two meanings. On the one hand, in MDD, a model is mainly a representation of the essential aspects of
the underlying subject!®. On the other hand, in ML, a model is a rule-set, that is learned when comparing automatically feature
vectors through a ML technique”. To avoid misunderstandings, in this work the concept of model in ML is replaced by the
term ’classifier’. Therefore, secondly, a classifier is trained through a ML technique. Thirdly, the classifier is validated to know
its effectiveness.

The next subsections describe the step for this phase and our proposal to perform these steps in terms of models. Moreover,
Figure 3| shows an example to ease the understanding of both the Learning and Development phases. This running example is
based on one of the real cases used in our evaluation, where a railway company (CAF) needs to develop a software system for
the maintenance of the different systems of a train, such as the braking system or the doors opening and closing system. To
provide a simple and clear example, Figure [3] prioritizes the understanding over the completeness. Therefore, this figure only
shows a part of the real artifacts as an example.

2.2.1 | Data Preparation

The main target of this step consists in identifying what data is relevant for a specific purpose and encoding this data following the
input format of the ML technique which is going to be used. Most of the ML techniques are designed to process feature vectors
as inputs'®, Feature vectors are known as the ordered enumeration of features that characterize the object being observed!?.
Therefore, if we plan to encode data as a feature vector, we have to identify the features from the data and select the most suitable
ones.

Typically, features are selected by a domain expert or imposed taking into account experience and simple models of the system
of interest2Y, However, to do this, we propose to use both ontologies and ontology views to identify the most relevant features
to encode data in feature vectors. This proposal is based on the approaches in?/22, where a domain ontology is used to encode
data into feature vectors and an evolutionary algorithm is used to optimize the encoding by feature selection. Specifically, each
concept and relation in the ontology is considered as a feature in each feature vector. Then, the number of features is reduced
through the evolutionary algorithm. The evolutionary algorithm explores the search space formed by all the features to find the
combination of features that minimizes overfitting or other problems arising from a large number of features.

Similarly, in this work, an ontology contains the main concepts and relations in the domain, while the ontology views represent
the selected features for a specific action (e.g., evaluate a braking). The domain expert is responsible for selecting the ontology
according to the domain. If there is not an available ontology to this domain, the domain expert is responsible for defining one
taking into account the domain. Following the running example, the ontology in the railway domain would contain concepts
such as door, car, cabin, button, or brake, and the relations between them (see the left of Figure E])

Therefore, the ontology contains all the concepts and relations for a domain, but only some of these concepts and relations
are relevant to fulfill a specific action. For example, the brakes of the train are relevant for the braking system, but the doors
are not relevant for it, but both brakes and doors are concepts in the ontology. For this reason, the ontology views point out the
concepts and relations of the ontology that are relevant for a specific action. In Figure[3] the Ontology View 1 is an example
of an ontology view to develop the braking system. This ontology view indicates that the relevant data to develop the braking
system is provided by the pressure sensors, the brakes, and the emergency brakes, so the rest of the concepts and relations are
not relevant for the braking system.
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FIGURE 3 Example of Views on an Ontology and Model Components for a Train Maintenance Software

2.2.2 | Classifier Training and Modeling

The main target of this activity is to train the classifier using an ML technique. The type of ML technique will depend on the
domain or problem. For example, predictive maintenance applications prevent failures in equipment that make up the production
lines on the factory floor. For this kind of application, the most common ML algorithm is Random Forest followed by Neural
Network based methods (i.e., Artificial Neuronal Networks, Convolution Neural Networks, Long Short-Term Memory network,
and Deep Learning)=>. For a different problem like the Internet of Things security, the most common ML algorithms are Neural
Networks followed by the Support Vector Machine technique?*. For a different domain like medicine, the most popular algorithm
in medical informatics is Support Vector Machine, followed by Random Forest>.

The selected ML technique is used to train a classifier, which can tackle different goals. For example, imagine that a train
company stores the information about the brakings (e.g., wind, speed, brake status, deceleration, slope, pressure, emergency
brake status), the result of each braking (abrupt, smooth, glitchy, or delayed), and possible solutions to improve the brakings
(start braking earlier or later, activate or deactivate the automatic braking, use the emergency brakes, etc.). A classifier can be
trained to determine if a braking is correct or not, to prevent an abrupt braking, to classify a braking into abrupt, smooth, glitchy,
or delayed, or to provide the driver with a ranking of solutions that help him to make a good decision. The goal of classifiers
will depend on the problem and the knowledge base.

Knowledge base is the name for the labeled data used for training. Given the company data, one or more domain experts
extract part of this data to train and test the classifier. When the knowledge base is composed of the data extracted for the experts,
the knowledge base has to be encoded into feature vectors taking into the concepts and relations that the ontology view points
out as relevant. The resulting feature vectors from the encoding compose the training dataset. Specifically, the classifier learns
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the rule-set through the comparison of the feature vectors which the training dataset contains. After the training process, the
classifier can apply the learned rules to extract information from huge volumes of data.

For example, for the braking system, the knowledge base may be composed of a set of brakings. The relevant features for
these brakings would depend on the selected concepts and relations of the ontology view. According to the Ontology View 1
of Figure[3] the relevant features for these brakings are provided by the pressure sensors, the brakes, and the emergency brakes,
so each braking in the knowledge base could be composed of features such as the number of active brakes, the average of the
pressure, or the traction effort. In addition to these features, each braking would also contain a numerical value to indicate if the
braking is correct (1) or is wrong (0). This numerical value is commonly called a label or tag. The features and the labels would
be used to encode each breaking into a feature vector. Then, the classifier could learn when a braking is correct or not through
the comparison among the feature vectors. For example, a simple rule that the classifier could learn thanks to the comparison
could be if one of the brakes is not active the train is braking wrong. Therefore, the trained classifier knows how to determine if
a braking is correct or wrong.

To provide the classifier in terms of models, we propose to embed the classifier into a classification component. The top right
of Figure [3|shows two classification components that would contain the necessary classifiers to evaluate if a braking is correct
or not and to evaluate if the doors are closed or open correctly. These classification components are related to the ontology views
to specify what are the relevant features to carry out their purposes.

2.2.3 | Classifier Evaluation

The target of this step consists in assessing the effectiveness of the classifier to know if it may be useful for the software system.
To do this, the classifier has to test the feature vectors of the training dataset and the results given by the classifier are compared
to the labels in these feature vectors. The effectiveness of the classifier is determined by the number of times, the classifier
assigns to a feature vector the same value that is in the correspondent label. However, since the training dataset has to be used
for both training and testing the classifier, the training dataset is divided into two segments using Cross-Validation, which is a
statistical method of evaluating and comparing ML algorithms by dividing data into two segments: one used to train a classifier
and the other used to validate the classifier2%, Moreover, to reduce variability, multiple rounds of cross-validation are performed
using different partitions, and the results are averaged over the rounds”,

If the classifiers are not effective enough for a software system, it will be necessary to perform another learning iteration.
In this iteration, the ontology view that points out the relevant concepts or relations will be modified to improve a classifier.
For example, if the classifier for the braking system was able to classify correctly 80% of the brakings, it would mean that the
percentage of fail is very high to be accepted. Because, in 20% of cases, the train could have problems to brake and the braking
system would not detect the fail so this fail would not be repaired. Therefore, another iteration would be necessary to improve
the effectiveness of the classifier. In the Data Preparation activity of that new iteration, the domain experts have to modify the
ontology view to add other features or to remove some of the features in the ontology view. Adding features can provide more
complete information for the classifier. In contrast, removing features can avoid redundancy information and overfitting for the
classifier. In our example, the domain experts could remove the pressure sensor of the Ontology View 1 (see Figure 3). Therefore,
the new classifier would be trained from data provided by the brake and the brake emergency, ignoring the pressure sensor and
the rest of the concepts and relations in the ontology.

In contrast, if the classifiers are effective enough for the software system, the Development phase starts where the ontology
views and the classification components are included as a part of the software system. Specifically, the ontology views indicate
what data is relevant. The classification components know how to predict, classify, or evaluate the data. Finally, the evaluation
of the classifiers reveals to what extent it is possible to extract valuable information from data through the classifiers, in other
words, if the available data is useful enough for the software system.

2.3 | Development phase

The final goal of this phase is to build the software system. To do this, this phase consists of several iterations where each iteration
is composed of three activities: Iteration Modeling, Development Modeling Storming, and Test Driven Development. First, in
the Iteration Modeling activity, the team plans (estimate and schedule) the work that will be done in the iteration. Secondly, the
Development Modeling Storming activity is just in time modeling. In this activity, a member of the team identifies an issue that
needs to be resolved, he quickly requests the help of a few teammates, the group explores the issue through models until their
satisfied that they understand it, and then they continue as before.
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While the Learning in terms of Models phase is based on ML, the Development phase is based on models. Therefore, engineers
working in this phase must have expertise in modeling, instead of ML. An engineer can be an expert in both ML and modeling.
However, it is not necessary to have a single engineer who has expertise in both subjects. A team with an ML expert and a
modeler will have the necessary skills to apply the methodology.

Finally, the last activity performs the development following the Test Driven Development (TDD) approach. According to
the TDD approach, requirements are turned into test cases, and then the developers write just enough code to fulfill those test
cases and refactoring. Specifically, test cases are used to evaluate the designed models. It does not matter whether a classification
component or another type of element is used for modeling. The purpose of the test cases is to evaluate if a requirement has
been met regardless of the type of element used for modeling.

The right part of Figure [3|shows how the artifacts of the Learning phase are integrated into the Development phase. Since the
final goal of this phase is to build the software system, the developers who are responsible for modeling in this phase have at
their disposal the ontology views and the classification components created and evaluated in the previous phase. Specifically, the
ontology view indicates what features are relevant for a specific goal. For example, the Ontology View 1 in Figure [3|shows that
the brakes, the pressure sensors, and the emergency brakes are the relevant features to detect if a train is braking correctly or not.
On the other hand, the classification component embeds the classifier of the Learning phase, to be used in the models designed
in the Development phase. For example, in Figure[3] the classification component called Braking Evaluator embeds the classifier
that can automatically evaluate a braking and decide if this braking is correct or not. Figure 3]also shows how that classification
component (Braking Evaluator) is used within the component model for the train maintenance software. This component model
is designed in the Development phase adding the classification components and other components that are not provided by the
Learning phase. Therefore, the developers would specify the rest of the components for the train maintenance system. Those
components allow to store the data, control system inputs and outputs, or generate the logs (see the bottom right of Figure [3).

Since the Learning phase was included before the Development phase, it is obvious that models will be affected by the results
of the Learning phase. Figure 4 shows an example that compares a sequence diagram modeled using AMDD methodology and
a sequence diagram modeled using AMDD-ML methodology. Both sequence diagrams model the same requirement: "From
current data (e.g., wind, speed, brake status, deceleration, slope, pressure, emergency brake status), inform the driver of the
braking status to verify that the train is correctly braking.".

In Figure[d when modelers design the sequence diagram through AMDD, they have no information about how to exploit the
data. Therefore, the sequence diagram is completely based on the information described in the requirement and their personal
experience. In the sequence diagram designed, the driver receives all the data related to each braking. Then, he will have to think
about what decisions to make (e.g., use the emergency brakes or request brake maintenance) based on his experience.

In contrast, when modelers design the sequence diagram through AMDD-ML, they knew that the most relevant features to
evaluate the braking status are the brakes, pressure sensor, and emergency brakes and that it is possible to successfully train a
classifier to determine if a braking is correct or not. Therefore, the sequence diagram is based on the information described in the
requirement and the information obtained from the Learning phase (i.e., the Ontology View 1 and the Classification Component:
Braking Evaluator in Figure [3)). In the sequence diagram designed, the driver receives the data filtered and a first evaluation
of the braking. This first evaluation is provided by the classification component, which is highlighted in black color. When the
driver receives the answer, he will have to decide what to do based not only on his experience but also on the first evaluation of
the braking which can simplify his decisions.

Since the classifiers will have an error rate, the modelers can consider some alternatives, such as performing a second eval-
uation when the braking is not correct or providing the driver with all the features when specific conditions are fulfilled.
Furthermore, as needed for system development, modelers will also design other types of models, such as state machine dia-
grams or activity diagrams. Therefore, Figure {4 provides a simple example to be able to show the difference between models
designed through AMDD or AMDD-ML. The real models would be larger, more complex, and of different types as they address
the development of a system considering alternative solutions and a larger number of requirements.

2.4 | Release phase

In this phase, a group of qualified people, often both technical staff and project stakeholders, evaluate a model or document.
The purpose of this evaluation is to determine if the models not only fulfill the demands of the user community, but also are of
sufficient quality to be easy to develop, maintain, and enhance.
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2.5 | Production phase

In this phase, the developed software system is put into production making it available to the end-user. Specifically, the product
is checked against the objectives that were defined in the Envisioning phase. If the objectives are met, the development of the
software system is complete and the development cycle is finished.

3

| EVALUATION OF OUR AMDD-ML METHODOLOGY

This section presents the evaluation of our approach: the research questions that our work tackles, the experimental procedure,
a description of the real cases where we applied the evaluation, the experimental setup, and the obtained results.
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3.1 | Research Questions

From the described problem, four research questions arise:

RQ1: What is the difference in terms of quality between the models that result from the Development phase in AMDD and the
ones that result from the Development phase in AMDD-ML?

RQ2: What is the difference in terms of effort between the development of models through AMDD and the development of
models through AMDD-ML?

RQ3: What is the difference in terms of productivity between the development of models through AMDD and the development
of models through AMDD-ML?

RQ4: What is the difference in terms of satisfaction between the engineers’ impressions after developing the models through
AMDD and the ones that they have after developing the models through AMDD-ML?

3.2 | Experimental Procedure

Therefore, the experiment studies one factor: development method, where a factor is a variable whose effect on the response
variable we want to understand'?. The control in this experiment is the AMDD method (baseline) while the treatment is the
AMDD-ML method.

Figure [5]shows an overview of the experiment that was followed to evaluate our AMDD-ML methodology and the baseline.
The requirements were extracted from the documentation provided by our industrial partner. Among the requirements are func-
tional and non-functional requirements, but all of them are defined using natural language. These requirements were modeled
by computer science students following a methodology: AMDD-ML or AMDD. Since the evaluation is focused only on the
Development phase, the students had to design the model for the requirements (baseline), and then, design the models for differ-
ent requirements using the learned artifacts that were given by a domain expert (AMDD-ML). Specifically, the learned artifacts
given to students were the classification components. Since the students only have to design the models, we did not provide
them with the ontology views.

For each student, we obtained four outputs: the models that were designed for the requirements of one of the real cases using
one of the methodologies, the satisfaction questionnaire for this design, the models that were designed for the requirements of
another real case using another methodology, and the satisfaction questionnaire for this last design. At the end of the experiment,
the models and questionnaires are used to compare our AMDD-ML methodology to the baseline concerning effort, productivity,
satisfaction, and quality, to tackle the research questions.

1. Quality is defined by ISO 9126-12% as a set of several characteristics: functionality, reliability, usability, efficiency, main-
tainability, portability. Since the functionality is more focused on satisfying end-user expectations, we decided to measure
the quality taking into account a sub-characteristic of the functionality: accuracy. Specifically, the ISO 9126-1 defines
accuracy as the capability of the software product to provide the right or agreed results or effects. For this reason, accuracy
was based on the correctness of the models constructed.

Specifically, each requirement had at least one associated test case defined by domain experts. Test cases focused on the
correct design of different parts of a model. Figure ] shows an example of how models are evaluated using the test cases.
In this example, a requirement is associated with two test cases. The first one verifies if the driver receives the braking
status when it is required. The second one verifies if the braking status indicates that a braking is correct or not.

The accuracy was measured as the percentage of test cases that are successfully passed. Following the example in Figure
M] the two test cases are used to evaluate both the sequence diagram designed through AMDD and the sequence diagram
designed through AMDD-ML. The two sequence diagrams satisfy the first test case, but the second one is only satisfied by
the sequence diagram designed through AMDD-ML. Therefore, based on these two test cases, the quality of the sequence
diagram designed through AMDD would be 50%, and the quality of the sequence diagram designed through AMDD-ML
would be 100%. As in the example in Figure[d] the accuracy was calculated based on how many of the 9 test cases for the
CAF case and 11 test cases for the BSH case passed successfully.

2. Effort is the ratio of time to develop a system per developer?”. Therefore, the effort was measured as the time taken by
each student to model the requirements for each real case.
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3. Productivity is the ratio of quality work to effort2”. Therefore, productivity was measured as the accuracy to effort ratio

(accuracy/effort).

4. Satisfaction is the positive attitude towards the use of the development method“?. Therefore, satisfaction was measured

through a scale questionnaire whose questions are designed to evaluate the Perceived Usefulness, Perceived Ease of Use,
and Intention to Use. Each of these metrics was measured through several questions of a scale questionnaire where the
higher mark in the scale indicates the best satisfaction.

3.3 | Real Industrial Cases

1) CAF Case The first real case where we applied our methodology was CAF, a worldwide provider of railway solutions.

Their trains can be found all over the world and in different forms (regular trains, subway, light rail, monorail, etc.). A train
unit is furnished with multiple pieces of equipment through its vehicles and cabins. Some of these pieces (e.g. sensors)
control the braking of the trains, and the braking data is sent automatically and continuously to the maintenance system
of the company. From the data braking, this system has to evaluate if the trains are braking correctly and if the brakes
need maintenance. To prevent possible failures in the brakes, the system analyzes the braking data of a train, and then,
the system decides if the train needs maintenance or not.

The requirements that were selected from the CAF case involved the modeling of the maintenance system. To do this,
the modeling software systems had to take advantage of the braking data. This braking data is provided by the trains that
have been developed for decades, and the software system had to be able to evaluate the state of the brakes and to prevent
possible failures in the brakes taking into account the provided braking data.
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2) BSH Case The second real case where we applied our extended methodology was BSH, the leading manufacturer of
home appliances in Europe. Their induction division has been producing Induction Hobs under the brands of Bosch and
Siemens for the last 15 years. Their premium Induction Hobs provide information about their state remotely. The obtained
information from the Induction Hobs is used both for statistical purposes and for customer services, such as preventive
maintenance.

The requirements that were selected from the BSH case involved the modeling of preventive maintenance. Therefore,
the designed models had to take advantage of the information that is provided by the Induction Hobs to prevent what
Inductions Hobs have to be repaired before breaking.

3.4 | Experimental Setup

This study was evaluated through computer science students from Universidad San Jorge (USJ, Spain) who have previous
knowledge of working with models. Participation in this experiment was voluntary and the participants were rewarded with
extra points. We inform them about the experiment, but the students did not know that the methodology was proposed by the
researchers. The researchers do not teach classes to the students. Nevertheless, one of the researchers and the teacher of the
subject were available in the sessions of the experiment. In total, 31 students were recruited. These students were divided into
two groups, to perform a paired design blocked by experimental objects'¥ shown in Figure

Both groups used the baseline methodology in the first session and AMDD-ML in the second session. The first group designs
the models for the maintenance system of CAF. In contrast, the second group designs the models for the preventive system of
BSH. In the second session, both groups used the AMDD-ML methodology. In this case, the first group designs the models for
the preventive system of BSH, and the second group designs the models for the maintenance system of CAF. Since the problem
used in the first session is different from the problem in the second session, we avoided the learning effect from one session
to the other. The materials of the experiment (i.e., the problem descriptions, the satisfaction questionnaire, and the results) are
available in the repository at https://goo.gl/YRrXSp.

3.5 | Results

To answer the research questions, this subsection presents the results of quality, effort, productivity, and satisfaction obtained
through the evaluation. Figure [6] shows the comparison of the baseline results against the AMDD-ML results. Moreover, the
collected data was analyzed for the factor being observed: development method (AMDD and AMDD-ML). Specifically, since
the number of participants is less than 50, we use the Saphiro-Wilk test the normality of the collected data“?. Then, Mann-
Whitney U Test=! was used for the variables whose data follows a normal distribution (i.e. accuracy) and T-Student"* test for
the variables whose data does not follow a normal distribution (i.e. effort, productivity, perceived usefulness, perceived ease of
use, and intention to use).

In response to RQ1, the top left box-and-whisker plot of Figure[6|compares the quality of the baseline to the quality of AMDD-
ML. The quality was measured through the accuracy as the percentage of test cases passed. Specifically, the higher percentage
of test cases passed indicates the best accuracy. AMDD achieved a 70.54% accuracy mean and AMDD-ML achieved a 85.69%
accuracy mean. All the subjects that used AMDD-ML to develop the requirements of any real case achieves an accuracy mean
up to 85%, except for one subject with 54%. Moreover, in the statistical analysis, Mann-Whitney U Test provided a p-value
equal to 0.043 for accuracy. Therefore, since the p-value is less than 0.05, we can conclude that there are significant differences
between the two methodologies regarding accuracy.

In response to RQ2, the top center box-and-whisker plot of Figure[6]compares the effort of the baseline to the effort of AMDD-
ML. The effort was measured as the time in seconds that subjects take to solve the requirements for each real case. Specifically,
the less time spent in the development indicates the best effort. AMDD achieved a mean effort of 2100 seconds and AMDD-ML
achieved a mean effort of 2500 seconds. Moreover, in the statistical analysis, T-Student Test provided a p-value equal to 0.48
for effort. Therefore, since the p-value is greater than 0.05, we can conclude that there are no significant differences between the
two methodologies regarding the effort.

In response to RQ3, the top right box-and-whisker plot of Figure [6| compares the productivity of the baseline to the produc-
tivity of AMDD-ML. Productivity was measured as the accuracy to effort ratio. Specifically, the higher ratio indicates the best
productivity. AMDD achieved a 0.042 mean productivity and AMDD-ML achieved a 0.043 mean productivity. Moreover, in


https://goo.gl/YRrXSp

1z | A. C. Marcén ET AL

X 8 3 2
o N 2
o
5 = =] — =8
o 8 58 & ©
il — 2 S g
o RS g
~ bre) © ©
z o 3 83
= © o o g
0 o 3 ~
- 0 ~ o
(@ : — — e
AMDD AMDD-ML AMDD AMDD-ML AMDD AMDD-ML
—_ E_)\o
n - » < 7
c £ €8 8 8 i
.QE .9 ()] ; o R
= 0 Q2 s n O =92
O wn AN 8 © © - o
o) T ‘® S
NI v D5 = Ew
cu.% c(/)U'Z < n £ :
n 8 o g o
d‘f ~ ‘ d.f ~ e ~
~ AMDD AMDD-ML ~ AMDD AMDD-ML AMDD AMDD-ML

FIGURE 6 Box-and-whisker plots for quality, effort, productivity, and satisfaction

the statistical analysis, T-Student Test provided a p-value equal to 0.91 for productivity. Therefore, since the p-value is greater
than 0.05, we can conclude that there are no significant differences between the two methodologies regarding productivity.

In response to RQ4, the bottom box-and-whisker plots of Figure[6]compare the satisfaction of the baseline to the satisfaction
of AMDD-ML. Satisfaction was measured concerning Perceived Usefulness, Perceived Ease of Use, and Intention to Use. Each
of these metrics was measured through several questions of a scale questionnaire (3 for Perceived Usefulness, 1 for Ease of Use,
3 for Intention to Use). Specifically, the higher mark on the scale indicates the best satisfaction. For Perceived Usefulness mean,
AMDD achieved 14 marks out of 30 and AMDD-ML achieved 22 marks out of 30. For Perceived Ease of Use mean, AMDD
achieved 7.33 marks out of 10 and AMDD-ML achieves 4.67 marks out of 10. For the Intention to Use mean, AMDD achieved
10.33 marks out of 30 and AMDD-ML achieved 25.67 marks out of 30. Moreover, in the statistical analysis, T-Student Test
provided a p-value equal to 0.02 for perceived usefulness and 0.02 for perceived ease to use, and a p-value less than 0.0001 for
the intention to use. Therefore, since the p-value is less than 0.05 for all the satisfaction variables, we can conclude that there
are significant differences between the two methodologies regarding the perceived usefulness, the perceived ease to use, and the
intention to use.

4 | DISCUSSION

The results reveal that AMDD-ML provides better quality than the baseline. Moreover, thanks to the Perceived Usefulness, we
find out that the development is easier for the subjects if the classifier is available before the development of the requirements.
If we have into account only test cases that involve data, we will obtain a 8.33% accuracy mean for the baseline and a 91.67%
accuracy mean for AMDD-ML. Therefore, for our evaluation, AMDD-ML is beneficial to simplify the data processing in the
Development phase.

In contrast, the results reveal a higher effort with AMDD-ML than with the baseline. Although the difference between the
effort with AMDD-ML and the effort with the baseline is small, this difference causes the productivity to be the same for both
methodologies. However, this difference may be caused by a lack of knowledge because the students have worked with models
but they have never worked with ML and classifiers. This fact also causes that the perceived ease of use to the baseline is greater
than the perceived ease of use to AMDD-ML. For the students, the baseline is easier because they often use it for their projects.
In contrast, they did not know ML and classifiers, so they had to do an additional understanding effort.



A. C. Marcén ET AL | 13

Even though the effort for AMDD-ML is greater than the effort for the baseline, the satisfaction results reveal a high intention
to use it in the future. The students consider that the effort is worth it, and they consider that AMDD-ML is relevant for both
their future projects and the industrial sector.

Based on the obtained results, we consider that it is worth following the research of the proposed methodology. Therefore, as
future work, we expect to improve our methodology considering different aspects, such as the iteration between the Envisioning,
Learning, and Development phases or the development of the ontology. Moreover, taking into account the promising results
of our methodology, as future work, we plan to improve and evaluate our methodology through a deeper experiment. This
experiment will be based not only on the Development phase but also on the Learning phase and will consider bottom-up
methods in addition to top-down methods in data mining.

S | THREATS TO VALIDITY

In this section, we use the classification of threats of validity of*334 to acknowledge the limitations of our approach.
Reliability: This aspect is concerned with to what extent the data and the analysis are dependent on the specific researchers.

e Fishing: This threat appears when researchers search for a specific result. We avoided this threat by using all the collected
data, none of which was removed for any reason whatsoever.

e Reliability of measures: This threat appears when there is no guarantee that the outcomes will be the same if a phe-
nomenon is measured twice. We avoided this threat by measuring accuracy, effort, and productivity with objective metrics.
Unfortunately, since satisfaction is subjective, this measurement suffered from this threat.

e Data collection: This threat appears when data collection is not done in the same way throughout the different sessions.
To minimize this threat, the same procedure was used for data collection in the two sessions.

e Completion data: This threat appears when there are some missing data after the data collection process. To minimize this
threat, two observers (the teacher and one of the researchers) tested the data coherence when the subjects finished each
exercise.

Internal Validity: This aspect of validity is of concern when causal relations are examined. There is a risk that the factor
being investigated may be affected by other neglected factors.

e Instrumentation: This threat appears when the artifacts used for the experiment affect the experiment. To mitigate this
threat, the artifacts provided to the students (classifications components) were designed by a ML expert, who was not
involved in the research.

e Selection: This threat appears when the outcomes of the experiment may depend on the type of subjects. The experiment
was affected by this threat since all of the subjects were recruited from the computer science course.

e [ earning of objects: This threat appears when the subjects learn something during the experiment that may influence later
tasks. We avoided this threat by using two different problems in our design, so subjects do not get the chance to learn
objects.

e Subject motivation: This threat means that the subjects are not motivated to participate in the experiment. To avoid this
threat, the participation was voluntary and the subjects were rewarded with extra points.

o Understanding This threat appears when the subjects do not understand how to proceed to the experiment. To minimize
this threat, the vocabulary of the requirements was reviewed by the computer science professor. The vocabulary that is
used by our industrial partners may be too complex for people who are not domain experts, so some specific words of the
domain were translated into more understandable words (e.g. PLC was translated as Railway System).

e Diffusion or imitation of treatments: This threat appears when a control group learns about the treatment from the group
in the experiment study or the control group tries to imitate the behavior of the group in the study. To minimize this threat,
both groups have different problems and they perform the experiment at the same time so the subjects can have no time
to exchange information.
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Construct validity: This aspect of validity reflects the extent to which the operational measures that are studied represent
what the researchers have in mind and what is investigated based on the research questions.

e Mono-operation bias: This threat appears when treatments depend on a single tool only. To avoid this threat, the subject
can use the modeling tool that they prefer.

e Mono-method bias: This threat is due to using a single type of measure or observation. Quality, effort, productivity, and
satisfaction measurements suffer from this threat. To minimize its effect regarding effort and productivity, we mechanized
the measurement as much as possible using automatic timing. Moreover, to minimize this threat regarding satisfaction,
the satisfaction questionnaire includes redundant questions expressed in different ways.

e [teration of different treatments: This threat appears when there are several treatments applied at the same time. To avoid
this threat, the two treatments (AMDD and AMDD-ML) were addressed by the subjects in two different sessions.

e Interaction of testing and treatment: This threat means that the application of treatments, may make the subjects more
sensitive or receptive to the treatment. To avoid this threat, the researchers were responsible for measuring the treatment.

e Hypothesis guessing: This threat means that the subject may guess the hypotheses and work to fulfill them. To mitigate
this threat, the subjects were not informed about research questions or the goal of the experiment.

e Evaluation apprehension: This threat appears when the subjects are afraid of being evaluated. To avoid this threat, the
subjects were volunteers and they were informed that this experiment could not negatively affect their subject points.

e Experimenter expectancies: This threat means that researchers can bias the results of a study both consciously and uncon-
sciously based on what they expect from the experiment. To mitigate this threat, the requirements and responses (test
cases) were extracted from the documentation of our industrial partners. This documentation was provided by domain
experts who were not involved in this paper.

External Validity: This aspect of validity is concerned with to what extent it is possible to generalize the finding, and to what
extent the findings are of relevance for other cases.

e Interaction of selection and treatment: This threat appears when a subject population is not representative of the population
we want to generalize. Unfortunately, since the subjects are students instead of development engineers, this work suffers
from this threat. However, using students as subjects instead of software engineers is not a major issue as long as the
research questions are not specifically focused on experts®2%37, Nevertheless, it would be necessary to replicate the
experiment with different subject roles to mitigate this threat.

e Interaction of history and treatment: This threat appears when the experiment is conducted at a special time or day which
affects the results. To mitigate this threat, both sessions of the experiment were conducted one after the other.

o Influence of the domain: This threat appears when the outcomes depend on a specific domain. To minimize this threat,
instead of a specific domain, the experiment was based on two different real cases: a Railway domain and a Home Appli-
ances domain. Furthermore, the proposed approach extends the AMDD methodology, which is domain-independent,
embedding the data-oriented perspective of CRISP and SEMMA, which are also domain-independent. Considering that
a methodology is applied in different domains, the proposed methodology is also designed independently of the domain.
Nevertheless, the experiment and its results should be replicated in more domains before assuring their generalization.

6 | RELATED WORK

In the literature, there is a wide range of works that compare software development methodologies.?® present an experiment
where MDD and traditional development are compared.3? present a study about agile software development, where they analyze
the benefits and the limitations of the agile methods taking into account the strength of evidence.*? presents a comparison
between some traditional and agile methodologies with regard to their strengths and weaknesses, and this work also provides
the challenges associated with implementing agile processes in the software industry.#! provides a review of several prominent
MDA-based methodologies, and they present a criteria-based evaluation that highlights their strengths and weaknesses.
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Although the previous works compare methodologies where models are used with methodologies where models are not used,
none of these works take into account the development of data-oriented software systems. In contrast, the data-oriented software
systems are fundamental in our work. On the other hand, we have reviewed the measurements that are used in these works to
compare methodologies to select the measurements for our experiment.

Some works rely on models to improve some aspects of the data-oriented software systems, such as quality, architecture,
or evolution. DICE#? is a quality-aware methodology for data-intensive cloud applications. DICE has into account properties
that are largely ignored by existing models and QA techniques, such as volumes, velocities, and data location.*? propose a
preliminary step in the supporting model-driven design of big data applications. Specifically, they provide an architecture and
the foundational means as a starting point to further elaborate tool-support for model-driven big data design. JUNIPER®* ig
an EU-funded project which assists data-oriented developers to create architecture-aware software where MDD is employed to
ease development, portability, and deployment instead of expressing an entire data-oriented system at the source-code level.
propose mega-modeling as a new holistic data and model management system for the acquisition, composition, integration,
management, querying, and mining of data and models, capable of mastering the co-evolution of the data and models and of
supporting the creation of what-if analyses, predictive analytics, and scenario explorations.

None of the previous works address the goal of combining the advantages of using models and the advantages of using ML
techniques to develop data-oriented software systems. In fact, none of the previous works compare in terms of accuracy, time,
accuracy to time ratio, perceived usefulness, perceived ease of use, and intention to use, with a conventional development using
models as our work does.

Furthermore, some recent works focus on methodologies for software development. These works research how development
methodologies are used or how to improve these methodologies.*> perform a systematic review of the literature to analyze
why and how the Scrum methodology has been modified in different instances. In“?, the systematic literature review identifies
the techniques employed in cloud computing environments that are useful for agile development.*Z compare web development
methodologies including some agile methodologies. The comparison is based on the dynamic features presented during the
lifecycle to identify their use, relevance, and characteristics. In*%, a novel approach is proposed to make use of a collaborative
filtering strategy to recommend valuable entities related to the metamodel under construction.

Although these works propose several modifications to development methodologies, none of these modifications focus on
benefiting from a huge volume of data through an agile methodology. In contrast, that is the main goal of the methodology
proposed in this work.

Our previous work was focused on bridging ML and models. In 2!, we present an approach to find out the optimal or near
optimal encoding for model fragments through an evolutionary algorithm based on an ontology. In contrast, this work proposes
to extend the AMDD methodology with the Learning in terms of Models phase, which analyzes data through ontology views
and classification components at model level. Moreover, the evaluation assesses the improvement given by our extension to the
development of oriented-data software systems in two industrial domains.

7 | CONCLUSION

With the emergence of huge amounts of data, some methodologies have been defined to guide the development of data-oriented
software systems. We propose the AMDD-ML methodology, which empowers to develop data-oriented software systems
through models and learning. This methodology takes advantage of the high level of abstraction that is provided by MDD and the
data-oriented development that is provided by data mining methodologies. We evaluate our AMDD-ML methodology in terms
of quality, effort, productivity, and satisfaction. To do so, we compared our methodology to a baseline in two industrial domains.

Despite the extra effort, the use of ontology views and classifier components at model level pays off. AMDD-ML is beneficial
for software development, and this fact is shown through the quality results, the perceived usefulness, and intention to use.

The promising results of this work lead to interesting research questions for the future, such as the following: Can we achieve
similar results in other industrial domains?; What are the benefits from engineers’ points of view?; What are the benefits from
a company point of view?; How scalable is the proposed approach to larger scenarios?. Therefore, to answer some of these
research questions and to test the external validity of the results of this work, the next step is to bring the methodology to the
industry through a tool support. It will facilitate the application of the methodology in other domains, the exhaustive study of the
entire methodology and its performance, and the analysis of the advantages and disadvantages of the methodology in different
industrial contexts.
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