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Abstract
Model-driven development platforms shift the focus of software development activity from coding tomodeling for enterprises.
A significant number of such platforms are available in the market. Selecting the best fitting platform is challenging, as
domain experts are not typically model-driven deployment platform experts and have limited time for acquiring the needed
knowledge. We model the problem as a multi-criteria decision-making problem and capture knowledge systematically about
the features and qualities of 30 alternative platforms. Through four industry case studies, we confirm that the model supports
decision-makers with the selection problem by reducing the time and cost of the decision-making process and by providing
a richer list of options than the enterprises considered initially. We show that having decision knowledge readily available
supports decision-makers in making more rational, efficient, and effective decisions. The study’s theoretical contribution is
the observation that the decision framework provides a reliable approach for creating decision models in software production.

Keywords Model-driven development platform ·Decision model ·Multi-criteria decision-making ·Decision support system ·
Industry case study

1 Introduction

Software applications are produced and maintained by soft-
ware engineers, and business processes are introduced and
managed by domain experts (non-developers) who mainly
understand business [1]. Software development requires
interactions with domain experts, necessitating a level of
agreement in describing the technical phases of development.
Moreover, software products are getting more complicated,
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so they need to be discussed at different abstraction lev-
els depending on the technical background of the involved
domain experts, the development process’s phase, and the
business objectives [2].

Model-driven development (MDD) is a vision of software
development wheremodels play a core role as primary devel-
opment artifacts [3]. Modeling tools in software production
are widespread and have reached a degree of maturity where
their performance and availability are increasingly accepted,
also by non-technical users. Over the last two decades, an
extensive list of modeling tools [4] has been introduced [5]
to support MDD, such as low-code/no-code platforms and
business process management systems. Such modeling tools
and platforms’ primary aspiration are to boost productivity
and decrease time to market by facilitating development at a
higher level of abstraction and employing concepts closer to
the problem domain at hand, rather than the ones given by
programming languages [6].

According to Gartner, by 2024, MDD platforms will be
responsible for over 65% of the application development
activity, and three-quarters of large enterprises will be using
at least four MDD platforms, as such platforms enable enter-
prises to develop applications quicker usingmore capabilities
and fewer conventional developers [7].
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A significant number of MDD platforms with a broad
list of features and services are available in the market [5],
so it is challenging for enterprises to select the best fitting
platforms that address their requirements and priorities [8].
The selection problem can be modeled as a multi-criteria
decision-making (MCDM) problem that deals with evalu-
ating a set of alternatives and considers a set of decisions
criteria [9]. MCDM poses a cost-effective solution based on
its mathematical modeling method for finding the best fitting
feasible alternative according to decision-makers’ prefer-
ences [10].

Knowledge aboutMDDplatforms is fragmented in a wide
range of literature, documentation, and software engineers’
experience. To systematically capture such knowledge and
make it available in a reusable and extendable format, we
have followed the framework [11] to build a decision model
for theMDDplatform selection problem. The framework and
a decision support system (DSS) [12] were introduced in our
previous studies for building decision models for MCDM
problems in software production.

The DSS is a platform1 for building MCDM decision
models based on the framework. Decision models can be
uploaded to the DSS’s knowledge base to facilitate software-
producing organizations’ decision-making process accord-
ing to their requirements and preferences. Furthermore, the
DSS can be used over the full lifecycle and co-evolve its
advice based on evolving requirements.

The rest of this study is structured as follows: Sect. 2
presents a brief description of the MDD platforms and deter-
mines the scope of the study. Section 3 formulates the
MDD platform selection problem as an MCDM problem,
defines the research questions of the study, and describes
our research method, which is based on the design sci-
ence, expert interviews, document analysis, and exploratory
theory-testing case studies. This study has the following
contributions:

– Section 4 explains the integration of the captured tacit
knowledge of software engineers through interviews and
the explicit knowledge scattered in an extensive list
of websites, articles, and reports. This study’s findings
provide knowledge that can educate and support the
decision-makers to understand: (1) which MDD plat-
forms are available at the moment, (2) the capabilities
of the MDD platforms, and (3) which features are ful-
filled by which platforms.

– Section 5 describes four industry case studies in the
Netherlands to evaluate the effectiveness and usefulness

1 The decision studio is available online on the DSS website: https://
dss-mcdm.com.

of the decision model to address the decision problem.
Moreover, this section analyzes the DSS results and com-
pares them with the case study participants’ shortlist of
feasible MDD platforms. The results show that the DSS
recommended nearly the same solutions as the case study
participants suggested to their companies after extensive
analysis and discussions and do so more efficiently.

Section 6 highlights barriers to the knowledge acquisi-
tion and decision-making process, such as motivational and
cognitive biases, and argues how we have minimized these
threats to the validity of the results. Section 7 positions the
proposed approach in this study among the other MDD plat-
form selection techniques in the literature. Finally, Sect. 8
summarizes the proposed approach, defends its novelty, and
offers directions for future studies.

2 Background

Hailpern and Tarr [13] give a general definition of MDD:
“A software engineering approach consisting of the applica-
tion of models and model technologies to raise the level of
abstraction at which developers create and evolve software,
with the goal of both simplifying (making easier) and for-
malizing (standardizing, so that automation is possible) the
various activities and tasks that comprise the software life
cycle.”

Software production with an MDD platform is not initi-
ated byprogramming (high-coding) butmodeled using visual
modeling or declarative development tools and pre-built tem-
plates and components understood by citizen developers.
The conceptual model transforms into an application [14],
such as web-based or wearable apps, by generating code
or model interpretation [2]. The process of transforming a
conceptual model into an application is called conceptual
modeling compilation [15]. The development of conceptual
models comprises the real world’s representation using an
abstraction level higher than that of source code. Likewise,
source code represents a higher abstraction level than that for
machine code obtained through a conventional compilation
process. Therefore, it seems logical to refer to the process
of transforming a conceptual model into a software product
using the term compilation.

The simplified interface leads many to believe that build-
ing applications using MDD platforms requires little or no
coding knowledge. However, sometimes these predefined
components need to be customized using programming lan-
guages. For example, maybe a developer wants to place a
particular widget on a web application home page, which is
not a part of the MDD platform’s default widget library. In
this case, she needs to extend the platform capabilities by
developing a unique widget and making it a new component
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for future projects. Additionally, some MDD platforms offer
the flexibility to deploy and maintain applications on public
or private clouds or even on-premises. Automated deploy-
ment, together with a cloud-native and stateless architecture,
leads to high availability and fail-over to support large-scale
deployments, especially in an enterprise context.

Four principles underlie the architecture of an MDD plat-
form [16]: (1) Models expressed in a well-defined notation
are a cornerstone to system understanding for enterprise-
scale solutions. (2)Building systems can be organized around
a set of models by imposing a series of transformations
between models, organized into an architectural framework
of layers and transformations. (3) A formal underpinning for
describing models in a set of metamodels facilitates mean-
ingful integration and transformation among models and is
the basis for automation through tools. (4) Acceptance and
broad adoption of the model-based approach require indus-
try standards to provide consumers with openness and foster
competition among vendors. Accordingly, in the literature,
there are a significant number of tools and platforms that are
based on the MDD paradigm, for instance, modeling nota-
tions and software processmodeling languages, such asUML
and Petri-nets [4].

Gartner [17] and Forrester [18] categorized MDD plat-
forms, including low-code/no-code platforms and business
process management systems into the following two sets:

Business Process Management Suite (BPMS) is a set
of platforms to support business process management
initiatives. BPMS is an MDD approach that aids a pro-
cess improvement lifecycle from start to end—from
process discovery, definition, design, implementation,
monitoring, and analysis. BPMS platforms are used for
automating, measuring, and optimizing business pro-
cesses. Note BPMS is an extension of classical workflow
management systems and approaches [19].
intelligent Business Process Management Suite (iBPMS)
is a subset of low-code/no-code application development
platforms. It provides the functionality needed to support
more intelligent business operations, such as real-time
analytics and collaborative capabilities [17]. According
to Gartner’s report, iBPMS is the next generation of
BPMS that leverages recent technological advances to
attain a degree of operational responsiveness not possi-
ble with BPMS platforms.

This study focuses on BMPS and iBPMS as two essen-
tial sets of MDD platforms to build a decision model for
the decision-making process. Note that we use MDD plat-
forms to refer to BMPS and iBPMS platforms for the sake of
brevity.

3 Research approach

This section defines the problem, indicates the study objec-
tive, and formulates the research questions. Moreover, it
elaborates on the research methods and relates them to indi-
vidual research questions to which they apply. Additionally,
the knowledge acquisition techniques, analysis procedures,
and the tactics used to mitigate the threats to this study’s
validity are presented in this section.

3.1 Problem definition

In this study, we formulate theMDDplatform selection prob-
lem as an MCDM problem:

Let Plat f orms = {p1, p2, . . . p|Plat f orms|} be a set of
MDD platforms in the market (i.e., Mendix, OutSystems,
and ServiceNow). Furthermore, Features = { f1, f2, . . .
t|Features|} be a set of MDD features (i.e., Supporting Native
modeling tool and Decision table) of the MDD platforms,
and each platform p, where p ∈ Plat f orms, supports a
subset of the set Features. The goal is finding the best
fitting MDD platforms as solutions, where Solutions ⊂
Plat f orms, that support a set of MDD feature require-
ments, called Requirements, where Requirements ⊆
Features. An MCDM approach for the selection prob-
lem receives Plat f orms and their Features as its input,
then applies a weighting method to prioritize the Features
based on the decision-makers’ preferences to define the
Requirements, andfinally employs amethod of aggregation
to rank the Plat f orms and suggests Solutions. Accord-
ingly, an MCDM approach can be formulated as follows:

MC DM : Plat f orms×Features×Requirements → Solutions

Typically, a unique optimal solution for an MCDM prob-
lemdoes not exist, and it is necessary to use decision-makers’
preferences to differentiate between solutions [20]. Partic-
ular platforms might fit into an enterprise; however, some
might be better than others. It is tough to state which plat-
form is the best one, partially because we cannot predict the
future or know how the enterprise would have evolved if a
different platform was selected. Furthermore, we must note
that such a technology selection process can never be com-
pletely objective because humans have to make decisions.
Figure 1 visualizes the MCDM approach for the MDD plat-
form selection problem in a 3D space. It shows that the degree
of satisfaction of the decision-makers with a suggested
solution is fuzzy, which means that the satisfaction degree
from a decision-maker perspective may range between com-
pletely true (best fit) and completely false (worst fit) [21],
which is represented by a range of colors from red to dark
green.
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Decision-Makers

Requirements
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Worst Fit

Fig. 1 This figure shows an MCDM approach for the MDD platform
selection problem in a 3-dimensional space. Note the degree of the
decision-makers’ satisfaction with a solution according to their priori-
ties and preferences (requirements) ranges between the best and worst
fit solutions, which is represented by a range of colors from red to dark
green

3.2 Research question

Themain research question (MRQ)of this study is as follows:
MRQ: How can knowledge regarding MDD platforms be
captured and organized systematically to support enterprises
with the decision-making process?

We formulated the following research questions to capture
knowledge regarding the MDD platform systematically and
to build a decision model for the decision problem based on
the framework [11]:

RQ1: Which MDD concepts should be considered as
MDD features in the decision model?
RQ2: Which MDD platforms should be considered in
the decision model?
RQ3: Which software quality attributes can be used to
evaluate the MDD platforms?
RQ4: What are the impacts of the MDD features on the
quality attributes of the MDD platforms?
RQ5:WhichMDDplatforms currently support theMDD
features?

3.3 Researchmethods

Table 6 shows the researchmethods and data collection types
of a subset of studies in the literature that address the MDD
platform selection problem.

We designed a framework [11] and implemented a
DSS [12] for supporting software engineers (decision-
makers) with their MCDM problems in software production.
Knowledge engineering theories have been employed to
design and implement the DSS and the framework. The
framework provides a guideline for decision-makers to build
decisionmodels forMCDMproblems in software production

following the six-step of the decision-making process [20]:
(1) identifying the objective, (2) selection of the features,
(3) selection of the alternatives, (4) selection of the weigh-
ing method, (5) applying the method of aggregation, and (6)
decision-making based on the aggregation results.

In this study, we applied the framework to build a decision
model for the MDD platform selection problem. Moreover,
we used design science, expert interviews, and document
analysis as a mixed data collection method to capture knowl-
edge regarding MDD platforms and to answer the research
questions. Then, we identified 30 MDD platforms and 94
MDD features by conducting semi-structured interviews
with 26 domain experts. We also indicated the mapping
between the MDD features and platforms by analyzing
MDD platforms’ documents and the experts’ tacit knowl-
edge. Moreover, we mapped the MDD features to the quality
attributes suggested by ISO/IEC 25010 standard [22] and
extended ISO/IEC 9126 standard [23] and calculate the
impacts of theMDDplatforms on the quality attributes based
on three expert interviews. According to the acquired knowl-
edge and guidelines of the framework [11], we modeled the
decision problem as an MCDM problem and built a decision
model for the MDD platform selection problem. Finally, we
have evaluated the decision model by conducting four real-
world case studies.

3.3.1 Design science

Design science is an iterative process [24], has its roots in
engineering [25], is broadly considered a problem-solving
process [26], and attempts to produce generalizable knowl-
edge about design processes and design decisions. The
design process is a set of hypotheses that can eventually be
proven by creating the artifact it describes [27]. However, a
design’s feasibility can be supported by a scientific theory
to the extent that the design comprises the theory’s princi-
ples. Research investigations involve a continuous, repetitive
cycle of description, explanation, and testing [28]. Accord-
ingly, in most cases, theory development is a process of
gradual change [29]. The research approach for creating deci-
sion models for MCDM problems is design science, which
addresses research by building and evaluating artifacts to
meet identified business needs [30].

Recently, we designed a theoretical framework [11] and
implemented a DSS [12] for supporting software engi-
neers (decision-makers) with their MCDM problems in
software production. Knowledge engineering theories have
been employed to design and implement the DSS and the
framework. In this study, we applied the framework to build
a decision model for the MDD platform selection prob-
lem. Additionally, we employed the DSS to facilitate the
decision-making process. The research approach for creat-
ing the decision model is design science, which addresses
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research through the building and evaluation of artifacts to
meet identified business needs [25]; accordingly, we carried
out four industry case studies in the context of four real-world
enterprises to evaluate the decision model.

3.3.2 Expert interviews

Twenty-six domain experts fromdifferent software-producing
organizations have participated in this research to answer the
research questions (see Appendix A). Expert Interview is an
essential knowledge acquisition technique [31] in qualita-
tive research. The primary source of knowledge to build a
decision model is domain expertise. Please note that these
interviews are different from the interviews we conducted
during the case study interviews with the case participants.

We followed Myers’ and Newman’s guidelines [32] to
conduct a series of qualitative semi-structured interviews
with senior software engineers to explore expert knowledge
regarding MDD Platforms and evaluate the outcomes of our
study.

We developed a role description before contacting poten-
tial experts to ensure the right target group. Then, we
contacted the experts through email using the role description
and information about our research topic. The experts were
pragmatically and conveniently selected according to their
expertise and experiencementioned on theirLinkedIn profile.
We considered a set of expert evaluation criteria (including
“Years of experience,” “Expertise,” “Skills,” “Education,”
and “Level of expertise”) to select the experts.

Each interview followed a semi-structured interview pro-
tocol (see Appendix B) and lasted between 45 and 60 min.
We used open questions to elicit as much information as pos-
sible from the experts minimizing prior bias. All interviews
were done in person and recorded with the interviewees’ per-
mission and then transcribed for further analysis.

Acquired knowledge during each interview was typically
propagated to the next to validate the captured knowledge
incrementally. Finally, the findings were sent to the interview
participants afterward for final confirmation. Note, for the
validity of the results, the research’s data collection phases
were not affected by the case study participants; moreover,
none of the interviewees or researchers were involved in the
case studies.

Please note that we did not use formal coding for the anal-
ysis of the interviews and the literature. What we did do,
however, could be termed incremental concept development.
During the literature study and interviews, concepts were
identified that were relevant. Candidate qualities and features
were identified, defined, and fine-tunedwith the interviewees
and later confirmed by asking the interviewees for post-
analysis of the interview and literature results. While this did
not constitute formal coding, we did mark concepts related
to the domain, came up with the literature study, and came

up with the interviews. Secondly, these concepts were incre-
mentally fine-tuned until an agreement was reached with the
interviewees.

3.3.3 Document analysis

Document analysis is a systematic procedure for reviewing
or evaluating documents, including text and images that have
been recorded without a researcher’s intervention [33]. Doc-
ument analysis is one of the analytical methods in qualitative
research that requires data investigation and interpretation to
elicit meaning, gain understanding, and develop empirical
knowledge [34]. We reviewed webpages, whitepapers, sci-
entific articles, fact sheets, technical reports, product wikis,
product forums, product videos, and webinars to map the
platforms’ MDD features.

One of the principal challenges in the document analysis
is the lack of standard terminology among MDD plat-
forms [13]. Sometimes different MDD platforms refer to
the same concept by different names, or even worse, the
same name might stand for different concepts in different
MDD platforms. Discovering conflicts is essential to prevent
semantic mismatches throughout the knowledge extraction
phase.

We followed the framework to capture a conceptual phrase
representing a segment of data related to a particular research
question. In other words, we used a conceptual mapping of
MDD concepts to identify potential conflicts in knowledge
sources. For instance, conceptually similar phrases and def-
initions regarding MDD platforms’ features were collected
together for more detailed analysis. Based on the framework,
document analysis and conceptual mapping were employed
to extract knowledge from the selected sources of knowledge
and prevent semantic mismatches.

We defined an extract extraction form to obtain consis-
tent extraction of relevant knowledge and checked whether
the acquired knowledge would address the research ques-
tions. The extracted knowledge, which correspond to the
research questions, has been classified into five categories:
quality attributes, MDD platforms, MDD features, impacts
of the MDD features on the quality attributes, and support-
ability of the MDD features by the MDD platforms. Next,
the extracted knowledge was employed to build a decision
model for the MDD platform selection problem. Finally, the
decision model was uploaded to the knowledge base of the
DSS.

3.3.4 Case study

Case study is an empirical methodology that investigates
a phenomenon within a particular context in the domain
of interest [35]. A case study can be employed to collect
data regarding a particular phenomenon or to apply a tool
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and evaluate its efficiency and effectiveness using inter-
views. Yin [35] distinguishes four types of case study designs
according to holistic versus embedded and single versusmul-
tiple. In this study, we employ holistic multiple case designs:
examiningmultiple real-world companies’ cases within their
context to learn more about one specific unit of analysis and
evaluating the decision model for the MDD platform selec-
tion problem. To conduct the case studies and evaluate the
proposed decision model, we followed the following case
study protocol:

1. Step 1: Requirements elicitationAt least twomanagers or
team leaders of the case study companies’ IT departments
should participate in the research, as such participants
are thoroughly informed on the design decisions and
the requirements of their decision context. During the
interview session with each company’s case study partic-
ipants, we first ask them to explain the decision context
and requirements. Next, we show the MDD feature list
to the participants and explain the features completely.
Afterward, we ask the participants to identify their MDD
feature requirements and prioritize them based on the
MoSCoW prioritization technique [36]. Additionally,
they have to express the rationales behind the require-
ments elicitation. Finally, they should identify a set of
MDD platforms as potential solutions for their software
projects.

2. Step 2: Results and recommendationsWedefine four sep-
arate cases in the DSS knowledge base according to the
case studies’ requirements and priorities. Next, the DSS
suggests a set of feasible solutions per case individually.
Then, the outcomes are discussed with the case study
participants.

3. Step 3: Analysis We compare the feasible solutions from
the DSS with the case study participants solutions. Fur-
thermore, we analyze the outcomes and observations,
report them to the case study participants, and subse-
quently receive their feedback on the results.

We ensured validity in the conversations with the case par-
ticipants in the following ways. First, we made sure that all
terms we used in the discussions were known by providing
the list of features and qualities and their definitions, and
discussing these terms with the participants during the inter-
views. Secondly, the discussions with the case participants
were noted down by the researchers during the interviews,
and these were processed within 24 h to ensure that none of
the results would be forgotten. We did not record the meet-
ings to avoid tension during these discussions. Finally, we
confirmed the results from the decision support model with
the case participants and discussed whether our inputs into
the decision support tool were correct.

We have considered other study designs, such as action
research studies, to support the engineers during their selec-
tion. However, by performing these case studies post hoc, we
could ensure that the case participants had used their selected
platforms for a more extended period of time. Another
possibility would have been to survey end-users of MDD
Platforms. However, as we were particularly interested in
how our model and tool were used, performing multiple case
studies at companies provided us with the highest level of
detail for the empirical results.

4 MCDM for MDD platform selection

We follow the framework [11] as modeled in Fig. 2 to build
a decision model for the MDD platform selection problem.
Generally speaking, a decision model for an MCDM prob-
lem contains decision criteria, alternatives, and mappings.
Figure 2 represents the main building blocks of the decision
support system besides the proposed decision model.

4.1 RQ1: MDD features

Domain experts were the primary source of knowledge to
identify the right set of MDD features, even though docu-
mentation and literature studies of MDD platforms can be
employed to develop an initial hypothesis about the MDD
feature set. Each MDD feature has a data type, such as
Boolean and non-Boolean. For example, the data types of
MDD features, such as the popularity in the market and
supportability of real-time analytics, can be considered as
non-Boolean and Boolean, respectively.

The initial set ofMDD featureswas extracted from the fol-
lowing sources:White papers, Fact sheets, Technical reports,
Instruction manuals, Product wikis, Product forums, Product
videos,Webinars. Additionally, twenty-three domain experts
have participated in this phase of the research to identify
a potential list of MDD features. Accordingly, 90 Boolean
and four non-Boolean MDD features were identified and
extracted from the expert interviews’ results. Eventually, the
validity and reliability of the final list of the features2 were
evaluated and confirmed by the domain experts.

4.2 RQ2: MDD platforms

To answer the second research question, we identified 104
MDD platforms as our initial hypothesis based on the fol-
lowing three methods:

2 The entire list of the MDD features and supportability of considered
MDDplatforms are available and accessible on the data repository [37].
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Fig. 2 This figure is adapted from our previous study [11] and shows the main building blocks of the decision support system besides the proposed
decision model for the MDD Platform selection problem

– Exploring literature with the keywords “Low-Code,”
“No-Code,” “BPMS,” “iBPMS,” and “Model-Driven
Development” platforms.

– Exploiting our networkof domain experts, including soft-
ware engineers and academics. Note we conducted 26
expert interviews.

– Asking interviewed domain experts at the end of each
interview whether they know of products that should be
researched.

Next, we reviewed the published surveys and reports from
well-known knowledge bases, such as Gartner [7,17] and
Forrester [18]; eventually, we selected 30 MDD platforms
that at least three sources of knowledge confirmed the neces-
sity of their existence in the decision model. The first row of
Table 1 shows the list of the selected MDD platforms.

4.3 RQ3: software quality attributes

Based on the IEEE Standard Glossary of Software Engineer-
ing Terminology [38,39], the quality of software products is
the degree to which a system, component, or process meets
specified requirements (such as functionality, performance,
security, and maintainability) and the extent to which a sys-
tem, component, or process meets the needs or expectations
of a user. It is necessary to find quality attributes widely
recommended by other researchers to measure the system’s
characteristics.

The literature study results approved that researchers do
not agree upon a set of conventional criteria, including
quality attributes and features, to evaluate the MDD plat-
forms (see Table 6). Additionally, we realized that their
suggested criteria were mainly applied to specific domains
to address different research questions. Consequently, a set
of non-exclusive and domain-independent criteria is needed
to evaluate MDD platforms.

The ISO/IEC 25010 [22] model presents best practice rec-
ommendations on the base of a quality assessment model.
The quality model defines which quality characteristics
should be considered when assessing the qualities of a soft-
ware product.

A set of quality attributes should be defined in the decision
model [11]. In this study, we used the ISO/IEC 25010 stan-
dard [22] and extended ISO/IEC 9126 standard [23] as two
domain-independent quality models to analyze MDD fea-
tures based on their impact on quality attributes of MDD
platforms. The key rationale behind using these software
quality models is that they are a standardized way of measur-
ing a software product. Moreover, they describe how easily
and reliably a software product can be used.

The last four columns of Table 6 show the results of our
analysis regarding the common criteria and alternatives of
this study with the selected publications. Let us define the
coverage of the i-th selected study as follows:

Coveragei = C Qi + C Fi

Ci
× 100
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where C Qi and C Fi denote the numbers of common qual-
ity attributes (column #CQ) and features (column #CF) of
the i-th selected study; furthermore, Ci signifies its number
of suggested criteria. The last column (Cov.) of Table 6 indi-
cates the percentage of the coverage of the considered criteria
within the selected studies. On average, 75% of those criteria
are already considered in this study.

4.4 RQ4: the impacts of MDD features

The mapping between the sets software quality attributes
and MDD platforms was identified based on domain experts’
knowledge. Three domain experts participated in this phase
of the research to map the MDD platforms (Features) to
the quality attributes (Quali ties) based on a Boolean adja-
cency matrix3 (Quali ties × Features → Boolean). For
instance, entity–attribute–relationship (EAR) as an MDD
feature influences the functional correctness quality attribute.
The framework does not enforce an MDD feature to present
in a single quality attribute; MDD features can be part of
many quality attributes. For example, native modeling tool as
anMDD featuremight be linked tomultiple quality attributes
such as resource utilization and functional appropriateness.
The experts believed that about 74%percent of theMDD fea-
tures impact the following key characteristics of the MDD
platforms:

– Functional suitability is defined in ISO/IEC 25010 as the
degree towhich anMDDplatform functions thatmeet the
stated or implicit requirements when used under specific
conditions.

– Usability defines the degree to which an MDD platform
can be used to achieve specified goals with effectiveness,
efficiency, and satisfaction in a specified context of use.
Moreover, it embraces quality attributes such as “Learn-
ability,” “Operability,” “User error protection.”

– Maintainability is the degree to which an MDD plat-
form can be effectively and efficiently modified with-
out introducing defects or degrading existing product
quality. For instance, the experts believe that “Modular-
ity,” “Reusability,” “Analyzability,” “Modifiability,” and
“Testability” can be considered as key strengths of the
MDD platforms that support “Model only” or “Model-
centric” features.

– Supplier includes a set of quality attributes such as “Rep-
utation” and “Support” of the MDD platforms.

– Cost denotes the amount of money that a company
spends on implementing a software product using an

3 The acquired knowledge regarding the impacts of theMDDplatforms
on the quality attributeswas used to calculate the impact factors [11] that
apply in the score calculation of the DSS. The final Boolean adjacency
matrix is available online on the data repository [37].

MDD platform. It includes quality attributes such as
“Implementation Cost,” “Platform Cost,” and “Licensing
Costs.”

– Product defines a set of quality attributes regarding
the state or fact of exclusive rights and control over
the property. For instance, “Stability,” “Ownership,” and
“Guarantees” are part of this characteristic.

4.5 RQ5: supportability of the MDD features

An MDD platform contains a set of MDD features that can
be either Boolean or non-Boolean. A Boolean MDD fea-
ture (FeatureB) is a feature that is supported by the MDD
platform, for example, supporting the Native modeling tool.
A non-Boolean MDD feature (FeatureN ) assigns a non-
Boolean value to a particular MDD platform; for example,
the popularity in the market of an MDD platform can be
“high,” “medium,” or “low.” Accordingly, this study’s MDD
features is a collection of Boolean and non-Boolean features,
where Features = FeatureB ∪ FeatureN .

The mapping B F P : FeatureB × Plat f orms → {0, 1}
defines the supportability of the Boolean MDD features by
the platforms. So that B F P( f , p) = 0 means that the plat-
form p does not support theMDD feature f orwe did not find
any evidence for proof of this feature’s supportability by the
MDD platform. Moreover, B F P( f , l) = 1 signifies that the
platform supports the feature. The mapping BFP is defined
based on documentation of the MDD platforms and expert
interviews. Tables 1 and 2 present the Boolean features that
we have considered in the decision model.

The experts defined four non-Boolean MDD features,
including “Popularity in the market,” “active community,”
“Maturity level of the company,” and “future roadmap.” The
assigned values to the non-Boolean MDD features for a spe-
cific MDD platform are based on a 3-point Likert scale
(high, medium, and low), where N F P : Features N ×
Plat f orms → {H , M, L}, based on several predefined
parameters. For instance, the “popularity in themarket” of an
MDD platform was defined based on the following param-
eters: the number of the “Google hits,” “Google Trends
(Means of the past 12 months),” “Twitter (follower),” and
the popular forums and reports that considered the plat-
form in their evaluation. Table 3 shows the non-Boolean
programming features, their parameters, and sources of
knowledge.

4.6 MDD feature requirements

The DSS [12] receives the MDD feature requirements based
on the MoSCoW prioritization technique [36].
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Table 1 This table shows the first part of the Boolean features (FeatureB ), MDD platforms (Plat f orms), and the “BFP” mapping
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Platform Types
General-purpose platform 68.97% 1 1 0 1 1 0 1 0 1 1 1 1 0 1 1 1 1 1 0 1 1 0 1 0 1 0 0 1 1 1

Process app platform 20.69% 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 1 1 0 0 0
Mobile app platform 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Request-handling platform 13.79% 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0
Modeling spectrum

Model-centric (Low-code) 93.10% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 1 1 1 1 1 1 1 1
Model only (No-code) 51.72% 0 1 1 1 1 1 0 0 0 1 0 0 1 1 1 0 0 0 1 1 0 1 0 0 1 0 0 0 1 1

Developer Citizen
Domain Experts 68.97% 0 1 1 1 1 1 0 0 0 1 0 0 1 1 1 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1

Business Analysts 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Professional Developers 65.52% 1 1 0 1 1 0 1 1 1 1 1 1 0 1 1 1 1 1 0 1 1 1 0 0 0 0 0 0 1 1

Development
Visual IDE 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Multi-channel/Cross-platform Application 65.52% 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 1 1 0 1 0 1 0 0 1 0 0 0 0
Programming mandatory 31.03% 0 0 0 0 0 0 1 0 1 0 1 0 0 0 0 0 1 0 0 0 1 1 1 0 0 0 1 1 0 0

Programming optional 65.52% 1 1 1 1 1 1 0 1 0 1 0 1 1 1 1 1 0 0 1 1 0 0 0 1 1 1 0 0 1 1
Integration 89.66% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 0

Cross-Platform Integration 79.31% 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 1 1 1 1 0 0 0 0 1 1 1 1 1
Integrate with an ERP system 55.17% 0 1 1 0 0 1 1 0 1 1 0 0 1 0 0 1 1 1 0 1 1 0 1 0 0 0 1 1 0 1

Data mapping 72.41% 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 0 0 1 1 1 1 1 0 0 1 0 0 0
REST 82.76% 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 0 1 1 0 1 1 1 0 0
SOAP 68.97% 1 1 1 1 1 1 1 1 1 1 0 0 0 1 1 1 1 1 0 1 1 0 1 1 0 1 0 1 0 0

OData services 41.38% 1 1 0 1 1 0 1 1 1 1 0 1 0 0 1 1 0 0 0 0 0 0 1 0 0 0 0 1 0 0
Importing data 68.97% 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1 1 0 0 1 1 1 1 1 0 0 1 0 0 0

Deployment 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Public Cloud platform 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Private Cloud platform 37.93% 1 1 1 0 1 0 0 0 1 0 0 1 0 0 0 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0
On-premise 72.41% 1 1 1 1 1 1 1 1 1 1 0 1 0 1 1 1 1 1 1 1 1 0 0 1 0 0 1 0 0 1

Access control 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Identity and permissions management 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Multi-factor authentication (MFA) 51.72% 1 1 1 1 1 1 1 0 1 1 0 1 0 0 1 1 0 1 0 1 1 0 1 0 0 0 0 0 0 0
OAuth 75.86% 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 0 1 1 0 0 0 0 1 1 1 0 1

Single Sign-On (SSO) 75.86% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 0 0 1 0 0 1 1 0 1
Data Management 93.10% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 1

SQL or NoSQL databases 65.52% 1 1 1 1 1 0 1 1 1 1 1 1 0 1 1 1 0 1 0 1 1 0 1 1 0 1 0 0 0 0
Web API 86.21% 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 0 1

Service Calls 72.41% 1 1 1 1 1 0 0 1 1 1 1 0 0 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 0 0
Local application-specific databases 44.83% 1 1 1 1 1 0 1 1 1 1 0 0 0 1 1 1 1 0 0 0 1 0 0 0 0 0 0 0 0 0

Connectors to various back-ends or services 55.17% 1 1 1 1 1 0 1 1 1 1 0 0 0 1 1 1 1 1 0 0 1 0 1 0 0 0 0 1 0 0
Real-time Analytics 68.97% 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 1 0 0 1

Report and Analytics 68.97% 1 1 1 1 1 1 1 1 1 1 0 1 1 0 0 1 1 1 1 1 0 0 1 0 0 1 1 0 0 1
Application lifecycle manager 82.76% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 0 1 1 0 0

user stories 41.38% 1 1 1 1 0 1 1 1 1 1 0 0 0 0 0 1 0 0 0 1 1 0 0 1 0 0 0 0 0 0
Built-in team collaboration 82.76% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 0 1 1 0 0

sandbox-to-production phases 34.48% 1 1 0 0 1 0 0 1 1 1 0 1 0 0 0 1 0 1 1 1 0 0 0 0 0 0 0 0 0 0
component catalogue 37.93% 1 1 0 0 1 0 0 1 1 0 0 1 0 1 0 1 1 1 1 0 1 0 0 0 0 0 0 0 0 0

Application and portfolio management 51.72% 1 1 1 1 1 1 1 1 1 1 0 1 0 1 0 1 0 1 1 0 1 0 0 0 0 0 0 0 0 0
Version control 48.28% 1 1 1 1 1 1 1 1 1 1 0 1 0 1 0 1 0 0 1 0 1 0 0 0 0 0 0 0 0 0

Administrative controls 44.83% 1 1 1 1 1 0 1 1 1 1 0 1 0 1 0 1 0 1 1 0 0 0 0 0 0 0 0 0 0 0
User Interface

Tool set 62.07% 1 1 1 1 1 0 0 1 1 0 1 1 0 1 1 1 1 1 1 1 1 0 1 0 0 1 0 0 0 0
Form & View 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Predefined components 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Multilingual Apps 62.07% 1 1 1 1 1 1 1 1 1 1 1 0 0 0 1 1 0 1 1 1 1 0 0 1 0 0 0 1 0 0

Company-Branded Templates & Styling 72.41% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 1 0 0 0
Create extensions and widget libraries 58.62% 1 1 0 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 0 1 0 0 0 0 0 0 0 0 0

Data Modeling
Entity-Attribute-Relationship (EAR) 86.21% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 1 1 1 1 1 1 1 1 1 1 0 1

Object-Role Modeling (ORM) 20.69% 0 1 0 1 1 0 0 0 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0
Ontology modeling 13.79% 0 0 0 0 0 0 0 0 1 0 0 1 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0

Business rule modeling
Data rules 96.55% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1

Process rules 93.10% 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1
Decision table 41.38% 1 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0
Decision tree 44.83% 1 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 0

Expression modeling
Expression editor 79.31% 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 1 0 1 1 1 1 1 1 1 0 0 1 1 0 1

Natural language rules 27.59% 0 0 0 1 0 0 1 1 0 1 0 0 0 1 1 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0
Close to programming language 37.93% 1 1 0 0 1 0 0 1 1 0 0 1 0 0 0 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0

Programmed 27.59% 1 0 0 0 1 0 1 0 0 0 0 1 0 0 0 1 0 0 0 0 1 1 1 0 1 0 0 0 0 0

Note 1s on each row indicate that the corresponding platforms support the MDD feature of that row, and 0s signify the corresponding platforms do
not support that feature, or we did not find any strong evidence of their supports based on the documentation analysis. Moreover, the rows in black
indicate the categories of the features, and the rows in blue show the features, and the rows below them are their subfeatures. The definitions of the
features are available on the data repository [37]

123



1534 S. Farshidi et al.

Table 2 This table shows the second part of the Boolean features (FeatureB ), MDD platforms (Plat f orms), and the “BFP” mapping

Boolean features
MDD platforms
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Model Transformation
Modeling Tool 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Native modeling tool 48.28% 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 1 1 0 1 1 1 0 0 1 0 0 1 0 0 1
Web modeling tool 79.31% 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 0 1 0 1 0 1 1 0 1 1 0 1 1 1

Engine 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Code Generation 55.17% 0 1 0 1 1 0 1 1 0 0 0 1 0 1 1 1 1 0 0 0 1 1 0 0 1 1 0 0 1 1

Model interpretation 44.83% 1 0 1 0 0 1 0 0 1 1 1 0 1 0 0 0 0 1 1 1 0 0 1 1 0 0 1 1 0 0
Storage 82.76% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 1 1 1 1 1 1 0 0 1 0 1

XML/JSON as data storage 68.97% 1 1 1 0 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 0 1 0 1 1 0 0 0 1 0 1
Store model locally 51.72% 1 1 1 1 1 0 1 1 0 0 0 0 1 1 0 1 1 1 0 1 0 1 0 0 1 0 0 0 0 1

Portability 65.52% 1 1 1 1 1 0 1 1 1 1 1 0 0 1 0 1 1 1 0 1 1 1 0 0 1 0 1 1 0 0
Convert model to text 31.03% 1 1 0 1 0 0 0 0 1 0 0 0 0 0 0 0 1 0 0 1 0 1 0 0 1 0 1 1 0 0

Support different stacks 34.48% 1 1 0 0 1 0 1 1 1 0 1 0 0 1 0 1 0 1 0 0 1 0 0 0 0 0 0 0 0 0
Plug and play architecture 37.93% 1 1 1 1 0 0 1 1 1 1 0 0 0 1 0 0 0 1 0 1 0 0 0 0 0 0 1 0 0 0

Business Process Automation
Workflow 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Process flow 93.10% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 1 1 1 1 1
Case flow 44.83% 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 1 1 0 0 0

Application Types
Mobile Apps 96.55% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1
Web portals 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Web applications 100.00% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Smartwatch (wearable) Apps 13.79% 0 0 0 0 0 0 0 0 0 1 0 0 1 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Security and Protection (Compliance)
HIPAA compliant 51.72% 0 1 1 1 1 1 1 0 0 1 1 1 1 1 1 0 0 1 0 0 0 0 0 0 0 1 1 0 0 0

ISO 27001-2013 certification 65.52% 1 1 1 1 1 1 1 1 0 1 1 0 1 0 1 0 0 1 1 1 0 0 0 1 0 1 1 1 0 1
SOC 1 26.67% 0 1 1 0 1 0 0 1 0 1 0 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0
SOC 2 56.67% 1 1 1 0 1 1 1 1 0 1 1 1 1 0 1 0 0 1 1 0 0 0 0 0 0 1 1 0 0 1
SOC 3 33.33% 0 1 1 0 1 1 0 0 0 1 0 0 1 0 0 0 0 1 1 0 0 0 0 0 0 1 1 0 0 0

PCI DSS 34.48% 1 1 1 1 1 0 1 0 0 1 1 0 0 0 1 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0
GDPR 86.21% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 0 1 1 0 1 1 1 0 1

Note 1s on each row indicate that the corresponding platforms support the MDD feature of that row, and 0s signify the corresponding platforms do
not support that feature, or we did not find any strong evidence of their supports based on the documentation analysis. Moreover, the rows in black
indicate the categories of the features, and the rows in blue show the features, and the rows below them are their subfeatures. The definitions of the
features are available on the data repository [37]

Decision-makers should prioritize their MDD feature
requirements using a set of weights (WMoSCoW = {wMust ,

wShould , wCould , wW on′t }) according to the definition of the
MoSCoW prioritization technique. MDD feature require-
ments with Must-Have or Won’t-Have priorities act as hard
constraints and MDD feature requirements with Should-
Have and Could-Have priorities act as soft constraints. So
that, the DSS excludes all infeasible MDD platforms which
do not support MDD features with Must-Have and support
MDD features with Won’t-Have priorities. Then, it assigns
nonnegative scores to feasible MDD platforms according to
the number of MDD features with Should-Have and Could-
Have prioritizes [11].

Decision-makers specify desirable values, according to
their preferences, for non-Boolean MDD feature require-
ments. For example, a decision-maker could be interested
in prioritizing MDD platforms with the Maturity level above
average. Therefore, the maturity level of the company above
average is a Should-Have feature.

5 Empirical evidence: the case studies

Four industry case studies in the context of four real-
world enterprises have conducted to evaluate and signify
the decision model’s usefulness and effectiveness to address
the MDD platform selection problem. To increase diver-
sity in our evaluation, we selected the case studies from
different domains, such as workflow management, project
management, and enterprise resource planning (ERP) sys-
tems. Furthermore, one of the case studies was a software
consultancy company working in close collaboration with
Mendix andwas interested in evaluating other potential alter-
natives. We had a session with the decision-makers at each
case study company to capture their functional and quality
requirements, constraints and assumptions, and technology
acceptance criteria. They explained their concerns and bar-
riers, such as their budget or lack of time and technical
knowledge in the development team to build the desired soft-
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Table 3 This table shows the NFP mapping between the non-Boolean MDD features and platforms
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Popularity in the market H H H H H H H H H H M M M M M M M M L L L L L L L L L L L L Domain experts

Google hits
13
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00
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0 5

3.
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0

80
2 3

30
1 6 11 50 15 33 2

1.
62

0

Query string: "Product Name"+
             "Low code"+ "No code"

Google Trends 
(Means of the past 12 months) 80
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8
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7
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1
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00 www.trends.google.com

Twitter (follower) 23
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5K

4,
5K 17

3,
9K 1K 84

9

29
0
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0 86

1,
3K 2K 13

8 9

15
K

www.twitter.com

Gartner 1 1 1 1 1 0 1 1 1 1 0 1 1 0 1 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 www.gartner.com
The Forrester Wave 0 0 0 0 0 1 0 0 0 0 0 1 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 www.forrester.com

softwaretestinghelp (2020) 1 1 1 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 www.softwaretestinghelp.com
pcmag 1 1 1 1 1 0 1 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 www.pcmag.com

TrustRadius 1 1 1 0 1 1 1 1 1 1 1 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 www.trustradius.com
G2 1 1 1 1 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 www.g2.com

predictiveanalyticstoday 1 0 0 0 0 0 0 0 1 0 1 0 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 www.predictiveanalyticstoday.com
featuredcustomers 1 1 1 0 1 1 1 0 0 0 0 1 1 1 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 www.featuredcustomers.com

apriorit 1 1 1 1 1 1 1 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 www.apriorit.com
objectivity 1 1 0 1 1 0 0 1 0 0 1 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 www.objectivity.co.uk

altitudemarketing 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 www.altitudemarketing.com
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Future Roadmap H H M H H L L H H L H L M H L M L H L M L L L M L M H L L L Domain experts
Research and Development department 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 0 1 1 1 1 1 0 0 0 Product website

science-industry collaboration 1 1 1 1 1 0 0 1 1 0 1 0 1 1 0 1 0 1 0 1 0 1 0 1 0 1 1 0 0 0 Product website
Co-publications in peer reviewed journals 1 1 0 1 1 0 0 1 1 0 1 0 0 1 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 Web of Science

Note the popularity in the market, active community, maturity level of the company, and future roadmap are the non-Boolean MDD features that
were considered in this study. The parameters of these features are listed below each feature, for example, founded, number of Employees, type,
and revenue per year are the parameters of the maturity level of the company

ware product. Then, we showed the feature list4 besides their
explanations [37] and asked them to identify their feature
requirements based on theMoSCoWprioritization technique
(Table 4).

Note the case study participants have identified sev-
eral potentially feasible MDD platforms for their projects
through multiple internal expert meetings and investigation
intoMDDplatforms before participating in this research (see

4 The Boolean and non-Boolean features are presented in Tables 1, 2,
and 3.

the CSP row in Table 5). Four industry cases were defined
based on the MoSCoW prioritization technique and stored
in the DSS knowledge base. Next, the inference engine of
the DSS generated feasible solutions for each case. The rest
of the section describes the case study companies’ shortlists
and analyzes the DSS outcomes.

5.1 Case study 1: Nederlandse Spoorwegen (NS)

Nederlandse Spoorwegen (Dutch: NS; English: Dutch Rail-
ways) is a Dutch state-owned company, the principal passen-
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ger railway operator in theNetherlands. Founded in 1938 and
withmore than 4500 employees, NS provides rail services on
the Dutch leading rail network. The Information and Com-
munications Technology (ICT) department of NS has more
than 400 employees and is responsible for monitoring the IT
projects’ short-term and long-term progress.

The experts at the ICT department implemented a work-
flowmanagement system calledNOVA, based on theMendix
platform, to enable users to define differentworkflows for dif-
ferent types of jobs or processes in the context of IT projects.
The case study participants stated that NOVA mappings out
the IT projects’ workflows in an ideal state; it finds redundant
tasks, automates the processes, and identifies bottlenecks or
areas for improvement.

The case study participants stated that they want to evalu-
ate a shortlist of feasible MDD platforms that they came up
with through an extensive investigation into potential alter-
natives. They considered Mendix and Microsoft PowerApps
as two MDD platforms before participating in this research.
The case study participants mentioned that the third alter-
native for them could be “High-Coding” or implementing
a workflow management system by hiring a team of senior
software engineers and architects.

5.1.1 NS requirements

The case study participants at NS defined a subset of the key
functionality of NOVA as follows:

– It gets a clear overview of work in progress in a particular
workflow (R17).

– It allows creating, prioritizing, assigning tasks, divides
tasks into workflow stages, decides who works on what
part, and allows monitoring work moving through mul-
tiple stages (R1, R16, R17).

– It enables centralized governance, so creating task lists,
adding tasks/subtasks, subscribing to the entire tasklist,
assigning tasks/subtasks to one or multiple people, log-
ging activities, and scheduling events can be managed
and monitored in one place (R5, R6).

– It creates custom roles and grants access to people based
on their responsibilities (R1).

– It provides a dynamic structure for executing non-routine
unpredictable business processes that require coordina-
tion of multiple tasks and complex decision-making (R8,
R16).

– It has a policy access-control mechanism that restricts
access to authorized users and defines users’ roles and
privileges (R1).

The participants expressed that the MDD platform should
be popular enough in the market (R24), as popularity indi-
cates that an MDD platform is widely purchased by other

businesses and has an active community (R58). Further-
more, they believed that the maturity level of the MDD
platform is an essential criterion that assesses the efficiency
and effectiveness of anMDDplatform (R9).Additionally, the
potential MDD platform should deploy the workflow man-
agement system on a private cloud due to higher security,
flexibility, and availability (R6).

The case study participants identified their feature require-
ments based on the MoSCoW prioritization technique (see
Table 4). Then, we defined a case according to their require-
ments and priorities in the DSS knowledge base.

5.1.2 Results and analysis

The case study participants at NS identified 40 MDD fea-
ture requirements that more than half of them prioritized
as “Must-Have” features (see Table 5). The DSS excluded
26 MDD platforms from the 30 platforms in its knowl-
edge base and offered four potential MDD platforms to NS.
Table 5 shows that Mendix was the first feasible platform for
NS. Additionally, Oracle APEX, Microsoft PowerApps, and
OutSystems were scored as the second to fourth potential
solutions.

The case study participants were looking for a low-code
or no-code platform to prioritize “Model-only” (R20) and
“Model-centric” (R10) as two Should-Have features. Based
on our assessment, Mendix and Microsoft PowerApps sup-
port both of these features. “Ontology modeling” (R27) as
a Should-Have feature is only supported by Oracle APEX.
Moreover, “Plug and play architecture” as another Should-
Have feature does not support by Microsoft PowerApps.

The experts who participated in this case study expressed
that NOVA is currently based on Mendix as they had some
legal limitations to select a suitable platform that meets their
requirements. NS is a semi-government organization that
should follow some government bureaucracy; for instance,
they have to deploy NOVA on a national platform that uses a
local data center inside the Netherlands borders. They men-
tioned that the DSS results showed that they made the right
decision in their selection process; additionally, they can con-
sider more potential solutions in their future evaluation.

5.2 Case study 2: innovation-kite customer

Innovation-Kite is a software development company in the
Netherlands and Germany with more than 500 employees.
They have a “Solution Center” with an international net-
work of experienced ICT-specialists and developers. The
experts at Innovation-Kite stated that the agile development
methodology requires closer interaction between end-users
anddevelopers. The localAgile/ScrumBusinessEngineering
should make general use of specialized developers who can
make specific integrations and adjustments (customizations)
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Table 4 This table represents the entire list of the feature requirements that were defined by the case study participants

RID MDSD feature requirements Nederlandse 
Spoorwegen (NS)

Innoviation-Kite 
Customer Bizzomate Royal IHC 

R1 Identity and permissions management Must-Have Must-Have Must-Have Must-Have
R2 SQL or NoSQL databases Must-Have Must-Have Must-Have Must-Have
R3 Tool set Must-Have Must-Have Must-Have Must-Have
R4 Predefined components Must-Have Must-Have Must-Have Must-Have
R5 Web portals Must-Have Must-Have Must-Have Must-Have
R6 Private Cloud platform Must-Have Should-Have Must-Have Must-Have
R7 Entity-Attribute-Relationship (EAR) Must-Have Must-Have Should-Have Must-Have
R8 Data rules Must-Have Must-Have Should-Have Must-Have
R9 Maturity level of the company Must-Have Must-Have Should-Have Must-Have

R10 Model-centric (Low-code) Should-Have Must-Have Must-Have Should-Have
R11 Business Analysts Should-Have Should-Have Must-Have Must-Have
R12 Form & View Must-Have Should-Have Should-Have Must-Have
R13 Plug and play architecture Should-Have Must-Have Should-Have Must-Have
R14 Programming optional Must-Have Must-Have Must-Have
R15 Workflow Must-Have Must-Have Must-Have
R16 Process rules Must-Have Must-Have Should-Have Could-Have
R17 Case flow Must-Have Must-Have Could-Have Should-Have
R18 Decision table Should-Have Must-Have Could-Have Must-Have
R19 Process flow Should-Have Must-Have Must-Have
R20 Model only (No-code) Should-Have Should-Have Must-Have Could-Have
R21 Decision tree Should-Have Must-Have Could-Have Should-Have
R22 Visual IDE Should-Have Should-Have Could-Have Must-Have
R23 Professional Developers Must-Have Could-Have Must-Have
R24 Popularity in the market Should-Have Should-Have Should-Have Should-Have
R25 Expression editor Should-Have Should-Have Must-Have
R26 Web modeling tool Should-Have Could-Have Must-Have
R27 Ontology modelling Should-Have Could-Have Could-Have Should-Have
R28 Native modeling tool Could-Have Could-Have Must-Have
R29 Object-Role Modeling (ORM) Should-Have Could-Have Should-Have
R30 Natural language rules Should-Have Could-Have Should-Have
R31 Support different stacks Could-Have Should-Have Should-Have
R32 XML/JSON as data storage Must-Have Could-Have
R33 Integrate with an ERP system Must-Have Could-Have
R34 Code Generation Could-Have Must-Have
R35 Two step generation Could-Have Must-Have
R36 Store model locally Could-Have Must-Have
R37 General-purpose platform Must-Have
R38 REST Must-Have
R39 SOAP Must-Have
R40 OData services Must-Have
R41 Web API Must-Have
R42 Service Calls Must-Have
R43 Connectors to various back-ends or services Must-Have
R44 Company-Branded Templates & Styling Must-Have
R45 Domain Experts Could-Have Should-Have Could-Have
R46 Convert model to text Should-Have Could-Have Could-Have
R47 Real-time Analytics Could-Have Could-Have Could-Have Could-Have
R48  Report and Analytics Could-Have Could-Have Could-Have Could-Have
R49 Version control Could-Have Could-Have Could-Have Could-Have
R50 Close to programming language Could-Have Should-Have
R51 Model interpretation Could-Have Should-Have
R52 Public Cloud platform Should-Have
R53 Create extensions and widget libraries Should-Have
R54 Multi-channel/Cross-platform Application Could-Have
R55 data mapping Could-Have
R56 importing data Could-Have
R57 Mobile Apps Could-Have
R58 Active Community Could-Have
R59 Future Roadmap Could-Have
R60 Programmed Could-Have

Note, the Boolean and non-Boolean features that are presented in Tables 1, 2, and 3. The first column signifies the requirement id (RID). We used
this column to determine the link between the feature requirements and the actual needs of the case study participants
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within an existing customer infrastructure and environment,
so that test work and specific optimizations can also be per-
formed cost-effectively.

One of their customers was a small startup company with
around ten employees. The startup company requested a soft-
ware application to help them estimate activities, schedul-
ing, cost control, and budget management. The experts at
Innovation-Kite wanted to design and implement a cus-
tomized project management system for this customer by
employing one of their strategic technology partners, Betty
Blocks, andMendix.Additionally, the case study participants
stated that without the time and budget limitation of their cus-
tomers, they have enough in-house expertise and knowledge
to build an entirely new software product so that high-coding
can be considered the third potential solution.

The case study participants joined this research to evaluate
the shortlist of potential solutions (Betty Blocks, Mendix,
and High-Coding) for this startup company. Moreover, they
desired to know about other possible MDD platforms that
they have to take into account.

5.2.1 Innovation-kite requirements

The case study participants at Innovation-Kite defined a
subset of the customized project management system’s key
functionality:

– Viewing progress across all ongoing projects, identifying
projects at risk, monitoring timelines, and sharing project
status in real-time (R15, R47, R48)

– Keeping workflow tools in one place, having a central-
ized management unit for details and updates, storing
projects’ files in a secured data storage, and keeping tem-
plates always consistent (R2, R5, R6, R52)

– Reporting a clear picture of how the resources are being
used (R48)

– Offering account management and provisioning system
to define new end-users, roles, and privileges (R1)

– Managing all activities and tasks required to maintain a
desired level of excellence (R19)

The Innovation-Kite experts expressed that they want to
be independent of particular programming languages and
development processes. However, they required a level of
flexibility to add new functionality or customize an existing
component. Therefore, they prioritized the “Model-centric
(Low-code)” feature asMust-Have and the “Model only (No-
code)” as a Should-Have feature (R10, R20). Moreover, they
wanted to employ their technical knowledge so that a poten-
tial MDD platform has to support professional developers
(R23). The case study participants mentioned that their cus-
tomers always want to deploy their software products on
the cloud; however, according to their budgets and infras-

tructures, it can be on private or public clouds; thus, they
considered both of these options as Should-Have features
(R6, R52).

5.2.2 Results and analysis

The case study participants identified 37 MDD feature
requirements, including 43.24% hard-constraint features
(Must-Have) and 56.76% soft-constraint features (Should-
Have and Could-Have). The DSS suggested five possible
solutions, namely Mendix, Salesforce (Lightning), Betty
Blocks, OutSystems, and ServiceNow (Now Platform).
Table 5 shows that Mendix was the first, and Betty Blocks
was the third feasible platform for this case study. They did
not consider Salesforce (Lightning) as a solution, as they had
no experience with employing this platform.

The DSS scored Betty Blocks as the third solution as it
does not support “Decision Table” (R18), “Natural language
rules” (R30), and “Object-RoleModeling” (R29). According
to our assessment, Mendix does not support “Natural lan-
guage rules” and “Ontology modeling.” Please note that the
Should-Have features have higher priorities thanCould-Have
features, so MDD platforms that support more Should-Have
features score higher.

The experts who participated in this case study stated that
“OutSystems” could be a potential solution as it supports all
the feature requirements that they required. However, they
needed to perform a cost-benefit analysis to evaluate its use-
fulness. The experts mentioned that the DSS could support
them for their future evaluation, reducing decision-making
time. However, we need to keep the knowledge base of the
DSS besides the decision model regularly up to date.

5.3 Case study 3: Bizzomate

Bizzomate is a software consultancy company in the Nether-
lands to support organizations with technical and techno-
logical problems, such as MDD platform selection. Orga-
nizations hire external consultancy companies, such as
Bizzomate, when their internal resources and expertise
are insufficient. External consultants analyze an organiza-
tion’s existing setup and make suggestions. Additionally, the
experts at Bizzomate advises its customers on how to con-
figure their software applications, write code, fix bugs, or
customize their software systems for specific tasks or busi-
nesses.

The experts at Bizzomate stated that they use MDD plat-
forms to increase agility in software development. Such
platforms assist them with working closely together in one
environment, and various stakeholders can collaborate, cre-
ate, iterate, and release solutions in a fraction of the time
compared to traditional development methods.
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Mendix is the leading partner of Bizzomate in the software
development process. The experts at Bizzomate typically
employ the Mendix platform to implement customized soft-
ware solutions for their customers. They have recently
investigated a little bit regarding other potential platforms
and considered Betty Blocks an alternative solution for their
customers. The case study participants joined this research
to evaluate the selected shortlist of MDD platforms based
on requirements that typically take into account to build a
customized software solution.

5.3.1 Bizzomate requirements

The case study participants at Bizzomate defined a subset of
their essential MDD feature requirements that they generally
consider to select an MDD platform for their customers:

– The MDD platform has to enable developers to use
models to develop software (R10) and generate code
automatically (R35).

– Developers have to use models to build software and
solely communicate with each other about the system
in terms of models (R20). Note coding terminology is
absent.

– A full application could be created without any program-
ming, but developers can use one programming language
(R14).

– The platform has to be able to govern users by enforc-
ing both authentication and authorization.Authentication
verifies a user’s identity. Once authenticated, the verified
user may use any of the resources their account is autho-
rized to access (R1).

– Toolset givesmodelers access to awhat-you-see-is-what-
you-get editor, in which access is provided to different
user interface components.Within such an editor, the user
is free to edit those elements’ height and width (R3).

– The platform has to allow users to model user interface
predefined componentswithout altering the user interface
components’ location, width, and height (R4).

– The platform has to support developers with design-
ing and implementing web portals (R5). A web portal
is a specially designed website that brings information
from diverse sources, like emails, online forums, and
search engines, together in a uniform way. Usually, each
information source gets its dedicated area on the page
for displaying information; often, the user can configure
which ones to display.

– The platform should support EAR5 (R7), which is used to
represent attributes as well as entities and relationships.

5 Entity-Attribute-Relationship.

The participants expressed that non-Boolean features such
as popularity in the market (R24) and the company’s matu-
rity level (R9) play an essential role in the MDD platform
selection process.

5.3.2 Results and analysis

The case study participants identified 42 MDD feature
requirements, including 30.95% hard-constraint features
(Must-Have) and 69,05% soft-constraint features (Should-
Have and Could-Have). They defined a limited number of
Must-Have features as they did not focus on a particular IT
project. The case study participants put their emphasis on
the platform-specific features that they were already familiar
with. In other words, their feature requirements were biased
to the features that their shortlist of MDD platforms was
supported them. Thus, the DSS results did not surprise them.
Table 5 shows that Mendix was the first, and Betty Blocks
was the third feasible platform for this case study.

The DSS scored Betty Blocks as the third solution as it
does not support a set of the soft constraint requirements,
such as “Code Generation” (R34), “Decision Table” (R18),
“Natural language rules” (R30), and “Object-Role Model-
ing” (R29).

The case study participants stated that they have never
considered Appian as an alternative solution for their project
because they do not have any experience with this platform;
however, they will investigate its functionality and possibil-
ities for future projects.

5.4 Case study 4: royal IHC

Royal IHC is an international supplier of innovative equip-
ment, ships, and services for offshore, dredging, and wet
mining. Royal IHC enables customers to execute complex
projects from the water surface to the ocean floor in the
most challenging maritime environments. The head office
is located in the Netherlands, but more than 3000 employees
work from offices worldwide. Thus, customer support is pro-
vided on every continent. The company faces ever-changing
customer needs and healthy global competition.

Digitization is an inevitable factor for every organization,
including Royal IHC, to provide customers with innova-
tive solutions. The case participants asserted that Royal IHC
would gain increased business agility, transparency, and uni-
formity of information by consolidating the IT environment,
a vital part of its national and international value chain.
Recently, the ICT department at Royal IHC introduced an
ERP application called “One IHC,” based on the low-code
platform fromMendix, to support their key strategic goals of
collaboration, globalization, and growth.

Royal IHC participated in this research to assess their cur-
rent platform (Mendix) and an alternative to it (BettyBlocks).
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Moreover, they wanted to know about any potential MDD
platforms that could be considered in the near future.

5.4.1 Royal IHC requirements

The case study participants defined the following subset of
requirements of One IHC to select the best fitting MDD plat-
form.

– The platform has to support Royal IHC’s demand for
applications with a native mobile experience on multiple
devices. The platform needs to be available both online
and offline (R22, R26, R29).

– The platform has to enhance the collaboration between
business stakeholders and IT (R11). It leads to an increase
in the organization’s development capacity to meet the
growing demand for applications, dashboards, and por-
tals (R23, R47, R48).

– The platform has to support component-based architec-
tures (R13).

– The platform has to enable users to save models as byte
code on their local machine (R36).

– The platform could be integrated with an ERP system
(R33).

– A set of data rules must be defined to ensure that only
values compliant with the data rules are allowed within
a data object. Data rules will form the foundation for
correcting or removing data (R8).

5.4.2 Results and analysis

The case study participants identified 42 MDD feature
requirements that half of them were Must-Have features.
Their hard-constrained feature requirements were mainly
biased toward the features the shortlist of MDD platforms
already supported, and they were completely aware of them.
Theywanted to know about alternative solutions, so the other
half of their feature requirements were mainly about nice-
to-have MDD features (soft-constrains). Table 5 shows that
Mendix was the first, and Betty Blocks was the third feasible
platform for this case study.

The DSS scored Betty Blocks as the third solution as it
does not support a set of the soft constraint requirements,
such as “Code Generation” (R34), “Decision Table” (R18),
“Ontology modeling (R27)” (R30), and “Object-Role Mod-
eling” (R29).

The case study participants asserted the OutSystems plat-
form could be an interesting alternative to them, and they
have not considered it up to now because of a lack of knowl-
edge and expertise regarding this platform; however, they
will consider it an option in their future evaluations. Note
Royal IHC hired some experts from Bizzomate to support

them with their decision-making process, so it was not sur-
prising that their shortlists were the same.

6 Discussion

6.1 Case study participants

Software products may be more successful in some regions.
Not every MDD platform is equally represented in different
regions of the world. We observed specific MDD platforms
that are primarily active in the Netherlands and focus their
support efforts on the Netherlands because there is the most
business for them. As aforementioned, the case study com-
panies were located in the Netherlands. Almost all of them
preferred to select one of the locally produced MDD plat-
forms, specifically Mendix and Betty Blocks, because of
their concerns regarding legal issues and safety. While we
did not collect each platform’s sales data, we have to remain
cognizant that some MDD platforms may be over- or under-
represented in particular geographic regions.

The total cost of ownership of MDD platforms plays an
inevitable factor in the decision-making process. However,
none of the case study participants considered it a “Must-
Have” feature, as they believed that functional suitability,
maturity, and popularity of potential solutions should be pri-
oritized higher. One of the case study participants expressed
that “we have to examine total costs besides total benefits to
make a rational decision about the potential solution that will
provide the highest positive impact on the future of our busi-
ness.” The DSS assigns higher scores to the general-purpose
platforms, such as Mendix and Appian, as they offer a vast
set of services and functions.

Biases, such as motivational and cognitive [40], arise
because of shortcuts or heuristics that decision-makers
use to solve problems and perform tasks. The Hawthorne
effect [41], which is the tendency for decision-makers to
change their behavior when they are being observed, is a
formof cognitive bias. The case studyparticipantsmight have
been more careful in the observational setting than in the real
setting because they are being observed by scientists judg-
ing their selected MDD feature requirements and priorities.
Moreover, the Bandwagon effect [42], which is the tendency
to do or believe things because many other decision-makers
do or believe the same, is another form of cognitive bias. The
Bandwagon effect typically shows up in group decisions. To
mitigate the Hawthorne and Bandwagon effects, individual
and group interviews have been conducted.

Please note that sometimes the case study participants are
biased toward a specific alternative solution. For instance, in
this study, all case study participants asserted that Mendix
was one of their alternative solutions. Regional limitation,
popularity in the market, financial plus political issues, and
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tacit knowledge of the case study participants can be con-
sidered potential factors which were limiting alternative
solutions. Accordingly, conducting case studies in different
regions could lead to different MDD feature requirements;
consequently, the DSS can suggest different rankings or even
entirely different alternative solutions.

6.2 Domain experts

The experts expressed that the decision-making process is a
lot different for small organizations than large ones. Looking
at the IT landscape, we notice a difference in the selection
process because the requirements of small and large organi-
zations are remarkably different. Small enterprises typically
start purchasing a unique MDD platform to solve multiple
problems; they cannot invest in multiple platforms to per-
form different tasks because of financial constraints. Larger
enterprises can invest more money to employ multiple MDD
platforms for different tasks. However, using multiple plat-
forms requires more training costs and knowledge sharing
possibilities. The best-fitting MDD platform for a company
should add values instead of just solving quick issues.

The experts asserted that MDD platforms should not be
employed in three use cases: (1) Complex applications with
rich functionality, such as software products, require contin-
uous development and maintenance to integrate a significant
number of services and components from third parties. Thus,
an MDD platform is not the best way to develop complex
applications, and it is better to hire a development team that
can address the functional requirements andquality concerns.
(2) The MDD platforms should not be used to build applica-
tions for enterprises that employ the generated applications
to perform their core businesses. The key rationale to avoid
using MDD platforms for such scenarios is that MDD plat-
forms are mainly designed for simple reoccurring problems,
and they limit creativity by simplifying the complexity of the
real world. Thus, such enterprises will be limited to a set of
predefined functions and cannotmakenewwild decisions. (3)
The MDD platforms would not be a cost-effective solution
for businesses that rely principally on freemium end-users,
as MDD platforms may charge their customers based on the
number of their end-users.

Software development is an iterative and incremental
process, based on a collection of invaluable concepts and
principles [43,44]. As extensively discussed in [45,46], it
should be kept in mind that MDD is not a concrete method-
ology, but a generic approach that can be applied to software
development processes to take advantage of its promises. The
main issue with using models to drive software engineering
directly is that they are far from flexible. First, end-users are
limited by the type of the MDD platforms they use. Second,
they are only flexible in the parts of the solution covered
by the used domain-specific languages. The higher the level

of abstraction, the more the commonalities will be “hard-
coded” in the MDD platforms. Third, sometimes models are
made flexible at only a limited set of predefined components
by lower-level languages.

6.3 The decisionmodel

The case study participants confirm that the updated and val-
idated version of the DSS is useful in finding the shortlist of
feasible solutions. Finally, it reduces the time and cost of the
decision-making process. Our website6 is up and running to
keep the knowledge base of the decision support system up
to date and valid. We aim to create a community around the
platform that regularly updates the curated knowledge base
with new MDD platform features. We consider it as future
work to enable third parties to add new features and prod-
ucts to the database in a wiki-style manner. These additions
need to be approved by us, as it may be tempting for product
marketers to overstate the features present in the platform.

The study of heuristics-and-biases has investigated var-
ious decision-making shortcuts and has documented their
inferior performance [47,48].However, these uncomplicated
heuristics can be viewed as smart approaches to save time so
that a decision-maker can respond immediately [49]. Apply-
ing simple rules is sometimes an answer to complexity [50].
When faced with a problem that is highly complex to solve
optimally, the decision-maker falls back on a simple rule
that makes sense based on what is understood. Fast-and-
frugal heuristics can perform well in certain domains [51],
such as MDD selection, to find the best fitting alternatives
based on a limited set of criteria, for instance, background
knowledge and experience of the decision-maker. Thus, the
decision model can be considered a method to evaluate the
shortlist of decision-makers’ alternative solutions and assist
them with decision-making under uncertainty.

We believe that the theoretical contribution and the answer
of the main research question (see Sect. 3.2) of this study
is a decision model that can be used to make informed
decisions in software production, and models from software
engineering, such as the ISO standard quality model and the
MoSCoW prioritization technique, are fundamental building
blocks in such decisions. Researchers can replace the ISO
standard quality model with more specific quality attributes
to customize the decision model. Although we employ the
MoSCoW prioritization technique to simplify the under-
standing andmanage priorities, other researchers can employ
other types of prioritization techniques to define the feature
requirements.

With the knowledge available through the decisionmodel,
researchers can more rapidly evaluate MDD platforms in
the market, add more platforms or features to the decision

6 https://dss-mcdm.com.
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model systematically according to the presented guideline,
and employ the reusable knowledge (presented in Tables 1,
2, 3, and 4) to develop new concepts and solutions for future
challenges.

6.4 Limitations and threats to validity

The validity assessment is an essential part of any empir-
ical study. Validity discussions typically involve construct
validity, internal validity, external validity, and conclusion
validity.
Construct validity refers to whether an accurate operational
measure or test has been used for the concepts being stud-
ied. In the literature, decision-making is typically defined
as a process or a set of ordered activities concerning stages
of problem identifying, data collection, defining alternatives,
selecting a shortlist of alternatives as feasible solutions with
the ranked preferences [52,53]. To mitigate the threats to
the construct validity, we followed the MCDM theory and
the six-step of a decision-making process [20] to build the
decision model for the MDD platform selection problem.
Moreover, we employed document analysis and expert inter-
views as two different knowledge acquisition techniques to
capture knowledge regarding MDD platforms. Additionally,
the DSS and the decision model have been evaluated through
four real-world case studies at four different real-world enter-
prises in the Netherlands.
Internal validity attempts to verify claims about the cause-
effect relationships within the context of a study. In other
words, it determines whether the study is sound or not. To
mitigate the threats to the internal validity of the decision
model, we define DSS success when it, in part, aligns with
the case-study participants shortlist andwhen it provides new
suggestions that are identified as being of interest to the case
study participants. Emphasis on the case study participants’
opinion as a measurement instrument is risky, as the case
study participantsmay not have sufficient knowledge tomake
a valid judgment. We counter this risk by conducting more
than one case study, assuming that the case study participants
are handling their interest and applying the DSS to other
problem domains, where we find similar results [11,54–56].
External validity concerns the domain to which the research
findings can be generalized. External validity is sometimes
used interchangeably with generalizability (feasibility of
applying the results to other research settings). We evalu-
ated the decision model in the context of Dutch enterprises.
To mitigate threats to the research’s external validity, we
captured knowledge from different sources of knowledge
without any regional limitations to define the constructs
and build the decision model. Accordingly, we hypothesize
that the decision model can be generalized to all enterprises
worldwide who face uncertainty in the MDD platform selec-
tion problem.Another question iswhether the framework and

the DSS can be applied to other problem domains as well.
The problem domains [11,54–56] were selected opportunis-
tically and pragmatically, but we are convinced that there are
still many decision problems to which the framework and the
DSS can be applied. The categories of problems to which the
framework and the DSS can be applied successfully can be
summed up as follows: (1) The problem regards a technology
decision in system design with long-lasting consequences,
(2) there is copious scientific, industry, and informal knowl-
edge publicly available to software engineers, and (3) the
(team of) software engineer(s) is not knowledgeable in the
field but very knowledgeable about the system requirements.
Conclusion validity verifies whether the methods of a study
such as the data collection method can be reproduced, with
similar results. We captured knowledge systematically from
the sources of knowledge following the MCDM frame-
work [11]. The accuracy of the extracted knowledge was
guaranteed through the protocols that were developed to
define the knowledge extraction strategy and format (see
AppendixB).A reviewprotocolwas proposed and applied by
multiple research assistants, including bachelor and master
students, to mitigate the threats to the research’s conclu-
sion validity. By following the framework and the protocols,
we keep consistency in the knowledge extraction process
and check whether the acquired knowledge addresses the
research questions. Moreover, we crosschecked the captured
knowledge to assess the quality of the results, and we had at
least two assistants extracting data independently.

7 Related work

In this study, snowballing was applied as the primary method
to investigate the existing literature regarding techniques that
address the MDD platform selection problem. Table 6 sum-
marizes a subset of selected studies that discuss the problem.
As aforementioned, the last column (Cov.) of Table 6 indi-
cates the percentage of the coverage of the considered criteria
within the selected studies. On average, 75% of those cri-
teria are already considered in this study. In other words,
the decision model contains a significant number of crite-
ria, including features and quality attributes, that have been
mentioned in the literature.

7.1 Intelligent business process management suite
selection

In the literature, a wide range of publications has assessed
different iBPMS platforms and compared them against a set
of criteria. Gartner [17] reported considered 26 criteria, such
as sales execution/pricing and marketing strategy, to evalu-
ate nineteen iBPMS platforms as leaders, challengers, niche
players, and visionaries.
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Sanchis et al. [57] introduced a framework to manage
the overall network of a collaborative manufacturing and
logistics environment that enables humans, applications, and
Internet of things devices to seamlessly communicate and
interoperate in the interconnected environment, promoting
resilient digital transformation. Then, the authors conducted
a literature study regarding MDD platforms to identify six-
teen features that they support. Finally, the authors compared
their framework with six low-code platforms against the fea-
tures.

Forrester [18] researched a list of low-code platforms,
including 13 vendors, to consider for the evaluation. From
that initial pool of vendors, they narrowed the final list
based on several inclusion criteria, such as low-cost-of-entry
commercial models, building many business use cases, and
primarily targeting large enterprises. Then, they collected
data fromproducts and strategies through a detailed question-
naire, demos and briefings, and a reference-customer survey.
They used those inputs, along with the analyst’s experience
and expertise in the marketplace, to score the platforms,
applying a relative rating system that compares each plat-
form against the others in the evaluation.

Vugec et al. [58] identified the following four social
business process management dimensions based on lit-
erature study: egalitarianism, collective intelligence, self-
organization, and social production.Next, the authors selected
nine iBPMSs reported byGartner [17] to compare their func-
tionality against the social dimensions.

Sattar [59] assessed 13 low-code platforms based on sup-
porting ten criteria, such as cloud platform attributes, and
then introduced a decision tree for the low-code platform
selection problem.

Zolotas et al. [60] presented a low-code platform based
on the REST architecture that enables developers to model
attribute-based access control policies without requiring any
code writing. Then, the authors compared their approach
with eleven low-code platforms against four security fea-
tures.Melo et al. [61] considered the ISO/IEC25010 standard
besides a set of quality aspects, such as vendor and cost, to
evaluate Oracle Apex and OutSystems.

Hendriks et al. [62] researched for essential characteristics
of low-code platforms and how they should be matched to
each other. They performed interviews with industry experts
to determine how the industry looks uponmatching situations
and platforms. Finally, they introduced a framework based on
the characteristics to support organizations with the iBPMS
platform selection.

Forrester [5] carried out an online vendor survey to assess
42 low-code platforms. The authors of the report then divided
low-code platforms into the following five categories using
their background and functionality: general purpose plat-
forms, process application platforms, database application

platforms, request handling platforms, and mobile applica-
tion platforms.

Wasilewski [63] compared the Gartner’s reports about
BPMS and iBPMS markets from 2009 to 2015 to analyze
the behavior of the leaders in the Magic Quadrant.

7.2 Business process management suite selection

A vast range of BPMS platforms is currently available on
the market to cater to a wide variety of modeling objectives.
A subset of publications that reported on the evaluation of
BPMS platforms is presented as follows.

Şen et al. [64] applied the analytic hierarchy process
(AHP)7 and the Fuzzy Technique for Order Preference by
Similarity to Ideal Solution (FTOPSIS)8 to address the prob-
lem of choosing BPMS for a retailer operating in the textile
sector. In the first step, the AHP implementation and the
pairwise comparisons were taken from the seven decision-
makers determined the decision criteria’ weights. In the
second step, the FTOPSIS method was performed to select
the best fitting BPMS with the decision-makers’ quantitative
and qualitative evaluations.

Meidan et al. [65] performed a formal survey based on
a systematic literature review method and quality mod-
els to classify and compare BPMSs according to a set of
characteristics of open source BPMS. Additionally, they
observed that every BPMS provider used its terminology
to explain business process concepts (e.g., join and fork
elements, exception handling, events). Unifying the termi-
nology could help to improve interoperability and portability
among BPMSs. Furthermore, the evaluation showed that
BPMSs could be classified into two families: The first one
is oriented to normal users (e.g., Bonita and ProcessMaker),
and the second one is platform-oriented to developers and
expert users (e.g., Activiti, Camunda, and jBPM).

Vukšić et al. [66] presented a guideline and a set of
selection criteria such as maturity, reporting and analytics,
business rules, user interface and user experience, and mod-
eling notation to evaluate three BPMS platforms (IBM, K2,
and Software AG).

Kapteijns et al. [72] performed research regarding BMPS
platforms in small-scale development projects to investigate
the case study participants’ level of satisfaction. Moreover,
the authors collected a set of BMPS features from the litera-
ture to compare four BMPS platforms against each other.

7 AHP is an MCDM technique for making decisions between alterna-
tives. AHP allows decision-makers to capture their strategic goals as a
set of weighted criteria that they then use to rank alternatives.
8 TheTOPSIS is anMCDMapproach that employs information entropy
to assess alternatives. Fuzzy logic is an approach to computing based
on “degrees of truth” rather than the usual Boolean logic. Sometimes
combinations of fuzzy logic with other MCDM approaches, such as
FTOPSIS, are employed to solve MCDM problems.
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Delgado et al. [67] presented a systematic approach based
on the weighted sum model (WSM)9 for assessing BPMS
tools, both open-source and proprietary. The authors sug-
gested a list of relevant vital characteristics for BPMS tools
and a way of evaluating the provided support using test cases
and a case study to provide an overall viewof the tool support.

Mejri et al. [68] used a questionnaire to capture a set
of BPMSs’ strengths and weaknesses in terms of flexibility
from their researchers and developers. Then, they used the
weighted sum method to calculate the scores of the BPMSs
and rank them accordingly. Ravasan et al. [70] introduced a
set of functional and non-functional criteria for selecting the
right BPMS for an organization. The authors then applied
the FTOPSIS approach to calculate the weight of the criteria
based on decision-makers’ requirements and priorities.

Davies and Reeves [71] reported on the Australian gov-
ernment department’s experiences in selecting a BPM tool
to support its process modeling, analysis, and design activ-
ities. Candidate solutions were identified for evaluation by
researching case studies and market overviews.

Štemberger et al. [73] presented amethod forBPMSselec-
tion to support decision-makers (managers and IT experts)
with the BPMS selection process. Their approach was based
on the AHP method and developed BPM tools features from
project goals and critical success factors. Their research
reported two points: (1) to choose the best fitting software
tool for a particular application and business, an organiza-
tion requires a method for the evaluation of a BPMS, and (2)
the selection of a BPMS is a multi-criteria decision process.
Accordingly, a suitable method for making multi-objective
decisions should be employed.

7.3 Strengths and liabilities

Studies based on benchmarking [57–61,66,69,72] and sta-
tistical analysis (SA) [5,7,17,18,63,65] are typically time-
consuming approaches and mainly applicable to a limited set
of alternatives and criteria, as they require in-depth knowl-
edge of programming languages and concepts. Such analysis
is subject to increased error, particularly when a relational
analysis is used to attain a higher interpretation level. One of
the critical issues regarding statistical analysis is the tendency
to skip unjustified conclusions concerning causal relation-
ships. Researchers usually obtain evidence that two variables
are highly correlated; however, that does not prove that one
variable causes another. Finding relationships among corre-
lations and causation needs in-depth expertise and experience
regarding MDD platforms and their concepts, as such links
are mainly qualitative. Additionally, benchmarking and sta-

9 weighted sum model is an aggregation function that transforms mul-
tiple criteria into a single value by multiplying each criterion by a
weighting factor and summing up all weighted criteria.

tistical analysis are likely to become outdated soon and
continuously kept up to date, which is a high-cost process.

As aforementioned, finding the best MDD platform for
an organization is a decision-making process that deals with
evaluating several alternatives and criteria. Accordingly, the
selected platform should address the concerns and priorities
of the decision-makers. Conversely to MCDM approaches,
studies based on “Benchmarking” and “Statistical Analysis”
principally offer generic results and comparisons and do not
consider individual decision-maker needs and preferences.
A variety of MCDM approaches have been introduced by
researchers recently.

The majority of the MCDM techniques [62,64,64,67,68,
71,73] define domain-specific quality attributes to evaluate
the alternatives. Such studies are mainly appropriate for spe-
cific case studies. Furthermore, MCDM approaches are valid
for a specified period; therefore, the results of such studies
will be outdated by MDD platforms’ advances. Note that, in
our proposal, this is also a challenge, and we propose a solu-
tion for keeping the knowledge base up to date in Sect. 6.
Some of the methods, such as FTOPSIS and AHP, are not
scalable, so in modifying the list of alternatives or criteria,
the evaluation process should be redone. Therefore, these
methods are costly and applicable to only a small number
of criteria and alternatives. This study has considered 151
criteria and 30 alternatives to building a decision model for
the MDD platform selection problem.

In contrast to the named approaches, the cost of creat-
ing, evaluating, and applying the proposed decision model
in this study is not penalized exponentially by the number
of criteria and alternatives. It is an evolvable and expand-
able approach that splits down the decision-making process
into four maintainable phases [54]. Moreover, we introduce
several parameters to measure the values of non-Boolean
criteria, such as the maturity level and market popularity of
theMDD platforms. The proposed decision model addresses
main knowledge management issues, including capturing,
sharing, andmaintaining knowledge. Furthermore, it uses the
ISO/IEC 25010 [22] as a standard set of quality attributes.
This quality standard is a domain-independent software
quality model and provides reference points by defining a
top-down standard quality model for software systems.

Recently, we built five decision models based on the
framework to model the selection of database manage-
ment systems [54], cloud service providers [11], blockchain
platforms [55], software architecture patterns [56], and pro-
gramming languages. In all five studies, case studies were
conducted to evaluate the DSS’s effectiveness and useful-
ness in addressing MCDM problems. The results confirmed
that the DSS performed well to solve the mentioned prob-
lems in software production. We believe that the framework
can be employed as a guideline to build decision models for
MCDM problems in software production.
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8 Conclusion and future work

In this study, the selection process of themodel-driven devel-
opment platforms is modeled as a multi-criteria decision-
making problem that deals with evaluating a set of alterna-
tives and taking into account a set of decision criteria [9].
Moreover, we presented a decision model for the selection
problem based on the technology selection framework [11].
The novelty of the approach provides knowledge about
model-driven development platforms to support uninformed
decision-makers while contributing a sound decision model
to knowledgeable decision-makers. Furthermore, it incorpo-
rates foundational software engineering concepts, such as the
ISO software quality standards and the MoSCoW prioritiza-
tion technique, besides knowledge engineering theories. We
conducted four industry case studies to evaluate the decision
model’s usefulness and effectiveness to address the decision
problem. We find that while organizations are typically tied
to particular ecosystems by extraneous factors, they can ben-
efit significantly from our DSS by evaluating their decisions,
exploring more potential alternative solutions, and analyzing
an extensive list of features.

The case studies show that this article’s decision model
also provides a foundation for future work on MCDM prob-
lems. We intend to build trustworthy decision models to
address the programming language selection problem as our
(near) future work.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, youwill need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

A Expert profiles

See Table 7.

Table 7 The company, position, and number of years of experience
(Exp.) of the domain experts who participated in this research

# Company Position Exp.

1 42 Windmills Lead Architect 8

2 42 Windmills CTO 11

3 AFAS CIO 24

4 AFAS Architecture Team Lead 7

5 Betty Blocks CEO 12

6 Blueriq Product Owner 8

7 OpenText Cordys Product manager 11

8 OpenText Cordys Founder 19

9 GeneXus CEO 20

11 GeneXus Business developer 12

12 IBM Software Architect 13

13 Mendix CTO 15

14 Mendix Team Lead Mobile team 6

15 Outsystems Pre-sales architect 15

16 Outsystems Regional sales executive 15

17 Servoy CEO 19

18 Thinkwise CTO 16

19 Triggre CTO 7

20 Usoft CTO 19

21 WEM.io Lead developer 11

22 GorillaIT CEO 9

23 ForMetis CEO 23

24 ForMetis Business developer 9

25 Freelancer Software architect 7

26 Freelancer Software architect 36
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B Expert interview protocols

[Evaluation of the MDD features and platforms]

Step 1 A brief description of the project, the decision model, the DSS,
and the main goal of the interview.
Step 2 Estimation of the expert background knowledge regardingMDD
platforms and concepts:
What do you understand under MDD?
What do you understand under MDD Platforms?
What do you understand under code generator and generation?
What do you understand under the model interpreter and interpretation?
Step 3 Introductory questions:
How long have you worked on MDD?
Could you describe what your current position encompasses?
How is your position related to MDD?
Step 4 Decision-making questions:
When do enterprises need MDD platforms?
How do enterprises typically select MDD platforms?
What are the essential features from your perspective for selecting the
best fitting MDD platforms?
Which MDD platforms are typically considered as alternative solutions
by enterprises?
Step 5 Evaluation of the sets of MDD features/platforms:
What do you think about these MDD features/ platforms?
Which MDD features/platforms should be excluded from the list?
Which MDD features/platforms should be added to the list?
Step 6 Closing
What do you think about our work?
May we contact you if we have any further questions?
Can we use the name of your company in the scientific paper, or do you
prefer an anonymous name?
Can we use your name in the scientific paper, or do you prefer an anony-
mous name?
Do you have any questions?

[Mapping between the MDD features and the quality attributes]

Step 1 A brief description of the project, the decision model, the DSS,
and the main goal of the interview.
Step 2 Estimation of the expert background knowledge regardingMDD
platforms and concepts:
What do you understand under MDD?
What do you understand under MDD Platforms?
Are you familiar with the ISO/IEC quality models?
Step 3 Mapping between the MDD features and the quality attributes:
(Note: this step will be repeated for all of the features and quality
attributes).
Does the MDD feature [X] have a positive impact on the quality attribute
[Y]? For instance, if an MDD platform supports “SOAP protocol”
means that it has positive impacts on “Availability” and “Interoper-
ability.”
Step 4 Closing
What do you think about our work?
May we contact you if we have any further questions?
Can we use the name of your company in the scientific paper, or do you
prefer an anonymous name?
Can we use your name in the scientific paper, or do you prefer an anony-
mous name?
Do you have any questions?
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