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1 Introduction 

Model Driven Software Engineering (MDSE) and low-code/no-code tools are software 

development tools that uses models as the main input to generate software. That in-

cludes model-driven development tools, model-based development tools, low-code 

tools, and no-code tools, among others. MDSE tools aim to increase software develop-

ment teams’ productivity and decrease software time-to-market [1]. However, software 

modelling tools are not yet widely adopted in practice compared to Integrated Devel-

opment Environments (IDE) for coding. This lack of adoption motivated different em-

pirical research efforts to discover the benefits of such tools. Results [2, 3] show that 

MDSE tools are still maturing and improving modelling assistance is an identified not-

yet-solved challenge [4]. Understanding the behaviour and skills of users, understand-

ing the modelling context, and increasing the automation scope are examples of not yet 

solved challenges in modelling assistance.   

Modelling assistance: we refer to “modelling assistance” in this paper as any soft-

ware artefact, method, or technique that aims to assist users during software modelling 

tasks in the context of an MDSE tool—i.e., to assist users in developing software using 

models in an MDSE tool. 

Thus, improving modelling assistance is a contemporary challenge in information 

systems engineering, calling for new solutions. However, how can we improve without 

knowing what is the state of development in this area? Other authors have made the 

same question and motivate them to perform literature reviews on specific domains, 

technologies, and strategies [5–11]. Nevertheless, to the best of our knowledge, there 

is a lack of a review both in literature and practice without any restriction regarding 

technology, strategy, or domain. Therefore, in this paper, we propose the following 

main research question (MRQ):  

MRQ: What proposals exist in the literature and practice to assist humans during 

modelling tasks in MDSE tools?  

From the perspective of literature, we conducted a systematic mapping study based 

on Petersen et al. [12] guidelines to gather data from the literature around our MRQ. 

We extracted data around i) how is software modelling assisted? ii) what goals and 

limitations do existing MDSE tools report in terms of modelling assistance? and iii) 

which evaluation metrics and target users do existing MDSE tools consider for model-

ling assistance? 

To do so, we implemented two search strategies: database search and snowballing. 

We selected five scientific databases for the database search and performed the search 

using a search string based on PICO (Population, Intervention, Comparison and Out-

comes) keywords [13]. We selected an initial set of papers based on the database search 

for snowballing and then performed forward and backward snowballing. Three review-

ers selected 44 proposals from a set of 2.613 records using inclusion/exclusion criteria. 

We evaluated the inclusion reliability using the K-statistic [14], resulting in a substan-

tial inclusion agreement [15]—i.e., having a 0.8 > K-statistic > 0.61. Having 44 pro-

posals selected, we extracted the data around the MRQ. We clustered, analysed, and 

discussed the data.  
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Strategy: we refer to “strategy” in this paper as how authors propose to achieve a 

goal—for example, a proposal aiming to assist users in creating models by using a rec-

ommender system; here, the recommender system is the strategy.  

We observed that some proposals mainly assist users during modelling tasks in 

MDSE tools using software-based strategies, including tools, techniques, methods, 

frameworks, and languages. In contrast, other proposals use no-software-based strate-

gies such as guidelines. Regarding goals, we found seven clusters of goals such as ad-

dressing change propagation, enhancing consistency checking, ensuring model com-

patibility, improving model quality, improving user interaction, easing model evolution 

and supporting vulnerability detection. Thus, we observed that proposals aim to assist 

users in creating and refining existing models in MDSE tools. On the other hand, we 

identified five limitation clusters, including accuracy, effort, generality, learnability, 

and scope limitations. Similarly, we found three clusters for evaluation metrics based 

on the Technology Acceptance Model (TAM) [16], including effectiveness, efficiency, 

and user perception metrics. Regarding target users, we found three clusters: design-

ers/modellers, domain experts, and software developers. However, we observed that 

several proposals have no specified limitations, evaluation metrics, and target users, 

hindering gap identification, further analysis, and arising inconsistencies.  

From the perspective of practice, we reviewed 17 MDSE tools from the Gartner 

Magic Quadrant for Enterprise Low-Code application platforms [17]. We extracted 

data about: what is the state of the practice on modelling assistance? We explored the 

tools’ documentation and extracted quotes about strategies, goals, limitations, target 

users, and metrics documented in practice for assisting during modelling tasks. We ob-

served that some MDSE tools have more than one strategy for assisting during users 

modelling tasks. However, not all MDSE tools have documented their modelling assis-

tants, hindering data extraction and comparison.  

After analysing our results, we have provided an outlook on the modelling assis-

tance research area. We provide a summary on our results from a strategic point of 

view, considering the goals, limitations, and evaluation metrics we found. Our research 

highlights a gap in software modelling assistance, especially in terms of explicitly de-

fining limitations, evaluation metrics, and target users. Moreover, we anticipate disrup-

tive changes in the modelling assistance strategies and goals with the rise of artificial 

intelligence-driven technologies in the following years. To face this disruption and 

close the identified gap, we consider proposing a shared framework essential for im-

proving software modelling assistants’ design. Thus, based on our results, we introduce 

AssistMDSE: an emerging framework that considers the who, how, and what for as-

sisting MDSE users during modelling tasks. We exemplify the use of AssistMDSE and 

the results of our study on an illustrative case, designing a modelling assistant for au-

tomatically creating models in the digital health domain. 

We expect researchers and MDSE practitioners to benefit from our results and 

emerging framework to design such new software modelling assistants, relying on ex-

isting goals and targeting existing gaps, avoid mentioned limitations, consider listed 

evaluation metrics, and target specific users. As a final step, we'll discuss how our study 

aligns with our research agenda, which includes the creation of new resources for the 



4 

 

community, such as a public repository for storing modelling assistance proposals. We 

provide a complete overview of our research in Fig. 1. 

 

Fig. 1. Research overview. 

This paper is structured as follows: In Section 2, we review the related works on 

systematic mappings about software modelling assistance; In Section 3, we show the 

systematic mapping study protocol; In Section 4, we explore the results from executing 

the systematic mapping study protocol; In Section 5, we conduct the review on MDSE 

tools available in practice based on the GMQ; In Section 6, we discuss the threats to 

validity and limitations of our study; In Section 7, we provide an outlook using the 

obtained results from both literature and practice, provide insights, and propose an 

emerging framework for designing proposals on assisting during modelling tasks (As-

sistMDSE); and, finally, in Section 8, we conclude our paper and point out future work. 

2 Related work  

In the literature, there are various systematic mapping and literature review studies that 

we grouped into two major groups: i) modelling assistance for Model-Driven Engineer-

ing tools (MDE)—i.e., proposals to assist in creating MDSE tools using an MDE tool 

like the Eclipse Modelling Framework [18]—and ii) specific strategies to assist users 

during modelling tasks in MDSE tools—e.g., reviewing proposals that use recom-

mender systems as a strategy to assist users during modelling tasks in MDSE tools. We 

describe in detail such related works in the following paragraphs.  

 Reviews on modelling assistance for MDE tools. The first group of related works 

aims to gather proposals around assisting modelling tasks from the model-driven 

engineering perspective. These studies review techniques, tools, and methods to as-

sist model-driven engineers in creating MDSE tools, limiting the scope to MDSE 

engineers rather than MDSE tools’ users. For instance, a systematic literature review 

on developing model transformations [5], a systematic mapping study on domain-
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specific language development tools [6, 7], and a systematic literature review on 

testing model-to-text transformations [8].                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                     

 Reviews on modelling assistance for MDSE tools using specific strategies. The 

second group of related works aims to review proposals to assist users during mod-

elling tasks in MDSE tools—i.e., proposals that assist MDSE tools’ users in model-

ling software. These related works gather proposals with a common strategy to assist 

modelling tasks. Although this information is useful for understanding the existing 

proposals following a specific strategy, their analysis is restricted lacking generality. 

For instance, a systematic mapping review on recommender systems in MDSE tools 

[9], a systematic literature review on elicitation techniques in MDSE [10], and a 

research map on collaborative MDSE [11]. 

To the best of our knowledge, we lack a review on modelling assistance literature 

and practice in MDSE tools without any restriction regarding a specific strategy. This 

gap motivates our study. 

3 Systematic Mapping Study Design1 

Systematic mapping studies are designed to overview a research area, searching the 

literature to know what topics have been covered [12]]. We consider the following steps 

in our systematic mapping study: research questions, search strategy, inclusion/exclu-

sion criteria, quality assessment, and data extraction. We deeply explore each step in 

the following subsections. Moreover, we show graphically each step, including inputs 

and outputs, in Fig. 2. 

 

Fig. 2. Systematic mapping study design overview. 

3.1 Research questions 

In Section 1, we introduced the MRQ of our study: What proposals exist in the litera-

ture and practice to assist humans during modelling tasks in MDSE tools? This MRQ 

                                                           
1  To facilitate further replication of this systematic mapping study, all material related to the 

protocol, research questions, search strategy, inclusion/exclusion criteria, quality assessment, 

data extraction, triangulation, and results can be found at https://zenodo.org/rec-

ords/10262145. 
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is a general statement that motivates our study. Since this MRQ is highly generic, we 

need to split the MRQ into a set of more-specific research questions (RQs), related to a 

literature review. We propose a set of RQs based on our experience with the topic. 

Based on Petersen et al. [12] guidelines, consulting the proposed RQs with the target 

audience is a good practice. Thus, we bring together nine software engineering experts 

from the Software Engineering research group at the Zurich University of Applied Sci-

ences (ZHAW). We consider them viable subjects to answer as target audience of our 

study since they work on software-modelling-related topics in the research group. 

Based on the initial set of RQs and MRQ, we ask them: i) which RQ you found more 

critical for dividing the MRQ? and ii) what other RQ would you propose to divide the 

MRQ? After discussing the results, we divide the MRQ into three RQs:  

 RQ1. How is software modelling assisted? Answering this question, we aim to 

gather knowledge about the different strategies that have been developed to assist 

during modelling tasks in MDSE tools. We expect to gather a set of tools, methods, 

techniques, and frameworks, among others that have been proposed for assisting 

during modelling tasks. This can help researchers, users, and developers to expand 

their understanding of modelling assistant proposals and keep up with the last ad-

vancements in the field.  

 RQ2. What goals and limitations do existing MDSE tools report in terms of model-

ling assistance? Proposals’ goals and limitations give a deeper understanding of their 

potential impact and usefulness to be implemented in a specific context. We expect 

to gather a set of goals and limitations that allows researchers, users, and developers 

to make informed judgments about the viability of a specific proposal in their con-

texts. 

 RQ3. Which evaluation metrics and target users do existing MDSE tools consider 

for modelling assistance? Evaluation metrics and target users are relevant for under-

standing the proposals’ maturity. Identifying evaluation metrics, researchers, users, 

and developers can manage their expectations on how successful a proposal could 

be based on empirical results. Moreover, knowing the target users, researchers, us-

ers, and developers can better assess a specific group or communities using a specific 

proposal.  

3.2 Search strategy 

In our systematic mapping study, we combine two search strategies: database search 

and snowballing. First, we perform a database search in five scientific databases: IEEE 

Xplore, ACM Digital Library, Scopus, Springer Link, and Web of Science. We require 

a search string to search in such scientific databases. Therefore, we use the PICO (Pop-

ulation, Intervention, Comparison and Outcomes) [13] to identify the keywords and 

formulate the search string as follows:  

 Set of terms comprising the Population. In our study, we consider population as 

MDSE tools. We exclude generic modelling tools—e.g., draw.io, diagrams.net, lu-

cidchart.com—since our goal is analysing modelling assistants in tools that automat-

ically produce software as an output. Therefore, we propose the following terms for 
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describing our population: Model-Driven Development (MDD), Model-Driven En-

gineering (MDE), Model-Driven Architecture (MDA), Model Driven Software En-

gineering (MDSE), Model-Based Software Engineering (MBSE), Low code, No-

code. 

 Set of terms related to the Intervention. In our study, we focus on proposals that 

aim to assist “users” during modelling tasks as intervention. We exclude any term 

related to specific strategy or tool to assist such “users” during modelling tasks—

e.g., recommender system, machine learning, rule-based assistant—since our goal is 

to gather as many proposals as possible no matter the strategy. Moreover, we aim to 

include specific terms about the “user” as the intervention since we aim to gather 

proposals that have a human user. Therefore, we propose the following terms for 

representing our intervention: assist, support, help, maintain, promote, ease, facili-

tate, simplify, user, developer, tester, software engineer, architect, usability, usage, 

approach, proposal, concept, idea, method, manner, technique, procedure, pro-

gram, assistant. 

Then, we propose the following search string based on such a set of keywords:  

Search string: (“Model-Driven Engineering” OR “MDE” OR “Model-Driven Archi-

tecture” OR “MDA” OR “Model Driven Software Engineering” OR “MDSE” OR 

“Model-Driven Development” OR “MDD” OR “Model-Based Software Engineering” 

OR “MBSE” OR “Low code” OR “No code”) AND (“support*” OR “assist*” OR 

“help*” OR “ease” OR “facilitate*” OR “simplify*”)  NEAR TO (“user” OR “de-

veloper” OR “tester” OR “software engineer” OR “analyst” OR “architect” OR “us-

ability” OR “usage”)  AND (“approach” OR “proposal” OR “concept” OR “idea” 

OR “method” OR “manner” OR “technique” OR “procedure” OR “program” OR 

“assistant”) 

We use the search string in five scientific databases, adapting the search string to 

the specific database requirements—e.g., limiting the number of wildcards (*). After 

executing the database search strategy, we use the procedure proposed by Wohlin [19] 

for implementing the snowballing search strategy. First, we need to select an initial set 

of records for starting the snowballing. We use the inclusion/exclusion criteria (see 

Section 3.3) to select the first set of possible proposals from the database search. Then, 

we choose the top 10 records based on the quality assessment (see Section 3.4). Based 

on this first set of 10 records, we start iterating in rounds the references (backwards 

snowballing) and citing records (forward snowballing) using the inclusion and exclu-

sion criteria. We stop iterating when no new records are found at the end of the round.  

3.3 Inclusion/exclusion criteria 

We propose the following set of inclusion/exclusion (I/E) criteria: 

 (I1) Does the paper define a specific proposal for assisting users during modelling 

tasks in MDSE tools? Compilation of proposals like literature reviews, systematic 

mappings, or systematic literature reviews does not fulfil I1.  
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 (I2) Is the proposal designed to assist users during modelling tasks in MDSE tools? 

We focus on proposals that assist users during modelling tasks in MDSE tools, in-

cluding—but not limited to—modelling, model tracing, model debugging, model 

repair, and model validation, among others. Proposals focused on assisting in devel-

oping MDSE tools do not fulfil I2. 

 (E1) The proposal’s main contribution is not on assisting users during modelling in 

MDSE tools. If assisting users during modelling tasks is not the main contribution, 

we exclude the proposal using E1—e.g., a proposal showing a new MDSE tool 

where assisting users during modelling tasks is superficially mentioned and is not 

the main goal of the proposal. 

 (E2) The proposal is not related to software engineering. 

 (E3) The proposal is not written in English.  

 (E4) The proposal is not a peer-reviewed publication. 

 (E5) The proposal’s full text is not available. 

Reviewers use I1-E5 to screen proposals’ titles, abstracts, and full texts. Reviewers 

must agree that a proposal fulfils all inclusion criteria and does not fulfil any exclusion 

criteria to consider it as an included proposal. 

3.4 Quality assessment strategy 

Based on [20], we combine two types of quality assessments into a 3-Point-Liker-Scale 

questionnaire: subjective and objective quality assessments. For subjective quality as-

sessment, reviewers answer questions based on their opinion about the proposal. For 

objective quality assessment, reviewers use the CORE ranking2 for conferences, the 

Journal Citation Report3 (JCR) for journals, and the proposal’s number of citations. We 

show the quality assessment questionnaire in Table 1. Quality assessment provide us 

with subjective and objective data to ensure reliability and validity of the findings. Also, 

as we mentioned, we use the top 10 studies based on quality assessment results as the 

initial set of proposals for snowballing execution. 

Table 1. 3-Point-Liker-Scale Questionnaire for Quality Assessment. 

Subjective Questions 1 = Yes 0 = Partially -1 = No 

1. Is the proposal for assisting users during modelling tasks in MDSE tools clear?  

2. Are the proposal’s limitations clear? 

3. Are the proposal’s goals clear? 

4. Are the proposal’s tools/sources downloadable? 

5. Is there a clear case study or example illustrating the proposal? 

6. Is the whole proposal empirically evaluated? 

7. Are the users clearly described? 

8. Are the results clearly explained? 

Objective Questions 

9. How important is the proposal’s publication venue? 

 1 = Very important 0 = Important -1 = Not that important 

CORE Range: A* - A - B C Not indexed 

                                                           
2 http://portal.core.edu.au/conf-ranks/ 
3 https://www.scimagojr.com 
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JCR Range: Q1 - Q2 Q3 - Q4 Not indexed 

10. How many citations do the proposal have? 

 1 = More than 4 0 = Between 2 and 4 -1 = Less than 2 

3.5 Data extraction strategy 

We aim to extract data from our systematic mapping studies based on RQ1, RQ2, and 

RQ3. Reviewers must extract the text fragment(s) that contains possible answers for 

each RQ as follows:  

 RQ1: How is software modelling assisted? Extract the keywords the proposals' au-

thors use for describing the proposal’s strategy to assist during modelling tasks—

e.g., methodology, technique, framework, among others. 

 RQ2: What goals and limitations do existing MDSE tools report in terms of model-

ling assistance? Extract all goals and limitations the authors state proposal has. If 

authors do not state any goal or limitation, leave the field blank.  

 RQ3: Which evaluation metrics and target users do existing MDSE tools consider 

for modelling assistance? Extract if the authors empirically evaluate the proposals, 

which evaluation metrics they use for the evaluation, and which target users they 

expect to use their proposal. Leave the field blank if the authors do not state some-

thing about this information, or if the authors use “user” to refer to their target users. 

After extracting the literal data from the studies comprising RQ1, RQ2, and RQ3, we 

proceed to cluster and analyse them. We utilized the terminology used by the authors 

to create these clusters and carried out a cluster-level analysis of the data. It is important 

to note that this approach may introduce bias in data extraction and subjective interpre-

tation. We extensively discuss these validity threats to our study in Section 6.   

4 Systematic mapping study results4 

4.1 Systematic mapping study protocol execution results 

Three reviewers were involved in the proposal selection—a.k.a. primary study selec-

tion. The first reviewer (R1) has more than four years of experience in model-driven-

development-related scientific topics (first author of this paper). The other two review-

ers (R2 and R3) are Computer Science MSc students with limited knowledge of model-

driven development. However, we provide them with the necessary tools and training 

for conducting the proposal selection. Moreover, we introduce a fourth reviewer (R4) 

                                                           
4 The data extracted from proposals is mainly text, sometimes full paragraphs. Therefore, we 

have pre-processed these data to allow us to summarize the results and present them in the 

paper. Thus, the data presented in this paper are the preprocessed data for discussion and 

analysis. However, the clustering was performed using the complete data. Furthermore, for 

the sake of transparency, replicability, and confidence in our study, we have published the 

raw data in a public repository that can be consulted here: https://zenodo.org/rec-

ords/10262145. 
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that has more than 10 years of experience in model-driven-development-related scien-

tific topics (second author of this paper) to review the resulting clusters to mitigate the 

subjective interpretation validity threat (see Section 6.1).   

First, we executed the database search using the search string (see Section 3.2), re-

sulting in an initial set of 1.806 records. Then, R1 and R2 reviewed the first 1.806 rec-

ords using the inclusion/exclusion criteria (see Section 3.3), resulting in 51 possible 

proposals. R1 and R2 assessed the quality (see Section 3.4) of these 51 possible pro-

posals and selected the top 10 for executing the snowballing search strategy (see Sec-

tion 3.2). After four rounds of backward and forward snowballing, R1 and R2 reviewed 

807 records more. In total, R1 and R2 reviewed 2.613 records resulting from the data-

base and snowballing search strategies. As a result, R1 and R2 selected 63 possible 

proposals. Then, R3 exhaustively reviewed the set of 63 possible proposals to validate 

the selection that R1 and R2 did. R3 and R1 discussed the inclusion/exclusion of the 63 

possible proposals, resulting in a final set of 44 proposals [21–65]. To measure the 

reliability of agreement between reviewers, we measured the inclusion reliability using 

the K-Statistic [14, 15] between the first and final proposal selection. As a result, we 

observe a K-statistic = 0.614, showing a substantial agreement based on Landis and 

Koch’s interpretation of the K-statistic [15] (0.80 > K-statistic > 0.61). Then, R1 pro-

ceeded to cluster the extracted data for the accepted proposals. After the clustering, R4 

reviewed the extracted data and proposed clusters reporting disagreements. We meas-

ure again the K-statistic between the first clustering and the resulting clustering after 

R4 review. We observe a K-statistic = 0.709, showing a substantial agreement based 

on Landis and Koch’s interpretation of the K-statistic [15] (0.80 > K-statistic > 0.61) 

for the clustering result. Including several reviewers and the clustering raise some in-

ternal validity threats. We discuss such threats in Section 6.1. We summarise the pro-

posal selection and the quality assessment results in Fig. 3. In the following subsections, 

we provide a deeply description about resulting clusters for each RQ.  

 

Fig. 3. PRISMA Flow chart for proposal selection and quality assessment results.



 

 

4.2 RQ1: How is software modelling assisted? 

After analysing the extracted data for RQ1, we propose six clusters emerged from the 

study and based on keywords from each proposal: tools, techniques, methods, frame-

works, guidelines, and languages. We show each cluster with the corresponding key-

words in Table 2. Moreover, we show the distribution of strategies for assisting users 

during modelling tasks in MDSE tools in Fig. 4. 

Table 2. RQ1: How is software modelling assisted? Identified clusters in our study. 

RQ1: How is software modelling assisted? 

Clusters Keywords 

Tools Domain modelling recommender system [39], artificial intelligence-em-

powered software assistants [33], view manager with a meta layout [61], 

generic modelling environments [26, 65], adaptable modelling environ-

ments [31], reactive systems [35], model testing tools [49, 59], transfor-

mation-based tools [41, 62], and collaborative management tools [30]. 

Techniques Model development techniques [51, 55], model validation techniques 

[23, 43, 45, 46, 53], and model repair techniques [36, 57]. 

Methods Consistency validation methods [25, 29], service-oriented methods [22], 

model repair methods [21], task-driven methods [37, 40], and model-

driven engineering methods [58, 64]. 

Frameworks Agent-based change propagation frameworks [24, 63], collaborative 

modelling frameworks [48], co-evolution frameworks [44], formal 

frameworks [60], and modelling frameworks [28, 54, 56]. 

Guidelines ISO-based standardisations [32], flexible workflows [42], refactoring 

processes [38], and multi-modelling architectures [27]. 

Languages Mega-modelling languages [50], language extensions [47], and model-

ling templates [34]. 

 

 

Fig. 4. RQ1: Strategies for modelling assistance distribution. 

We create each cluster using the keywords the authors refer to their proposal after 

reviewing full text. That is the case for techniques, methods, and frameworks, where 

authors labelled their proposals with such keywords. On the other hand, there where 

proposals that do not use a keyword for identifying their proposal—e.g., defining their 

proposals as an “approach.” Therefore, we required to include extra criteria for consid-

ering a proposal part of such clusters in the case of tools, guidelines, and languages.  

For tools, we cluster proposal where authors refer to their proposals as a tool or any 

keyword that refers to a software implementation—e.g., system, software assistant, en-

vironment, manager. For guidelines, we cluster proposals that establishes where, when, 
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how perform the modelling assistance based on standards, workflows, processes, or 

architectures. For languages, we cluster proposals where the authors propose modify-

ing or creating a modelling language for allowing modelling assistance—e.g., language 

definition, minimal extensions, template application. We recognize that in software en-

gineering research, definitions of method, framework, technique, and tool are still not 

unified—i.e., an author can consider their proposal as a tool, other authors can consider 

the same proposal as a technique. In our study, we rely on the keywords adopted by 

proposals’ authors. However, we acknowledge this lack of common vocabulary as a 

threat to validity and possible future challenges in this area. We mention this in Section 

6.  

We observe tools are the most common strategy to assist during modelling (27.3%); 

followed by techniques (20.5%), frameworks (18.2%) and methods (18.2%). Guide-

lines (9.1%) and languages (6.8%) are the less common strategies to assist during mod-

elling. Based on such distribution, we observed that 93.3% of proposals assist during 

modelling using totally or partially software implementations—e.g., recommender sys-

tems (tool), model validation techniques (technique), model repair methods (method), 

agent-based change propagation frameworks (framework), and modelling templates 

(language). In contrast, 9.1% of proposals assist users to model software using guide-

lines (9.1%). Guidelines assist users during modelling, not necessarily using software, 

for instance, by standardising the steps users should follow to model. Therefore, we 

observe a trend in assisting users to model software using software-based strategies. 

4.3 RQ2: What goals (G) and limitations (L) do existing MDSE tools report in 

terms of modelling assistance? 

After analysing the extracted data for RQ2, we propose seven clusters about proposals’ 

goals and five clusters about proposals’ limitations. Moreover, we classify a proposal 

as L-NS when authors do not explicitly specify their limitations. We show each cluster 

with the corresponding keywords in Table 3. In Fig. 5 we show a bubble chart compris-

ing limitations and goals clusters, also having their distribution among proposals. 

Table 3. RQ2: What goals (G) and limitations (L) existing MDSE tools have? Identified clus-

ters in our study. 

RQ2: What goals (G) and limitations (L) existing MDSE tools have? 

Clusters Keywords 

G1. addressing  

change propaga-

tion 

Understand how model changes affect the model correctness [53], allow 

asynchronous changes [48], verify refactoring pre/post conditions [47], 

apply refactoring rules [38], detect inconsistent model changes [26, 36], 

support change-based process formalisations [30], achieve model 

change traceability [27, 28], and fix propagated changes [24, 63]. 

G2. enhancing  

consistency 

checking 

Keep models aligned [64], check between models and implementation 

[59], inspect inconsistencies in models [46, 57], ensure model intra/inter 

consistency [22, 25, 45, 58], and formalise consistency between models 

[29]. 

G3. ensuring 

model  

Ensure component-based software compatibility guarantees in open de-

velopment and runtime environments [56]. 
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compatibility 

G4. improving 

model quality 

Improve model quality by model validation, verification, and explora-

tion [43]. 

G5. improving 

user  

interaction 

Enhance user interaction mechanisms [61], reduce users’ cognitive load 

[55], alleviate editing modelling expressions [54], semantically lift low-

level differences [65], organise models [50], make amenable formal ver-

ification [49], preserve user’s creativity during modelling [42], guide us-

ers on modelling [35], reduce modelling complexity [32], allow end-us-

ers to cooperate from modelling stage [40], and make model manage-

ment user friendly [23]. 

G6. easing model  

evolution 

Automatically generate models [31, 41, 51, 60], support model co-evo-

lution [44], support domain modelling [39], support model reuse [37], 

decrease modelling time [34], and suggest model elements during mod-

elling [21, 33]. 

G7. supporting  

vulnerability de-

tection 

Detect model security vulnerabilities [62]. 

L1. accuracy Limitations on model automatic extraction accuracy [51] and incon-

sistency resolution accuracy [36]. 

L2. effort Proposals increase the effort on modelling maintenance [53], require 

modelling standardisation [32], and introduce additional manual model-

ling tasks [21]. 

L3. generality Limitations on specific domains [45, 62], specific refactoring types [47], 

and modelling scenarios [39, 46]. 

L4. learnability Users have problems learning uncommon modelling languages [64], 

learning how to make decisions [63], and learning underlying technolo-

gies [34]. 

L5. scope Lack specific modelling constraints [24, 57, 59], modelling components 

[56], and model types [29]. 

L-NS [22, 23, 25–28, 30, 31, 33, 35, 37, 38, 40–44, 48–50, 54, 55, 58, 60, 61, 

65] 

G: goal; L: limitation; NS: Not specified; MDE: Model driven engineering 

 

Fig. 5. RQ2: Goal (G) – Limitation (L) bubble chart and distributions. 
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G1. Addressing change propagation. We found proposals aiming to address change 

propagation during modelling tasks in MDSE tools. We frame change propagation as 

an umbrella comprising model synchronization, model change-based consistency 

checking, and change traceability during modelling tasks. For example, a proposal [53] 

aims to assist users during modelling tasks addressing change propagation by detecting 

how correct the models are when a change is introduced. Similarly, we cluster all pro-

posals that aim to assist on easing, explaining, detecting, tracing, fixing, and verifying 

changes during modelling tasks in G1.  

G2. Enhancing consistency checking. We found proposals aiming to enhance con-

sistency checking during modelling tasks in MDSE tools. We observe that consistency 

checking during modelling tasks in MDSE tools involve not only inter-consistency—

i.e., consistency between models inside MDSE tools—but also external consistency 

with other models, code, or requirements. For example, a proposal [57] aims to assist 

during modelling tasks in MDSE tools by detecting inconsistencies in models intro-

duced by isolated editing of single views. Similarly, we cluster all proposals that aim 

to assist on checking, detecting, inspecting, showing, and ensuring consistency check-

ing during modelling tasks in G2. 

G3. Ensuring model compatibility. We found a proposal [56] aiming to ensure model 

compatibility during modelling tasks in MDSE tools. We observe that model compati-

bility is relevant when the resulting model will be used as a component-based software 

having other open development and runtime environments interacting with it. We clus-

ter proposals that aim to assist on ensuring creating, generating, and producing compat-

ible models in G3.  

G4. Improving model quality. We found a proposal [43] aiming to improve model 

quality during modelling tasks in MDSE tools. We consider “model quality” as a broad 

term. In this proposal, we found model quality as a mix of verification, validation, and 

exploration. Thus, we cluster proposals that aim to assist on more than one quality as-

pect during modelling tasks such as validation, verification, and exploration in G4.   

G5. Improving user interaction. We found proposals aiming to improve user inter-

action during modelling tasks in MDSE tools. We observe that user interaction with 

MDSE tools involve how user effectively use MDSE tools to achieve their goals. For 

example, a proposal [65] aims to assist users during modelling tasks improving user 

interaction by providing user-comprehensible specification of changes between two 

models. Similarly, we cluster all proposals that aim to assist on alleviating, easing, sup-

porting, and enhancing user interaction during modelling tasks in MDSE tools in G5.  

G6. Easing model evolution. We found proposals aiming to ease model evolution in 

MDSE tools. We observe that model evolution involves implementing model instances, 

creating models, co-evolving models based on historical data, or editing existing mod-

els. For instance, a proposal [21] aims to assisting users during modelling tasks easing 

model evolution by generating repair plains when an error/bug is triggered. Similarly, 

we cluster all proposals that aim to assist on supporting, implementing, and generating 

model evolutions in G6.  

G7. Support vulnerability detection. We found a proposal [62] aiming to support 

vulnerability detection during modelling tasks in MDSE tools. We observe that vulner-

ability detection is relevant for ensuring that the resulting software complies with no-



15 

 

functional requirements related to security, performance, and efficiency, among other 

quality attributes. This proposal’s goal is to detect security vulnerabilities and suggest 

corrective actions to address these weak points during modelling tasks. Thus, we cluster 

proposals that aim to assist on identifying, correcting, and detecting vulnerabilities dur-

ing modelling tasks in MDSE tools in G7.  

L1. Accuracy. We found proposals reporting accuracy limitations. We cluster pro-

posals in L1 when the authors state the obtained results is not the expected result. For 

instance, a proposal [51] reports accuracy limitations on the results of automatic model 

extraction. We cluster all proposals that report a lack of accuracy in L1.  

L2. Effort. We found proposals reporting effort limitations. We cluster proposals in 

L2 when the authors state their proposal requires increasing effort before, during, and 

after modelling tasks. For example, a proposal [32] reports effort limitations since their 

proposal require previously standardizing all the MDSE tool architecture metamodel. 

We cluster all proposals that report similar effort limitations in L2.  

L3. Generality. We found proposals reporting generality limitations. We cluster pro-

posals in L3 when the authors acknowledge that—even if their work contributes a nov-

elty and advance on the state of the art—their resulting proposal is limited to specific 

modelling scenarios—i.e., their results/proposal cannot be generalized. For instance, 

some proposals [45, 62] report generality limitations due to their proposal is limited to 

a specific domain. We cluster all proposals that report similar generality limitations in 

L3.  

L4. Learnability. We found proposals reporting learnability limitations. We cluster 

proposals in L4 when the authors state their proposal require users to learn extra skills. 

For example, a proposal [64] reports learnability limitations due to users need to learn 

a new no-well known modelling language in a business environment. We cluster all 

proposals that report similar learnability limitations in L4.  

L5. Scope. We found proposals reporting scope limitations. We cluster proposals in 

L5 when the authors acknowledge that their proposal lack specific features. For in-

stance, some proposals  [24, 57, 59] report scope limitations due to their proposal lack 

support for specific consistency constraints during modelling tasks. We cluster all pro-

posals that report similar scope limitations in L5.  

Based on what we observe, existing proposals mostly assist users in refining existing 

models in MDSE tools. In total, 22.7% (10) proposals aim to assist users specifically 

in creating models by easing model evolution (G6). On the other hand, most proposals 

aim (23, 52.3%) to refine already existing models by addressing change propagation 

(G1), enhancing consistency checking (G2), ensuring model compatibility (G3), im-

proving model quality (G4), and supporting vulnerability detection (G7). Finally, there 

are proposals (11, 25%) that aim to assist users in both creating and refining models by 

improving user interaction (G5) in MDSE tools.  

Moreover, we observe that most proposals do not specify their limitations, which 

hinders research gap identification.  Less than half of proposals (18, 40.9%) explicitly 

specify limitations. This also raises inconsistencies. For instance, most proposals aim-

ing to improve user interaction (G5) do not specify any limitations. Even though im-

proving user interaction is still an unaddressed challenge based on the literature, users, 
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and MDSE experts [66]. Regarding the relationship between goal clusters and limita-

tion clusters, we observe that G2 (enhancing consistency checking) shows a relevant 

relationship, where more than a half (5; 55.6%) of the proposals report generality (L3) 

and scope (L5) limitations. On the other hand, we observe that other proposals are 

equally distributed over the limitations, such as those classified in G1 (addressing 

change propagation) and G6 (easing model evolution). G7 (supporting vulnerability 

detection) and G3 (improving model quality). However, they contain just one proposal 

each, limiting the analysis. Finally, as we mentioned before, G5 (improving user inter-

action) and G4 (improving model quality) have most proposals without explicitly spec-

ifying limitations. 

4.4 RQ3: which evaluation metrics (M) and target users (U) do existing 

MDSE tools report for modelling assistance? 

After analysing the extracted data for RQ3, we propose three clusters about proposals’ 

metrics and four clusters about proposals’ target users. In the case of metrics, we clas-

sify the metrics we found using the Technology Acceptance Model (TAM) [16]. Notice 

that a proposal could have more than one evaluation metric specified. For users, we 

cluster them based on the extracted text. Moreover, we cluster proposals that do not 

specify an evaluation metric when they were not evaluated (NE). On the other hand, 

we cluster proposals as user not specified (U-NS) when authors use the generic key-

word “user” or refer to “he/she” as the intended user to assist with their proposal. We 

show each cluster with the corresponding keywords in Table 4. In Fig. 6 we show a 

bubble chart comprising evaluation metrics and target users, also having their distribu-

tion among proposals. 

Table 4. RQ3: Which evaluation metrics (M) and target users (U) existing MDSE tools con-

sider? Identified clusters in our study. 

RQ3: Which evaluation metrics (M) and target users (U) existing MDSE tools  

consider? 

Clusters Keywords 

M1. effectiveness  Number of detected real faults [59], the degree of stakeholder par-

ticipation [64], feasibility of execution [58], inconsistency cover-

age [57], success scores [55], accuracy [21, 41, 53], compression 

factor [65], effectiveness [63], and precision [25]. 

M2. efficiency Modelling time [55, 61], model completion time [60], testing gen-

eration time [59], model repair generation time [57], performance 

[54, 62, 63, 65], computational effort [53], and execution time 

[21]. 

M3. user perception  Perception of industrial adoption [58] and perceived usefulness 

[30]. 

NE [22–24, 26–29, 31–40, 42–51, 56] 

U1. designers/modellers Software designers [63], model developers [60], professional en-

gineers with design experience [58], designers [32], modellers 

[39, 45], and MDE developers [49]. 

U2. domain experts Business analysts [64], end-users [26, 40], domain users [61], do-

main experts [42], and business users [30]. 
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U3. software developers  Developers [25, 27, 31, 34, 36, 41, 43, 44, 47, 48, 50, 51, 57], 

software developers [56], UML developers [21], software engi-

neering students [55] and software maintainers [24]. 

U-NS [22, 23, 28, 29, 33, 35, 37, 38, 46, 53, 54, 59, 62, 65] 

M: metric; U: Target user; NS: Not specified; NE: Not evaluated; MDE: Model driven en-

gineering 

 

Fig. 6. RQ3: Metric (M) – Target User (U) bubble chart and distributions. 

M1. Effectiveness. Based on TAM [16], effectiveness metrics intent to measure the 

degree to which a proposal achieves its objectives. Thus, we cluster all proposals that 

explicitly specify metrics that fits with that definition in M1. For example, a proposal  

[59] that aim to assist on checking where there is an inconsistency between models and 

code propose using “number of detected real faults” as evaluation metric. We cluster 

this metric into M1since the metric reflects how effective is the proposal on detecting 

inconsistencies and faults between model and code—i.e., the proposed metric shows 

the degree on which the proposal meets its objectives. 

M2. Efficiency. Based on TAM [16], efficiency metrics intend to measure the effort 

to apply a proposal. Thus, we cluster all proposals that explicitly specify metrics that 

fits with that definition in M2. For instance, some proposals [55, 61] use as evaluation 

metric the “modelling time.”  We cluster this metric into the M2 since “modelling time” 

is a metric that represents how much effort user needs to complete a modelling task.  

M3. User perception. Based on TAM [16], user perceptions are divided into per-

ceived ease of use, usefulness, and intention to use. Then, user perception metrics can 

measure the degree a person believes that using a particular proposal would be free of 



18 

 

effort; the degree a person believes that a particular proposal will be effective in achiev-

ing its intended objectives; or to what extent a person intends to use a particular pro-

posal. Thus, we cluster all proposals that explicitly specify metrics that fits with one or 

more of such definitions in M3. For example, a proposal [58] uses “perception of in-

dustrial adoption” as evaluation metric. We cluster this metric into M3 since “percep-

tion of industrial adoption” measure to what extend a person in industry would adopt 

the proposal.  

U1. Designers/modellers. We found proposals that consider designers or modellers 

as their target users. We cluster proposals into U1 when their target users’ keywords 

refer to a person who specify models/designs in MDSE tools. For example, a proposal 

[60] states that their target users are “model developers.” We cluster this proposal into 

U1 since model developers’ main goal developing models in an MDSE tool.  

U2. Domain experts. We found proposals that consider domain experts as their target 

users. We cluster proposals into U2 when their target users’ keywords refer to a person 

who has domain expertise in the modelled business but not necessarily in modelling. 

For instance, a proposal [30] states that their target users are “business users.” We clus-

ter this proposal into U2 since business users have expertise in their business domain—

e.g., healthcare, finances, insurance—but not necessarily in modelling.  

U3. Software developers. We found proposals that consider software developers as 

their target users. We cluster proposals into U3 when their target users’ keywords ex-

plicitly contain the keyword developer and/or involves a role relating to software engi-

neering that do not fit in U1 or U2. For example, a proposal [21] states that their target 

users are “UML developers.” We cluster this proposal into U3 since their target user 

contains explicitly the word “developer.” Notice that “UML developer” could be con-

sider also as part of U1 since UML is a modelling language. However, we stick to the 

hard rule of the “developer” keyword for classifying in U3 since it is not clear whether 

the goal of this role would be developing a UML model or developing software using 

their knowledge of UML. 

Based on what we observe, most proposals have been evaluated using objective met-

rics, leaving aside subjective user perceptions. The most common evaluation metrics 

(22; 42.4%) around proposals are effectiveness (M1; 11; 21.2%) and efficiency (M2; 

11, 21.2%). This shows a trend toward measuring objective evaluation metrics—i.e., 

metrics that do not require direct input from the user. On the other hand, user perception 

metrics (M3) are a minority (2; 3.8%). However, most of the proposals define no met-

ric/were not evaluated (28; 53.8%). In terms of target users, we observe software de-

velopers (U3) are the most common target users among proposals (17; 38.6%), fol-

lowed by designers/modellers (U1; 7; 15.9%). In contrast, we observe domain experts 

(U2; 6; 13.6%) are the less common target users among proposals. Finally, we notice 

that there are proposals (14; 31.8%) that do not specify any target user.  
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5 State of the practice on modelling assistance in MDSE tools5 

Up to this point we have explored studies in the literature on modelling assistance based 

on a systematic mapping study. This view is relevant, as it is research that guides inno-

vation in the industry. On the other hand, MDSE is a widely practical field. This implies 

that the literature alone does not contains all current advancements in modelling assis-

tance. Therefore, we consider relevant to review the state of the practice on how MDSE 

tools have proposed to assist their users during modelling tasks.  Thus, we introduce 

the following research question (RQ):  

 RQ4. What is the state of the practice on modelling assistance? To answer this ques-

tion, we aim to gather data from MDSE tools used in practice. Thus, we expect to 

extract descriptions of proposals for assisting during modelling tasks in such MDSE 

tools. 

First we plan to explore which MDSE tools are available in practice to answer RQ4. 

To do so, we rely on Gartner Magic Quadrant (GMQ) for enterprise low-code applica-

tion platforms [17]. GMQ is a culmination of research in a specific market, giving a 

wide-angle view of the relative positions of the market’s competitors [67]. We explore 

all MDSE tools mentioned in the GMQ looking for their documentation. Then, we re-

view their documentation, extracting quotes about how they propose to assist users dur-

ing modelling tasks. We show graphically these steps, including inputs and outputs, in 

Fig. 7. 

 

Fig. 7.  Overview on Reviewing MDSE tools. 

                                                           
5  As the systematic mapping results, the data extracted from MDSE tools in this section from 

documentation, websites, and user guides is mainly text, sometimes full paragraphs. There-

fore, we have pre-processed these data to allow us to summarize the results and present them 

in the paper. Thus, the data presented in this paper are the preprocessed data for discussion 

and analysis. For the sake of transparency, replicability, and confidence in our study, we have 

published the raw data in a public repository that can be consulted here: https://ze-

nodo.org/records/10262145. 
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5.1 MDSE tools’ review: Gartner Magic Quadrant for enterprise low-code 

application platforms 

Based on the GMQ for enterprise low-code application platforms in 2023 (see Fig. 8), 

there were 17 tools classified into challengers (1), leaders (5), niche players (8), and 

visionaries (3). In the following paragraphs, we introduce each cluster and its meaning 

based on GMQ, followed by a list of the MDSE tools classified in such cluster. In our 

study, we use GMQ as a research-supported and industry-relevant market study to 

gather grey literature on MDSE tools documentation. However, we acknowledge that 

there is other grey literature that could have been included but were not, such as reports 

and white papers. We mention this as a validity threat in Section 6. 

 

Fig. 8. Gartner Magic Quadrant for enterprise low-code application platforms. Source: [17] 

Leaders (LE). MDSE tools classified as leaders execute comparatively well today 

and they are well positioned for tomorrow in the market [67]. We find five MDSE 

tools in such classification: OutSystems [68], Mendix [69], Microsoft Power Apps 

[70], Salesforce [71], and ServiceNow [72].  

Challengers (C). MDSE tools classified as challengers executes comparatively 

well today or may dominate a large segment but does not have a roadmap aligned to 

Gartner’s view of how a market will evolve [67]. We find just Oracle APEX [73] 

classified as challenger.  
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Visionaries (V). MDSE tools classified as visionaries understand where the market 

is going or has a vision for changing market rules but do not yet execute compara-

tively well or do so inconsistently [67]. We find three MDSE tools classified as vi-

sionaries: Appian [74], Zoho Creator [75], and PegaSystems [76]. 

Niche players (NP). MDSE tools classified as niche players focus comparatively 

successfully on a small segment or are unfocused and does not out-innovate or outper-

form others [67]. We find eight MDSE tools classified as niche players: Retool [77], 

NewGenONE [78], Unqork [79], Huawei Astro Zero [80], Creatio ONE [81], YiDA 

by Alibaba [82], Kintone [83], and Quickbase [84]. 

5.2 RQ4: What is the state of the practice on modelling assistance? 

We explore documentation, websites, and user guides from each MDSE tool mentioned 

in each GMQ 2023 cluster—i.e., leaders (LE), visionaries (V), challengers (C), and 

niche players (NP)—to answer RQ4. We search for insights into this data about how 

they aim to assist users during modelling tasks in such tools. Then, we extract the text 

and classify them following the same relevant data we extracted from RQ1, RQ2, and 

RQ3—i.e., we classify the text if we consider that the authors are referring to a strategy 

(S), goal (G), limitation (LI), evaluation metric (M), or target user (U). In Table 5, we 

show the quotes from MDSE tools’ documentation for each GMQ MDSE tool and how 

we classify them. 

Table 5. RQ4: What is the state of the practice on modelling assistance? Strategies (S), goals 

(G), limitations (LI), evaluation metrics (M), and target users (U) based on quotes from GMQ 

MDSE tools’ documentation 

MDSE 

Tool 

Modelling 

assistance 

keyword 

Quotes from documentation (i.e., websites, user guides, 

and technical documentation)  

Mendix 

(LE) 

MXAssist 

Logic Bot 

“…Help development teams model and deliver Mendix appli-

cations faster…” (G) 

“…Recommends the top five next best actions out of more 

than 40 different options…” (S) 

“…continuous improvement and training of the model has el-

evated the accuracy level to 95%...” (M) 

“…when the developer inserts a new element…” (U) 

MxAssist 

Performance 

Bot 

“…assists you in improving the performance of your app by 

inspecting your app project model against Mendix develop-

ment best practices…” (G) 

“…the bot inspects the model, identifies issue, and pinpoints 

the document/element causing the issue…” (S) 

“…the bot explains the identified issue, potential impact, and 

shows the way to fix it…” (S) 

“…MxAssist Performance Bot enhances development effi-

ciency by substantially reducing peer reviews…” (M) 

“…increases developer productivity via the automatic detec-

tion and pinpointing of issues…” (M) 

“…educates junior developers on best practices…” (U) 
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Validation 

Assist 

“…helps you build validation microflows in a more automated 

way using pre-built expressions…” (G) 

“…List of checks for all members which data type can be 

empty…” (S) 

“…Auto-generation of the validation microflow…” (S) 

OutSystems 

(LE) 

AI  

Code  

Mentor 

“…assistant that guides you through the OutSystems platform, 

dramatically accelerating and improving application develop-

ment...” (G) 

“…this AI-powered capability is especially handy when you 

know which data you want to get from the database but are 

unsure how to add it to an aggregate…” (S) 

“…The feature may not work when you have a big number of 

entities and attributes…” (L) 

“…You can only ask for data using English…” (L) 

“…Typos in the name of entities, attributes, and variables may 

cause errors in the generated aggregate…” (L) 

“…You can't ask for data filtered with advanced Functions…” 

(L) 

“…You can't ask for data ordered using dynamic sorts…” (L) 

Application 

templates 

“…Thanks to the application templates, the apps have many 

predefined elements that save you development time…” (G) 

“…Forge application templates…” (S) 

“…save you development time…” (M) 

Architecture 

Mentor 

“…AI Architecture Mentor makes sure your code meets criti-

cal architectural standards…” (G) 

AI Security 

Mentor 

“…AI-based security lead on your team to constantly review 

code to check for vulnerabilities…” (G) 

AI  

Performance 

Mentor 

“…Wishing you had a performance expert on your team to 

constantly review code, ensuring that apps will consistently 

perform and scale at peak levels? Now you do…” (G) 

AI Maintain-

ability Men-

tor 

“…reduce technical debt and ensure best practices are fol-

lowed…” (G) 

“…scans your entire app portfolio…” (S) 

Microsoft 

Power 

Apps  

(LE) 

Copilot 

“…Create Power Apps with the help of AI…” (G) 

“…You can tell the AI assistant what kind of information you 

want to collect, track, or show and the assistant will generate 

a Dataverse table and use it to build your canvas app…” (S) 

“…Preview features aren’t meant for production use and may 

have restricted functionality...” (L) 

Salesforce 

(LE) 

Performance 

assistant 

“…Use the step-by-step instructions, articles, and tools to help 

you architect your system, conduct performance testing, and 

interpret your results…” (G) 

“…central hub of information and resources about scalability 

and performance testing with Salesforce…” (S) 

Einstein 

GPT for 

Salesforce 

Developers 

“…automating the creation of repetitive code elements helps 

ensure consistency and standardization in the codebase…” (G) 

“…this not only speeds up the development process, but also 

reduces the risk of human error…” (M) 

“…generative code generation can speed up the prototyping 

process by quickly creating boilerplate code…” (S) 

“…it can save developers a lot of time…” (U) 



23 

 

Appian  

(V) 

Appian  

Developer 

Co-Pilot 

“…helps developers while building process models by sug-

gesting the nodes that we predict they are most likely to use 

next…” (G) 

“…To help you, Appian has added "Suggested" nodes…” (S) 

“…That AI then helps developers…” (U) 

Oracle 

APPEX  

(C) 

Intelligent 

Wizard 

“…guide you through the rapid creation of applications and 

components…” (G) 

“…Intelligent wizards to guide…” (S) 

Retool  

(NP) 
AI Features 

“…help you write and edit SQL queries using natural lan-

guage…” (G) 

“…Retool’s AI operates in three modes: generate, edit, and 

explain…” (S) 

“…Retool cannot guarantee that the output is always accu-

rate…” (L) 

Not assis-

tant found 

ServiceNow (LE), Zoho Creator (V), PegaSystems (V), Newgen (NP),  

Unqork (NP), Huawei (NP), Creatio (NP), YiDA by Alibaba (NP), Kintone 

(NP), Quickbase (NP) 

LE: Leaders; V: Visionaries; C: Challengers; NP: Niche Players; S: Strategy; G: Goal;  

L: Limitation; M: Evaluation metric; U: Target user 

After reviewing seventeen MDSE tools we found in the GMQ we observe that most 

of them do not mention how they intend to assist users during modelling in their docu-

mentation (10; 58.8%; see Fig. 9A). In addition, of the seven tools (58.7%) we observed 

that mention how they assist their users during modelling tasks in the documentation, 

most of them are part of the market leaders (LE; 4; 23.5%; see Fig. 9B) according to 

the GMQ. On the other hand, at least one MDSE tool in each GMQ mentioned how 

they intent to assist users during modelling tasks in their documentation (see Fig. 9B).  

 

Fig. 9. (A) Distribution of GMQ MDSE tools with documentation on assisting during model-

ling (D) and not documentation found (NF). (B) Distribution of GMQ MDSE tools with docu-

mentation on assisting during modelling (D) and not documentation found (NF) per GMQ clas-

sification: Leaders (LE); Visionaries (V); Challengers (C); and Niche Players (NP). 
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Furthermore, we found fifteen proposals for assisting users during modelling inside 

the seven MDSE tools’ documentation. In Fig. 10 we show the distribution of proposals 

mentioning strategies, goals, limitations, evaluation metrics, and target users.  

 

Fig. 10. Distributions on MDSE proposals for assisting users during modelling that mention 

(D) strategies, goals, limitations, evaluation metrics, and target users and which ones that not 

(NF). 

We observe that most proposals (12; 80.0%) mention the strategy they follow for 

assisting during modelling, including keywords such as: AI-power capabilities, tem-

plates, scanners, recommenders, model inspectors, AI assistants, and intelligent wiz-

ards. In terms of goals, we observe all proposals (15; 100.0%) mention at least one goal 

they want to achieve by assisting users during modelling tasks, including keywords 

such as: improving application development, accelerating application development; en-

sure code meets critical architectural standards; check for vulnerabilities; ensuring per-

formance; validate models; create models; and speed up prototyping process. In con-

trast, most proposals do not specify limitations (12; 80.0%). The proposals that state 

limitations are a minority (3; 20.0%), mentioning limitations such as: preview features 

are not meant for production, or the tool cannot guarantee that the output is always 

accurate. Regarding evaluation metrics, most proposals have not specified any metric 

(11; 73.3%). Specified evaluation metrics among proposals include development time, 

accuracy, efficiency, productivity, and risk of human error. Similarly, most proposals 

have not defined a target user (11; 73.3%). Specified target users include developers 

and junior developers. It is important to mention that due to the way the authors write 

their documentation, it is difficult to identify a specific target user. We found that au-

thors write MDSE tools’ documentation using second person, instead of third person—

i.e., authors write using the subject "you." This hides the actor performing the action—

i.e., hides the target user. 
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6 Threats to validity and limitations 

This section presents a discussion about the internal validity, construct validity, and 

external validity threats of the presented results. We highlight the limitations and how 

we tried to mitigate them. In addition, we discuss and point out the limitations that we 

have not been able to mitigate and should be considered when interpreting the results 

of our study. 

 

6.1 Internal validity 

Internal validity is defined as the extent to which the study design, methodology, and 

data collection process accurately capture and represent the identified studies. We have 

identified three internal validity threats on our study: selection bias, data extraction 

bias, and inter-rater reliability.  

We acknowledge that selecting relevant studies and MDSE tools for inclusion our 

study may introduce a selection bias. To mitigate this threat, we have defined a set of 

exclusion and inclusion criteria, so the reviewers’ selection is as objective as possible. 

Moreover, we rely on a research-supported and industry-relevant market study-—i.e., 

GMQ—to select the MDSE tools that we use for answering RQ4. However, the bias of 

the GMQ and reviewers’ subjective judgement to select the MDSE tools could result 

in other relevant studies not being selected. 

Data extraction during our study introduces a risk of bias in how the data are col-

lected, introducing a data extraction bias validity threat. To mitigate this threat, we ask 

reviewers to extract as much text as possible that could have relevant information 

around the specific RQ they were extracting data for. Regarding the MDSE tool data 

extraction, we rely on public available documentation, and we extracted as much data 

as possible from such documentation. Moreover, the first and second authors of this 

paper reviewed the extracted data and supervise that the data other reviewers extracted 

seems to be as complete as possible. Nevertheless, human error is inevitable. In addi-

tion, we recognize that especially MDSE tools have limited documentation on pro-

posals for assisting during modelling tasks. This means that such MDSE tools may 

implement modelling assistance proposals but not necessarily document them. This 

causes our extracted data on MDSE tools in the market to be limited to documented 

proposals to assist users during modelling tasks. Finally, we consider relevant to men-

tion that our study relies on the authors' terminology from both the literature and the 

MDSE tool documentation. This means that the data collected could be biased to the 

authors' terminology leading to inconsistencies. For example, some authors define their 

proposal as a tool, but other authors may consider the same proposal as a technique. 

This shows the need to establish a common terminology in our field to avoid these 

terminological problems. 

We identified a validity threat of subjective interpretation regarding the clusters we 

proposed in our study. As mentioned earlier, we primarily relied on terminology ex-

tracted directly from authors' studies to propose clusters that represent, as closely as 

possible, the studies grouped within them. However, we noticed that the ontological 

background for proposing such clusters appears to be subjective and open to various 
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interpretations, potentially introducing bias into our research findings. To address this 

concern, we implemented rigorous data collection and analysis methods. Moreover, we 

conducted a triangulation after proposing each cluster. We have measured the level of 

agreement between the first clustering and after the triangulation. We observe a K-sta-

tistic = 0.709, showing a substantial agreement between the first clusters and final clus-

ter discussion based on Landis and Koch’s interpretation of the K-statistic [15] (0.80 > 

K-statistic > 0.61). Nevertheless, it is crucial to recognize that the subjective nature of 

the ontological background may have influenced the interpretation of results. To miti-

gate this validity threat, we have reported our clustering process as transparently as 

possible, making available both data extraction and triangulation information. Moreo-

ver, this concern has prompted future work on validating the data we extracted, involv-

ing external reviewers and peer review processes. 

Involving several reviewers to select studies introduces an inter-rater reliability 

threat. We have involved three reviewers in the process and used the K-statistic to 

measure the effect of the inter-rater reliability threat in our results. We observed a K-

statistic = 0.614, showing a substantial agreement between reviewers based on Landis 

and Koch’s interpretation of the K-statistic [15] (0.80 > K-statistic > 0.61). Having 

calculated the K-statistic allow us to see that there is an agreement between reviewers 

for selecting studies. However, we did not measure K-statistic during data extraction 

since our data were mainly text. Despite this, we consider it important to emphasize 

that we have made several rounds with the authors of this paper to cluster the extracted 

data and reach an agreement between us as mentioned before. In addition, we recognize 

that this level of agreement may be affected by reviewer fatigue. To this end, the re-

viewers had enough time to extract the data and read the assigned studies. 

6.2 Construct validity 

Construct validity refers to the degree to which our study capture and represent the 

relevant concepts or phenomena of interest using the right tools and tests. We have 

identified two construct validity threats on our study: grey literature bias and search 

bias.  

Initially, we conducted a systematic mapping in search of proposals that assist during 

modelling. That triggered a grey literature bias since our systematic mapping focuses 

on published literature, excluding relevant information from grey literature. Mitigating 

this threat was a priority since the MDSE field is extremely practical and not all data is 

published in scientific literature. Therefore, we decided to run a review of the MDSE 

tools on the market using the GMQ. This allowed us to analyse grey literature, such as 

documentation, web sites, and user guides. However, we recognize that there is other 

grey literature that could have been included but were not, such as reports and white 

papers. 

Regarding search bias validity threat, we mitigate this threat by using two different 

search strategies in our systematic mapping study: database search and forward/back-

ward snowballing. Despite this, we recognize that the selection of scientific databases 

(in this case five different ones) can trigger the search bias validity threat. In addition, 
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the selection of the initial studies to perform snowballing introduces a search bias. How-

ever, we highlight that we have chosen five relevant databases in software engineering 

and chose a strategy to select the initial studies for snowballing to mitigate this thread. 

Regarding the selection of MDSE tools, using a single study trigger the search bias 

validity threat. Nevertheless, we consider that GMQ follows a research-based strategy 

to gather an overview as representative as possible of the MDSE tool market. However, 

in future work, we consider it relevant to explore other studies or conduct an independ-

ent search to find MDSE tools on the market. 

6.3 External validity 

External validity is concerned with whether we can generalise and apply our research 

findings beyond the specific context and sample used. We have identified a language 

bias in our study. We include only proposals written in English. Then, studies written 

in other languages are underrepresented. However, we consider our study a representa-

tive sample since most of literature in software engineering is written in English. 

7 Research outlook on modelling assistance in MDSE tools  

Up to this point, we have provided a big picture of proposals for assisting users dur-

ing modelling tasks in MDSE tools both in literature and practice by answering RQ1, 

RQ2, RQ3, and RQ4. We observe that modelling assistance have attracted both re-

searchers and MDSE practitioners to improve MDSE tooling. Despite that, we have 

observed in the data collected in RQ2, RQ3, and RQ4 that not all proposals, both in the 

literature and in practice, provided data about: their limitations, evaluation metrics, and 

target users. This lack of data hinders comparison between proposals and triggers a 

need to improve modelling assistance proposals’ design.  

After reviewing the data obtained in each RQ, we consider relevant to unify the re-

sults of our study. we have collected information on the strategies, goals, limitations, 

target users, and evaluation metrics. In Fig. 11, we summarise the results on these clus-

ters. In section 7.1, we show how researchers and practitioners can take advantage of 

these clusters and design novel modelling assistants. 
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Fig. 11. Resulting clusters: strategies, goals, limitations, target users, and evaluation metrics. 

7.1 AssistMDSE: An emerging framework to design software modelling 

assistants 

In previous research [66], we have collected user requirements on how to assist users 

during modelling tasks in MDSE tools by using focus groups as requirements elicitation 

protocol. As a result, we proposed a framework focused on the "who", target users to 

assist; the “how”, strategy to assist target users; and the “what”, specific set of require-

ments aim to be met. Taking into account the results from [66]  together with the results 

from the systematic mapping study and analysis on the state of practice presented in 

sections 4 and 5, we propose AssistMDSE, an emerging framework to design software 

modelling assistants  (see Fig. 12). AssistMDSE supports a clear identification of target 

users (e.g., designers, modellers, domain experts, software developers) and a more con-

crete strategy for modelling assistance by categorising assistants into groups like frame-

work, tool, language, guidelines, technique, and method.  
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Fig. 12. AssistMDSE emerging framework. 

AssistMDSE illustrative case 

The AssistMDSE framework is our first step towards a method to design modelling 

assistants that encompasses both the strategic vision—i.e., goals, limitations, and eval-

uation metrics—and execution vision provided by the who, how, and what. To illustrate 

its practical use we introduce the following use case:  

A modelling assistant for automatically creating Digital Health models in 

MDSE tools.  

Context: Whatscount GmbH is a Swiss-young and innovative company in the field 

of digitalisation that has dedicated itself to creating digital health software using an in-

house MDSE tool. The Whatscount modellers noticed they were investing too much 

time creating models only to realize that these models had already been created before. 

Therefore, they started to collect information in the shape of ‘modelling patterns’ that 
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repeated across their various projects, which they could reuse to create new models and 

decrease modelling time.  

Objective: The Whatscount modellers need a modelling assistant that help them to 

formally specify modelling patterns and reuse them in their software development pro-

jects.  

Solution: Use the AssistMDSE framework to design a modelling assistant for the 

specification and use of modelling patterns (see Table 6). 

Table 6. Using AssistMDSE to design a modelling assistant modelling patterns specification 

and reuse. 

Design item Description Cluster Sources  

keywords 
Setting  

the modelling  

assistant goal 

Create new models based on 

previous identified modelling 

patterns to decrease modelling 
time, describing digital health 

applications 

G6. Easing model evolution. 

Involves proposals implement-

ing model instances, creating 

models, co-evolving models 

based on historical data, or edit-

ing existing models 

Automatically  

generate mod-

els [31, 41, 51, 
60] 

Selecting 

evaluation 

metrics 

The success will be measured as 
the difference of modelling 

time before and after imple-

menting it 

M2. Efficiency. Involves pro-
posals measuring the effort, in-

cluding metrics such as model-

ling time, execution time, and 
model completion time, among 

others 

Modelling time 
[55, 61] 

Anticipating  

Limitations 

Create new models only in the 
digital health domain6 

L3. Generality. Involves pro-
posals that their results are lim-

ited to specific modelling sce-

narios or specific domains 

Limitations on 
specific do-

mains [45, 62] 

Establishing 

target users 

(Who?) 

Whatscount GmbH modellers 
are the target users  

U1. Designers/modellers. In-
volves proposals that define 

their target users as persons who 

specify models/designs in 
MDSE tools 

Modellers [39, 
45] 

Defining the 

strategy for 

assisting  

during  

modelling 

(How?) 

AI-empowered modelling as-

sistant that uses modelling 

patterns for creating models in 

an MDSE tool 

Tool. Includes artificial intelli-

gence-empowered software 

assistants, modelling environ-

ments, and transformation-

based tools, among others. 

Artificial intel-

ligence-em-
powered soft-

ware assistants 

[33] 

Functionality 

(What?) 

i) Gather data from modellers 

to re-use previous identified 
modelling patterns in digital 

health applications; ii) suggest 

inputs and options based on 
the previous modellers pro-

vided information in the digital 

health domain; and iii) stor-

age/parse the resulting mod-

els in a MDSE tool 

Assisting data gathering from 

MDSE users - R1. Context ac-
quisition through dialog (i). R7-

R12. Identify domain specific 

support if needed (ii).  R4. 
Gather data from external 

sources and existing models 

(iii).  

User  

requirements 
from [66] 

 

Results and conclusions: 

                                                           
6  More limitations would arise after implementation/validation phases. 
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AssistMDSE guided Whatscount modellers to define an initial design of their model-

ling assistant for creating models in digital health. AssistMDSE has guided Whatscount 

modelers in defining the initial design of their modelling assistant. Moreover, through 

AssistMDSE, Whatscount's modellers now have potential related works to compare 

their proposed solution. This will facilitate the reuse of existing proposals and position 

their work with them. This initial design serves as the roadmap for continue the mod-

elling assistant development, considering the information established within the frame-

work. For instance, Whatscount modellers' next step in their development process in-

volves creating a mock-up of their modelling assistant to demonstrate its feasibility (see 

Figure 15). Here, they reflect the decisions made with AssistMDSE: a question-based 

process for modelers (who?) that they can answer as fast as possible (evaluation metric) 

to create models (goal) based on digital health patterns (limitation), all empowered by 

artificial intelligence (how?). 

 

Fig. 13. Information specified in AssistMDSE reflected in more advanced stages of the 

Whatscount’ modelling assistant. 

8 Conclusions and Future work 

In this paper, we have presented results around a main research question: what pro-

posals exist in the literature and practice to assist users during modelling tasks in MDSE 

tools? To do so, we have conducted a systematic mapping study and explore the state 

of the practice on assisting users during modelling tasks. As a result, three reviewers 

selected 44 proposals from a set of 2.613 records to answer the following research ques-

tions: i) how is software modelling assisted? ii) what goals and limitations existing 

MDSE tools have? and iii) which evaluation metrics and target users existing MDSE 

tools consider? As a result, we reported clusters on modelling assistance strategies, 
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goals, limitations, evaluation metrics, and target users that emerged from the extracted 

data. Moreover, we have reviewed the documentation on 17 MDSE tools available in 

practice based on the Gartner Magic Quadrant for enterprise low-code application plat-

forms. Using tools documentation, we extracted data to answer iv) what is the state of 

the practice on modelling assistance?  

After analysing the results of our study (see Section 4 and 5), we have observed that 

both in the literature and in practice there is interest on assisting users during modelling 

tasks in MDSE tools. Proof of that is we found 44 studies on literature specifically 

aiming to assist users during modelling tasks. On the other hand, we observed answer-

ing RQ4 that most MDSE tools we reviewed from market have no documented how 

they intended to assist users during modelling tasks. However, most of the leading 

MDSE tools based on GMQ have such documentation, showing that leader MDSE tools 

consider relevant to mention how they assist users during modelling tasks.  Further-

more, we observe that MDSE tools in practice mentioned common strategies, goals, 

limitations, evaluation metrics, and target users with proposals in literature. In overall, 

this shows the relevance of designing in detail how to assist users during modelling 

tasks in practice and literature.  

Despite the observed significance of assisting during modelling tasks, our data from 

RQ2, RQ3, and RQ4 reveals a gap in both the literature and market-ready proposals. 

Specifically, we have observed that information regarding their limitations, evaluation 

metrics, and target users is either scattered or non-existent, despite having data on goals 

and strategies for assisting in modelling tasks. This hinders carrying out an objective 

comparison between proposals. .  

In contrast with the results, nowadays we face disruptive new technologies such as 

artificial intelligence emerging. These edge technologies represent a disruptive shift in 

the strategies for assisting users during modelling tasks that we have reported in our 

study (RQ1) that are awaiting to come in the following years. We based our observation 

having in mind the introduction of Large Language Models (LLMs) and Generative-

Pretrained Transformers (GPTs) to assist diverse users on other software development 

tasks than modelling such as generating code based on natural language [85].  

Recognizing the potential for disruptive changes in software modelling assistance 

strategies motivates providing a shared framework where researchers can query the 

current modelling assistance strategies (RQ1) and the objectives pursued through these 

strategies (RQ2). This stands in contrast to the inherent limitations within each proposal 

(RQ2). By doing so, new technologies driven by artificial intelligence can leverage ex-

isting knowledge, avoiding the reinvention of the wheel, and addressing previously 

identified limitations. 

From the non-technical modelling assistance design, we would like to emphasize the 

significance of explicitly specifying the users who a proposal intends to assist during 

modelling (RQ3). Previous experiences—such as the one reported on [86]—emphasize 

that the success of innovations in MDSE development tools is greatly influenced by the 

users—a.k.a. user profiles—who interact with these tools. Authors state that lacking a 

definition of the users hindered their expectation management and user interaction fine-

tuning process. This is why the lack of explicit definition in the proposals compiled in 

our study is of concern to us.  
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In view of these considerations, we believe that a common framework is indispen-

sable for facilitating the design of novel proposals on software modelling assistance in 

the years to come. Therefore, we introduce AssistMDSE: an emerging framework for 

designing software modelling assistants. We expect researchers and MDSE practition-

ers to propose new solutions for modelling assistance in MDSE tools based on our find-

ings and AssistMDSE. Thus, they can align their solutions with already existing goals 

and target existing gaps, avoid mentioned limitations, consider listed evaluation met-

rics, and target specific users. Also, consider current solutions in practice. In this paper, 

we also demonstrate how to take advantage of AssistMDSE by illustrating a case where 

a company designs a novel modelling assistant for the specification and reuse of mod-

elling patterns in digital health applications.   

We recognize that more research is needed to fully utilize the results of our study 

and realize the full potential of AssistMDSE. Locally, our focus will be on further val-

idation and method engineering efforts to provide a more structured approach for de-

veloping new modelling assistants in MDSE. However, we believe that a solo effort 

would not be sufficient to exploit the potential of our results. That is why we plan to 

create a public repository based on future versions of AssistMDSE to serve as a 

knowledge base for researchers and practitioners designing modelling assistants in 

MDSE tools. The aim of this repository is to connect new modelling assistant designs 

with related works, identifying similarities and potential synergies. Additionally, it will 

be a resource for the community to analyse and compare existing proposals. For exam-

ple, in Section 7.1, we introduced a modelling assistant as an illustrative case. With an 

existing repository that follows the AssistMDSE structure, we could graphically visu-

alize (see Fig. 14) how such modelling assistant is related to existing works (see Table 

6; column “Source keywords”). With the support of the community nurturing this re-

pository with their designs, the modelling assistant connections with existing works can 

be sustained over time and evolve.  
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Fig. 14. Example of visualization in a public repository for designing modelling assistants 

based on AssistMDSE clusters. 

In conclusion, we underscore the vital role of both local-level and community-level 

efforts in advancing the landscape of modelling assistance. We reflect our next steps in 

a research agenda that includes further validation and creating a public repository in 

Fig. 15. 

 

Fig. 15. Research agenda. 
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