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Abstract 

CONTEXT: Simulation-based studies have been used in different research areas in order to 

conduct computerized experiments with distinct purposes. However, it seems that Software 

Engineering simulation studies have been performed in a non-systematic way, using ad-hoc 

experimental design and analysis procedures, i.e., without defining a research protocol and 

missing information when reporting results. OBJECTIVE: To characterize simulation-based 

studies and identify the common simulation strategies in Software Engineering.  METHOD: To 

undertake a quasi-Systematic Review. Three online digital libraries (Scopus, Ei Compendex, and 

Web of Science) are used as sources of information. Information extraction from the primary 

studies should be captured using a predefined form. Plotted charts and tables should be used 

together with quantitative/qualitative approaches when possible to support data analysis. 

RESULTS: From 946 papers, 108 have been included, from which it is possible to identify 19 

simulation approaches, 17 domains, 28 simulation models characteristics, 22 output analysis 

instruments, and 9 procedures for the verification and validation of simulation models in the 

Software Engineering context. Most dominant approach is System Dynamics in the Software 

Project Management domain. Replication is not a common behaviour. CONCLUSION: The lack 

of information regarding most of the simulation-based studies and their models restricts 

replication, making the results usually specifics and generalization hard. Apart from that, it 

compromises validity confidence. More research and discussions should be made by the 

community to increase the reliability and use of simulation-based studies in Software 

Engineering.  
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1 Introduction 

Computer simulation has been successfully used in several disciplines, such as Engineering, Economics, Biology, and 

in the Social Sciences, for many distinct aims [1]. The development of models is also diversified as regards the models’ 

purposes and application domains in Software Engineering (SE), including the use of simulation as a mean of 

experimentation for models and processes. So, simulation models are used as instruments in experimental studies, 

called simulation based studies (SBS). According to Banks, ‘Simulation is the imitation of the operation of a real-

world process or system over time. Simulation involves the generation of an artificial history of the system, and the 

observation of that artificial history to draw inferences concerning the operating characteristics of the real system that 

is represented’ [2].  

With SBS it is possible to reduce the risks, time and costs of experiments, considering simulations usually run in 

virtual environments. Apart from that, a simulation is claimed to facilitate the replication of experimental studies and to 

allow the testing of hypothesis before their implementation into in vivo or in vitro studies, anticipating the effects of 

such implementation. However, the development of simulation models for in virtuo or in silico experiments requires 

knowledge previously acquired through in vivo or in vitro studies, configuring a paradox between them [3]. As it is 

expected, in performing experiments with lower risks, costs, and time, increasing one’s research productivity and the 
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scale of the studies through simulation, we need first to organize an evidence-based body of knowledge to understand 

and characterize the phenomenon of interest, develop valid SE models and only then plan and execute such SBS. 

Therefore, in virtuo/in silico studies making use of models built without solid knowledge can always be questioned on 

their validity and on the confidence of their results. The technical literature provides us with several simulation studies 

and models based on existing simulation approaches. Examples of such models and studies are given below. 

Luckham et al [4] present an ADL (Architecture Description Language) called Rapide. This ADL allows system 

architecture simulation for behavioural analysis. For that, Rapide describes an executable software architecture that 

allows performing simulations in the early stages of the software development process, before deciding on the 

implementations. The embedded simulation model, also called execution model, is based on a partially ordered event 

set, generated with their causes and timestamp that describes the dependence between these events. When the 

simulation starts, this set is generated and observed by a set of processes (control threads representing the architecture 

components). These processes respond (execute an action) to an event, and also generate new events through a trigger 

mechanism. 

Arief and Speirs [5] present an approach for automated simulation model generation, based on UML models, in 

order to foresee system performance. The input model consists of class and sequence diagrams. A parser is responsible 

for the transformation of UML elements into discrete-event simulation elements (JavaSim). The JavaSim constructs 

involve: processes, queues, input parameters, pseudo-random variables, and events, among others. Each process 

represents an instance of a model class, which exchanges messages with other processes until the end of the simulation. 

System performance results allow evaluating the existence of bottlenecks, processing time, and scale conditions. 

The model proposed by Abdel-Hamid and Madnick [6] may be, in the context of Software Engineering, the most 

refereed system dynamic model. It was proposed to simulate software projects in a wide scope, and it consists of seven 

subsystems: Human Resource Management treats variables as training, organizational and project turnover, experience 

level, and developer productivity, among others; Software Production represents project effort allocation; Software 

Development treats productivity as a complex variable that represents the course of the project, and where there is a 

potential productivity and actual productivity. The last one is directly affected by motivation and communication 

variables; Quality Assurance and Rework, which represents the defect generation and detection rates, schedule 

pressure, and the resulting rework; Tests, which represents the cycle of testing activities in the projects, as well as the 

impact of non-corrected or non-detected defects in the downstream stages; Controlling, which relates to the 

measurement of performed tasks, productivity, and rework, among others, apart from the tuning of effort allocation and 

workload; and Planning, which represents schedule stability (how often a schedule is re-made) and activities ending on 

schedule.  

As regards the simulation model development in SE, our previous experience involves mainly two System 

Dynamics models. The first one is a scenario-based software project management model to support risk assessment [7]. 

The second one is related to software evolution, in which the goal is to allow the observation of software quality decay 

over successive maintenance cycles [8]. Both models were developed using the Illium tool, based on a proper System 

Dynamics language [9]. However, our interests are beyond our previous experience, as it includes understanding how 

the SE community has developed such simulation model. It started when we looked for a simulation-based solution on 

the analysis of software architecture tradeoffs in the face of distinct design alternatives, i.e., support for decision-

making when a software architect has two or more possible design solutions to evaluate, but depending on the 

alternative chosen it will positively or negatively interfere with some of the quality attributes of the system under 

development.  Thus, we started to capture knowledge on computer simulations in SE, looking for a methodology to 

support the development of valid simulation models. In doing so, we expected to increase our orientation in the 

planning and execution of SBS, including the development of valid simulation models, by characterizing the different 

simulation approaches previously applied in the SE context. 

Systematic Literature Reviews (SLR) are claimed to be a building block for Evidence-Based Software 

Engineering. It has been seen as a ‘means to evaluating and interpreting the research available that is relevant to a 

particular research question, topic area, or phenomenon of interest’ [10]. For instance, two related secondary studies 

[11][12] can be identified in SBS regarding Software Process Simulation.  

The survey by Ahmed et al [11] relates its results to the state of the practice in simulation in 2008. Such results 

indicate that software process simulation practitioners are, in general, methodical, work with complex problems 

(resulting in large scale models), and use a systematic process to develop the simulation models. This work also points 

out that the simulation modelling process and model evaluation are both the main issues in need of more attention from 

the community.  
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The systematic review by Zhang et al [12] traces the evolution in Software Process Simulation and Modelling 

research from 1998 to 2008. The authors analyzed some 200 relevant papers in order to answer their research questions. 

Among their contributions, the authors highlight: ‘Categories for classifying software process simulation models; 

Research improving the efficiency of Software Process Simulation Models is gaining importance; Hybrid process 

simulation models have attracted interest as a possibility to more realistically capture complex real-world software 

processes’. 

Both works do not present results that oppose what we have found. Indeed, we have found supplementary 

information, as our findings go through the same directions pointed out by previous works, apart from including more 

findings related to other SE domains, rather than just Software Processes, and experimental issues. The main reason for 

that, although the research questions brought up by these studies and also by our review are distinct, they share a 

similar population of studies under investigation. 

To expand this perspective, we have undertook a quasi-Systematic Review [13] aimed at characterizing SBS 

reported in the software engineering technical literature. Our review results reinforce the aforementioned ones. Apart 

from that, we have found supplementary information regarding SBS, making the results less specific. It happened due 

our broader research questions, which allowed the inclusion of many primary studies considered in [11] [12]. 

The rest of this paper consists of: Section 2 presents the protocol for the quasi-Systematic Review; Section 3 

presents our findings and the SBS related results; Section 4 discusses threats to validity; and Section 5 presents the 

conclusions.  

 

2 Research Protocol 

The systematic review document template proposed by Biolchini et al [14] guided the review process. As our 

secondary study has the purpose of characterization, there is no baseline allowing comparisons among studies. Thus, 

we call this review a quasi-Systematic Review [13]. The main research question is ‘How have the different simulation 

approaches presented in the technical literature been applied in simulation studies in Software Engineering?’ To answer 

the research question, we structured the search string, following the PICO strategy [15] and established criteria to 

include and exclude research papers found in this review: 

 Population: Simulation-based studies in Software Engineering; 

 Intervention: Computer simulation models used in studies; 

 Comparison: None; 

 Outcome: Model purpose, characteristics, Software Engineering domain, and experimental aspects 

(experimental design) of the studies. 

The outcome matches the information to be extracted. However, some titles and abstracts do not use keywords to 

identify such information, resulting in low coverage over the controls. Therefore, we decided to suppress the outcome 

from the search string and consider it in the information extraction stage. Based on the PICO structure, the search string 

is: 
(("simulation modeling" OR "simulation modelling" OR "in silico" OR "in virtuo" OR "simulation based study" OR 

"simulation study" OR "computer simulation" OR "modeling and simulation" OR "modelling and simulation" OR 

"simulation and modeling" OR "simulation and modelling" OR "process simulation" OR "discrete-event simulation" OR 

"event based simulation" OR "system dynamics" OR sampling OR "monte carlo" OR "stochastic modeling" OR "agent 

based simulation" OR "state based simulation") AND ("software engineering" OR "systems engineering" OR 

"application engineering" OR "software development" OR  "application development" OR "system development"))AND 

("simulation model" OR "discrete event model" OR "event based model" OR "system dynamics model" OR "agent model" 

OR "state model")) 

The controls (Table 1) were captured in a previous ad-hoc literature review. The basic selection procedure is based 

on the paper’s title and abstract. For that, a set of inclusion and exclusion criteria is established a priori. So, only papers 

available in the Web; written in English; discussing simulation-based studies; belonging to a Software Engineering 

domain; and those mentioning one or more simulation models, should be included. Papers not meeting all of these 

criteria should be excluded. Three researchers (Ri) are involved in the selection of potential relevant papers. R1 did the 

searching, retrieving the papers, saving their references (including abstract) in the reference manager (JabRef tool), 

adding a field to represent the paper status (I - Included, E - Excluded, D – Doubt), and removing possible duplicates. 

After that, the first selection (based on the inclusion criteria – reading title and abstract) was done and the status for 

each paper was assigned. Next, R2 received the Jabref file (in BibTeX format) with the references and status 

information, and reviewed the included and excluded papers. In the case of updating any paper status, R2 set up paper 

status as D2 and tried to solve queries from R1 by setting the former D’s as I2 or E2. Lastly, R3 went through the same 

R2 procedures, though tagging them as I3 or E3. The papers remaining in D after 3 reviews were included for post-
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analysis in the information extraction stage. All papers included in the selection stage could be later excluded in the 

extraction stage, where they are integrally read to improve understanding, clearing any doubts and allowing a better 

decision on their inclusion or exclusion according to the criteria. 

Table 1. Control Papers 

Reference 

Martin, R.; Raffo, D. Application of a hybrid process simulation model to a software development 

Project. Journal of Systems and Software, Vol. 59, Issue 3, 2001, pp. 237-246 

Khosrovian, K.; Pfahl, D.; Garousi, V. GENSIM 2.0: A customizable process simulation model for 

software process evaluation. LNCS, Vol. 5007, 2008, pp. 294-306 

Drappa, A.; Ludewig, J. Simulation in software engineering training. Proc. ICSE 2000, pp. 199-208 

Madachy, R. System dynamics modeling of an inspection-based process. Proc. ICSE 1995, pp. 376-386 

Al-Emran, A.; Pfahl, D.; Ruhe, G. A method for re-planning of software releases using discrete-event 

simulation. Software Process Improvement and Practice, Vol. 13, Issue 1, Jan 2008, pp. 19-33 

Al-Emran, A.; Pfahl, D.; Ruhe, G. DynaReP: A discrete event simulation model for re-planning of 

software releases. LNCS, Vol. 4470, 2007, pp. 246-258 

Luckham, D. C.; Kenney, J. J.; Augustin, L. M.; Vera, J.; Bryan, D.; Mann, W. Specification and 

analysis of system architecture using rapide. IEEE TSE, Vol. 21, Issue 4, April 1995, pp. 336-355 

Arief, L. B.; Speirs, N. A. A UML tool for an automatic generation of simulation programs. Proc. 

Second WOSP, 2000, pp. 71-76 

Choi, K.; Bae, D.H.; Kim, T. An approach to a hybrid software process simulation using the DEVS 

formalism. Software Process Improvement and Practice, Vol. 11, Issue 4, July 2006, pp. 373-383 

 

The sources selected for this quasi-Systematic Review are online digital libraries available through the CAPES 

Portal. Furthermore, all of them should allow online searching via a search engine that supports logical expressions, 

retrieves papers by title, abstract and keywords, and contains papers from several SE domains. Thus, Scopus, EI 

Compendex and the Web of Science were chosen as they cover most of the main digital libraries for computer 

simulation and Software Engineering research, and related areas, such as ACM, IEEE, Elsevier, Springer, and WILEY. 

After executing the searches, we got 1,492 entries (906 from Scopus, 85 from Web of Science and 501 from EI 

Compendex) with 546 duplicates (removed), and 946 entries remaining for the selection stage. From these, 150 papers 

were chosen. In the information extraction stage an extra 28 papers were excluded after detailed reading and 14 papers 

were not accessible, with 108 papers left for the analysis, including the two secondary studies [11][12] discussed in the 

Section 1. Information on all the papers was extracted according to the form provided in Table 2 and later organized in 

the Jabref tool.  

Table 2. Information Extraction Form 

Field [Extracted Information] 

Paper identification [Title, authors, source, year, publication type] 

Simulation approach name 

Simulation model purpose [Objective for the model to be developed] 

Study purpose [Objective for the study to be performed] 

Software Engineering Domain [Application area] 

Tool support [Does the model used have any tool support? If so? Which ones?] 

Characteristics related to the model [Examples: discrete, continuous, deterministic, stochastic] 

Classification or taxonomy for the characteristics [Does it have any characteristic classification?] 

Simulation model advantages 

Simulation model disadvantages 

Verification and validation procedure [V&V techniques used to evaluate the simulation model] 

Analysis procedure [Output analysis methodology applied to the study] 

Study strategy [Controlled experiment, case study, among others] 

Paper main results [Applicability of the approach, accuracy of results] 
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The effort required in the selection process was of on 75 hours to read the titles and abstracts and screen them 

through the selection criteria. Although the number of papers in the selection stage was high, the extraction step 

required too much effort, considering the full reading of the research papers and some difficulty in identifying 

information in the reports, such as simulation model characteristics, experimental design, and analysis procedures. This 

information was sometimes unclear and often scattered in the text. 

The quality assessment criteria (Table 3) adopted are related to the information extraction from. Grading for each 

criterion is set by its relevance in answering the research question. As we are characterizing SBS, experimental features 

such as study purpose and strategy are of great relevance. Apart from that, as the simulation model is the main 

instrument in this sort of study, and represents the main threat to study validity, procedures for V&V and analysis are 

considered equally relevant. The sum of all quality criteria values should add to 10. 

Table 3. Quality Criteria 

Criteria Value 

[Approach] Does it identify the underlying simulation approach? 1 pt 

[Model Purpose] Does it explicitly mention the simulation model purpose? 1 pt 

[Study Purpose] Does it explicitly mention the study purpose? 1 pt 

[Domain] Is it possible to identify the SE domain in which the study was undertaken? 1 pt 

[Tool] Does it explicitly mention any tool support? 0,5 pt 

[Characteristics] Does it mention the characteristics on the simulation model? 0,5 pt 

[Classification] Does it provide any classification or taxonomy for the characteristics mentioned? 0,5 pt 

[Advantages] Does it present the advantages of the simulation model? 0,5 pt 

[Disadvantages] Does it present the disadvantages of the simulation model? 0,5 pt 

[V&V] Does it provide any verification or validation procedure for the simulation model? 1 pt 

[Analysis] What are the statistical instruments used in the analysis of the simulation output? 1 pt 

[Study Strategy + Exp Design] Is it possible to identify the study strategy in which the simulation model 

was used as an instrument as well as the experimental design? 

1,5 pt (0,5 for strategy + 

1pt for exp. design) 

 

3 A Profile for Simulation Studies in Software Engineering 

After information extraction from each of 108
1
 research papers (see Appendix A), including title, abstract and body of 

text, it was possible to identify 88 simulation models, distributed among several Software Engineering research sub-

areas, called domains. In brief, we identified 19 simulation approaches, 17 Software Engineering domains, 28 

simulation models characteristics, 22 output analysis instruments, 9 procedures for the verification and validation of 

simulation models, in the context of SE. 

As a general characterization, the most dominant simulation approaches in SE are discrete-event and System 

Dynamics, as seen in Table 4. This statement can be confirmed in [12] for the context of Software Process and Project 

Simulation. Even in hybrid models, most of the combinations fall in these two approaches. Discrete-event simulation is 

a mature approach that has for years been shown to succeed in a vast range of research areas. However, System 

Dynamics seems to have another explanation for its majority over the other ones, specifically in SE: the influence of 

Abdel-Hamid and Madnick software project integrated model [16] in works, such as [17] and [18].  

We also identified different approaches, though most of them relied on discrete or continuous behaviour. For 

example, Agent-Based Simulation is often claimed to be a distinct abstraction, but software agents are usually marked 

by continuous behaviours. In fact, these approaches are not separate. Some of them share characteristics. It is also the 

case of hybrid approaches. 

 

 

 

                                                 
1
 From the 108 research papers found in the review, two of them are secondary studies (one systematic review and one 

literature survey), and the remaining 106 include primary studies and simulation model proposals. 
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Table 4. Distribution of Simulation Approaches 

Simulation Approach #Models #Papers Simulation Approach # Models # Papers 

Agent-Based Simulation 2 2 Object-Oriented Simulation 1 1 

Conditional Growth 1 1 Proxel-based 1 1 

Discrete-Event 17 18 Qualitative Simulation 2 2 

General Continuous-time Simulation 2 2 quasi-Continuous Simulation 1 2 

General Discrete-time Simulation 1 1 Semi-Quantitative Simulation 1 1 

Hybrid Simulation (Continuous + Discrete) 9 11 State-based Simulation 1 1 

Hybrid Simulation (PN + DEVS) 2 2 Stochastic Process Algebra 1 1 

Knowledge-based 1 1 System Dynamics 37 51 

Monte Carlo 1 1 Temporal Parallel Automata  1 1 

Not Specified 6 6 

 

Some simulation approaches are not clearly defined. This issue happened for two reasons: either paper does not 

explicitly mention the underlying approach or the simulation model specification does not match any known approach. 

The model presented in [19] seems to be an analytical model, instead of a simulation one, but there are not enough 

details to confirm it and no simulation approach was mentioned. Another example of a not clearly identified simulation 

approach is [20], where we were unable to find details on their model and there is no sentence mentioning the 

simulation approach used to execute simulations. They are grouped into the ‘Not Specified’ category. Similar 

behaviour is seen with the ‘General Discrete-Time Simulation’ and ‘General Continuous-Time Simulation’ categories, 

where the model descriptions mentioned the implementations of discrete or continuous time-advancing mechanisms. 

Unfortunately, we were unable to recognize the specific approach used to build these models. Examples of discrete and 

continuous-time simulation can be found in [21], where a simulation approach is applied to design and test embedded 

systems and in [22], where a continuous model for open source development using Test-Driven Development is given, 

respectively. The occurrences where approaches (Table 4) appeared in one or two papers seem to be investigations on 

the approach’s suitability in simulating Software Engineering systems or processes, as the models were not submitted 

to any systematic validation procedure. 

Simulation models are system or process abstractions specified in a simulation language, representing the concepts 

involved in the underlying simulation approach. So, when using these models as an instrument for a simulation-based 

study, simulation tools are needed in order to allow the simulation trials. 

For the papers found in this quasi-Systematic Review, most of them present an experience using generic-purpose 

simulation tools, like Vensim, Arena, and iThink. On the other hand, specific simulation tools appear as the authors’ 

implementation of their models; it is the case of SESAM [33], where a tool with an interactive graphical user interface 

is used to simulate a software project organization for training purposes. Often, specific-purpose tools are used, at most, 

in two studies. It may occur because the tool only attains the goals of a specific model and of its respective studies. 

Table 5 presents the distribution of the simulation tools across papers (P) and models (M) captured in this quasi-

systematic review, as well as their references and the supported simulation approach. 

The most frequently used simulation tools, as shown in Table 5 are Vensim, Extend, and iThink. The main reasons 

for this may relate to their generic purpose and also for simulation approaches supported by these tools, named System 

Dynamics and Discrete-event simulation. 

This work aims at characterizing SBS in many ways. Therefore, a set of 28 characteristics explicitly mentioned 

within the model descriptions is obtained. Table 6 summarizes the characteristics and their associated description, 

extracted just as they were presented from the papers found in the review. These characteristics are purposefully 

presented in a flat format, as they were found in different contexts. As we are unable to infer synonyms or any kind of 

relationship among them, we decided not to aggregate them at this time. 

We saw in several papers that authors do not characterize their models; they just present them or a representative 

part of them. It is common to only mention the underlying simulation approach (sometimes describing it). For example, 

in [23] a mention is made of the simulation approach in the quote ‘The simulation model was implemented in a 

modular way using the SD (System Dynamics) tool Vensim’. Another example is ‘We present a discrete-time simulator 

tailored to software projects which…’ [24]. Furthermore, papers also present the model’s structural specification and a 

brief description of its variables, but no specification of its execution mechanism. Among the papers selected, no one 

gives a classification for simulation models. However, Raffo [25] claims that Software Process Simulation Models rely 

on three main paradigms: discrete-event, state-based, and System Dynamics, mentioning only some of their features. 

Also, Zhang et al [12] present the simulation ‘paradigm’ for each paper in their study, but no features are discussed. 
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Table 5. Simulation Tools - Distribution and References 

Simulation Tool Reference Simulation Approach P M 

AnyLogic www.xjtek.com/anylogic/why_anylogic Discrete-Event 1 1 

ARENA www.arenasimulation.com Discrete-Event 1 1 

ASADAL/SIM selab.postech.ac.kr/xe/?mid=selab_link Discrete-Event 1 1 

C-Sim www.atl.lmco.com/projects/csim Discrete-time Simulation 1 1 

CESIUM No website found. Object-oriented Simulation 1 1 

DEVSim++ sim.kaist.ac.kr/M5_1.htm Hybrid Simulation (SD + DEVS) 

Discrete-Event 

3 3 

Extend www.extendsim.com Hybrid Simulation  (SD + DEVS) 

Discrete-Event 

System Dynamics 

9 9 

GENSIM No website found. System Dynamics 1 1 

iThink www.iseesystems.com/ System Dynamics 5 4 

Matlab www.mathworks.com/products/matlab/ Discrete-Event 1 1 

NetLogo ccl.northwestern.edu/netlogo Agent-based Simulation 1 1 

PEPA www.dcs.ed.ac.uk/pepa/tools Stochastic Process Algebra  1 1 

PowerSim www.powersim.com System Dynamics 1 1 

Professional Dynamo 

Plus (PD+) 

No website found. System Dynamics 1 1 

Prolog www.swi-prolog.org Discrete-Event 1 1 

QSIM ii.fmph.uniba.sk/~takac/QMS/qsimHowTo.html Qualitative Simulation 

Semi-quantitative Simulation 

3 3 

ReliaSim No website found. Not Specified. 1 1 

RiskSim www.treeplan.com/risksim.htm Hybrid Simulation (PN + DEVS) 1 1 

SEPS No website found. System Dynamics 1 1 

SES www.stackpoleengineering.com/software.aspx Hybrid Simulation (PN + DEVS) 1 1 

SESAM www.iste.uni-

stuttgart.de/en/se/forschung/schwerpunkte/sesam 

quasi-Continuous Simulation 2 1 

SIMNET No website found. Discrete-Event 1 1 

SimSE www.ics.uci.edu/~emilyo/SimSE Not Specified 1 1 

SLAMSYSTEM research.microsoft.com/en-us/projects/slam Discrete-Event 1 1 

Statemate Magnum No website found. State-based Simulation 1 1 

SystemC www.systemc.org Not Specified 1 1 

Vensim www.vensim.com System Dynamics 18 13 

 

The characteristics found in the studies reports (Table 6) were confronted with simulation approaches and SE 

domains. From this, it is possible to see that the simulation approach selected brings its own characteristics which are 

transferred to the simulation model.  

We expected to find whether specific SE domains characteristics influence the selection of a simulation approach. 

However, no information regarding such influence could be drawn from the extracted characteristics. 

Software Process and Project are the most dominant Software Engineering domains in technical literature [26] 

(Fig. 1). Simulation models can be software process or product-driven. In our classification, we use ‘Software Process’ 

for simulation models concerned with applying analysis to the whole software development process structure and 

performance. The analyses of process bottlenecks, activity dependencies, software development optimization, or 

offering theory to support decision-making and cross-project issues are of the Software Process Simulation interest 

[27]. On the other hand, Software Project Simulation is concerned with resource (human and material) management, 

allocation policies, and scheduling and cost issues, among others. Examples of such studies can be found in the series 

of studies conducted by Abdel-Hamid and Madnick [16] [28-32]. 

The domain of Software Architecture and Design aggregates simulation models for design issues, for different 

classes of systems, such as fault-tolerant, embedded, and real-time systems, under the perspective of quality attributes 

such as reliability and performance. This domain is marked by mostly simulating the product (design specification) 

rather than the design process. Almost all other SE domains focus on a process-driven perspective, e.g., Quality 

Assurance [33] and Requirements Engineering [34] processes. In such cases, simulation models are used to provide an 

impact understanding of these sub-process variables on the whole development process execution. 
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Table 6. Descriptions of Model Characteristics. 

Characteristic Description 

Analytic Expresses high-level quantitative relationships between input and output parameters through 

mathematical equations. 

Asynchronous Lacks a centralized coordination of the simulation model. 

Bi-directional Simulation 

(Forward and Reverse) 

Uses both types of models together: 

Forward - models of the system of interest as it evolves forward through time.  

Reverse - models of the system as it moves in reverse or backward in time.  

Causal Relationships Establishes cause-effect relationships. 

Continuous-time Time constantly advances in small steps, as a continuously differentiable function. 

Deterministic Given a specific input, the output will be the same for every simulation run. 

Discrete-time Timeless steps interleaved with user-defined simulated durations. Timeless execution does not mean 

the code in one step takes zero time to execute, but the model time used in discrete simulations is 

frozen during the step. 

Dynamic Cause-effect relationships constantly interact while the model is being executed. 

Envelop functions Given interval bounds on the values of some landmarks and envelopes on the monotonic functions, its 

Qualitative Differential Equation defines a constraint-satisfaction problem (CSP). 

Extensible Provides an explicit extension point through input and output ports. If any model has a compatible 

input or output port, the model can be extended. 

Feedback loops Continuous information flow within a system with self-correction property. 

Formal The structural relations between variables must be explicitly and precisely defined. 

Fuzzy variables Uses fuzzy logic in defining model variables. 

Hierarchical Structured in different levels and blocks. 

Interactive Users are responsible for generating control signals or data out of external entities, change system 

states interactively to situate special conditions, and locate the cause of unexpected behaviour. 

Knowledge Representation Use of knowledge modelling techniques (for instance, Cognitive Maps) 

Nonlinear interactions Interactions between variables not following a linear function. 

PI-Calculus Uses rigorous semantics as described in pi-calculus formalism.  

Process-based A discrete model described as a workflow, different from event-driven.  

Qualitative Abstraction Transforms a sequence of empirical measurements into a pattern. 

Qualitative Differential 

Equations 

Parameters of the differential equations do not need to be specified as real numbers. It is sufficient to 

know whether they are positive or negative, specifying as monotonically increasing and decreasing. 

Expresses natural types of the incomplete knowledge from real world. 

Queue models Stages modelled as servers, where each server has its (resource) queue. 

Rule-based The model rule part determines how the state is changed with every time step. Each rule consists of a 

condition and an action part. 

Scenario-based Enables the user to test the effects with several combinations of events in the process. It allows an user 

to define several scenarios for the system or process. 

State-based Processes an input event, based on its state and condition, and generates an output event and changes 

its state (state transition). 

State based on events System state is changed only when certain events occur and it does not change between them. 

Stochastic Instead of assigning deterministic values to model parameters and variables these values can be 

sampled from plausible input distributions. 

Synchronous Opposite of asynchronous. 
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Figure 1. Distribution of Software Engineering Domains 

 

An interesting perspective in this distribution (Fig. 1) is shown in Fig. 2, with the coverage
2
 of each simulation 

approach (Table 4) over different Software Engineering domains. 

 

 

Figure 2. Coverage of Simulation Approaches over Software Engineering Domains 

 

                                                 
2
 By ‘coverage’ we mean the percentage of elements (SE domains in this case) seen to appear, in a given simulation 

approach. 
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The bar chart in Fig. 2 should be read considering each percentage as a number representing the relative 

occurrence of a specific approach in the space of Software Engineering domains. For example, the Discrete-Event 

approach appears in 47.1% percent of the Software Engineering domains found in this review, also considering the 

number of papers and not only models. 

Among the different simulation approaches, Discrete-Event and System Dynamics have the most coverage over 

these domains. Apart from that, Hybrid Simulation, which is mostly a combination of Discrete-Event and System 

Dynamics, covers 23.5% of the domains. So, the representation of these approaches in Software Engineering, in our 

sample, can be considered as the main alternative to build a simulation model in this context. 

Any simulation model based on observation of a real-world system or process needs to be validated to ensure 

confidence on its results and compliance with the observed system or process structure/behaviour. The complete list of 

V&V procedures found and their descriptions is provided in Table 7, along with the number of occurrences in 

simulation models (M) and research papers (P). 

The most dominant V&V procedure is the ‘Comparison against actual results’. It represents an interesting way to 

verify model ‘accuracy’ in terms of its output results, but many other threats to the study validity (such as construct and 

internal validity) should be evaluated, leading to the combined use of other procedures. 

To make such comparisons, such as in the early 90s, when Abdel-Hamid and Madnick applied their model to 

several different environment configurations, it is important to check whether the actual collected data captures the 

whole context (influence variables and constants) the model requires or assumes to be real, i.e., model parameters and 

variables should share the same measurement context. Otherwise, it will become a pointless comparison between two 

distinct contexts that cannot be compared. 

Table 7. Verification and Validation Procedures for Simulation Models 

Procedure Description M P 

Comparison against 

actual results 

It compares the simulation output results against actual output of the 

same phenomenon. It is likely to be used to measure model accuracy. 
10 17 

Comparison against data 

from literature 

It compares the simulation output results against output data 

(performance) from other studies found in the technical literature. It is 

likely to be used when there is no complete data at hand. 

3 3 

Comparison against 

reference behaviours 

from technical literature 

It compares the simulation output results against trends or expected 

results often reported in the technical literature. It is likely to be used 

when no comparable data is available. 

6 12 

Comparison against 

other models’ results 

It compares the simulation model output results against one another. 

Controlled experiments can be used to arrange such comparisons. 
7 7 

Review with experts It consists of getting feedback from system or process experts, to 

evaluate if the simulation results are reasonable. This review may be 

performed using any method, including inspections. It is likely to be 

used for model validation purposes. 

5 5 

Interview with experts It gets feedback from a system or process expert in interviews, to 

evaluate if the results are reasonable. It is likely to be used for model 

validation purposes. 

3 9 

Survey with experts It gets feedback from a system or process expert in surveys, to evaluate 

if the results seem reasonable. It is likely to be used for model 

validation purposes. 

3 3 

Testing structure and 

model behaviour 

It submits the simulation model to several tests cases, evaluating its 

responses and traces. It is likely to be used for model verification 

purpos6es. 

4 5 

Based on empirical 

evidence from technical 

literature 

It collects evidence from the technical literature (experimental studies 

reports) to develop the simulation model.  7 13 

 

The same problem occurs when the comparison is made between simulation output results against data from the 

technical literature; the latter is seldom available with enough detail to enable valid comparisons. Thus, it is very 

difficult to ensure the same configuration (input and calibration parameters) for both simulation results and data 

collected from the technical literature. Ambrosio et al [35] use two procedures for model validation: one is a 
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comparison against actual data from a software company, and the other is a comparison against summarized data from 

different sources extracted from the technical literature. 

Lack of data is a known problem in Software Engineering simulation [36], including support for experimentation 

[37]. So, different efforts are needed in order to increase the validity of simulation studies. An interesting approach is 

the comparison of simulation results against known reference behaviours
3
 in some research areas. In this case, it is 

possible to analyze whether the simulation model is capable of reproducing consistent results, even if it is not possible 

to measure accuracy using this procedure. Setamanit et al [38] compare the output results of a global software 

development simulation model against behaviours of GSD projects as described in the technical literature. 

Once we have validated models, or at least know them in terms of performance and accuracy, it is possible to 

compare them. It would be good to have benchmark results and available datasets to perform controlled experiments 

aimed at comparing models, establishing distinct treatment and control groups to test hypotheses on how independent 

and dependent variables influence relationships. 

Considering the lack of data and reference behaviours, as needed for the previous V&V procedures, it is still useful 

to conduct reviews, interviews, and surveys with simulation and system-under-study experts. These procedures help 

towards a better understanding of the simulation model structure and getting insights on how to improve it. It is more 

like a validation procedure, as model validation gets the customer involved. Choi et al [39] mention a feedback review 

with experts to check a simulation model based on UML for mission-critical real-time embedded system development. 

Setamanit and Raffo [40] calibrated their model based on information from survey questionnaires as well as in-depth 

interviews with the technical director, the project manager, and software developers.  

The testing model structure and behaviour is related to the application of several test cases to the simulation model. 

No paper gives details on how to plan and perform these tests. 

One of the most important ‘V&V procedures’ should be considered before the model to be conceived, i.e., it does 

not work as a test, but brings confidence to the simulation model. The model building methodology should be based on 

the empirical evidence found in the technical literature; it should rather be based on controlled experiments that can 

take conclusions on hypotheses involving the simulation model’s variables. Anyway, to use results of well-conducted 

studies (such as controlled experiments, surveys, and case studies) in the conceiving of simulation models would be 

better than observing the system or process to be simulated in an ad-hoc manner. Melis et al [41] presented a series of 

experiments and case studies results on pair programming and test-driven development. These results were used both to 

determine variables relationships and equations of a System Dynamics model. All procedures found in papers report 

simulations studies that seem to be applicable to System Dynamics models, i.e., it possibly means that this approach 

reached a high maturity level, covering several ways to verify and validate a model built under this approach. Or, 

maybe it is only a matter of a higher sample of studies using System Dynamics. On the other hand, there are 

approaches with no attempt at verification or validation. Further, the evaluation settings will be discussed as regards the 

studies done in the papers analyzed. Fig. 4 shows how simulation approaches cover the procedures mentioned before. 

In Fig. 4 it is possible to see the low coverage (0%) of a proxel-based simulation approach, for instance. In other 

words, it means that this approach was never submitted to any V&V procedure in the context of Software Engineering, 

according to our findings. On the other hand, System Dynamics seems to be the approach that has been evaluated the 

most (100%) in SE. 

Most of the time, output analyses are based on charts; statistical procedures are rarely used, such as hypothesis 

testing. Perhaps, the lack of a rigorous and systematic approach for SBS influences it.  Sequence Run Charts are used 

mostly for both discrete and continuous data, as well as for well-represented time-sensitive data. Its flexibility 

associated to the easy understanding may be an explanation for its adoption. Table 8 summarizes this. 

Statistical charts are obviously a relevant way for presenting data, but the significance of these results should never 

be analyzed by only looking at charts. Other statistical instruments are needed, namely significance tests and systematic 

analysis procedures (such as sensitivity analysis). These other instruments are still underused and misused. Even 

descriptive statistics have not received the attention needed, for they are good sample summaries. 

 

 

 

                                                 
3
 Examples of reference behaviours in Software Engineering can be ‘Brook’s Law’ for software projects, Lehman's 

Laws on software evolution, and any process/product repeatable behaviour in a software organization.  
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Figure 3. Coverage of Simulation Approaches over V&V Procedures 

Table 8. Instruments for Output Analysis 

Analysis Instruments #Models #Papers Analysis Instruments #Models #Papers 

Bar Charts 7 10 Main Effect Chart 1 1 

Box Plots 8 9 Outcome Based Control Limits 1 1 

Radar Chart 1 1 Pareto Chart 1 2 

Distribution Fitting 1 1 Comparison between outputs 3 5 

Dot plot 6 6 Probability Distribution Plots 1 1 

Gantt Chart 4 5 Scatter plot 1 1 

Histograms 4 5 Sequence Run Charts 39 48 

Interaction Plots 1 1 Sensitivity Analysis 13 9 

ANOVA (and variants)  4 8 t-test 2 5 

Confidence Intervals 2 2 Percent relative error 1 1 

Descriptive Statistics 6 6 Root Mean Squared Error  1 1 

 

A curious case happens with the Sensitivity Analysis technique: the number of models is greater than the number 

of papers. It happens as there are some papers promoting the use of this technique to analyze and understand simulation 

models, identifying the most relevant model factors and input parameters. In these cases, the authors apply sensitivity 

analysis to more than one simulation model, making some comparisons and presenting different situations that can be 

found. For example, when models make use of too many input parameters, but just a few really contribute for results. 

Examples of studies involving sensitivity analysis are [42] using four models and [43] using just one model. 
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3.1 Study Strategies involving Simulation 

Primary studies are presented in 57 of the 108 papers selected. However, there seems to be a misclassification of the 

study strategies adopted in each study. The remaining reported studies are only examples of model use (assertions or 

informal studies [44]), with no systematic methodology reported to support their planning, execution, or analysis.  

As far as we know, there is no taxonomy or classification schema specific for SBS, and therefore we want to 

analyze these studies from the perspective of known experimental Software Engineering study strategies. So, we took 

as a starting point the glossary of terms (http://lens-ese.cos.ufrj.br/wikiese) and the ontology (http://lens.cos.ufrj.br/esee) 

offered by the eSEE – experimental Software Engineering Environment [45], to classify the observed simulation 

studies. The research strategies considered are Action Research, Survey, Case Study, Observational Study, and 

Controlled Study. By definition, Action Research and Observational Study strategies are not applicable to simulation 

studies, as they require in loco observation of the phenomenon under investigation. Thus, we adapted these concepts 

from the external technical literature to simulation studies, classifying them into: survey (retrospective data; it is 

important to notice these surveys are not designed as a collection of expert’s opinions using forms as instruments, but 

surveying past historical project data through simulation trials using a simulation model as an instrument), case study 

(current real data), or controlled experiments.   

Several authors call their studies ‘experiments’. In fact, these studies are what the technical literature call 

‘simulation experiments’ and they differ from ‘controlled experiments’. By ‘simulation experiment’ we mean a ‘test or 

a series of tests in which meaningful changes are made to the input variables of a simulation model so that we may 

observe and identify the reasons for changes in the performance measures’ [46]. This definition is closer to what we 

call ‘Survey’. In any case, it is difficult to identify hypothesis, experimental design, and also control and treatment 

groups. 

This way, the term ‘control’ is often overloaded in SBS. The explicit variation of input parameters (used in 

techniques such as Sensitivity Analysis) does not mean the model’s user has control over the object under investigation. 

In fact, it just establishes the parameter configuration, which is different from controlling factors as in controlled 

experiments. When the input parameters variation is performed ad-hoc, pointed at understanding model behaviour 

through the correspondent impact on the output variables, it does not mean to have control over the simulation model. 

In other words, the output values are not meaningful yet for the real context, as it is not possible to assume that valid 

output values are being generated without previously observing the actual behaviour in in vivo or in vitro contexts. 

Unless the variation of parameters changes model behaviour, what has been done is just to determine the value of a 

dependent variable for the model behaviour function, given an independent variable value. The same can be said in a 

comparison of two models: one developed and evaluated against actual collected data and an evolution of the former 

original model without actual data support. If both models are being compared based on the same data set, such shared 

data set can be a threat to the validity of the study. The reason is that output values from the modified model do not 

come from the same measurement context of the original model. So, they are not comparable. 

In addition, we proposed the SBS characterization based on the number of involved models and datasets; type of 

involved dataset (real or artificial data); types (constant or variable) of input parameters and how they are determined 

(systematically or ad-hoc); model calibration or not; and the procedure for the simulation study. On top of that, we 

applied it to the studies found in our review. 

As shown in Fig. 4-A, survey studies are proportional (more than half of the studies) to the procedures pointed in 

Fig. 4-B, where ‘Variation of input parameters to observe the impact on output variables’ is the most dominating 

procedure. The same interpretation can be applied to the percentage of controlled experiments and the procedure 

‘Comparison against other/modified models results’. These comparisons are made in particular experimental designs 

with treatment and control groups established to compare the models involved in a fair manner. Another feature of 

these studies regards how the input parameters are determined (Fig 4-C) for the study, which can be by a preset 

procedure to generate or choose these values, which will be the same for the whole simulation study, or without any 

established procedure (ad-hoc). Apart from that, it can be constant in the entire trial. 
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Figure 4. Characterization of simulation-based studies 

 

Model calibration is also important in SBS [47]. In Fig 4-D it is possible to see that many studies do not report this 

information. Many of the SBS with no calibrated model are based on artificial data. The distribution of simulation 

studies over simulation approaches is shown in Table 9. Most of the studies use System Dynamics models. We also 

identified four SBS replications, all of them by the same author. A possible reason for the lack of replication can be 

insufficient information on the models. 

Table 9. Distribution of Simulation Studies over Simulation Approaches 

Simulation Approaches #Studies Simulation Approaches #Studies 

Agent-Based Simulation 1 Not Specified 5 

Discrete-Event 5 Object-Oriented Simulation 1 

Hybrid Simulation (Continuous + Discrete) 4 Proxel-Based 1 

Hybrid Simulation (PN + DEVS) 1 quasi-Continuous Simulation 1 

Monte Carlo 1 System Dynamics 36 

General Continuous-time Simulation 1   

 

Analogous to simulation approaches, we present the studies distributed over Software Engineering domains in 

Table 10. Software Project Management is the most studied domain in the selected SBS. Apart from that, the 

combination of System Dynamics models with Software Project Management domain can be found in most of the 

papers selected in this review. It can indicate that these simulation studies have a higher experience degree and that it is 

possible to learn SBS features with them. 

Table 10. Distribution of Simulation Studies over SE Domains 

SE Domain #Studies SE Domain #Studies 

Agile Methods 2 Software Inspections 9 

Global Software Development 1 Software Process 3 

Requirements Engineering 4 Software Project Management 25 

Software Architecture/Design 5 Software Testing 2 

Software Evolution 5 Technology Substitution/New 

technology adoption / Innovation 

1 
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The purpose and goals of simulation models are not clearly defined in the papers analyzed. The same goes for the 

goals of the studies performed. It is very common to find descriptions mentioning only the problem where the proposed 

simulation model is involved, but it is very hard to find specific or structured research questions, hypothesis, or even a 

GQM template, for example, describing the problem or the model. As a first impression, one can believe the models 

were conceived before the problems, i.e., as we could not find predefined goals and scope, simulation models seem to 

be developed without a problem to be solved. Actually, this should not be true. However, the way in which SBS have 

been reported is biasing this conclusion. 

Another issue in SBS reports regards the experimental design. In general, it is not reported at all. It is possible, but 

hard, to identify the independent variables and factors (many times, just parameters) and response variables for the 

studies where the output data is usually presented in charts. The arrangement is rarely explained, i.e., it is not easy to 

find answers to questions such as what are the treatments/levels for each experimental factor? What are the other 

model input parameters (context variables)? Do they remain constant? What were their initial values for each 

simulation trial? Seldom, simple information such as the number of simulation trials is reported. However, the criteria 

to explain why such number is used are not presented.  Without addressing these main issues, the replication and 

auditing of these studies (or even verifying their results) represent unfeasible tasks, as well as it is hard to compare 

studies results and to make a benchmark of simulation models, as there is no comparable baseline. 

There are some exceptions among the selected SBS. Houston et al [42] use DOE (Design of Experiments) to 

measure the relative contribution of each factor to the variation in response variables, to characterize the behaviour of 

system dynamic simulation models. Wakeland et al [43] propose the use of DOE and BRSA (Broad Range Sensitivity 

Analysis) to understand the interactions and nonlinear effects at work in the simulation model, i.e., the model logic and 

behaviour, and in this way, leading to a better understanding of the underlying system/process. However, most of these 

studies rely on proof of concepts, such as studies, consisting of ad hoc experimental design, not complying with any 

reported systematic experimental methodology, and often missing relevant information in their reports. 

 

3.2 Quality Appraisal 

Considering the data extracted and analyzed, we assessed the quality of the reports to better understand what kind of 

information could be missing and look for a possible cause for it [48]. The quality assessment criteria (Table 4) applied 

to all 108 research papers have direct linkage with the fields of the information extraction form. Such relationship 

occurs as the main research question for the quasi-Systematic Review involves the characterization of SBS. 

The mean score is 6.16 (in a [0-10] scale) and standard deviation is 1.41. Apart from that, the minimum obtained 

score is 3.0 and the maximum score is 9.0. These scores can be construed as lack of important information in the 

reports. Also, the low standard deviation shows that even the majority of the reports does not offer much more data. 

The percentage of papers meeting the quality criteria is shown in Fig. 6. Darkest bars indicate information strictly 

related to SBS issues. For instance, the criteria ‘Does it explicitly mention the study purpose?’ means that in 42.6% of 

the analyzed papers it was possible to identify the study purpose (goal). 

 

 Figure 5. Quality Evaluation Results [48] 
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All 108 papers provide enough information on the SE domain, where the simulation study is taking place. 

However, we found just six occurrences (5.6%) of study classification. It does not mean a true classification, but groups 

of characteristics through which the authors believe it is possible to organize the simulation models. However, these 

papers do not discuss this issue, they just mention it. Less than half of the papers introduce or discuss simulation model 

V&V procedures. Information on the studies is also very scarce. Just 48 research papers present a clear goal (what is 

the prime information to be reported) and only 32 research papers give some information on the experimental design, 

which often is not fully described. Dependent and independent variables can be found in some of them, mainly 

perceived in simulation result presentation (charts), without explanation on their arrangement or number of simulation 

runs. We did not judge the quality or relevance of the definition of goals, experimental design, or adequate data 

collection procedures. If it is possible to identify the purpose of the study, for instance, but this is not clear, points were 

assigned to the paper anyway. The same interpretation is also given to experimental design information. In brief, the 

data typically presented in research protocols is not shown in the SBSs analyzed. Thus, we assume a lack of planning in 

such studies as it was not reported. 

 

4 Threats to Validity 

It is possible to identify threats to this secondary study, as follows.  

Keywords. Terminology problems have been reported in many research areas involving Computer Science and 

Engineering. So, we previously performed an ad-hoc review to organize the first set of strings and submitted them to 

two experts in computer simulation applied to Software Engineering, to minimize the absence of unknown terms. 

Specific terms for each Software Engineering domain (such as testing, design, requirements, inspections, and others) 

were not used, but general terms to represent the Software Engineering field were. It may be a threat as it is possible 

that papers not mentioning the general Software Engineering terms were not included. 

Source Selection. Scopus, EI Compendex, and the Web of Science cover the main publication databases for 

computer simulation and Software Engineering research. A sample of the most important technical literature is enough 

for characterization purposes, as it is not practical to review all the research papers published on this subject.  

Inclusion and Exclusion Criteria. Papers were filtered to exclude those not considering simulation applied to the 

Software Engineering field. Nine control papers were pre-selected from the ad-hoc literature review according to the 

level of experience of the researchers. The coverage on the control papers was of 67%. From the selected set, 14 papers 

were unavailable for download. 

Personal Understanding and Bias. Although the undertaking of systematic reviews may impose a lot of extra and 

manual error-prone work [10], three reviewers were involved in the selection and information extraction to reduce bias.  

Classification. As long as no consensual taxonomy or classification schema was identified, we based it on the 

information presented by each paper. It may cause inaccurate classification. We tried to group terms (approaches, 

characteristics, analysis and V&V procedures) pursuing a semantically similar definition or description. 

Conclusions. Another study limitation is the publication selection bias, as publications rarely contain negative 

results nor present their weakness. Unfortunately, there is no way to deal with this risk. 

Considering all these threats and the caution taken to reduce them, we believe that our review was systematically 

performed and that it brings some confidence to the results. 

 

5 Discussion 

In Software Engineering, there is concern with the development of simulation models. However, the studies undertaken 

using such models include threats to validity that may compromise their results. Such threats are mainly related to 

simulation model validity and a lack of a predefined experimental design, as well as an informal output analysis, 

causing untimely conclusions. Reducing such threats will increase the confidence on the study results and the 

possibility to adopt SBS as a feasibility assessment strategy before implementing complex solutions. 

An important issue identified in this review relates to the quality of the reports found in the technical literature. 

In other words, the lack of relevant information to improve the understanding of the SBS performed in SE. Such an 

issue can be managed by guidance on what information is essential for a SBS report in the context of SE. Relevant 

information such as a precise context definition of where the study is taking place, clear goals and research questions, 

description of behaviours to be simulated, procedures adopted for model assessment, and the experimental design are 

examples of useful information that should build a study report.  
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It is also possible to use the findings of this review as a starting point for future research work involving SBS 

in the SE community. Thus, we believe that proposals on methods and processes to support the planning and execution 

of SBS, including model validity aspects and statistical output analysis, are a research challenge for the SE community. 

All the findings on the simulation approaches, V&V procedures, analysis instruments and so on, may be used to 

construct such proposals and guide decisions. 

Methodological issues comprise not only one but many challenges regarding SBS in the SE context, after the 

characterization provided by this review, such as, for example: 

 The definition of research protocols for SBS. For most of the study strategies applied in SE we can use 

plans containing context description, goals, observed variables, procedures and instrumentation, subjects’ 

definition and selection. However, these aspects are usually overlooked when performing SBS; 

 Proposals and application of V&V procedures for simulation models. This challenge is also mentioned by 

Ahmed et al (2008) in a survey done with modelling and simulation practitioners regarding software 

processes; 

 Practices to reduce threats to validity in SBS. This challenge is strongly related to the validity of simulation 

models; 

 Assessment of the quality and strength of the evidence, as captured in the execution of SBS. Once these 

studies can be verified, it is important to establish a set of criteria that allows judging how close from  

reality they are and how the threats to study validity affect the quality of the evidence; 

 Replication in simulation-based studies, given the issues regarding relevant information on studies reports, 

such as: full model description, infrastructure environment, where a simulation has been done, the 

publication of unavailable input and output datasets, and the experimental procedure containing the steps 

performed. 

 

6 Concluding Remarks and Future Directions 

Simulation approaches are often mentioned and described in the Software Engineering field. Apart from the importance 

on providing an overview of the underlying simulation approaches, some published approaches are not clearly defined. 

Therefore, it was not possible to capture the reasons for using one simulation approach or the other. We meant to show 

the link between simulation approaches and Software Engineering domains/characteristics; however, our findings 

indicate that model characteristics are mostly driven by the simulation approach, not the SE domain. Simulation-based 

studies entail the main concerns of our results. There is a lack of rigour in planning studies, assuring model validity 

prior to performing the studies, and analysis procedures for simulation of the output data. All these issues are supported 

ad-hoc for most SBSs, except for a few studies that have a systematic way of doing this or that activity, but never for 

all of them together.   

These results can be used as a starting point for future research directions that must be addressed by the Software 

Engineering community when conducting simulation-based studies. Apart from that, the information can be organized 

as a body of knowledge to support decision-making regarding simulation in Software Engineering. Another direction is 

to organize the specific terminology for SBS in Software Engineering. Ontologies relating to simulation concepts can 

help future literature reviews and SBS comprehension. 

Based on this, we believe the methodologies that entail SBS and that include model validity assurance and output 

analysis represent research challenges for software engineers. Apart from that, some discussion is needed on the 

concrete methods for developing simulation models in SE. Some specific approaches were proposed in the technical 

literature such as, for example, the IMMoS methodology for the development of System Dynamics models for 

Software Process Simulation [49]. It represents an important step towards strengthening the SBS. However, we need 

more. Our future in SE also depends on our capacity to speed observations up as well as acquiring knowledge. 
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