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Environments in Software Engineering
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[Barros and Travassos, 2003]
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Introduction

As In Silico studies involve the use of 
computational models, what count as a model?

• Abstractions formal enough to be understood 
by a computer

• Simulation models
• Programmed algorithms
• State Machines
• AI/ML models
• …



Introduction

Models can be viewed in two different ways:

1)

2)

Whitebox



Motivation for In Silico Studies
Conducting field or laboratory experiments can be:
• Costly: predicting the performance of a hardware update for all 

nodes in a network
• Dangerous: exploring alternative strategies to control a nuclear 

reactor
• Last long: assess the ecological impact of a long hunting season, 

for consecutive years, on the population of the species involved in 
a specific geographic region

• Disturbing: assessing the efficiency of a one-way street network 
within the center of an urban area

• Morally/ethically unacceptable: assessing the radiation 
dispersion of a catastrophic failure

• Irreversible: investigating the impact of a change in fiscal policy 
on a country's economy



Advantages and Disadvantages

Advantages of in silico experiments
• Make observations with high control of the 

environment
• Test scenarios
• Build theories
• Low time and risk

• Enables execution of all possible combinations between 
the variables under investigation

• Replicate experiments



We can fail!

Advantages and Disadvantages

Credit: https://www.deviantart.com/puval/art/Oceanic-Flight-815-v2-80064882

Credit: https://www.goodfon.com/games/wallpaper-avariya-gonki-ogon-death.html



Disadvantages
• High cost / model development effort

• Tradeoff: develop 1 model for 1 study?

• Real-world simplifications
• Abstraction/modeling process

• Toy models

• How to prove model validity?

Advantages and Disadvantages



Introduction

How can we experiment with black box models?
• Varying inputs
• Observing effects on the outputs
• Analyzing outputs against reference 

behaviors
• But, …. How can we provoke such 

variation? 
• Freely?
• With an experimental design! Hell yeah!



Experimenting with Models

Exploration of response surface
• Multiple factors (parameters)
• Sensitivity Analysis
• Design for in silico 

(computational) studies 
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Kleijnen, J.P., Sanchez, S.M., Lucas, T.W. and 
Cioppa, T.M., 2005. State-of-the-art review: a 
user’s guide to the brave new world of 
designing simulation experiments. INFORMS 
Journal on Computing, 17(3), pp.263-289.



Experimenting with Models

Comparisons
• Usually: one factor, n levels

• Ex.: 1 factor, two levels: Model A vs Model B
• K-fold cross validation
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It amplifies the the number of data points, but creates dependency! 
So it is paired data!

Source: Ren, Qiubing & Li, Mingchao & 
Han, Shuai. (2019). Tectonic 
discrimination of olivine in basalt using 
data mining techniques based on major 
elements: a comparative study from 
multiple perspectives. Big Earth Data. 3. 
1-18. 10.1080/20964471.2019.1572452. 



When you heard the word “simulation”, what is 
the first thing that comes into your mind?

Simulation



Simulation
More real applications...



Simulation
It’s not always that fun!



Simulation
What is simulation?

“it is the imitation of a real-world process or system 
behavior over time. Simulation involves the 

generation of an artificial history of the system 
behavior, and the observation of such history to make 
inferences considering its operational characteristics”

[Banks, 1999]



Simulation
Which systems can be simulated?

• The term “system” includes notions of a process or 
phenomenon

• The physical existence of the system is not mandatory
• Concept, idea or proposal

• But, the system should have its “behavior as a function 
of time”, that is, it must be dynamic

• Collection of entities interacting and producing 
observable behavior over a period of time

• The model is a representation or abstraction of the real 
system

• Solution commonly used in engineering and science



Motivation
Simulation as an experimentation instrument in 
several areas of knowledge

• Biomedicine, Social Sciences, Physics and 
Engineering

• Automobilistic Industry
• Crash tests
• High-cost prototypes demanding much time/effort to build

• Pharmaceutical Industry
• Acceleration and increase of scale for experiments
• High-cost prototypes demanding much time/effort to build

• Opportunities to investigate problems only 
observed in large-scale scenarios



Simulation Models
Models: mathematical formalisms, rules, graphical 
descriptions, or all these combined 

Simulation 
Model

Real 
System

Simulation 
Approach

Simulation 
Language

Simulation 
Tool



Simulation Elements
• Constants and parameters: values of characteristics or 

properties of the model that remain invariant throughout the 
execution of a simulation run

• Variables: abstraction of model characteristics whose 
values vary with the evolution of the model in the 
observation interval
• Time is a special variable common to dynamic models
• Input: external entities that represent the impact of the environment
• State: define the dynamic behavior of the system
• Output: characteristics of the system's behavior that motivated the 

model design



Simulation Models Life Cycle

Simulation-Based Studies: “a series of steps, 
such as: data collection, model coding, 

verification and validation, experimental design, 
analysis of output data, and implementation”

Simulation models used as an instrument for 
observing the phenomenon under study

[Alexopoulos, 2007]



Simulation Models Life Cycle



Simulation Approaches

• Represent an abstraction
• Mechanism of advancing time

• Simulation clock

• Determinism
• Mathematical Formalism



Simulation Approaches

• System Dynamics (Continuous Simulation)
• Discrete-Event Simulation
• Agent-Based Simulation
• State-Based Simulation
• Hybrid Models
• ...



System Dynamics
(Continuous Simulation)

• Mathematical models for continuous systems 
are defined using differential equations
• The input is specified for all values in time

• The input drives the system!

Inputs (list of parâmetros)State Variables (stock vectors)



System Dynamics
(Continuous Simulation)

• Time advances in constant intervals
• Modelling using SD:

• Causal loop diagram
• Describes cause-effect relationships between variables
• Positive (+) or negative (-) signs at the end of each arrow 

indicate how dependent variables change based on a 
change in an independent variable

• Greater positive (reinforcement) and negative (balance) 
signals within the cycles indicate the general type of the 
cycle



System Dynamics
(Continuous Simulation)

Ex.:



System Dynamics
(Continuous Simulation)

• Cause-Effect Diagram does not allow 
accumulation of values in variables

• Inventory (stock) and flows (rate) models
• Stocks: accumulation points within the system that 

allow measuring the quantity of a variable at a given 
time

• Flows: inventory inflows and outflows that represent 
the rate of change in inventory



System Dynamics
(Continuous Simulation)

Ex.:

B
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David G Chernoguz. 2011. The system dynamics of Brooks' Law in team production. Simulation, 87, 11 (November 2011), 947-975.



Discrete-Event Simulation

• Simplified view of systems based on 
continuous time, where
• time t is a function of an initial time t0, an interval h, 

and a discrete step k
• t = t0 + hk

• Unlike continuous models, the difference is 
not constant, it usually varies and is 
non-deterministic
• Based on stochastic methods



Discrete-Event Simulation

• Pseudo-random events controlled by a list, 
containing the next instant that an event 
occurs

• Fired at t0, t1, t2, ... and are enqueued in such 
a way the system induces a pause before 
each message is processed

• The processing or service time is statistically 
distributed so that its duration is random, but 
its statistics are known



Discrete-Event Simulation

Ex.:

[Höst et al, 2008]



Simulation in 
Software Engineering



Motivation
Experimentation in Software Engineering

• Low number of participants in experiments
• Reduced observation capacity (population variability)
• Reduced generalization capacity

• Context variables are hard to control or even 
unknown

• Risks of failure during software systems or projects 
execution, or during the phenomenon observation



Motivation

de França, B.B.N. and Ali, N.B., 2020. The role of simulation-based studies in software engineering research. Contemporary Empirical 
Methods in Software Engineering, pp.263-287.



Simulation in 
Software Engineering

de França, B.B.N. and Ali, N.B., 2020. The role of simulation-based studies in software engineering research. Contemporary Empirical 
Methods in Software Engineering, pp.263-287.



Secondary Studies on 
Simulation in SE

SLR: Software process simulation from 1998 to 2008 
• ~ 200 studies
• Findings: 

• Classification of software process simulation models; 
• Improvement for models efficiency; 
• Hybrid models provide more realistic models.

SMS: Simulation in SE until 2011 
• 108 studies
• Findings: 

• Concentration on software process and project;
• System Dynamics and DEVS 
• Lack of research agenda and rigor 
• Poor-quality reports
• Need for methodological support

[Zhang et al, 2008]

[de França and Travassos, 2013]

de França, B.B.N.; Travassos, G.H. Are We Prepared for Simulation Based Studies in Software Engineering 
yet? CLEI eletronic journal, CLEIej,v. 16, n. 1, paper 8, April, 2013.



Secondary Studies on 
Simulation in SE

SMS: software process simulation in industry until 2013 
• 87 studies
• Findings: 

• Proof-of-concepts with different purposes (estimation, training, process 
improvement, etc.)

• Low-quality studies
• Models are insufficiently validated regarding their purpose
• Lack of evidence regarding the usefulness of SPS
• According to reported costs, one cannot say it is a low-cost method
• Need for methodological support on conducting and reporting SBS

[Ali, Petersen and Wohlin, 2014]



Report Quality

de França, B.B.N.; Travassos, G.H. Are We Prepared for Simulation Based Studies in Software Engineering 
yet? CLEI eletronic journal, CLEIej,v. 16, n. 1, paper 8, April, 2013.



Simulation in Software 
Engineering

Threats to validity are different from the other 
methods

From Context to Research Questions
Simulation Feasibility
Simulation Model
Model Validation
Subjects (in virtuo and in silico)
Experimental Design
Intermediate Experimental Trials
Supporting Data
Simulation Environment
Output Analysis
Study Report

Threats to Validity
Avoid some risks but 
introduce new ones



SBS Planning and Reporting 
Guidelines

de França, B.B.N., 2015. Guidelines for Experimentation with Dynamic Simulation Models in the context of Software Engineering 
(Doctoral dissertation, Universidade Federal do Rio de Janeiro).



SBS Planning and Reporting 
Guidelines

de França, B.B.N., 2015. Guidelines for Experimentation with Dynamic Simulation Models in the context of Software Engineering 
(Doctoral dissertation, Universidade Federal do Rio de Janeiro).



SBS Planning and Reporting 
Guidelines

de França, B.B.N., 2015. Guidelines for Experimentation with Dynamic Simulation Models in the context of Software Engineering 
(Doctoral dissertation, Universidade Federal do Rio de Janeiro).



SBS Planning - Study Definition
Context (SG2):

Exploration of the Brooks’ Law for Software Project 
Management using a System Dynamics model.

“Adding manpower to a late software project makes 
it later.” 

Problem (SG3)
In the middle of the 70s, Fred Brooks stated (based on his experiences) this 
law as a generalized phenomenon for every software project. However, years 
later, several empirical evidence has show different contexts in which the law 
may need an addendum in order to still be considered valid. Thus, project 
managers and leaders need to be aware of the right scenarios they can 
overcome the effects of the Brooks’ Law.



SBS Planning - Study Definition
Goal (SG4)
Analyze the Brooks’ Law behavior/dynamics 
For the purpose of characterizing
With respect to the need for adequacy
From the point of view of software engineering 
researchers
In the context of a System Dynamics model for 
simulating software project scenarios 

Questions (SG5)
RQ: Does Brooks’ Law need to be adapted to specific 
real-life scenarios? If yes, what are these scenarios?

Hypotheses (SG6)
This may be optional for characterization or exploratory 
studies. If you are supposed to test some, so it is 
mandatory

Metric

Question

Goal G1

Q1

M1 M2

Q2

M3

Match

Model Purpose

Study Goals



SBS Planning - Study Definition
Justification for Simulation (SG7)

● Experimenting with running 
software projects may be time and 
resource-consuming

● Experimenting with software 
projects in different personnel  
configurations is impractical

● Controlling amount of personnel is 
hard or unpredictable in the long 
run

● Making software projects later is 
risky and wastes resources

● …



SBS Planning - Model
Simulation Model (SG9) and its Validity (SG10)

Brooks’ Law

David G Chernoguz. 2011. The system dynamics of Brooks' Law in team production. Simulation, 87, 11 (November 2011), 947-975.

Validity Evidence:
● Conceptual validity (SG12)
● Model testing
● Face validity (SG11)

Model Assumptions (SG13)



Verification and Validation



Verification and Validation



Verification and Validation

de França, B.B.N.; Travassos, G.H. Are We Prepared for Simulation Based Studies in Software Engineering 
yet? CLEI eletronic journal, CLEIej,v. 16, n. 1, paper 8, April, 2013.



SBS Planning - Design
Experimental Design (SG15 and SG18)
Possible factors: rookie and veteran 
productivity, nominal productivity, entropy 
factor, mentors, time allocated for 
mentoring, individual learning time, 
milestone, schedule threshold, and 
staffing pulse. I.e., all the independent 
variables. What else (SG17)?

A full exploratory study would consider all 
these variables at different levels (SG16).

Here, let’s take the entropy factor and the 
staffing pulse as examples.

Number of Runs (SG19)
8, the same number of trials/scenarios as 
the model is deterministic.

Trial Staffing Pulse Entropy Factor

1 0 0.03

2 2 0.03

3 4 0.03

4 6 0.03

5 0 0.06

6 2 0.06

7 4 0.06

8 6 0.06



SBS Planning - Environment
Supporting Data (SG20)
Model equations and constants were calibrated but no 
data is available. No additional data required. So, 
neither SG21 (qualitative/contextual data) and SG22 
(calibration and datasets) could be applied.

Simulation Environment (SG23)
Vensim PLE 9.3.5
Notebook dell inspiron i7 
16Gb RAM



SBS Planning - Environment
Output Analysis (SG25)



SBS Planning - Environment
Output Analysis (SG25)



de França, B.B.N.; Travassos, G.H. Reporting guidelines for simulation-based studies in Software Engineering. Evaluation and 
Assessment in Software Engineering, Ciudad Real, Spain. 2012.

Reporting Guidelines for SBS
Identification
Study Definition

Context 
Problem
Goals
Questions
Hypotheses

Justification for Simulation
Background and Related Work
Simulation Model and its Validity
Participants
Experimental Design
Intermediate Runs
Supporting Data
Simulation Environment
Output Analysis
Threats to Validity
Conclusions and Future Work

Metric

Question

Goal G1

Q1

M1 M2

Q2

M3

Extension from Balci (1999): 
Cost, time and benefits
Observable phenomenon, 
high-order effects, risks, data 
availability.



Reporting Guidelines for SBS
Identification
Study Definition

Context 
Problem
Goals
Questions
Hypotheses

Justification for Simulation
Background and Related Work
Simulation Model and its Validity
Participants
Experimental Design
Intermediate Runs
Supporting Data
Simulation Environment
Output Analysis
Threats to Validity
Conclusions and Future Work

Procedure
Face Validity
Comparison to Reference Behaviors 
Comparison to Other Models
Event Validity
Historical Data Validation
Rationalism
Predictive Validation
Internal Validity
Sensitivity Analysis
Testing model structure and behavior
Based on empirical evidence
Turing Tests



Reporting Guidelines for SBS
Identification
Study Definition

Context 
Problem
Goals
Questions
Hypotheses

Justification for Simulation
Background and Related Work
Simulation Model and its Validity
Participants
Experimental Design
Intermediate Runs
Supporting Data
Simulation Environment
Output Analysis
Threats to Validity
Conclusions and Future Work

Scenario Factor 1 Factor 2 … Factor K

1 0 0 … 0

2 1 0 … 0

… … … … …
N 1 1 … 1



Reporting Guidelines for SBS

Real or artificial?

Identification
Study Definition

Context 
Problem
Goals
Questions
Hypotheses

Justification for Simulation
Background and Related Work
Simulation Model and its Validity
Participants
Experimental Design
Intermediate Runs
Supporting Data
Simulation Environment
Output Analysis
Threats to Validity
Conclusions and Future Work



Reporting Guidelines for SBS

Analysis against the literature
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