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ABSTRACT

Systems engineering is a multi-disciplinary approach to design, realize, manage and

operate a system, which consists of hardware, software, process and personnel. Engineers

and scientists from different domains often create domain-specific software artifacts -

systems models to describe phenomena in the process of system development. Systems

models are frequently tied to external instrumentation and devices that coordinate

experimentation and observation. The methodologies and tools that support systems

modeling often lack the capabilities that are found in software engineering environments

and practice, limiting the potential analysis capabilities that can be realized by the

software adopted in the system. Moreover, due to the different focus of interest, systems

engineers may lack systematic software engineering knowledge compared with software

engineers, creating a knowledge gap between systems engineers and software engineers.

To assist engineers in developing systems models, this dissertation first mined

systems engineers’ questions they post on the discussion forum to understand the challenges

and issues they face during the development of systems models. The examination results

show that systems engineers have a great number of questions and problems related to bad

smells in systems models. Motivated by this observation, the goal of my research is to

assist systems engineers with a better understanding of bad smells in systems models from

three aspects: 1) the summarization of bad smells in systems models; 2) the evaluation of

bad smells from systems engineers; and 3) the identification of prominent bad smells in

systems models. The work presented in this dissertation has informed the systems

engineering community by an empirical investigation of bad smells in systems models.
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CHAPTER 1

INTRODUCTION

Modern systems are composed of a set of hardware, software, data, procedures and

personnel. All of these elements work together to produce quality systems. Among of all

these elements, software now plays a major role in all enterprise systems. This chapter

first discusses the basic concept and major phases in systems engineering and software en-

gineering and their relationship. Following this is the examination of key challenges with

software engineering for systems engineering and briefly introduce how this dissertation

solves these challenges. Finally, this chapter outlines the main contributions of this disser-

tation and present the structure of this dissertation.

1.1 Systems Engineering

Systems engineering is a multi-disciplinary and integrative approach to design, im-

plement and operate systems. It guides “the engineering process so that the system can be

described in a way that can be implemented, and along the way, ensuring that it is meet-

ing the needs of the project” [52]. There are several groups of people involved in this pro-

cess: stakeholders who drive the high-level objectives of the system; project managers who

schedule the project, manage the risk and control the budget; and engineering specialists

who have specific domain knowledge (such as software engineers, mechanical engineers and

electrical engineers) responsible for designing and implementing the system.

The National Aeronautics and Space Administration (NASA) defined five phases in

a systems engineering life-cycle [162]. Figure 1.1 illustrates an overview of these five phases

in system development.

1



Figure 1.1: Systems Engineering Process (Adopted from [162]). R/A/C refers to Require-
ments, Architecture Design, Concept of Operation. SAITL refers to System Assembly,
Integration, Test and Launch.

1. Pre-Phase A. This phase is named as Concept Studies. The goal is to establish the

objectives of the system to be developed.

2. Phase A. Phase A is called Concept and Technology Development. In Phase A, sys-

tems engineers define systems requirements, architecture and manage the project

from different perspectives, such as project schedule, risk, budget and personnel.

3. Phase B. The name of Phase B is Preliminary Design and Technology Completion.

As the name suggests, in this step, systems engineers divide the system into several

smaller subsystems and establish a preliminary design with the specific requirements

for each subsystem.
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4. Phase C. Phase C is named Final Design and Fabrication. This phase implements

all the subsystems defined in the previous phase. Domain specialists, such as soft-

ware engineers, commonly plays an active role in this phase.

5. Phase D. Phase D is also known as System Assembly, Integration, Test and Launch.

In this phase, systems engineers and domain specialists work together to assemble

and integrate subsystems to create, test, verify, validate and deploy the final system.

1.2 Software Engineering

Software engineering is the application of systematic engineering approaches to soft-

ware development [95]. The goal of software engineering is to ensure the software built is

correct, reliable, and efficient.

A Software Development Life Cycle (SDLC, as shown in Figure 1.2) is a systematic

process to create software. The goal is to provide a structured flow of steps that assists the

production of high-quality, well-tested and ready-to-deploy software products. The SDLC

commonly consists of six stages:

1. The first stage is Requirements Analysis. Similar to the first stage in systems engi-

neering, requirements analysis (also known as requirements engineering) is to estab-

lish and manage requirements with stakeholders for the software to be built or modi-

fied.

2. The second stage is Planning. After the first step, the next phase is to document the

requirements clearly for stakeholder’s approval. This document is frequently referred

to as the Software Requirements Specification (SRS), which acts as a communication

bridge between stakeholders and software designers. The SRS plays an important

role in the software development practice and has been investigated heavily over the

past several decades [23] [87] [181].
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Figure 1.2: Software Engineering Life Cycle [8]

3. Architectural Design is the third step in a software development life cycle. This step

describe a software project from a high level of abstraction to establish the frame-

work for the development in the following phases. The architectural design includes:

• Architecture, such as overall design, industry practices;

• User Interface, such as input controls, navigation components and informational

components;

• Programming, such as programming paradigm and programming language;

• Security, such as the measures need to be taken to secure the application, stor-

age security.

4. The next step is Software Development. This is the actual implementation phase in

a software development life cycle. Based on the design documents from Architectural

Design, software developers code the software product.
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5. Testing is the fifth step in a software development life cycle. Software testing is vital

to verify and validate both functional and non-functional features scoped in a soft-

ware project. Common functional testing include unit testing, integration testing,

system testing and acceptance testing. Non-functional testing approaches include

security testing, performance testing and usability testing.

6. The last step in a software development life cycle is Software Deployment and Main-

tenance. Once the software is implemented and tested, the software deployment and

maintenance follow. In this stage, the software product is released formally into the

market. Maintenance and updates may be required as soon as the software deploy-

ment starts.

1.3 The Interweave between Systems Engineering and Software Engineering

Systems engineering and software engineering are highly intertwined. Software is

“fundamental to the performance, features, and value of most modern engineering systems.

It is not merely part of the system, but often shapes the system architecture; drives much

of its complexity and emergent behavior; strains its verification; and drives much of the

cost and schedule of its development” [138]. Software is central to modern computer-aided

systems (particularly cyber-physical systems), such as automotive, robotics, aeronautics

and astronautics. Table 1.1 presents lines of code in some computer-aided systems1.

One of the most common paradigms used in systems engineering is Model-Based

Systems Engineering (MBSE). It is an approach that uses models as a structured repre-

sentation of the system. The creation of systems models is frequently based on modeling

languages, which are used to “express information or knowledge or systems in a structure

1Data Source:
https://www.computerworld.com/article/2725085/curiosity-about-lines-of-code.html

https://www.visualcapitalist.com/millions-lines-of-code/

https://codeinstitute.net/blog/much-code-cars/
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Table 1.1: Lines of Code in Some Computer-Aided Systems

System Domain
Estimated

Lines of Code
Year

Apollo 11 Spaceflight 145,000 1969

Hubble Space Telescope 1,800,000 1990

F-22 Raptor Fight Jet 2,000,000 2005

Curiosity Mars Rover 2,450,000 2011

Flight Software in
Boeing 787 Dreamliner

Commercial
Jet Airliner

13,500,000 2011

F-35 Raptor Fight Jet 24,000,000 2013

Ford F-150
Model 2016

Pick-up Truck 150,000,000 2016

that is defined by a consistent set of rules”2 to interpret the components in a system. A

modeling language can be either domain-specific or general-purpose.

Domain-Specific Modeling (DSM) uses Domain-specific Modeling Languages (DSMLs)

to build software components for a system in a systematic manner. With a DSML, users

frequently build models with a range of abstraction levels and generate the code auto-

matically from the models. A Domain-Specific Modeling Language is commonly used in

domain-specific language environments, such as the LabVIEW modeling language [90]

developed by National Instruments3 in industry, CyPhyML (Cyber Physical Modeling

Language) [172] from Vanderbilt University used in the GME (Generic Modeling Envi-

ronment)4/WebGME5 in academia.

Geneal-Purpose Modeling (GPM), on the other hand, uses a general-purpose mod-

eling language to repersent the software components in a system. One of the most popular

general-purpose modeling languages is the Unified Modeling Language (UML) [149]. UML

adopts several diagrams to represent different views of a system, such as structural view

(such as class diagram which describes the attribute, methods and relationships among

2https://en.wikipedia.org/wiki/Modeling_language
3https://www.ni.com/en-us.html
4https://www.isis.vanderbilt.edu/Projects/gme/
5https://webgme.org/
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system’s classes) and behavioral view (such as sequence diagrams that depict the interac-

tions between objects, and an activity diagram that models the process and data flows in

each activity).

1.4 Key Challenges with Software Engineering for Systems Engineering

Although software engineering is central to systems engineering [24], researchers

have shown that there exists a knowledge gap between systems engineering and software

engineering [62] [165]. The very first challenge this dissertation pays attention to is what

software engineering related challenges do systems engineers face in the practice of systems

engineering.

To answer this question, systems engineers’ questions posted on an online discus-

sion forum were analyzed. With the combination of text classification and topic modeling

techniques, over 100,000 forum posts were examined and the results show that systems

engineers are concerned about bad smells (surface indications of potential problems) in

systems models. Motivated by this observation, my dissertation focuses on the following

questions:

• What bad smells do systems engineers face during the development of software arti-

facts when practicing systems models development?

• How do systems engineers evaluate the bad smells summarized in existing literature

and development practice?

• How to assist systems engineers in identifying the prominent bad smells during the

systems models development?

1.5 Scope of the Research

To address the existing challenges and answer the above-mentioned research ques-

tions, this section presents the scope of this dissertation with four subsections: under-
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standing systems engineers’ challenges, bad smells summarization from end-users, bad

smells empirical evaluation and the identification of complicated systems models.

1.5.1 Understanding Systems Engineers’ Challenges

Online discussion forums play an important role in building and sharing domain

knowledge. An extensive amount of information can be found in online forums, covering

every aspect of life and professional discourse. Online forums provide a unique way to

crowdsource current topics of interest within a community. A deep analysis of online dis-

cussion forums has benefits for individuals and society overall. This dissertation introduces

the application of supervised and unsupervised machine learning techniques to analyze fo-

rum questions. The investigation starts with supervised machine learning techniques to

classify forum posts into pre-defined topic categories. After this, this subsection introduces

unsupervised learning techniques to identify latent topics in documents. The combination

of supervised and unsupervised machine learning approaches offers deeper insights of the

data obtained from online forums to understand systems engineers’ challenges during the

development of systems models.

1.5.2 Bad Smells Summarization from End-Users

Bad smells are indications of potential problems with source code quality and have

been investigated deeply within the purview of Object-Oriented Programming (OOP).

However, there has not been much research conducted to understand bad smells within

the context of systems models. Moreover, the majority of bad smells in existing literature

have been suggested by experienced developers and researchers who may view “smells” dif-

ferently from inexperienced developers. To this end, this dissertation proposes BESMER,

a project that categorizes bad smells in systems models by mining discussion forum posts

of end-users of a specific systems modeling tool. Specifically, BESMER describes how its

three-level discovery mechanism based on machine learning techniques assisted this study

in finding bad smells from the LabVIEW online discussion forum. The experimental re-

sults not only confirm that end-users also encounter the bad smells proposed by experts,
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but also reveal new bad smells for LabVIEW models. This subsection also presents some

implications discovered from the examination of user posts and list areas of future work

based on current findings. This study is the first attempt to investigate bad smells from an

end-user’s perspective within the context of systems models.

1.5.3 Empirical Evaluation of Bad Smells in Systems

Compared with extensive research on bad smells in the context of OOP (code smells),

bad smells in systems models (model smells) need much more investigation. Although

some works have proposed several model smells in a few modeling domains, the under-

standing and perception of different types of model smells may vary due to depth of knowl-

edge and area of expertise. To fill this gap, I conducted an empirical study to evaluate the

model smells summarized in the existing literature within the context of LabVIEW sys-

tems models through an anonymous online survey. Based on the 45 complete responses

received from a diverse group of systems modelers, I observed that there exist differences

regarding the perception of various model smells. Furthermore, depth of knowledge (expe-

rienced and inexperienced users) was observed as a factor that affects a user’s understand-

ing of different model smells. However, area of expertise (academia/industry, as well as do-

main of focus) did not show significant difference in model smells perception. Moreover,

this study identified additional model smells from this empirical study. This work also

provides several recommendations to avoid common model smells and the lessons learned

from this investigation. This dissertation provides empirical evidence that drives deeper

insights into model smells and lays out recommendations to practitioners on how to avoid

some of the prominent smells, thus improving the quality of software artifacts in systems

models.

1.5.4 Identification of Complicated Systems Models

LabVIEW is a leading modeling tool in the realm of systems engineering. Although

LabVIEW is widely used in various fields, such as industrial design, academic research,

and engineering education, rare attention has been paid to the quality of the systems model
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it builds. Few researchers have analyzed the quality of LabVIEW systems models. To fill

this gap, this dissertation introduces a metrics suite for LabVIEW systems models to as-

sist the characterization of model complexities from different aspects. The metrics in the

proposed suite ware theoretically validated using Weyuker’s validation [184]. A proof-of-

concept prototype was implemented and the metrics suite was applied to 10 LabVIEW

models from GitHub to empirically evaluate its suitability to support the description of

complexity analysis of LabVIEW models. This examination leads to a better understand-

ing of the complexity residing in systems models via metrics analysis, thus making a con-

tribution to improving the quality of systems models built within the LabVIEW environ-

ment.

1.6 Main Contributions of this Dissertation

The main outcome of this dissertation is the investigation of bad smells in systems

models. To achieve this goal, I analyzed user forum posts using machine learning tech-

niques, empirically evaluated the bad smells summarized from user posts and proposed

methodologies to assist in the identification of the most severe bad smells based on the

empirical evaluation. To be more specific, the contributions of this dissertation are:

1. Bad Smells Summarization from Mining End-User’s Posts.

• Discovery of new bad smells from end-user’s perspective;

• Understanding the similarities and differences between bad smells in systems

models and bad smells in OOP languages.

2. Empirical Evaluation of Bad Smells in Systems Models.

• Understanding bad smells in systems models based on the end-user’s percep-

tion;

• Investigation of the perceived differences of bad smells between participants

with diverse experience and areas of expertise;
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• Identification of additional bad smells in systems models from systems engi-

neers.

3. The proposal of a metrics suite to identify complicated systems models.

• Proposing a complexity metrics suite for the understanding of the complexity of

LabVIEW systems models;

• A theoretical validation of the proposed metrics suite;

• An empirical evaluation of the proposed metrics suite.

1.7 Structure of the Dissertation

This chapter introduced the concepts of systems engineering, software engineering

and the connection between systems engineering and software engineering. The following

were the key challenges related to software engineering in the development practice of sys-

tems engineering. This chapter then discussed the scope of research in this dissertation

and the main contributions of this research.

The remainder of this dissertation is organized as follows: Chapter 2 introduces the

background knowledge, including Model-Based Systems Engineering, LabVIEW systems

models and bad smells. Chapter 3 describes the empirical study of mining end-user forum

posts from the modeling community with the help of machine learning techniques and how

the results of this empirical study motivated the following research. Chapter 4 describes

the methodology of bad smell summarization from mining forum posts. Chapter 5 outlines

the empirical evaluation of bad smells through an online survey, and Chapter 6 describes

the identification of the most prominent bad smell based on the result of previous exami-

nations. Chapter 7 discusses future research directions, and Chapter 8 concludes this dis-

sertation.
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CHAPTER 2

BACKGROUND

This chapter provides some basic background for understanding the research con-

ducted in this dissertation. The introduction starts with the concept of Model-Based Sys-

tems Engineering (MBSE), as well as two popular tools used in MBSE: LabVIEW and

Simulink. This chapter also provides an introduction of bad smells, which is a main re-

search focus in this dissertation.

2.1 Model-based Systems Engineering

Model-Based Systems Engineering (MBSE) is “the formalized application of mod-

eling to support system requirements, design, analysis, verification and validation activ-

ities beginning in the conceptual design phase and continuing throughout development

and later life cycle phases” [130]. Model-based systems enable engineering teams to “un-

derstand design change impacts, communicate design intent and analyze a system design

before it is built”1.

Systems models play an important role in the context of MBSE. Systems modeling

takes an active part not only in domain analysis, but also in other phases of software de-

velopment, such as requirements analysis and product validation. Constructing a concise

and accurate system model is central to software development in many domains, particu-

larly cyber-physical systems that are tied to instruments and external devices.

There are different types of system models. A function model is a “structured rep-

resentation of the functions (activities, actions, processes, operations) within the modeled

system or subject area” [155]. The purpose of function models is to describe the function

1https://www.jrcisi.com/model-based-systems-engineering-mbse-programs
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and process in a system. An architecture model is a conceptual model that describes the

structure and views of a system. Compared with a function model, the architecture model

focuses on the external presentation of the system. The formalization of system architec-

ture models has been proposed by several researchers. These languages are called Archi-

tecture Description Languages (ADLs) [42] [112]. A Business Process Model (BPM) is a

system model used in business process management. It is the graphical representation of

a business process or workflow. A BPM model usually consists of two states: the current

state of the process and the state after making changes or improvements. A Gantt chart

[60] is the first business process model dating back to 1910s. UML activity diagrams are

also widely used as BPMs for business management [53]. An activity diagram could model

both computational and organizational processes, as well as data flows in these activities.

This section discusses two popular systems modeling tools: LabVIEW and Simulink.

2.2 LabVIEW

Laboratory Virtual Instrument Engineering Workbench (LabVIEW), developed by

National Instruments, is a systems development environment using a visual programming

language2. It follows a graphical programming paradigm which enables systems engineers

to visualize every aspect of the system development, such as hardware configuration, and

data measurement. LabVIEW also enables the integration of measurement hardware from

any vendor while representing complex logic on the system model diagram. A systems en-

gineer can also develop domain-specific algorithms and design customized user interfaces in

LabVIEW.

There are three reasons why LabVIEW systems models were selected as the re-

search focus:

1) Extensive Usage. As one of the leading industrial modeling tools, more than

35,000 companies/organizations worldwide use LabVIEW today [54]. It is widely used in

2https://www.ni.com/en-us/shop/labview.html
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different areas (such as systems design and production test) across various fields, including

aerospace, automotive, energy and semiconductor industries.

2) Limited Research. Although there is a large user base, the research literature

reporting investigations into LabVIEW systems modeling is limited. Moreover, most Lab-

VIEW users are engineers who may lack knowledge in software engineering, thus increas-

ing the possibility of introducing poor designs during the systems development.

3) National Instruments Collaboration. My lab is currently collaborating with Na-

tional Instruments, which helps to contact experts to gain more insights from LabVIEW

professionals when conducting this research.

LabVIEW models are also referred to as Virtual Instruments (VIs). Each VI con-

sists of two main components: a front panel (front-end) acting as the user interface for a

model and a block diagram (back-end) containing the graphical source code for a model.

2.2.1 Front Panel

A front panel is the user interface for a VI. It consists of Controls and Indica-

tors. Controls are analogous to instrument input - they provide data to the block diagram

of a VI. Common controls include strings, arrays, and numeric numbers. Similarly, indica-

tors simulate the output of a system - they display results generated by the block diagram.

Indicators are typically charts/graphs, numeric numbers, and LEDs. In LabVIEW, all the

controls and indicators are provided in the Control Palette. A full supply list of controls

and indicators in the control palette can be found in the LabVIEW online manual3. Figure

2.1 shows an example of the front panel in a VI.

The front panel shown in Figure 2.1 represents the result of the comparison of two

strings. In Figure 2.1, there are four controls (i.e., x, y, m and n, marked in purple boxes

in Figure 2.1). These four controls are four string inputs to be compared. There are two

indicators (marked in blue boxes in Figure 2.1). These indicators are two Boolean LED

lights which a green light indicates two strings are the same while a red light indicates

3http://zone.ni.com/reference/en-XX/help/371361R-01/lvconcepts/fp_controls_indicators
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Figure 2.1: An Example of a VI’s Front Panel

they are not. All the controls and indicators used in a front panel are pre-defined by Lab-

VIEW and stored in the Controls Palette (marked in the red box in Figure 2.1). Lab-

VIEW enables users to build a front panel by simply dragging and dropping different con-

trols and indicators from the controls palette.

2.2.2 Block Diagram

A block diagram acts as the back-end of a VI. It contains the graphical source code

of a LabVIEW program. Indicators and controls from the front panel are presented as

terminals in the block diagram. To process system inputs, LabVIEW uses different blocks.

There are three main types of blocks:

1. Function Blocks. A function block shows what the code does. The function palette

provided by LabVIEW offers various functions arranged in groups based on the func-

tion type. For example, in a Math function palette, users can find functions from ba-

sic mathematical operations such as summation, as well as complicated calculations

such as solving ordinary differential equations.
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2. Structure Blocks. A structure block controls how and when the code runs. The struc-

tures in LabVIEW share the same concept with other programming languages. For

example, a loop structure repeats the code inside of it until some condition is met;

a case structure indicates a decision needs to be made to execute different pieces of

code. Similar to function palettes, structure palettes are also provided within the

LabVIEW environment to help users control their program flows.

3. SubVIs. A SubVI is a function defined by end-users instead of pre-defined functions

by the LabVIEW environment. It is similar to a subroutine in textual programming

languages. SubVIs are also VIs, which means that they also contain front panels and

block diagrams.

LabVIEW programming follows a data-flow programming [180] style. The execu-

tion of a block diagram happens after receiving all the required inputs. After processing,

the output data is transferred to the next block. The flow of the data determines the order

of program execution. In a block diagram, wires are used to transfer the data and specify

the direction of the data flow. Figure 2.2 shows the block diagram corresponding to the

example shown in Figure 2.1.

In Figure 2.2, there are six terminals (marked in blue boxes): four string termi-

nals and two Boolean terminals which correspond to the four controls and two indica-

tors in Figure 2.1, respectively. The yellow box in Figure 2.2 shows the compare function

provided by the function and structure palette (marked in the red box). The dotted

magenta and green lines in the block diagram are wires that are used to transfer data be-

tween different blocks.

2.2.3 Simulink

Simulink is a system modeling tool developed by MathWorks4. It is a graphical In-

tegrated Development Environment (IDE) for modeling, simulating and analyzing systems.

4https://www.mathworks.com/products/simulink.html
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Figure 2.2: An Example of a VI’s Block Diagram

Simulink is used in many scientific disciplines, such as automatic control [97], signal pro-

cessing [82] and model-driven engineering [25]. Beyond academic research, Simulink is also

widely adopted in industry (e.g., Boeing, Lockheed Martin, and General Motors).

Simulink adopts a graphical block diagramming interface. The Simulink library

offers many systems modeling functions, such as math operations, string operations and

control operations. A full list of functions integrated in this library can be found at the

Simulink official website5. Figure 2.3 shows a simple example Simulink model which com-

pares two strings. A Simulink model consists of four components: input (source), function

block, output (sink) and connector. An input port is the input to the system, it can be

a number, string, signal, or a wave. In Figure 2.3, the two constant strings “UserName”

and “username” are the system input. A function block is the block where users process

data. In Figure 2.3, the middle block which is shown as “Abc” ==“Abc” is the compari-

son function block.

5https://www.mathworks.com/help/simulink/block-libraries.html
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Figure 2.3: An Example of a Simulink Model

Integrated function blocks act as a “black box” in a Simulink model - users do not

need to consider the implementation detail in function blocks, such as the String compar-

ison function block shown in Figure 2.3. Simulink provides more than 300 function blocks

in its library for different data processing needs. Simulink also supports user-defined func-

tion blocks. An output port is the result of the system. The result could be a number, a

string, a Boolean value (like the example shown in Figure 2.3), an expression or a signal.

For simulation systems with time constraints, Simulink provides the observation of sys-

tem simulation at run-time to users. The connector is the component that connects all the

blocks together in a model. The arrows represent the data flow direction.

2.3 Bad Smells

A bad smell (also known as code smell) is any characteristic in the source code of a

program that possibly indicates a deeper problem [57]. Researchers have shown that bad

smells cause deeper frustration to programmers [189] and take 32% longer to debug [190].

Since the term was first coined in the context of OOP [57], numerous studies have been
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conducted to analyze bad smells from different perspectives, such as their causes [178], ef-

fects [153], summarization [159], and refactoring [1].

Bad smells are common in software development practice. For example, Dupli-

cated Code is a bad smell which represents a portion of code that is duplicated, or cloned,

in many different locations across source files. There are multiple reasons leading to the

occurrence of duplicated code, such as copy-and-paste programming [89], or “add new fea-

tures or to fix bugs” [15]. Listing 2.1 shows a piece of Java code which contains duplicated

code.

1 pub l i c c l a s s MyClass{

2 pub l i c i n t add i t i on ( ) {

3 i n t a = 0 ;

4 i n t b = 1 ;

5 a++;

6 b++;

7 r e turn a+b ;

8 }

9 pub l i c void p r i n t ( ) {

10 i n t a = 0 ;

11 i n t b = 1 ;

12 a++;

13 b++;

14 System . out . p r i n t l n ( a+b) ;

15 }

16 }

Listing 2.1: Duplicated Code Example in Java

The above code snippet shows that Line 3 to Line 6 and Line 10 to Line 13 repeat

the same piece of code executing the same functionality. Code that is duplicated may in-
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crease the time and effort during maintenance due to the implicit coupling of the source

code. Another common bad smell is Dead Code which is defined as “a section in the

source code of a program which is executed but whose result is never used in any other

computation” [48]. Listing 2.2 shows an example of this bad smell. In Listing 2.2, Line 2 is

executed but not used in the function. The execution of dead code increases the program

computation complexity and wastes computer memory. Moreover, even the result of the

execution of a piece of dead code may never be used, it may lead to program exceptions

and introduce bugs.

1 pub l i c i n t add{

2 i n t z = x ∗ y ;

3 r e turn x + y ;

4 }

Listing 2.2: Dead Code Example in Java

Bad smells in models (also know as “model smells”) have been introduced by Arendt

[12] to detect design flaws in models created within the Eclipse Modeling Framework (EMF)

[169]. Model smells share some similarities with bad smells in OOP, but some smells apply

to models only. For example, a counterpart of duplicated code is the model smell called

Duplicated Model Part, which indicates a repetition of a model element across multi-

ple locations in a model. On the other hand, there are some smells that only exist in the

context of models. In textual languages, the execution follows a top-to-bottom order. In

graphical models, however, execution flow often needs to be specified explicitly, using di-

rectional wires and arrows. Model smell Unorganized Wires [195] suggests that the wire

used to connect different model components is untidy and unordered, thus increasing the

difficulty to understand a model. This smell is an example of a model smell that does not

have a corresponding bad smell in OOP.

Another LabVIEW-specific bad smell is No Wait In a Loop. As the name sug-

gests, this bad smell means that there is not a Wait function in a loop, which may lead
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Figure 2.4: A LabVIEW Systems Model Without a Wait Function [35]

Figure 2.5: A LabVIEW Systems Model With a Wait Function [35]

to synchronization issues and unresponsive front panel elements [35]. Figure 2.4 shows a

block diagram without a wait node and Figure 2.5 shows the same block diagram after

adding a Wait function (red box in Figure 2.5).

Compared with numerous investigations of bad smells in OOP, limited work has

been conducted to address the bad smells in systems models in the context of MBSE, es-

21



pecially for LabVIEW system models. Chambers and Scaffidi first identified bad smells in

LabVIEW models through an interview with 13 LabVIEW application engineer specialists

who had about five years of LabVIEW experience [34] .

Although Chambers and Scaffidi identified several bad smells in LabVIEW systems

models, there are several limitations to their work. First, all of the bad smells summarized

in their work are related to performance only. Other bad smell types, such as structural

bad smells in a systems model, are not considered in their work. Second, the study was

conducted among 13 experts who had many years’ of experience with using LabVIEW. It

is difficult to generalize their findings. For example, do other end-users (such as college

students who have zero experience using LabVIEW) have the same challenges as expe-

rienced users? The paper failed to provide an evaluation of their summarization from a

general perspective.
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CHAPTER 3

MINING FORUM POSTS TO UNDERSTAND MODELING CHALLENGES

This chapter introduces the application of supervised and unsupervised machine

learning techniques to analyze discussion forum questions. This chapter starts with super-

vised machine learning techniques to classify forum posts into pre-defined topic categories.

As a supporting technique, web scraping is also discussed in this chapter to gather data

from an online forum. After this, unsupervised learning techniques to identify latent topics

in documents are discussed. Motivated by the results of the combination of supervised and

unsupervised machine learning approaches, this chapter also presents the research ques-

tions that lead to the investigations in this dissertation.

3.1 Introduction

An online discussion forum is a website where various individuals from different

backgrounds can discuss common topics of interest in the form of posted messages. Online

discussion forums are useful resources for sharing domain knowledge. The discussion fo-

rums can be used for many purposes, such as sharing challenges and ideas, promoting the

development of community, and giving/receiving support from peers and experts. Several

researchers have identified benefits of online discussion forums from different aspects, such

as education [86], individual and society development [133], and socialization [7].

To understand the issues and challenges faced by systems engineers during the de-

velopment of a systems model, user posts from the LabVIEW online discussion forum were

collected. The LabVIEW discussion forum has very rich resources for text summarization

because most of the user-generated content in the forums is text-based. This study applied
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text classification based on supervised machine learning techniques and topic modeling

based on unsupervised machine learning techniques to the large collection of LabVIEW

forum posts [197]. After downloading post questions through web scraping, supervised

machine learning techniques were used to classify all the questions into four categories

(i.e., “program,” “hardware,” “tools and support” and “others”). I compared three pop-

ular methods, including Multinomial Näıve Bayes [110], Support Vector Machine [176] and

Random forest [26]. After this, this dissertation applied unsupervised machine learning

technique - Latent Dirichlet Allocation (LDA) to delve into the largest category (“pro-

gram”) to find subtopics. The results show that users are most concerned about bad smells

in systems models.

These findings serve as motivation for the following research. By applying text

summarization techniques to extract online discussion forum key information, I discovered

the challenges and problems faced by systems engineers based on the analyses of summa-

rization results, which give direction toward future areas of investigation for the modeling

community.

This chapter is structured as follows: Section 3.2 first introduces the process and

technical details of supervised machine learning techniques in the context of text classifi-

cation. After this, the LabVIEW discussion forum is used as a case study to introduce the

empirical experiment that demonstrates how to apply supervised machine learning tech-

niques to classify posts with predefined categories for the LabVIEW forum. In Section 3.3,

unsupervised machine learning algorithms are first presented, followed by the empirical ap-

plication of unsupervised machine learning techniques in gaining subtopics of LabVIEW

posts in a specific category. The implications of this investigation are offered in Section

3.4.
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3.2 Text Classification

Text classification is the process of assigning a set of predefined categories to text.

Text classification is the heart of many applications, such as spam filtering [93], sentiment

analysis [30] and readability assessment [115].

Text classification has been a popular research topic over the past decade. Nenkova

and Mckeown [127] surveyed several text summarization techniques from the perspective

of different phases involved in the summarization process. A different summarization ap-

proach is described by Altınel and Ganiz [9]. In their work, they divided text summariza-

tion into two major categories: traditional text summarization and semantic text summa-

rization.

Traditional text classification: Traditional text summarization is based on the

concept of Bag-of-Words (BoW) [151]. This classification technique separates documents

into individual words and it only cares about their corresponding frequencies in a docu-

ment. The information about word locations is discarded during the process of classifica-

tion.

Semantic text classification: Semantic text classification tries to overcome the

shortcomings in traditional text classification techniques by including semantic relations

between words. Altinel and Ganiz [9] summarized five approaches for semantic text sum-

marization:

• Domain knowledge based approaches : techniques that classify documents based on

common knowledge bases (such as Wikipedia);

• Corpus-based approaches : similar to domain knowledge based approaches, but based

on a training corpus instead of knowledge;

• Deep learning based approaches : text classification based on deep learning method-

ologies, such as Convolutional Neural Networks (CNNs) [96] and Recurrent Neural

Networks (RNNs) [150];
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• Word/character sequence enhanced approaches : string-matching techniques are ap-

plied to find string sequences in a document;

• Linguistic enriched approaches : lexical and syntactic rules are applied to extract key

information compared with other approaches.

This chapter focuses on text classification analysis based on an existing corpus.

This study applied machine learning techniques to analyze a corpus to predict new doc-

uments. In general, text classification based on machine learning techniques includes four

steps:

Step 1: Data Pre-processing

Step 2: Feature Extraction

Step 3: Model Training

Step 4: Model Evaluation

Using the model obtained from Step 3, predictions on new data can be achieved.

This section first describes these four steps in detail. At the end of this section, the case

study from the LabVIEW modeling community is introduced as an example application of

how these techniques are applied in a real scenario.

3.2.1 Data Pre-Processing

The first step is to refine the text in the dataset to remove noise and errors. In the

text that is mined from a discussion forum, there are several characters (such as ‘[’and ‘/’)

and words (such as ‘I’ and ‘we’) that are meaningless and not important for extracting

the key information. To remove these characters, a common approach is to convert these

characters into their corresponding Unicode characters. These Unicode characters will be

removed when they are recognized. After removing meaningless characters, tokenization,

a technique that breaks sentences into pieces (these pieces are called tokens) is applied to

the text data. Tokens can be individual words or phrases. Usually, tokens are individual

words. In this step, two operations are needed: stemming (e.g., converting words into com-
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mon bases, such as ‘windows’ to ‘window’) and filtering (e.g., dropping stop words like ‘a’,

‘an’ and ‘the’).

3.2.2 Feature Extraction

After data cleaning, each document consists of a sequence of tokens (or symbols).

In order to apply machine learning algorithms to these documents, the first step is to rep-

resent the sequence of tokens in each document as a numeric feature vector, which is rec-

ognizable for machines. One simple way to extract features is to use a word-document fre-

quency matrix [194]. In this approach, the frequency of occurrence of each word is used

as a feature for training a classifier. A more prevalent approach is TF-IDF [85], which is

a measure that adopts two statistical methods - Term Frequency (TF) and Inverse Docu-

ment Frequency (IDF). TF is the total number of times a given term appears in the text,

and IDF measures the weight of a given word in the entire text. It is a measure of how

much information the word provides. TF-IDF is the product of term frequency and in-

verse document frequency. There are several schemes for calculating TF and IDF [106].

Recently, Word2Vec [100] based on deep learning has become increasingly popular.

3.2.3 Model Training

The third step of the technique is to apply machine learning algorithms to train the

machine to build the classification model. The training process starts with a manually la-

beled training set, whereby each document is manually labeled into predefined categories.

The machine then learns a classification model that can automatically predict the class

label of a new text document. A test set of documents are often used to verify the accu-

racy of the classifier. There are various techniques that can be used for text classification.

This section introduces three widely used algorithms for text classification: Multinomial

Näıve Bayes [110], Support Vector Machines [176] and Random Forest [26]. The reason

why these three algorithms were chosen is because they are easy to implement and demon-

strate relatively good classification results.
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Multinomial Näıve Bayes

Multinomial Näıve Bayes classifier is a probabilistic algorithm based on Bayes’ Theorem

[18]. It is a widely adopted algorithm in Natural Language Processing (NLP), such as

text classification, spam email detection, and sentiment analysis. Because of the nature

of Bayes’ Theorem, one precondition is assumed when applying Näıve Bayes classifiers: All

features are conditionally independent given the underlying class category. Bayes’ Theo-

rem states that:

P (C | X) =
P (X | C)× P (C)

P (X)
(3.1)

where C represents one category of the text and X is one feature of the text. P (C|X) is

called posterior probability, which is the statistical probability of the category for a

given document based on its numeric feature. P (X|C) is called likelihood. It means that

for a given category, the probability of feature X occurs. P (C) and P (X) are called prior

probability. P (C) is the probability of the occurrence of category C in the documents

and P (X) is the probability of the occurrence of feature X in the document. Based on

this theorem, given an instance with feature X1, X2 . . . Xn, the possibility of this instance

belonging to category Ck is defined as:

P (Ck | X1, X2, · · ·Xn) = P (Ck)× P (X1 | Ck)× P (X2 | Ck)× · · · × P (Xn | Ck) (3.2)

Equation 3.2 is known as a Bayes Classifier. Multinomial Näıve Bayes means

that in the above equation, P (Xn | Ck) is a multinomial distribution. Multinomial

distribution is a generalization of the binomial distribution. The difference between

binomial distribution and multinomial distribution is that in binomial distribution, one

event only has two outcomes (for example, tossing a coin only produces two possible re-

sults: heads or tails) while in multinomial distribution, one event has several possible out-
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comes (such as rolling a die). The formula of multinomial distribution is defined as:

p =
n!

n1!×n2!× · · · × nk!
× (pn1

1 × pn2
2 × · · · × p

nk
k ) (3.3)

where n1 + n2 + · · · + nk = n. For example, suppose there is a question like this: Tossing

a die 3 times, what is the possibility of getting the number 3 one time and number 4 two

times? In this example, a die is tossed three times, thus n = 3. Number 3 is expected to

show up one time and number 4 two times, thus n1 = 1, n2 = 2. In each toss, the possi-

bility of getting any number (1 to 6) is equal, thus p1 = p2 = 1
6
. Following the formula

defined in 3.3, the possibility of getting the number 3 one time and number 4 two times is:

p = 3!
1!×2! × (1

6

1 × 1
6

2
) ≈ 0.0138.

In Multinomial Näıve Bayes, the algorithm configuration is related to the setting of

the smoothing parameter (which is usually called α). When α is set to 1 (also known

as Laplace Smoothing [94]), it means 1 is added to each word count. When α is set to 0

(also known as Lidstone Smoothing [99]), 0 is added to each word count. In the follow-

ing discussion throughout this chapter, α = 1.

Support Vector Machine

A Support Vector Machine (SVM) [176] is a supervised machine learning algorithm that

is widely used in classification problems. Similar to Multinomial Näıve Bayes, data pre-

processing techniques, such as data cleaning and feature extraction, are executed as the

first step in SVM. However, unlike calculating the frequency of each feature in the doc-

ument in Multinomial Näıve Bayes, SVM plots each feature vector as an n-dimensional

point (where n is the number of total features ) with the value of each feature correspond-

ing to the value of a particular coordinate. Then, SVM performs classification by finding

the hyperplane that separates points from the different classes (“support vectors” are the

points near the boundary hyperplane). Thus, the core problem of learning an SVM classi-

fier is to find the best separation hyperplane.
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Figure 3.1: Two Categories Containing Different Data Points (Adapted from [49])

This section will illustrate SVM with a simple example (adapted from [49]). Sup-

pose there are two categories (represented by a blue triangle and orange circle) and the

data has two features (x and y). Figure 3.1 shows this example. There are several pos-

sible hyperplanes that can be used to separate points from these two categories (such as

the dotted black line and bold black line in Figure 3.2). Research has shown that the hy-

perplane with largest margin (shown in the bold black line) is the best [83]. For a dataset

that inseparable in 3.2 dimensional space, SVM transforms the data to a higher dimension

to do separation. Figure 3.3 shows such a situation.

For a dataset with n features (in other words, a dataset in an n-dimension), SVM

finds an n − 1 dimension hyperplane to separate it. When data is not linearly separa-

ble, SVM transforms an initial dataset to a higher dimensional dataset where it becomes

separable. However, it is almost impossible to try out all of the transformations from a

lower dimension to a higher dimension. To solve this issue, SVM computes the pair-wise

dot products. For a given pair of vectors and a transformation into a higher-dimensional

space, there exists a function (which is known as a kernel function) that can compute

the dot product in a higher-dimensional space without explicit transformation. This is
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Figure 3.2: Possible Separations of Two Categories (Adapted from [49])

Figure 3.3: Convert Inseparable Data in 2D Space to 3D Space (Adapted from [50])
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called kernel tricks, which reduce computational complexity and makes SVM feasible

for use with high dimension datasets [77].

The algorithm configuration for SVM is more complicated than Multinomial Näıve

Bayes. There are several parameters used in SVM, such as a penalty parameter, kernel

function type, shrinking heuristic, and kernel size. There are two important parameters for

SVM: penalty parameter and kernel function type.

Penalty parameter (or complexity parameter) shows the tolerance of error. The

larger the value of the penalty parameter, the less error tolerance for the algorithm. Over-

fitting is more likely to happen with higher values of a penalty parameter. On the con-

trary, a smaller penalty parameter value offers more tolerance of error and under-fitting is

more likely to happen. The kernel function type refers to which kernel is to be used by an

SVM engine. Common kernel functions include linear kernel, poly kernel and RBF (Radial

Basis Function) kernel. The penalty parameter was set to 1 and linear kernel was adopted

as the kernel function in the experiment in this dissertation.

Random Forest

Random Forest [26] is a supervised machine learning technique based on decision trees.

A decision tree is a tree-like structure where internal nodes represent a test condition on

a feature attribute. The answer for the test is binary (only “yes” or “no”) or multi-way.

Each leaf is a final predicted class. When using a decision tree to classify text, it starts

from the root, and selects a sub-branch based on the test result on the root node. This

decision process is repeated until a leaf node is reached, where a class is predicted. Figure

3.4 is a decision tree showing a simple post classification strategy (the number below each

category indicates the prediction probability).

A random forest classifier is an algorithm based on the ensemble of decision trees.

It involves learning a collection of decision trees to make a final prediction based on vot-

ing. The random forest algorithm first creates several decision trees randomly to evaluate
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Figure 3.4: An Example of Classification Strategy Based On Decision Tree

the performance of each decision tree constructed and then averages the results to improve

the predictive accuracy.

The algorithm configuration for random forest is closely related to the setting of

random trees. In general, two parameters are crucial to the performance of random forest.

First, the depth of each tree is important. A deep tree may increase the prediction accu-

racy, on the other hand, it may increase the calculation time. Second, the number of max

features is critical, which decides how many attributes a tree uses every time a subtree is

created. The higher value this parameter holds, the more attributes a tree has. Usually,

increasing this value could improve the performance of a random forest. Similarly, it also

increases the running time. In the experiment conducted in this dissertation, unlimited

tree depth and log10
Number of Feature

2
as the max number were assigned to each tree in the

forest.

3.2.4 Model Evaluation

Evaluation Approaches

The most dominant way to evaluate the model built from a machine learning algorithm in

the context of text classification is to apply K-fold Cross Validation [91], which divides

the training data into K parts equally. Suppose K = 10 and these 10 parts are labelled
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as A, B, C, D, E, F, G, H, I, J. In the first iteration, part A through part I are used as

training datasets (nine parts in total) and use part J as a testing dataset. In the second

iteration, part B through part J become training datasets and part A becomes a testing

dataset. Following this pattern, there will be 10 iterations in total. Evaluators calculate

the average value for these 10 iterations as the final evaluation result. The reason why K-

fold cross validation is applied is because cross-validation is a good evaluation technique

when there are no sufficiently large training and testing sets [170].

Evaluation Metrics

There are several evaluation metrics in the context of text classification problems. The

most basic and simple one is Accuracy, which can be defined as:

Accuracy =
Number of Correct Predictions

Total Predictions
(3.4)

Another metric is Receiver Operating Characteristic (ROC) curve, which is a

plot that is used in a binary classification. The ROC curve represents a model’s ability to

discriminate between positive and negative classes. In an ROC curve, an area of 1.0 means

a perfect prediction and 0.5 represents a model that is equivalent to a random guess.

Another frequently used metric is called the Confusion Matrix (also known as

Error Matrix). It is an evaluation metric that presents the accuracy of a model with two

or more categories. A confusion matrix takes the following form:

True Positive (TP) means that an instance is predicted as positive and the pre-

diction is true (e.g., a post related to “program” is predicted as “program” correctly).

Similarly, True Negative (TN) means that an instance is predicted negative and the pre-

diction is true (e.g., a post not related to “program” is not predicted as “program”). False

Positive (FP, also known as Type 1 Error) indicates that an instance is predicted pos-

itive, but it is negative. For example, a post is related to “hardware,” but it is predicted

as “program.” False Negative (FN, also known as Type 2 Error) indicates that an in-
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Table 3.1: Confusion Matrix
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stance is predicted negative, but it is positive. For example, a post related to “program,”

but it is predicted as “hardware.”

Precision, recall and F-measure are widely used metrics in performance evaluation.

Precision (also called positive predictive value) is the “fraction of relevant instances

among the retrieved instances” [10]. It usually refers to the accuracy of the result. It is

defined as:

Precision =
TP

TP + FP
(3.5)

Recall (also known as sensitivity) is the “fraction of relevant instances that have

been retrieved over the total amount of relevant instances” [10]. It usually refers to the

completeness of the prediction result. Recall is defined as:

Recall =
TP

TP + FN
(3.6)

Combining the measurement of Precision and Recall, a metric that evaluates the

correctness and completeness at the same time can be obtained. This metric is called the

F-measure (also known as F-score), which is defined as:

F-measure =
2× Precision×Recall
Precision+Recall

(3.7)
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3.2.5 Text Classification for LabVIEW Modeling Community

This section presents the empirical text classification based on the posts mined

from the LabVIEW discussion forum. The section first introduces web scraping – a tech-

nique used in this experiment to obtain the textual data from the forum. Following this, a

discussion is given on how supervised machine learning techniques are applied to find post

distribution among predefined categories. The experimental result is given based on the

empirical investigation in the end of this section.

Data Source and Pre-Processing

Web Scraping

Web scraping is the process of automatically mining data to collect information

from a rendered web page. There are several techniques for web scraping, ranging from

manual examination to fully automated approaches [119] [125]. The most naive approach

for web scraping is human copy-and-paste. However, this approach requires much human

effort when the dataset is large. One of the most popular approaches for web scraping is

based on parsing text represented as HTML (Hyper-Text Markup Language). This sec-

tion focuses on HTML parsing. In general, web scraping based on HTML parsing for an

online discussion forum consists of three main parts:

• Data Acquisition. This step builds a connection between a client and a website. It

uses an HTML request library or a headless browser (i.e., a web browser without a

graphical user interface). A popular method for data acquisition is to use a Node.js

request-promise module [164]. There are several tools supporting this method, such

as Puppeteer [46] and PhantomJS [20]. By sending a request to the URL of a web-

site, this method receives a promise that specifies the format of the returned object.

A client will receive the raw HTML format from the web page if the connection is

built successfully.
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• Source Inspection. This step finds the exact pattern/tag a client is looking for in

the HTML code. Most current web browsers support the inspection of the source

code of a web page. An HTML selector is often used to locate the target element

and extract HTML and text within the selected element.

• Data Parsing. The last step is to parse the HTML by calling handler methods

when start tags, end tags, text, comments, and other markup elements are encoun-

tered. Clients can customize the output to export and save the results to different

file formats, such as a simple text file, an Excel file, or a CSV file.

Dataset

The dataset for this experiment was collected from the official LabVIEW discussion

forum. With the web scraping approach mentioned above, I implemented a JavaScript web

crawler to automatically retrieve all the user questions posted on the LabVIEW discus-

sion forum. I collected 184,203 questions which were asked by users from May 18th, 1999

to February 15th. Among these posts, the following were removed: 1) Posts that are not

written in English (4,116 posts in total); 2) Meaningless posts (such as empty posts, posts

with characters only, etc., 2,592 posts in total). After filtering, 177,495 posts remained in

the dataset.

The first step is to preprocess text data in the posts through stemming and lemma-

tization (i.e., find the root of a word, such as converting ‘playing’ to ‘play’, ‘books’ to

‘book’), and removed stop words (i.e., common words such as ‘the,’ ‘an,’ ‘a’). The second

step is to represent each post with a numeric vector based on TF-IDF.

Machine Training

To train the machine, 1,800 posts randomly chosen from the dataset were labelled manu-

ally. Based on the exploration of the dataset, each post was labelled with one of the four

categories: program, hardware, tools and support, and others. The program cate-
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gory includes any posts related to program problems, such as program design/debugging,

graph processing, coding/language, function/control, program performance. For example:

“ . . . Does LabVIEW 7 have an easy way allow the user at runtime to change

the default values of controls? . . . ”

“ . . . Hello. I am new in the LabVIEW, and I have to do a task. When I will

get lowercase it has to be display as an uppercase and uppercase to lowercase

. . . Any ideas how to fix it?”

Any question related to hardware issues is classified into the hardware category,

such as hardware driver, computer hardware, controller, chassis, sensor and any external

hardware supported/developed by National Instruments (a complete hardware list can be

found at the National Instruments official website). Examples of hardware related posts

are:

“ . . . Does anybody have experience booting LabVIEW RT disklessly over the

internet using PXE on a PXI Embedded slot 1 controller? . . . ”

“ ... Hello has somebody developed a LabView driver for the Diamond-MM-16

board. If yes, I’m interested ...”

A post was labelled as tools and support if the question is asked about Lab-

VIEW itself (such as LabVIEW version, license and installation) or any existing external

tools/architectures/libraries supported by LabVIEW. For example:

“ . . . How can I download all NI software and packages that our academic li-

cense covers? I know that the license covers many tools, and I wish to down-

load and install them all . . . ”

“ ... I want to know if there is any easy way that I can update LabVIEW 11.0

to 16.0. Do I have to uninstall the old one and download the new one? . . . ”

38



Table 3.2: Unsupervised Text Classification Evaluation Results

TermFreq-1 TermFreq-2 TermFreq-3 TermFreq-5

Multinomial
Näıve Bayes

Pre:0.766
Rec:0.753
F-1:0.758

Pre:0.753
Rec:0.728
F-1:0.740

Pre:0.761
Rec:0.733
F-1:0.745

Pre:0.761
Rec:0.733
F-1:0.745

SMO
Pre:0.701
Rec:0.726
F-1:0.711

Pre:0.709
Rec:0.727
F-1:0.715

Pre:0.704
Rec:0.719
F-1:0.710

Pre:0.702
Rec:0.714
F-1:0.707

Random
Forest

Pre:0.704
Rec:0.721
F-1:0.648

Pre:0.699
Rec:0.714
F-1:0.641

Pre:0.701
Rec:0.724
F-1:0.656

Pre:0.701
Rec:0.724
F-1:0.656

Any posts that do not belong to the above categories will be labelled as others.

For example:

“Is it the word ”vi” pronounced like ”vee” or ”v-i” (each letter separately). All

opinions welcomed.”

“Happy New Year to all the LabVIEW users.”

Evaluation Results

In this work, 10-fold cross validation is used to evaluate the classification performance.

The evaluation metrics are Precision, Recall and F-measure. The performance result of ap-

plying Multinomial Näıve Bayes [88], Sequential Minimal Optimization (SMO) [14] (a fast

implementation of SVM) and Random Forest [186] on the training set is shown in Table

3.2. In Table 3.2, TermFreq-N means keeping words that appeared at least N times in the

dataset. Pre refers to Precision and Rec refers to Recall.

Prediction

From Table 3.2, it is clear that Multinomial Näıve Bayes (minTermFreq = 1) has the best

performance (marked in red in Table 3.2). Therefore, I chose this model as the prediction

model. After applying Multinomial Näıve Bayes (minTermFreq = 1) to predict all the
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Figure 3.5: Post Distribution Prediction for LabVIEW Discussion Forum

posts, a post distribution for all the posts in the dataset was obtained. The post distri-

bution is shown in Figure 3.5. Figure 3.5 shows that posts related to program have the

largest portion (120,085 posts are related to program out of 177,495 posts). There are

28,636 posts that are predicted as tools and support, which is a little more than posts pre-

dicted as hardware (27,541 posts). Only 1,233 posts are predicted as others.

The prediction result shows that most LabVIEW discussion forum users are inter-

ested in program-related topics. Therefore, it was beneficial in this analysis to understand

what subtopics are discussed most among these posts. However, with a wide range of top-

ics, it is difficult to suggest predefined subcategories. To this end, I applied unsupervised

machine learning techniques to delve into subtopic clustering among different program cat-

egories.

3.3 Topic Modeling

Applying unsupervised machine learning techniques to find topics in the text is re-

ferred to as topic modeling or topic clustering [78]. The task of topic modeling is to
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find groups (clusters) of similar topics in the dataset. The similarity is computed through

a similarity function. The term “unsupervised” indicates this process is done automati-

cally without any human seeding or initiation of the process. The cluster can be at differ-

ent levels of granularity, such as sentences, phrases and words. Conventional unsupervised

ML techniques for topic clustering include k-means clustering [185], hierarchical cluster-

ing [84], and LDA [21]. A comparison of these approaches is summarized by Karypis et al.

[168]. Unsupervised machine learning for topic modeling mainly consists of four steps:

Step 1: Data Pre-processing

Step 2: Feature Extraction

Step 3: Unsupervised Clustering

Step 4: Results Interpretation

The approaches used in Step 1 and Step 2 are similar to supervised machine learn-

ing techniques for text classification. Therefore, this section mainly discusses the most

popular technique used in Step 3 - Latent Dirichlet Allocation. The empirical example

from the LabVIEW online discussion forum is introduced at the end of this section to

show how unsupervised clustering is adopted in practice.

3.3.1 Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA) is a statistical topic modeling approach that is

widely used in NLP. It automatically discovers topics in the documents. The topic infer-

ence for LDA is built upon Dirichlet-multinomial distribution [147], a family of discrete

multivariate probability distributions from finite non-negative integers. The number of

clusters needs to be specified manually in LDA at the beginning of the process. There are

two principles in LDA:

• Each document contains multiple topics.

• Each topic contains multiple words.
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For example, given three documents (e.g., posts from the LabVIEW discussion fo-

rum):

Post 1: “LabVIEW program is hard to debug.”

Post 2: “CompactRIO cannot connect to LabVIEW.”

Post 3: “Share your example program with others in the NI community.”

Suppose the goal is to find two topics among these posts. After applying LDA to

these three posts, it may produce a result like:

Building topics for documents :

Post 1: 100% belongs to Topic A;

Post 2: 100% belongs to Topic B;

Post 3: 80% belongs to Topic A, 20% belongs to Topic B.

Building words for topics :

For Topic A: 95% program, 70% debug, 30% share . . .

For Topic B: 90% CompactRIO, 60% connect . . .

At this point, LDA cannot specify what is Topic A and what is Topic B. The result

of LDA needs human (usually domain expert) interpretation. Based on existing domain

knowledge, Topic A could be interpreted as “program” and Topic B could be interpreted

as “hardware.”

In LDA, there exist 3 important parameters:

• The number of topics K: the number of requested latent topics to be extracted from

the training corpus.

• Prior estimator α: the average frequency that each topic occurs within a given docu-

ment.

• Topic-word estimator β: a collection of k topics where each topic is given a probabil-

ity distribution over the vocabulary used in a document corpus.
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In general, higher α values mean documents contain more similar topic contents.

The same is true for β – a higher β value means a topic contains more similar topic words.

In this experiment, the value of K was three. The algorithm was implemented based on

the LDA Python library – Gensim1. In Gensim, the value of α are β are tailored to the

structure of the dataset it uses. This automatic adjustment is known as asymmetric

prior.

3.3.2 Topic Modeling for LabVIEW Modeling Community

This section discusses topic modeling using the case study from the LabVIEW dis-

cussion forum. Section 3.2 in this chapter introduced post classifications based on the Lab-

VIEW discussion forum and the results suggested that LabVIEW users are more inter-

ested in program related questions. Based on this observation, this dissertation focuses on

program-related posts. Because the posts in the forum spanned a very wide range of top-

ics, it is difficult to suggest predefined subcategories. To this end, unsupervised machine

learning techniques were adopted to identify several important sub-topics. Because LDA

is a powerful tool for discovering and exploiting hidden topics [103], this section only dis-

cusses LDA for topic clustering.

Dataset

As mentioned in Section 3.2, there are 120,085 posts (out of 177,495) that are related

to the topic of program. Among these 120,085 posts which were predicted as program-

related, this experiment chose posts with a prediction probability value equal to one, which

means the prediction model is very confident that the selected posts are related to the pro-

gram category. Based on this threshold, 92,655 posts remained after filtering.

1https://pypi.org/project/gensim/
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Clustering Results

I developed a Python program to model the dataset based on pyLDAvis [163], a library for

helping users interpret the results in a topic model.

The first step for LDA is to choose a clustering number. In this experiment, three

different cluster numbers were examined: three, five and 10. Experimental results suggest

that when using five (K = 5) and 10 clusters (K = 10), there are many overlapping con-

cepts across each cluster. Therefore, this study used three topic clusters in the following

empirical discussion. The result for one iteration is as follows:

(1, 0.014×“control” + 0.014×“array” + 0.009×“button” + 0.009×“event” +

0.008×“panel” + 0.008×“problem” + 0.007×“change” + 0.007×“try” +

0.007×“front” + 0.007×“value”’)

(2, 0.008×“try” + 0.008×“array” + 0.008×“write” + 0.008×“example” +

0.007×“signal” + 0.007×“error” + 0.007×“problem” + 0.007×“graph” +

0.006×“input” + 0.006×“sample”’)

(3, 0.014×“graph” + 0.009×“problem” + 0.008×“control” + 0.007×“try” +

0.007×“display” + 0.007×“output” + 0.007×“waveform” + 0.006×“array” +

0.006×“input” + 0.005×“could”)

Because LDA is a probabilistic model, when running multiple times, different re-

sults may be produced. This experiment applied LDA to the same dataset five times. In

order to find uniqueness in each cluster, the algorithm eliminated repeated words across

different clusters. Table 3.3 shows the frequency of unique terms after five applications.

Combined with Table 3.3 and manual examination based on existing domain knowledge,

three clusters can be interpreted as: program change, file operation and graph processing.
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Table 3.3: Unique Term Frequency Using LDA

Unique term
frequency

5 4 3 2 1

Unique terms
in Cluster 1

change
event,
button

graph, panel,
event

example, control,
display, front

Unique terms
in Cluster 2

output, value,
function

write, number,
file

attach,
example

Unique terms
in Cluster 3

graph
waveform,
sample

point,
display

create, value,
however, input,
signal, control,
output, could

3.4 Discussion and Implication

The combination of supervised and unsupervised ML techniques revealed several

interesting insights. For example, the results suggest that most LabVIEW users are con-

cerned about program-related questions compared with other categories. Additionally, in

the program-related posts, many posts focus on program change, file operation and graph

processing.

This empirical investigation also reveals several interesting research implications.

From the results in Section 3.2, the word “change” always appears in the largest cluster.

This study was particularly interested in understanding posts containing the keyword

“change,” in which many of the posts implied an intention of “refactoring,” as used in

software engineering. By examining posts belonging to the first cluster, many posts that

discussed the effects of poor designs for LabVIEW systems models were discovered. For

example,

“...we have a big LV-project with some conditional disabled or with a switch un-

used VI’s. But LabVIEW still tries to load them when building an application

(even when they are not used). Something like ignore unused/missing VI’s dur-

ing built?...”

Some posts contain bad smells that are common in OOP. For example,
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“. . . A lot of duplicated code. Most of it is the same except selected cluster ele-

ment changes...”

Based on this observation, this research was particularly interested in bad smells in

LabVIEW systems models. Therefore, the general objective of this dissertation is a bet-

ter understanding of bad smells in systems models. To be more specific, the examination

focuses on the following three aspects:

1. What bad smells do systems engineers face in the practice of systems model (i.e.,

program) development?

2. What do systems engineers perceive about the bad smells summarized in existing

literature?

3. How to identify prominent bad smells to help systems engineers to improve the qual-

ity of systems models?

The following three chapters are developed from these research questions. Chapter

3 presents a novel way to summarize bad smells by mining systems engineers’ forum posts.

Motivated by the results that are discovered from Chapter 3, Chapter 4 introduces an em-

pirical evaluation of bad smells in systems models. Driven by the results from Chapter 4,

Chapter 5 suggests approaches to identify prominent bad smells in systems models.
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CHAPTER 4

BAD SMELL SUMMARIZATION FROM END-USERS

This chapter presents an overview of BESMER, my tool to summarize bad smells

from end-users. This chapter first discusses the major steps in BESMER, followed by a

presentation of the results this study obtained from applying BESMER to the LabVIEW

discussion forum along with some posts mined from the forum. This chapter concludes

with insights gained from mining forum posts.

4.1 Introduction

Bad smells in Object-Oriented Programming (OOP) have been studied by many re-

searchers over the past two decades [193] [141]. However, compared with OOP bad smells,

investigation of bad smells for systems models is very limited. Systems models are central

to Model-Based Systems Engineering (MBSE) - they provide a way to explore, update,

and communicate system aspects to stakeholders, while significantly reducing or eliminat-

ing dependence on traditional documents. Systems models also provide essential knowl-

edge during system implementation and help the analysts and designers to understand and

communicate the functionality of a system. Burmark [28] has shown that the human mind

works better with visual elements. Applying models to visualize systems enables end-users

to view all of the system components and how they work together [38]. Systems models

developed by tools such as Simulink and LabVIEW are of great importance in the context

of Model-Driven Engineering (MDE).

To understand the bad smells in LabVIEW systems models, this dissertation in-

troduces BESMER (Bad smEll Summarization froM End useRs), a bad smell summa-

rization process based on mining end-user discussion forum posts (the project name is in-
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spired by the Bessemer process1 in steel making to remove impurities from raw iron).

BESMER collected user posts from the LabVIEW online discussion forum as the dataset

(a JavaScript web crawler was implemented to retrieve all of the post threads from May

1999 to February 2019).

BESMER first finds bad smells in LabVIEW systems models based on bad smells

already described in literature. This process is similar to searching papers using keywords

in an electronic library: BESMER searches bad smells documented in existing literature

that appear in user posts. After collecting the posts that contain bad smells from this

step, BESMER applies a data mining technique (Bag of Words [151]) to analyze which

words are frequently mentioned by end-users when introducing posts containing bad smells.

BESMER then merges these words with the common bad smells that are known in OOP

[57] to find any post that contains bad smells based on the concept of OOP smells. BE-

SMER then searches of all of the posts again using the newly combined keywords. The re-

sults after these two steps represent the following types of posts: 1) user posts containing

bad smells related to systems models as described in literature; and 2) user posts contain-

ing bad smells related to OOP. However, different end-users may choose different word-

s/phrases when describing the same problem. In order to address this difference in word

usage, BESMER uses machine learning techniques as a third level of bad smell summa-

rization. Posts obtained from previous steps are labelled as positive training samples and

randomly selected posts from the dataset that did not express any bad smells are labelled

as negative training samples. BESMER then trains the machine to make it learn and rec-

ognize whether a new post contains a bad smell. The research questions addressed in this

chapter include:

• Research Question 4.1 (RQ 4.1): Are the bad smells in existing literature also

mentioned by end-users from the LabVIEW online discussion forum?

1https://en.wikipedia.org/wiki/Bessemer_process
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• Research Question 4.2 (RQ 4.2): Are there any new bad smells mentioned by

end-users from the online discussion forum that are not mentioned in existing litera-

ture?

• Research Question 4.3 (RQ 4.3): What are the possible inferences that can be

made through the examination of end-user posts, in relation to software quality and

bad smells?

The contribution of this work is twofold: first, BESMER confirmed that some bad

smells discussed in existing literature are also “bad” from a systems engineer’s perspective.

Second, BESMER discovered bad smells mentioned by end-users that are unique to the

LabVIEW and the systems modeling context. BESMER can also be applicable to other

domains and contexts, including the investigation of data mining for other modeling tools

and user forums, as well as more general application to other online discussions among

domain experts.

4.2 Related Work

Although bad smells have been a popular research topic for over two decades in

OOP since the term gained mainstream usage when popularized in the book by Martin

Fowler in 1997 [57], few research has been conducted within the context of Visual Pro-

gramming Languages (VPLs). This section first discusses bad smells in the context of

systems models built in LabVIEW and Simulink, followed by a summary of bad smells in

other visual programming languages.

The research on bad smells in LabVIEW is very limited. Chambers and Scaffidi

first identified bad smells in LabVIEW models by conducting an interview with 13 Lab-

VIEW specialists who had an average of five years of LabVIEW experience [34]. Although

the authors identified several bad smells, there are several limitations to their work. First,

all of the bad smells summarized in their work are only related to performance. Other bad
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smells, such as structural bad smells in a systems model, are not considered in their work.

Second, the study was conducted only among 13 experts who had many years’ experience

with using LabVIEW. It is difficult to generalize their findings. For example, it is still

not clear if new developers (such as college students who have zero experience using Lab-

VIEW) have the same understanding of bad smells as the experienced users interviewed in

their study.

Another popular tool for systems modeling is Simulink developed by MathWorks.

One way to check the existence of bad smells in Simulink models is to follow the pre-defined

model design guidelines [22] by the MathWorks Automotive Advisory Board (MAAB,

an independent board that develops guidelines for using MATLAB, Simulink, Stateflow

and other products), which was originally established to coordinate feature requests from

several key customers in the automotive industry. The guideline summarizes the recom-

mended stylistic and architectural constraints within a Simulink model. Gerlitz et al. pro-

posed a catalog for the detection and handling of Simulink models [64]. In their work, they

summarized bad smells in Simulink based on their own experience with creating and main-

taining Simulink models in the automotive domain.

Both Simulink and LabVIEW models are examples of Visual Programming Lan-

guages (VPLs). A VPL is a programming language that “lets users create programs by

manipulating program elements graphically rather than by specifying them textually”

[29]. VPLs allow programmers to describe a system with visual expressions, spatial ar-

rangements of text and graphic symbols. Many ideas of VPLs are based on the concept

of “Drag and drop boxes and arrows,” where boxes represent entities and arrows repre-

sent relations between different entities. VPLs are applied in different areas in computer

science, such as computer science education (such as block languages Snap!2), and system

simulation (such as MATLAB/Simulink and LabVIEW).

2https://snap.berkeley.edu/
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Block-based and Visual Programming Languages are widely used in K-12 computer

science education [17] [45] [74]. Aivaloglou and Hermans’s investigation summarized sev-

eral bad smells in Scratch programs and proposed bad smell detection approaches [6]. In

their work, the summarization of bad smells includes dead code, large class, large method,

duplicated code, and incomplete scripts. Similarly, Hermans et al. investigated bad smells

in two other educational VPLs - Lego Mindstorms EV3 and Microsoft’s Kodu. Compared

with Aivaloglou’s work [75], Hermans’s work presented a more complete list of bad smells -

dead code, deprecated interface, duplicate code, feature envy, inappropriate intimacy, lazy

class, long method, many parameters, message chain, useless block and unused field.

Although game engines like Unity3 and Blender4 (or similar engine tools) apply vi-

sual blocks for program implementation, these tools are highly dependent on textual OOP

(such as C# for Unity and Python for Blender) to fulfill dynamic behaviors in the system.

The use of visual blocks are mostly adopted to the creation of static scenes. Therefore,

if there exist code smells in these tools, the smells are typically related to code smells in

OOP languages [37] [160].

4.3 Methodology

This section discusses BESMER in detail. BESMER includes three levels of sum-

marization. First, BESMER refers to bad smells in related work for systems models to find

out what bad smells discovered by existing literature also are also mentioned in online dis-

cussion forum posts by end-users (Level 1 summarization). Second, BESMER analyzes

the posts collected from Level 1 and finds the most frequently mentioned keywords. Af-

ter obtaining these keywords, BESMER combines these keywords and the concept of bad

smells in OOP, repeating the first step to seek any bad smells in systems models related

to OOP bad smells. An extended set of user posts related to bad smells is produced after

the second level of summarization. Finally, BESMER uses the posts obtained from Level 1

3https://unity.com/
4https://www.blender.org/
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Figure 4.1: Overview of BESMER Workflow

and Level 2 as positive samples and randomly chooses posts that do not contain any bad

smells as negative samples for machine learning training. The goal is to let the machine

identify whether a new post contains bad smells or not. Figure 4.1 shows an overview of

the workflow in BESMER.

4.3.1 Level 1 Summarization

The first level of bad smell summarization is to answer Research Question 4.1 (RQ

4.1): Are the bad smells in existing literature also mentioned by end-users from the Lab-

VIEW online discussion forum? To this end, BESMER constructed a mapping between

bad smells in existing literature and the online forum posts in the database. As mentioned

earlier, the research on bad smells in systems models is very limited. As far as is known,

the work analyzing bad smells in LabVIEW models is only found previously in [34] [35]

[36]. In Chambers’ work [34], the authors listed 13 bad smells related to LabVIEW model

performance. Table 4.1 lists these bad smells. In order to enlarge the search scope, BE-
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Table 4.1: LabVIEW Bad Smells Summarized by Chambers and Scaffidi [34]

Bad Smell Results

Too many variables race condition
Build array inside a loop slow performance and memory waste
Multiple array copies memory waste
No wait in a loop synchronization issues and unresponsive front

panel elements
Unconnected front panel elements unexpected behavior in VIs or confusing VIs
Redundant operations waste time and memory
No Constraint in queues performance problems and loop synchroniza-

tion issues
Infinite while loop Execution time issues
Non reentrant VIs poor execution speed
String Concatenation in loop slow performance and memory issues
Sequence instead of state machine reduce readability
Multiple nested loops reduce readability
Only loop once reduce readability

SMER also incorporated bad smell summarization literature related to Simulink models.

Although LabVIEW models and Simulink models have many differences, both LabVIEW

and Simulink are graphical modeling tools and systems models built in these tools share

some commonalities. In this dissertation, Gerlitz’s work [64] is adopted in BESMER to

extend the scope of this search.

The work conducted by Gerlitz summarized 21 bad smells, which is shown in Table

4.2. In total, 34 bad smells were considered to confirm whether the bad smells in exist-

ing literature are mentioned by end-users from online discussion forum posts. The input

to Level 1 summarization of BESMER is represented by these 34 bad smells. The output

of Level 1 are the posts that contain these bad smells (The upper-left rectangle shown in

Figure 1 illustrates the workflow of this level).

4.3.2 Level 2 Summarization

This level of summarization answers the second research question (RQ 4.2): Are

there any new bad smells mentioned by end-users from the online discussion forum that

are not mentioned in existing literature? To answer this question, BESMER first extracted
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Table 4.2: Simulink Bad Smells Summarized by Gerlitz [64]

Category Bad Smells

Name Vague Name; Inconsistent port name
Partition Subsystem with multiple functions; Superfluous subsystem;

Deeply nested subsystem hierarchy; duplicate model part
Interface Subsystem interface incongruence; Inconsistent interface defini-

tion; Long port list; Non-optimal port order
Signal flow Redundant signal paths; Cyclic signal path; Mismatch be-

tween visual and effective flow; Independent local signal paths;
Unused signal; Pass-through signal; Hidden signal flow

Signal Structure Superfluous bus signal; Non-optimal signal grouping; Unnamed
signal entering signal bus; Duplicate signal in bus

hot words (i.e., words that are mentioned more frequently than others) from the posts col-

lected from Level 1. To this end, the Bag-of-Words (BoW [151]) model was applied to an-

alyze these posts. A BoW model simply counts the frequency of occurrences of each word.

Although a BoW model cannot provide much semantic information, it can observe which

words are more active when describing bad smells using a BoW model.

In order to further enlarge the search scope, BESMER introduces the concept of

bad smells in OOP at this level. This introduction is helpful in understanding whether

bad smells in OOP also exist in systems models. When the concept of OOP bad smells

is adopted, BESMER uses hot words extracted from user posts to replace OOP terms.

For example, in OOP, there is a bad smell called Large Class (a class that contains too

many functions). In the LabVIEW context, instead of using the word “class,” end-users

use the word “VI” (LabVIEW programs-subroutines are termed virtual instruments, or

VIs), which is unique to LabVIEW systems models. The input of this level summarization

is adapted bad smells and the output is the posts containing these adapted bad smells (the

lower-left rectangle shown in Figure 4.1 illustrates the workflow of this level).

4.3.3 Level 3 Summarization

This level of summarization continues answering the second research question (RQ

4.2). The reason why BESMER needs this level is based on the fact that when a user de-
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scribes a bad smell in a systems model, they may use different words from others who may

describe a similar smell. For example, when describing a large VI, one engineer may use

the word “large” while someone else may use the word “big” or “oversized.” However, even

if several users have different word choices, their posts reflect the same meaning: that is, a

VI contains too much functionality. Moreover, by training the machine learning engine to

understand the pattern behind the description of forum posts related to bad smells, BE-

SMER could find more new bad smells that are not mentioned in existing literature. For

example, Too Many Variables is a bad smell in LabVIEW systems models. It refers to

a program that uses excessive variables during programming. Similarly, there may be Lab-

VIEW user forum posts containing bad smells related to the excessive usage of other prop-

erties/entities in LabVIEW (such as too many wires). This level of summarization is based

on the understanding of the whole sentence/paragraph, rather than individual words, to

find more bad smells in LabVIEW models. This helps to spot any bad smells mentioned

by end-users due to:

• Different semantics when describing same smell;

• Same semantics when describing different smells.

BESMER trained the machine learning engine to identify what is a post related to

a bad smell (positive samples) and what is not (negative samples). All of the posts col-

lected from Level 1 and Level 2 were labelled as positive samples and randomly choose

posts in the database that are not related to bad smells (manually checking). Because the

performance of machine learning is closely related to the number of positive samples and

negative samples, as well as the chosen machine learning algorithm, different ratios of pos-

itive and negative samples were tested on different algorithms to see which combination

yielded the best performance.

After the prediction phase, all of the predicted posts that are related to bad smells

were manually checked. The manual check helped to find new bad smells and confirm bad
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smells found in Level 1 summarization and Level 2 summarization. The input of this step

is the posts collected from Level 1 and Level 2 and the output is the bad smells in the

posts discovered by the machine. (the right rectangle shown in Figure 4.1 illustrates the

workflow of this level).

4.4 Experimental Results

As discussed in Section 4.2, BESMER adopts a three-level summarization mecha-

nism to find bad smells from online discussion forums. This section presents the summa-

rization results obtained from each level in BESMER.

4.4.1 Bad Smells Summarized from Level 1

In Level 1, BESMER focuses on RQ 4.1. To this end, 34 bad smells mentioned in

existing literature were searched in the database of collected forum posts. In the end, BE-

SMER found nine bad smells that were discussed among end-users in the online forum.

Six bad smells are from Chambers’ work and three bad smells are discussed in Gerlitz’s

work. Overall, 16 posts containing nine bad smells were discovered (all the posts listed in

this dissertation are from the LabVIEW discussion forum). The following subsections dis-

cuss each of these nine bad smells with their potential causes and negative effects on the

systems models. This section also presents some of the forum posts containing bad smells

from end-users in the following discussions.

a. Too Many Variables

Too Many Variables refers to a VI that contains too many variables. In Lab-

VIEW, there are two kinds of variables: a global variable which is used to access and trans-

fer data among different VIs and a local variable which is used to access and pass data

within a VI. Users complained in the online forum that too many variables makes a VI

hard to read and may lead to race conditions. For example,

“. . . I currently use shared and local variables to accomplish this. I’ve been told

however that local variables are bad due to their memory. . . ”
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“. . . too many variables declared in the function, which use up the allocated

memory or CPU time . . . ”

By the examination of user posts related to this bad smell, this study found that

the reason mentioned by end-users for this bad smell is the overall bad design of their VI.

The results for too many variables in a VI include wasted memory space, race conditions,

low readability and comprehension. Based on the interview with LabVIEW experts, two

to five variables per VI are recommended [35]. There is not a fixed answer for “how many

variables” is sufficient. The answer may vary based on specific program design and pur-

pose.

b. Stacked Sequence Structure

In LabVIEW, a sequence structure is a data processing structure that forces two

portions of LabVIEW code to run one after the other. There are two types of sequence

structure: flat sequence structure and stacked sequence structure. Through manual exami-

nation, a stacked sequence structure can often be confusing and greatly reduces readability

for many end-users. For example,

“. . . I am refactoring code of a state machine and one of the states has a lot of

loops in it. A lot of True/False states with stacked sequence structures nested

in each other. It looked really messy ...”

“ . . . Remove once and for all the stacked sequence structure from labVIEW.

It’s an absolute horror. . . ”

By the examination of posts related to this bad smell, systems engineers expressed

their concern about program maintainability when applying stacked sequence structures.

c. Duplicated Model Part

Duplicated Model Part is a smell mentioned by Simulink bad smell investiga-

tions. As the name suggests, this smell refers to the duplication of the model (or parts of

the model) into multiple instances that have the same functionality. For example,
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“ . . . Is there a way to find duplicate/un-used code in a project? Are there any

utilities/toolkits or anything that might facilitate in this respect? Have a pleas-

ant day! Thanks for your time . . . ”

“. . . First, there is a lot of shared code between the applications, but the shared

code isn’t actually shared code on disk - Project 1 uses class A, and Project 2

also uses class A, however they both have their own, totally separate copy of

class A. So, if I find a bug or need to add a feature to class A, I need to make

that change in both the Project 1 and Project 2 copies . . . ”

The results of duplicated model part may lead to high coupling, which decreases the main-

tainability during model evolution.

d. No Wait in Loop

This bad smell refers to when a wait primitive (such as Wait Until Next ms Multi-

ple node, which is used to synchronize separate loops in a VI) is missing in a loop struc-

ture. The potential issues caused by this bad smell include program synchronization issues

and response issues (such as program freezing). For example,

“. . . It is always a good idea to put a Wait(0) to allow in loops that don’t pro-

vide some other ability for LabVIEW to perform a task switch. . . ”

e. Deeply Nested Subsystem Hierarchy

This smell originates from bad smell investigation for Simulink systems models. A

deeply nested subsystem hierarchy in a LabVIEW systems model suggests that there are

too many layers of a SubVI (a SubVI is a VI that can be called by another VI. A SubVI

is similar to a user-defined function in OOP). This bad smell means that a VI contains a

SubVI and this SubVI contains another SubVI. If there are many deeply nested subsys-

tems, it will make the program hard to maintain. For example,

“. . . There is a scantling of TestStand on top of some deeply nested VIs. If the

nesting were shallow it would be easy to pass new variables as parameters but
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as it is I would need to modify many layers of VIs to get the new variable down

to where needed. . . ”

f. Unused Model Part

Unused Model Part originated from an existing bad smell in the literature called

“Unused Signal,” which was investigated by Gerlitz within the context of Simulink sys-

tems models. Because “signal” is a term used in Simulink but not LabVIEW, this research

modified the smell to Unused Model Part. This bad smell refers to when there exists func-

tions/code in a VI that are useless and can never be invoked within the control flow of the

model. For example,

“ . . . Here is an instruction I received from my senior: Avoid making multiple

copies and leave unused code on disk . . . ”

Although LabVIEW offers a tool called VI Analyzer5 (a commercial toolkit devel-

oped by National Instruments) that could help to detect unused model part, LabVIEW

users complain about its performance. For example,

“ . . . So when using the VI Analyzer I’m being told that I have a segment of

unused code and am wondering if this is not the way to perform the operation

I’m wanting. I am pretty sure that the segment of code is indeed used, but per-

haps the issue lies within the way that I’m attempting to accomplish this . . . ”

Unused model part could increase the size of a VI, thus decreasing its readability

while offering no practical use. Any unused model part should be deleted within a Lab-

VIEW model.

g. Build Array in Loop

Build array in loop, as its name suggests, means an array is built inside of a loop

structure. When a build array node is inside a loop, every time the loop starts a new it-

5https://www.ni.com/pdf/manuals/375339g.html
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eration, a new copy of the array is constructed, thus slowing down the execution speed

greatly due to increased memory consumption. For example,

“ . . . I’ve read many times (like in here, for instance) about how using Build

Array in loops is a Very Bad Thing and that you should always start off by

initializing an array once and replacing the values therein to improve perfor-

mance. My understanding is that using Array Subset in a loop is also bad, be-

cause it once again causes LabVIEW to reallocate memory for the array in each

iteration . . . ”

h. Non-reentrant VI

Reentrant VIs are used when several instances of the same VI are running simulta-

neously. When a VI is not reentrant, there is one data space for the VI. This means this

VI has a data space shared between multiple calls. A Non-Reentrant VI in a paral-

lelized structure that could introduce synchronization issues, thus greatly decreasing the

execution speed by waiting and blocking. For example,

“ . . . Multiple instances of reentrant VIs cannot run in parallel if that reen-

trant VI calls a non-reentrant subVI. One reentrant instance will have to wait

on the execution of that subVI if it is currently running in the other instance

. . . ”

i. Redundant Operation

Redundant Operation refers to a VI that has unnecessary operations. This bad

smell could waste time and memory resources. For example,

“ . . . Avoid putting a calculation in a loop if the calculation produces the same

value for every iteration. Instead, move the calculation out of the loop and

pass the result into the loop. The result of the division is the same every time

through the loop; therefore you can increase performance by moving the division

out of the loop . . . ”
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4.4.2 Bad Smells Summarized from Level 2

This level of summarization focuses on the bad smells related to OOP concepts in

LabVIEW systems models. To map bad smells in systems models to bad smells in OOP,

BESMER first collected keywords that are always mentioned by end-users in the posts

previously collected. A BoW model was implemented in Java to calculate the frequency of

occurrence for each word. BESMER also deleted common stop words (such as “we” “this”

“the.” The stop words used in this study are based on Natural Language Toolkit’s list of

English stop words6). The experimental result shows that the top-three frequently men-

tioned keywords by systems engineers in the posts are VI, loop and data.

Next, BESMER merged these keywords into the concept of bad smells discussed in

OOP. In this study, Fowler’s categorization of bad smells [57] was chosen as a reference.

These bad smells include: Duplicated Code; Long Method; Large Class; Long Parameter

List; Divergent Change; Shotgun Summary; Feature Envy; Data Clumps; Primitive Ob-

session; Switch Statement; Parallel Inheritance Hierarchies; Lazy Class; Speculative Gen-

erality; Temporary Field; Message Chain; Middle Man; Inappropriate Intimacy; Alterna-

tive Classes with Different Interfaces; Incomplete Class Library; Data Class; Refused Be-

quest; and Comments. In the end, 18 posts containing three new bad smells were discov-

ered in this level of bad smell summarization. These new bad smells are Large VI, Data

Clumps and Lazy SubVI.

a. Large VI

This bad smell is largely discussed by the end-users from the observation. Large VI

refers to a VI that contains too many functions. It corresponds to Large Class in OOP. A

large VI greatly decreases the maintainability of a program and makes the program hard

to debug when something is wrong. For example,

“ . . . I have a VERY large VI that finally crashed due to the large size. What

is the best way to create ‘Sub VIS’? . . . ”

6https://www.nltk.org/
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“ . . . I’ve now created a monster. I’m sure I’ve not done things in the most ef-

ficient way but I’d really like to break it up into smaller VIs, so troubleshooting

or modification isn’t such a pain . . . ”

“ . . . The LabView I am wading through involves multiple VIs, many of which

are large files that are difficult to decipher. I would like the programmer to con-

sider reducing the VI file sizes by breaking the large VIs up into sets of smaller

Vis . . . ”

From the users’ responses to the large VI bad smell, it was observed that the best

way to get rid of this smell is to break a large VI into several smaller SubVIs. This break

down also confirms the benefits of cohesion and modularization - separating the function-

ality of a program into independent, interchangeable modules, thus increasing the readabil-

ity and maintainability.

b. Data Clumps

Data Clumps refers to many data copies in various places across a program. This

may lead to memory waste for a LabVIEW program. For example,

“ . . . A common practice to reduce the memory footprint of a program, is to

pass data value references, instead of full blown copies ( Storing Data and Re-

ducing Data Copies with Data Value References ) . . . ”

“ . . . I would appreciate tips on how to stop labview from making extra data

copies, as I think that might be a problem . . . ”

c. Lazy SubVI

Lazy SubVI corresponds to bad smell Lazy Class mentioned in OOP bad smells. It

refers to a SubVI that does not exhibit much useful functionality. Usually, this bad smell

occurs when trying to reduce the diagram size of systems models. However, too many un-

necessary SubVIs can slow down program execution. For example,
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“ . . . If your idea of ‘simplification’ is just to select random areas of the dia-

gram followed by ‘create subVI’, you are only curing the symptoms of a messy,

overloaded diagram by creating many ‘single-use’, messy subVIs. This is like

sweeping all the dirt under a rug. The mess is still there, but buried under an

additional layer. SubVIs need to be functional and reusable and with a clear

and useful purpose . . . ”

However, a good VI should exhibit a hierarchical structure where VIs are constructed

on top of other lower-level VIs. A good VI often executes one function.

4.4.3 Bad Smells Summarized from Level 3

After Level 1 and Level 2 summarization, BESMER obtained posts related to bad

smells that are already described in existing literature. In this level of summarization,

BESMER further extended bad smell summarization by applying machine learning tech-

niques. The goal of this level is to recognize potential bad smells hidden in posts from the

examples that are provided to the machine learning engine.

Machine learning techniques provide an opportunity to use algorithms to automat-

ically analyze a large number of forum posts. This is also called text data mining. There

are two general categories of techniques: supervised mining and unsupervised mining. Su-

pervised techniques first learn a classification model based on a small set of manually la-

beled posts and then apply the model to predict the class categories for the vast majority

of unlabeled posts. In this experiment, BESMER used three different supervised machine

learning algorithms for post classification: Multinomial Näıve Bayes [88], Sequential Min-

imal Optimization (SMO, a fast implementation of Support Vector Machine) [132] and

Random Forest [186]. Similar to the work conducted in Chapter 3, BESMER also used

Precision, Recall and F-Measure metrics to evaluate classification performance. In this

section, Precision is defined as:

Precision =
Number of correctly predicted posts into a class

Total number of posts predicted into a class
(4.1)
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In this section, Recall refers to the completeness of the posts predicted into a class.

It is defined as:

Recall =
Number of correctly predicted posts into a class

Total number of true posts in a class
(4.2)

F-measure has the same formula as the definition in Equation 3.7 in Chapter 3.

Moreover, a 10-fold cross validation discussed in Chapter 3 was adopted as the model per-

formance evaluation approach.

The last question is how many posts related to bad smells (positive training sam-

ples) and how many posts not related to bad smells (negative training sample) to train the

model. There is not a standard answer for this question because there are many factors af-

fecting model performance (e.g., the quality of training samples, the algorithm chosen for

the model). In order to obtain the best performance, BESMER tried different combina-

tions of these three algorithms. The result shows that choosing the ratio of positive train-

ing samples and negative samples at 1:4 (34 positive samples and 136 negative samples)

with Multinomial Näıve Bayes could produce the best prediction result. The Precision,

Recall and F-Measure are 0.946, 0.947, and 0.946, respectively.

Applying this model to predict all of the posts in the database, there were 5,434

posts predicted as posts related to bad smells out of 117,495 posts in the database. These

5,434 posts were manually checked and three new bad smells were discovered.

a. Excessive Property Nodes

In LabVIEW, a property node is a function used to read and write properties of a

reference. It is used to get or set properties and methods on local or remote application

instances, VIs, and objects. Users can also use the Property Node to access the private

data of a LabVIEW class. However, excessive usage of property nodes may decrease the

performance of a program. For example,

“ . . . Avoid the excessive use of property nodes everywhere. This will slow your

application down. Each property node access will result in a context switch to
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the UI thread. Use shift registers and wires (wire are similar to a variable in a

text based language) to pass your data through your program. Avoiding all of

the property nodes may help to get more consist timing . . . ”

b. Constant Array Resizing

Constant array resizing means adjusting the array size in a static manner but not

allocating new space for the array dynamically. Because the increase of the length of an

array always involves allocating memory space, resizing it in a static manner may waste

memory. For example,

“ . . . Your problem is not with the initialization, but with the constant array

resizing. There are no memory leaks, put potential for memory fragmentation

. . . ”

c. Unorganized Wires

LabVIEW transfers data among block diagrams through wires, which are one of

the most important parts in many visual programming languages because they connect

different blocks together. However, too many unorganized wires may make the model and

diagram extremely hard to read. For example,

“. . . If I understand it right, wires are always always always the most efficient

way to transfer the data, but stretching a bunch of wires across my program,

well.....it’s gonna look really ugly . . . ”

“ . . . Sometimes there are too many wires. Much of my state machines have

a dozen or more wires just going from input to output, doing nothing, just be-

cause one or two states in the machine need that variable in some state. Yeah,

I could spend a lot of time bundling and unbundling and rebundling those val-

ues, but I don’t think that would improve things much . . . ”
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4.5 Discussion and Insights

This section discusses the results from previous sections to give a detailed analysis

of the bad smells summarized from end-users by mining forum posts. This section will also

present some insights from the examination of user posts.

BESMER summarized 15 bad smells in total. There are nine bad smells that are

from existing literature and six are newly discovered. Among nine bad smells from exist-

ing literature, six of them originated from LabVIEW bad smell research and three of them

originated from Simulink bad smell investigation. This suggests that the two popular sys-

tems modeling tools, LabVIEW and Simulink, share similarities – some program issues

exist in both platforms. Yet, they also have unique traits.

From the perspective of systems modeling and OOP, some of the bad smells are

both applicable to these two areas, such as Duplicated Code/Model Part, Unused Code/-

Model Part, Large Class/VI. This intersection of application also shows that common

knowledge is adopted in model-based systems engineering and software engineering.

To find possible inferences that can be made through the examination of end-user

posts (RQ 4.3), all of the user posts obtained from three levels of summarization were

carefully examined. Most of the posts did not contain any bad smells, but still provided

many useful and practical insights. Next section will discuss three insights from the exami-

nation of user posts.

4.5.1 Inconsistent Term Usage

Inconsistent term usage means there is a gap between new developers and experts

when describing the same problem. For example, refactoring is closely related to bad smells.

It refers to the process of restructuring existing program model/code without changing

its external behavior. Refactoring seeks to improve functional attributes of the software.

However, many end-users use the word “refactoring” to imply other meanings. For exam-

ple,
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“ . . . I have two input arrays and two output arrays. Need to refactor the input

arrays to listbox or table . . . ”

where the user’s intention is to convert an array to a listbox or a table. Another reason

for inconsistencies is because of the knowledge discipline difference. For example, in Lab-

VIEW, a graphical block is equivalent to textual code in OOP.

4.5.2 OOP in LabVIEW

Through the examination of user posts related to bad smells, it was observed that

OOP in LabVIEW is difficult for most users. For example,

“ . . . I am finding it very time consuming and error prone to refactor LVOOP

code . . . ”

“ . . . I’m bit stuck within class inheritances in my current project . . . I have

to admit, I am quite confused.... especially because within another class this

exact methodology works...”

Part of the reason for this is because many LabVIEW developers are from a sys-

tems engineering background. LabVIEW is their first tool to start their project. They do

not have much experience in using an OOP language (such as Java, C++).

4.5.3 Lack of Documents/Examples

Another insight observed in this study is the lack of documentation for LabVIEW

end-users. For example,

“ . . . We have already scoped out the effort but would desire guidance on VI

layout, descriptions and ways to give a ‘LabVIEW’ experience and not a dis-

jointed VI that looks unprofessional...”

“ . . . Unfortunately I was unable to find any documentation on how to create

external data value references. The best thing I could up was creating a data
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value reference constant, which can be set to ‘External’ in its properties. How-

ever that alone is pretty much useless. . . ”

“ . . . Since I’m new to OOP, it would help me to understand this by having an

example. I can’t find one and the link commits the famous error of assuming

that we are all experts and so the pattern is too simple to merit an included

example. The article talks about them being all over the place, so obviously I

don’t understand the pattern. Would someone point me to a specific example of

this pattern? . . . ”

In order to solve this problem, LabVIEW developers (especially new developers) are

encouraged to spend more time on LabVIEW tutorials. There are many questions asked

by end-users that are answered in the tutorials. There are also other resources that intro-

duce more advanced tutorials, such as LabVIEW Wiki7 and Community Nuggets8.

4.6 Threats to Validity

This section discusses the main threats to validity, as well as the means that have

been undertaken to mitigate these threats. This section is organized by introducing three

types of threats to validity: construct threats, internal threats, and external threats to va-

lidity.

4.6.1 Threats to Construct Validity

In this work, in order to solve the term usage difference between bad smells in OOP

and bad smells in systems modeling, in Level 2 bad smell detection, BESMER only re-

placed hot keywords mentioned in posts collected in Level 1. However, for bad smells that

could derive from OOP bad smells but do not contain hot keywords found in Level 1, the

proposed approach could not include these smells.

7http://labviewwiki.org
8https://forums.ni.com/t5/tag/community_nugget/tg-p
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4.6.2 Threats to Internal Validity

In this work, BESMER downloaded all of the user posts ranging from 1999 to 2019

from the LabVIEW online discussion forum. Although the dataset consists of more than

117,000 posts, more user-based posts from other online sources are needed to discover ad-

ditional bad smells.

Moreover, BESMER applied three supervised machine learning techniques to dis-

cover new posts related to bad smells. Although these three techniques have been applied

to the area of text classification widely, more advanced approaches, such as text classifica-

tion methods based on deep learning, are needed to improve the prediction results.

4.6.3 Threats to External Validity

One key threat to external validity in this study is to what extent LabVIEW ex-

perts agree with the bad smells mined from end-users. Because the majority of users who

post questions in the forum are inexperienced developers, they may have different views

and understanding about bad smells compared with experts.

4.7 Conclusion

This chapter presented an approach for bad smell summarization for LabVIEW

systems models from an end-user’s perspective. The proposed work, BESMER, consists

of three levels of discovery: existing literature confirmation, OOP extension and machine

learning investigation. This investigation confirmed six bad smells from existing litera-

ture that were discussed by LabVIEW end-users, and three bad smells from the Simulink

bad smell literature. BESMER discovered six new bad smells from end-user’s online forum

posts – three of them are derived from OOP bad smells and three of them are recognized

by a machine learning technique. BESMER helped to answer the first and second research

question: The bad smells in existing literature are also mentioned by end-users and there

exist unique bad smells from an end-user’s perspective that are not mentioned in existing

literature.
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Moreover, during the examination, this dissertation sought the insights of mining

user posts. The investigation proposed several implications based on the examination of

user posts. These implications not only could help end-users design better LabVIEW sys-

tems models, but also give insights into future research directions. This work is the first

investigation to analyze and summarize bad smells from an end-user’s perspective based

on deep mining of user forum posts. BESMER is also applicable to other domains, thus

paving a way to more studies that focus on end-user forum discussion.
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CHAPTER 5

AN EMPIRICAL EVALUATION OF BAD SMELLS IN SYSTEMS MODELS

This chapter discusses an empirical evaluation of bad smells in LabVIEW systems

models. Chapter 4 discovered several bad smells systems that engineers encounter during

their development practice. Following this discovery, this chapter focuses on the discussion

of an online survey sent to systems engineers to gain deeper insights into their perception

on the bad smells that previous investigations have summarized. This chapter first gives a

detailed explanation on bad smells that are scoped in this study. Then, the survey design,

participant recruitment, and data collection process are described. This empirical study

shows that systems engineers give different perceptions on different smells and the per-

ception also varies due to different levels of experience and working domains. This chap-

ter also offers several recommendations to systems engineers and summarizes the lessons

learned from this empirical study.

5.1 Introduction

Previous examinations have revealed that model smells (i.e., bad smells in systems

models) share some similarities with code smells (i.e., bad smells in textual programming

languages); however, some bad smells apply to systems models only. For example, Du-

plicated Code [57] is a code smell that represents a portion of code that is duplicated or

cloned, in many different locations across source files. Code that is duplicated may in-

crease the time and effort during maintenance due to implicit coupling of the source rep-

resentation. A counterpart for duplicated code is the model smell (bad smell in systems

models) called Duplicated Model Part [34], which indicates a repetition of a model ele-

ment across multiple locations in a model. There are some smells that only exist in the
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context of models. In textual languages, the execution follows a top-to-bottom order. In

graphical models, however, execution flow often needs to be specified explicitly, using di-

rectional wires and arrows. Unorganized Wires suggests that the wire used to connect dif-

ferent model components is untidy and unordered [195], thus increasing the difficulty to

understand a model. This smell is an example of a model smell that does not have a corre-

sponding code smell.

Compared with a large number of studies on textual code smells, less research has

been presented on model smells. To fill this gap and better understand bad smells in sys-

tems models, I conducted an empirical study to evaluate model smells through a user sur-

vey [196]. This study consists of an online survey that focused on respondents’ perception

of model smells. The survey was sent to online LabVIEW discussion forums, developers

at National Instruments, academic users from different institutions, and social media (e.g.,

Twitter and Reddit). The goal of this study is to understand model smells based on user

community feedback, and how users’ experience and area of expertise affect their percep-

tion of smells in LabVIEW systems models. To this end, the research questions in this

study are defined as follows:

1) Perception of Specific Smells

The perception of specific smells may vary from engineer to engineer. For example,

Dead Code is reported as a bad smell that decreases the program quality in both textual

(such as C++ [57], Python [143]) and graphical programming languages (such as Scratch

[174], LabVIEW [34]). Dead Code wastes computation time and memory; furthermore, it

may also lead to program failure. Due to these reasons, Dead Code has been heavily stud-

ied by researchers over the past several decades [145] [146]. However, other smells have not

received as much attention as Dead Code, such as Multiple Nested Loops and Exces-

sive Property Nodes that have been discovered from previous examination.

Moreover, engineers agree that one specific model smell may negatively affect the

model quality, but they may have different opinions on the extent. Some may strongly

72



agree that a smell decreases the model quality while some may slightly disagree. To bet-

ter understand the perceived difference of bad smells summarized in the literature for Lab-

VIEW models, the first research question is:

Research Question 5.1 (RQ 5.1): To what extent do systems engineers

agree with the bad smells summarized in existing literature for LabVIEW sys-

tems models?

2) Development Experience and Domain of Expertise

Studies have shown that personal experience affects the perception and understand-

ing of domain knowledge [140] [148]. This study sought to understand how the level of ex-

perience in using LabVIEW influenced the degree of perception ascribed to various model

smells. This idea led to the second research question:

Research Question 5.2 (RQ 5.2): To what extent does LabVIEW usage

experience influence a systems engineer’s perception of specific smells?

Similar to experience, the particular domain of expertise (or employment sector)

may also affect the perception for specific model smells. This study focused this question

broadly on two general sectors: academia and industry. Each of these two sectors could be

defined at a finer granularity (e.g., avionics or automotive for industry; faculty, graduate

students, or undergraduates for academia). This study sought to understand the perceived

differences between academic researchers and industrial developers on bad smell under-

standing in systems models, which led to the third research question:

Research Question 5.3 (RQ 5.3): Do academic and industrial users have

the same opinion on bad smells in LabVIEW systems models?

3) Additional Smells

Smells summarized in this empirical study are from two existing previous works

that studied LabVIEW systems models [34] [195]. There may exist other model smells
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that survey respondents have identified in their own work, but not listed in current liter-

ature. Therefore, the fourth research question is:

Research Question 5.4 (RQ 5.4): What other smells have survey respon-

dents observed in LabVIEW systems models?

4) Recommendations and Lessons

Finally, providing specific recommendations to end-users to help them avoid promi-

nent model smells during development practice is of great interest to my research. This

investigation could also offer potential research directions to both the research community

and practitioners. To this end, this empirical study is also interested in the following ques-

tion:

What recommendations can this dissertation provide for end-users to help

them avoid model smells and what lessons can researchers learn to lead poten-

tial research from the investigation of this empirical study?

The primary contributions of this study are:

• Understanding bad smells in systems models based on the end-user’s perception;

• Investigation of the perceived differences of model smells between participants with

diverse experience and areas of expertise;

• Identification of additional model smells, as a contribution to research literature re-

lated to systems modeling practice;

• Practitioner recommendations to avoid prominent model smells from a summariza-

tion of lessons that are learned from this empirical study.

The rest of this chapter is organized as follows. Section 5.2 introduces the bad smells

in LabVIEW models analyzed in this chapter. Section 5.3 describes the research method-

ology. Section 5.4 provides the results and discussions. In Section 5.5, several specific rec-

ommendations are provided to address prominent model smells and summarize the lessons
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from this empirical investigation. Section 5.6 examines the threats to validity and Section

5.7 presents related work in existing literature related to this study. Finally, Section 5.8

concludes this chapter.

5.2 Related Work

In this section, existing literature is examined. The investigation of human factors

in code smells analysis is first presented. Following this, existing literature on bad smells

in systems models is discussed.

5.2.1 Empirical Analyses of Code Smells

A survey-based empirical analysis for bad smell evaluation is rarely seen in litera-

ture in the context of Model-Driven Engineering. Yamashita and Moonen conducted an

empirical study on code smells within the authors’ organization among professional de-

velopers [187]. Similarly, Mäntylä and Lassenius [107] conducted research in the domain

of software evolvability using code smells by sending a survey to the author’s company.

Compared with my dissertation, these two efforts only scoped professional developers in

industry, which lack the evaluation from other fields with different knowledge depth.

Some empirical studies focus on code smell summarization and identification in-

stead of code smell evaluation. Most of these studies are based on the author’s own ex-

perience using a specific tool, for example, the summarization of LabVIEW smells [34],

Simulink smells [64] and block languages like Kodu [75]. As to the identification of code

smells, De Mello et al. [47] analyzed what human factors affect reviewer’s recognition of

code smells. Hozano et al. [79] focused on how similar developers detect code smells through

an empirical study. Instead of code smell evaluation, these studies paid attention to smell

summarization and identification.

Other empirical studies related to code smells seek to understand the relationship

between smells and software maintainability. For example, to understand the relationship

between code smells and software development and evolution, Tufano et al. [178] con-
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ducted a large empirical study using over 200 open source software ecosystems to inves-

tigate when code smells are introduced by developers and why they are introduced. The

result shows code smells are introduced from the creation of the project and the smells

become more severe as the project evolves over time. Hecht et al. [71] focused on the in-

dividual and combined performance impacts of code smells in Android systems available

from the Google Play store1. This empirical examination shows that correcting Android

code smells effectively improved the user interface and memory performance by 12.4 %

and 3.6%, respectively.

5.2.2 Bad Smells in Systems Models

Chambers and Scaffidi first identified bad smells in LabVIEW models [34]. They

conducted an interview with nine LabVIEW specialists who had an average of five years

of LabVIEW development experience. They proposed an approach - Smell-Driven Perfor-

mance Tuning (SDPT) to help engineers remove smells and improve system performance

[35] [36]. Some other related work focused on bad smells of LabVIEW from a hardware

perspective, such as energy consumption during the execution of LabVIEW models [31].

The investigation of LabVIEW systems models is also seen in the work conducted by Zhao

and Gray [195], which mined an online discussion forum to find model smells with the help

of machine learning techniques from an end-user’s perspective. They found six new bad

smells in LabVIEW systems models compared with Chambers’ work.

Gerlitz et al. [64] first proposed a catalog for bad smells in Simulink systems mod-

els. The authors summarized 21 model smells based on their own experience working in

the automotive domain. In their research, two tools were implemented to remove the smells:

Artshop [63] and SLRefactor [177]. Another way to check the existence of bad smells in

Simulink models is to follow the pre-defined model design guidelines [22] proposed by the

MathWorks Automotive Advisory Board (MAAB, which was established to resolve request

1https://play.google.com/store
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discrepancies in the automotive industry). The guidelines summarize the recommended

stylistic and architectural constraints for Simulink models.

The research of UML model smells focuses on the different diagrams available in

UML. There are several studies conducted to understand bad smells in UML models. Arendt

and Taentzer [13] presented a catalog containing 17 model smells in UML class diagrams,

use case diagrams and state machines. Similarly, Misbhauddin and Alshayeb [116] intro-

duced a list that included 27 model smells in UML class diagrams, state diagrams, se-

quence diagrams, and component diagrams. Garcia et al. [61] proposed the concept of

“architectural code smells” - a commonly adopted architectural decision that negatively

impacts system quality based on their research on UML diagrams. The refactoring meth-

ods of UML models to eliminate these model smells are summarized in Mumtaz’s work

[123].

5.3 Selected Bad Smells in LabVIEW Systems Models

My research adopted 20 existing model smells for LabVIEW systems models based

on two investigations [34] [195]. Chambers and Scaffidi first proposed model smells for

LabVIEW systems models based on an interview with nine professional LabVIEW devel-

opers who had an average of five years of LabVIEW experience [34]. Although the authors

summarized 13 model smells, there exist some limitations to their investigation. First, all

of their described model smells are related to performance. Other smells, such as struc-

tural model smells, were not considered. Second, the study was conducted with input from

only domain experts, thus limiting the feedback that informed their observations. Further-

more, the impact of model smells from the perspective of inexperienced users was not ev-

ident in their study. It was not clear from their study whether new developers have the

same perception and understanding of model smells as experienced users.

To fill this gap, Zhao and Gray [195] described an effort in mining user posts from

a LabVIEW discussion forum to understand what model smells are naturally described
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Table 5.1: Model Smells Included in the Survey

Category Model Smells

VI Structure

1.1. Too Many Controls
1.2. Large VI
1.3. Deficient SubVI
1.4. Deeply Nested Hierarchy
1.5. Dead Code
1.6. Duplicated Code
1.7. Unorganized Wires
1.8. Unconnected Front Panel Element

Loops and Arrays

2.1. Build Array Inside a Loop
2.2. No Wait In a While Loop
2.3. Infinite Loop
2.4. Loop Once
2.5. Concatenate Strings In a Loop
2.6. Multiple Nested Loops
2.7. Fix-length Array Resizing

Functions

3.1. Stacked Sequence structure
3.2. Non-reentrant VI
3.3. Excessive Property Nodes
3.4. Redundant Operations
3.5. Excessive Data Copies

by end-users from a more general and practical perspective. This work obtained 15 model

smells from mining over 100,000 user posts.

My research summarized the model smells identified in [34] [195] to categorize 20

distinct smells. These model smells are divided into three different groups: VI structure,

Loops and Arrays, and Functions. VI Structure includes model smells related to the struc-

ture of a VI. Loops and Arrays focus on model smells in loops and arrays. Loops and ar-

rays in the context of LabVIEW programming use graphical structures, but they share the

same concepts as general-purpose programming languages, such as Java and C++. Func-

tions concentrate on model smells related to pre-defined functions in LabVIEW. Loops,

Arrays and Functions contain model smells that may impede system performance. The

model smells analyzed in this study are listed in Table 5.1.
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5.3.1 VI Structure

Model smells in this category affect the structural complexity of a systems model.

Controls are the input for a LabVIEW model. They are similar to function parameters in

OOP. The Too Many Controls smell is similar to the bad smell Long Parameter List

in the context of OOP. Models containing too many controls are often hard to understand

and difficult to maintain as the model evolves. Large VI and Deficient VI are a pair of

opposite smells describing the size of a model in terms of functionality. Large VI refers to

a VI that contains too many functions. It corresponds to code smell Large Class in OOP.

A large VI may decrease the maintainability of a model and present challenges for debug-

ging. A Deficient SubVI refers to a SubVI that does not do much work. Too many un-

necessary SubVIs can slow down the model execution. The counterpart smell of Deficient

SubVI is Lazy Class in the context of OOP. Deeply Nested Hierarchy in a LabVIEW

systems model suggests that there are too many layers in the VI’s dependency hierarchy.

Nested hierarchy makes the model hard to maintain and increases its structural complex-

ity.

The Dead Code smell refers to a section in the source code of a program that ei-

ther can never be reached in the control flow, or is executed but the result is never used.

In the context of systems modeling, Dead Code is equivalent to Deal Model Parts. Du-

plicated Code (or Duplicated Model Parts), as introduced earlier, refers to the du-

plication of model parts (or a model) into multiple instances that have the same func-

tionality. The occurrence of this smell may lead to higher coupling, which decreases the

maintainability during model evolution. Unorganized Wires and Unconnected Front

Panel Elements are model smells specific to LabVIEW. In a VI, wires are used to trans-

fer data among block diagram objects. Unorganized wires may reduce the readability of a

model. However, if a block is not wired sufficiently and contains unconnected front panel

elements (i.e., defined in front panels, but not used in block diagrams), a VI may suffer

from unexpected behavior or confuse a systems engineer [34].
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5.3.2 Loops and Arrays

This category examines smells related to Loops and Arrays in LabVIEW. There are

two kinds of loops in LabVIEW: while loops and for loops. A while loop is a control flow

statement to execute a block of subdiagrams repeatedly until a given Boolean condition is

met. A for loop is a control flow statement to execute a block of subdiagrams for a fixed

number of times. Build Array Inside a Loop refers to an array that is built inside of a

loop structure. When a build array node is inside a loop, every time the loop starts a new

iteration, a new copy of the array is constructed, thus greatly slowing down the execution

speed due to increased memory consumption. In LabVIEW, when a loop finishes execut-

ing one iteration, it immediately begins running the next iteration. It is often beneficial

to control how often a loop executes, or its frequency. Timing a loop also allows the pro-

cessor to complete other tasks such as updating and responding to the user interface. A

wait function provided by LabVIEW offers users the functionality to postpone the model’s

block execution for a specific amount of time. No Wait in a While Loop, as the name

suggests, indicates a wait function is missing in a while loop. Infinite Loop and Loop

Once are two smells that focus on the iteration frequency of a loop. Infinite Loop indi-

cates that a loop never stops and may lead to a bug. Loop Once refers to a loop that only

iterates one time. Most often, these two smells appear when the intention was not to loop

infinitely or just once, suggesting an error that may affect the execution result. Such errors

are most common among novice systems engineers. However, under certain circumstances,

this is a desired behavior (e.g., round-the-clock systems may require an infinite loop).

Concatenate Strings in a Loop indicates the connection of two strings in a loop

structure in a LabVIEW model. The basic idea of string concatenation is similar to its

meaning in a general-purpose language, but LabVIEW adopts graphical blocks and struc-

tures instead of a textual programming language. Chambers and Scaffidi [34] suggest that

this operation may lead to slow performance and cause memory issues. Multiple Nested

Loops is similar to Deeply Nested Hierarchy discussed earlier in this section. It refers to
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Figure 5.1: Flat and Stacked Sequence Structure in LabVIEW

a loop structure that contains another hierarchical loop structure. Multiple Nested Loops

may reduce model readability and introduce maintenance challenges. The last smell ex-

amined in this category is Fix-length Array Resizing. This smell occurs when an array

representing model state is declared to be a fixed size, rather than dynamically allocated

by need. The potential result of this smell is wasted memory usage.

5.3.3 Functions

This category defines smells related to pre-defined LabVIEW functions and struc-

tures. In LabVIEW, a sequence structure contains one or more subdiagrams, or frames,

that execute in sequential order. Sequence structures guarantee the order of execution and

prohibit parallel operations. There are two types of sequence structures in LabVIEW: flat

sequence structure and stacked sequence structure (shown in Figure 5.1). Stacked Se-

quence Structure is considered a model smell because only one frame is visible and local

sequence state needs to be passed from frame to frame, thus increasing the model com-

plexity while decreasing readability. Reentrant VIs are used when several instances of the

same VI need to execute simultaneously. When the VI is non-reentrant, there is only one

data space for the VI. Therefore, only one caller at a time is allowed to call this VI. A

caller may have to “wait its turn” to use this VI. Thus, Non-reentrant VI may lead to

poor execution speed.

In LabVIEW, a property node is a function used to get or set properties and meth-

ods on local or remote application instances, VIs, and objects. Excessive usage of property
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nodes may decrease the performance of a model execution. An identified model smell is

Excessive Property Nodes, which implies the over-usage of property nodes in a VI.

Excessive Data Copies occurs when the definition of the same control/function/struc-

ture appears more than one time in a model. These two smells may lead to memory waste.

The last smell in this category is Redundant Operations, which refers to a VI that con-

tains unnecessary operations. For example, putting a calculation in a loop if the calcula-

tion produces the same value for every iteration.

5.4 Empirical Study: A Survey of LabVIEW Users

This section describes the methodology for the design of the survey, as well as how

participants were recruited and how the participants’ responses were collected.

5.4.1 Survey Design

The goal of this research is to empirically analyze whether model smells summa-

rized in existing literature really “smell bad” from an evidence-based perspective in Lab-

VIEW systems models. To reach this goal, this dissertation designed an online survey

using Qualtrics2. There are five sections in this web-based survey. Section 1 is related to

demographic questions. Section 2 through Section 4 ask participants to comment on 20

model smells listed in Table 5.1. Section 5 is an open-ended question that asks partici-

pants to identify any other smells that they have observed from their experience. All the

survey responses were anonymous. The participation was voluntary and participants could

skip any question that made them uncomfortable and they could stop the survey at any

time. The survey used in this study was approved by the Institutional Review Board at

the University of Alabama (Appendix A).

To avoid bias, only the description of each model smell was given without intro-

ducing any potential impacts this model smell may cause to the model. For each model

smell evaluation, the survey asked respondents to indicate the degree to which each smell

2https://www.qualtrics.com/
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Figure 5.2: Survey Questions (Partial)

negatively affects LabVIEW models using a 5-point Likert scale. Additionally, the option

“I am not confident in my knowledge to answer this question” was added to participants

in case they are not sure about a particular smell. For some questions, there are follow-

up questions without specific answer choices. For example, if a respondent agrees that

Too Many Controls is a smell for a LabVIEW model, the survey further ask the partic-

ipant “How many controls do you think are too many?” to gain a deeper understanding

of the smell. Figure 5.2 shows part of the survey. The full survey is available at http:

//bit.ly/VISmells.

5.4.2 Participant Recruitment

This empirical study recruited participants through the following contacts:

Online discussion forums. Online discussion forums are useful resources for

sharing domain knowledge about a specific topic or tool, such as sharing challenges and

ideas, promoting the development of community, and giving/receiving support from peers

and experts. In this study, the research invitation was sent to three online discussion fo-

rums: official LabVIEW discussion forum supported by National Instruments, unofficial

LabVIEW discussion forum LAVA, and the ACM SIGCSE forum for CS educators who

may use LabVIEW in their classes.
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National Instruments. There are several colleagues from National Instruments

who assisted in broadcasting this survey invitation to professional LabVIEW developers.

For feedback on the content in the survey, other experienced LabVIEW developers from

National Instruments helped to review the survey and offer feedback on whether the sur-

vey questions were clear, complete and without ambiguity.

Academic institutions. To reach LabVIEW users from academia, this survey

was sent to over 24 different institutions who may use LabVIEW for education or research

purposes.

Social Media. To recruit additional responses, the research invitation was also

posted to social media Twitter3 and Reddit4.

5.4.3 Data Collection

The research invitation was sent to the venues mentioned above and then followed

up with a reminder six weeks later. Finally, this empirical study received 65 responses,

from which 45 were completed and included in the analysis. Every response was manually

examined to make sure the recorded responses were valid. Some of the respondents did not

provide answers for the open response questions, but their answers to the other questions

were included in the analysis.

5.5 Experimental Results

The discussion of the results is organized around the research questions posed in

Section 5.1. To provide context for the discussion, this section first characterizes the demo-

graphics of the respondents.

5.5.1 Demographics

The participants come from 15 countries across North America, Europe, Oceania

and Asia. Figure 5.3 shows the geographical distribution of the participants. Most respon-

3https://twitter.com/?lang=en
4https://www.reddit.com/

84

https://twitter.com/?lang=en
https://www.reddit.com/


Figure 5.3: Participants’ Geographical Distribution

dents (27 out of 45) are from the USA. Regarding working experience, the survey asked

the respondents how long they have been working with LabVIEW. The range of experi-

ence spans from nine months to 26 years of LabVIEW usage. The average length of Lab-

VIEW working experience is 12.7 years. The median is 13 years.

• 10 participants (≈ 22%) have less than five years’ experience;

• six participants (≈ 13%) have five to 10 years’ experience;

• nine participants (≈ 20%) have 10 to 15 years’ experience;

• 20 participants (≈ 45%) have more than 15 years’ experience.

Among the 45 respondents, their role and self-reported LabVIEW knowledge level

were examined. In general, there are three categories: industrial developer, academic user

(including faculty/staff, graduate students and undergraduate students), and others. The

result shows that 60% of the respondents are industrial developers and 33% are from academia.

The survey also asked respondents to evaluate their knowledge of LabVIEW with four lev-

els: Expert, Competent, Familiar and Novice. The result is shown in Figure 5.4. Among

28 industrial developers, there are 23 respondents reported as experts, four competent and

one familiar. Among seven academic researchers, two respondents reported themselves as

experts, four competent and one familiar. Among seven graduate students, there was one
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Figure 5.4: Participants’ Role and Knowledge Level

respondent reported as competent, five familiar and one novice. There was one undergrad-

uate student that chose familiar and two others reported as experts.

There are 20 model smell evaluations scoped in the survey. For 45 participants, 900

answers were expected (excluding the follow-up questions). This study received 850 an-

swers in total (answer rate in general: 94.44%, industry participants answer rate: 98.21%,

academic researchers answer rate: 95.71%, graduate students answer rate: 79.29%, under-

graduate students answer rate: 75%, others: 100%). This answer rate indicates most par-

ticipants understood the model smells introduced in the survey and offered a response.

Overall, these demographics suggest that the survey respondents were experienced

in LabVIEW development and had a good understanding of smells in LabVIEW systems

models.

5.5.2 Systems Engineer’s Perception

To answer RQ 5.1, a 5-point Likert scale was adopted to convert participant’s an-

swers to numerical representations (This study defines this numerical representation as

Perception Value) where Strongly agree is 2, Somewhat agree is 1, Neither agree
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nor disagree is 0, Somewhat disagree is -1, and Strongly disagree is -2. If a respon-

dent chose the option “I am not confident in my knowledge to answer this question” or

did not answer the question, this question was removed from their overall response. In

this study, Mean Perception was defined as an indicator to show the perception of each

smell, which is formulated as:

Mean Perception =

∑
Perception V alue

Total Number of Responses
(5.1)

For example, for model smell Too Many Controls, there are 44 participants that an-

swered the evaluation of this smell. Based on the mean perception value defined above, all

the perception values from 44 responses were added. The sum is 23. Therefore, the mean

perception of model smell Too Many Controls is 23/44 ≈ 0.52. Table 5.2 shows the results

of significance analyses of all the model smells that are included in this study. The answer

for RQ 5.1 is also reflected in Table 5.2.

5.5.3 The Impact of Experience on Smell Perception

To answer RQ 5.2, this study focused on two demographic attributes: user experi-

ence and domain of expertise to investigate how these attributes affect respondent’s smell

evaluations. First, the mean perception of model smells based on the three categories dis-

cussed in Table 5.1 was calculated. The focus of this calculation was to understand the

perceived difference of contrasting groups, which is why the calculation of the mean per-

ception of different categories instead of individual smells was performed. To this end, this

study first divided the respondents into four groups based on their working experience in

LabVIEW development: less than five years, 5 – 10 years, 10 – 15 years and more than 15

years working experience. Figure 5.5 shows the results of this analysis.

To test whether the difference is significant, the Mann–Whitney U test [105] was

adopted. The results for Whitney U tests are shown in Table 5.3. From Table 5.3, it is

clear to see that the difference between the group with more than 15 years’ experience
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Table 5.2: Mean Perception Value of Model Smells

Model Smells
Mean

Perception

Large VI 1.41
Duplicated Code 1.38
Unorganized Wires 1.3
Infinite Loop 1.11
Dead Code 0.98
Redundant Operations 0.98
Stacked Sequence Structure 0.93
Excessive Data Copies 0.86
Too Many Controls 0.52
Unconnected Front Panel Elements 0.52
Multiple Nested Loops 0.48
No Wait In a While Loop 0.37
Excessive Property Nodes 0.34
Deeply Nested Hierarchy 0.3
Build Array Inside a Loop 0.29
Fix-length Array Resizing 0
Concatenate Strings In a Loop -0.3
Loop Once -0.6
Deficient SubVI -0.6
Non-reentrant VI -1

and other groups is significant, which suggests very experienced LabVIEW developers per-

ceived model smells less prominent compared with less experienced developers.

Figure 5.5 shows that users with less than five years working experience have a

smaller perception value than users who have 5–10 years working experience. The per-

ceived perception value for each category decreases with more working experience after

five years. This perception curve (inverted U-shape) seems reasonable: When beginners

first learn about LabVIEW modeling, they may only use a limited set of functions to de-

Table 5.3: P-Value Matrix

P-value <5 years 5-10 years 10-15 years >15 years
<5 years -
5-10 years 0.5864 -
10-15 years 0.2509 0.9060 -
>15 years 0.0012 0.0067 0.000021 -
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Figure 5.5: Mean Perception Value Based on Experience

sign relatively simple projects. At that point, their perception of a poor design is not well

understood due to knowledge limitations and project simplicity. Later, as their knowledge

accumulates and they begin to encounter more complex systems and models, they may

access more design choices and modeling strategies. Meanwhile, they may have a better

understanding of both good and bad designs, thus having a better ability to judge if a

situation suggests a bad smell. This explains why the second group (5 -10 years’ experi-

ence) agree on more model smells in each category compared to the first group (less than 5

years’ experience). As the domain knowledge increases, engineers may develop more skills

to fix bad designs, or avoid bad designs subconsciously. Therefore, the mean perception of

model smells begins to decrease gradually as the experience accumulates.

5.5.4 The Impact of Domain on Smell Perception

RQ 5.3 focuses on the differences between industrial respondents (28 responses in

total) and academic respondents (15 responses in total) regarding the perception of model

smells in LabVIEW models (the other two respondents belong to group “Others”). The

comparison result is presented in Figure 5.6, where it is observed that on average, indus-

trial developers and academic developers both agree that the model smells listed in the
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Figure 5.6: Mean Perception Value Based on Domain

survey are indications of poor model designs. Moreover, the mean perception values for

three different categories of model smells obtained from academia are higher than indus-

try respondents. However, the Mann–Whitney U test shows a significance p-value p > 0.05

for all of the three categories (p = 0.7926, 0.1282, 0.8412, respectively), which means the

perception differences between industry and academia are not significant.

This study further examined the mean perception value from academic researchers

and students. The results show that researchers agree with more of the model smells listed

in the survey than students. However, the significance value p = 0.9013 > 0.05, 0.6424 >

0.05, 0.5406 > 0.05 for three different categories, which means that the perceived differ-

ences between researchers and students are not significant either.

5.5.5 Other LabVIEW Model Smells

To answer RQ 5.4, the last survey question was, “Do you think there are other bad

smells in LabVIEW systems models that negatively affect VI qualities?” Less than half of

the respondents (19 out of 45) answered this question. The recorded answers were man-

ually examined and model smells that were already analyzed in this study (for example,
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some of the respondents reported Large VI as a model smell, which was already analyzed

in the survey) were eliminated. This empirical study also eliminated answers that did not

match the concept of model smells, or answers that were too vague (for example, a re-

sponse mentioned “Lack of scalability”). Eventually, there were seven new bad smells for

LabVIEW systems models that were suggested by the respondents: Too Many Local/-

Global Variables, Bad Data Flow, Overuse of Design Template, Lack of Com-

ments and Documentation, Lack of Error Handling, Inconsistent Naming and

Style, and LVOOP (LabVIEW Object-Oriented Programming, a design tool/language

that allows users to introduce OOP concepts to LabVIEW development).

The most frequent smell suggested in the responses was Too Many Local/Global

Variables, where seven out of 19 respondents answering this open question independently

reported it as a model smell that they observed from their own experience, but was not

listed among the 20 smells in the survey. Local variables are used to pass data between

block diagram nodes. With a local variable, users can write to or read from a control or

indicator on the front panel. However, introducing too many local variables may lead to

memory intensive processing and race conditions may occur if writing to and reading from

the same local variable at different rates. Another widely discussed bad smell in the re-

sponses is Lack of Comments and Documentation. Missing comments/documentation has

been proven to accumulate technical debt [19] [144]. This study confirms that missing doc-

umentation or comments could introduce more confusion to engineers who use systems

models in LabVIEW environment.

5.6 Recommendations and Lessons Learned

To offer a set of recommendations, this section first provides some specific recom-

mendations for end-users to avoid some prominent model smells perceived based on the

findings from the research questions. Second, the lessons learned from this empirical study
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were summarized to steer future potential research directions for both the research com-

munity and practitioners.

5.6.1 Recommendations

The analyses of RQ 5.1 suggest that Large VI has the highest perception value

among all the smells, which means respondents perceived this smell as a prominent smell

for LabVIEW models. To better understand this model smell, the survey further asked the

participants their own interpretation for a Large VI. There were 33 respondents that an-

swered this open-ended question. Their responses showed that a large VI usually refers to:

1) a VI is too complicated by containing too many functions; or 2) a VI takes too much

screen space. To this end, this dissertation provides three recommendations:

Recommendation 1 : Follow the Single-Responsibility Principle [108], which is

a programming principle indicating that every module should have responsibility over a

single part of the functionality and all the related services should be narrowly aligned with

that responsibility. In the context of systems modeling in LabVIEW, one VI is ideal to

execute only one function/module in the system.

Recommendation 2 : Restrict the size of a model within the size of the user in-

terface window. As one respondent put in the survey,

“ ... If I have to scroll, it’s getting smelly ... ”

Recommendation 3 : Create SubVIs to increase the modularity, code reusability

and program understandability.

The analysis of RQ 5.2 suggests that development experience affects the perception

of model smells. Thus, for beginners who do not have too much experience, one suggestion

is:

Recommendation 4 : Read software documentation (user manual) before get-

ting started to get more information on the usage of the product to save time on potential

smells/bugs and lower software misuses.
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The last question proposed in this study helped to identify new model smells that

were never discussed before within a LabVIEW context. One of the frequently mentioned

new smells is Lack of Comments. To this end, another recommendation is:

Recommendation 5 : Put comments in the program during model development

for maintaining, refactoring and extension.

5.6.2 Lessons Learned

The empirical evaluation (RQ 5.1) suggests that users are mostly concerned when

the VI becomes overcomplicated. To this end, the analysis of VI complexity becomes nec-

essary and important. However, current literature is silent on this topic. Similarly, Du-

plicated Model Part is also perceived as a prominent model smell while few investigations

have been conducted within the context of graphical systems models. Therefore, the first

two lessons that may lead to potential research directions for the research community are:

Lesson 1 : A formal analysis of the complexity of a LabVIEW model is impera-

tive.

Lesson 2 : The research community needs to pay more attention to the investiga-

tion of duplication in systems models.

RQ 5.2 and RQ 5.3 revealed that there does not exist a significant difference in

model smell perception between academia and industry, but development experience af-

fects the understanding of model smells. From this perspective, experienced practition-

ers are encouraged to establish a set of guidelines based on their development experience

to help unexperienced users avoid model smells in development practice. Unfortunately,

such guidelines are still missing from both industry practitioners and academic researchers.

Thus, the last lesson learned from this study is:

Lesson 3 : Establish a set of guidelines to help inexperienced developers avoid

model smells in practice.
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5.7 Threats to Validity

This section discusses different categories of threats to validity in this empirical

study. Following this is the examination of the means that have been undertaken to mit-

igate these threats. This section is organized by the introduction of three types of threats

to validity: construct threats, internal threats, and external threats to validity.

5.7.1 Threats to Construct Validity

Achieving construct validity requires researchers to ensure survey questions are

carefully developed based on relevant knowledge. To mitigate construct threats to validity,

this study sought feedback on an initial survey design from LabVIEW experts at National

Instruments. The survey was updated based on their suggestions.

5.7.2 Threats to Internal Validity

In this research, there are three internal threats to validity. In terms of study de-

sign, model smells based on three categories instead of a single smell were analyzed due

to the research focus. The other internal threat to validity is the number of participants.

This empirical study also did not ask why participants agree/disagree with certain designs

belonging to model smells. One reason for not asking additional followup questions is that

a long survey could decrease the response rate [72]. To mitigate these threats, a more com-

prehensive survey that combines an in-person interview in the future is planned. The in-

person interview will also include additional smells obtained from the respondents (e.g.,

Too Many Local Variables, as mentioned in Section 5.4.5) and the justification of partic-

ipant’s perception. The future study will also focus on individual model smells instead of

categories.

5.7.3 Threats to External Validity

In the context of this study, the external threat to validity refers to whether the

survey sample is representative of all LabVIEW users. To mitigate this threat, this disser-
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tation reached out to both LabVIEW users in academia and industry with different levels

of experiences.

5.8 Conclusion

This chapter empirically evaluated how users perceive model smells in systems

model built in LabVIEW through an online survey that was sent to various LabVIEW

forums and mailing lists. The results suggest that the participants do not agree that all

model smells documented in existing literature are problematic. Moreover, this study shows

significant difference on model smell perception between inexperienced developers and ex-

perienced developers, but no significant difference between industry and academia. This

empirical study also identified seven new model smells from the participants’ responses.

The novelty of this examination is the empirically evaluated confirmation of a community

of experts regarding the perception of existing smells. By filling the gap between model

smells summarization through a community-based survey, this examination provides new

insights to the industrial and research systems modeling community about what experts

consider to be smells that may impact the quality of systems models.
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CHAPTER 6

A COMPLEXITY METRICS SUITE FOR LABVIEW MODELS

The previous investigation revealed that the bad smell that systems engineers are

most concerned about when developing LabVIEW systems models is Complicated Sys-

tems Models. This observation motivated me to delve into the complexity analysis of

LabVIEW models. This chapter first discusses the background of complexity metrics. Fol-

lowing this is the presentation of the proposed metrics suite to help systems engineers

identify complicated systems models in their development practice. This chapter also of-

fers the theoretical validation of the metrics suite using Weyuker’s Property and empirical

evaluation of the metrics suite using LabVIEW systems models downloaded from GitHub.

6.1 Introduction

Frederick Brooks divided software complexity into two categories: essential com-

plexity and accidental complexity in his work No Silver Bullet — Essence and Accidents

of Software Engineering [27]. Essential complexity is the characterization of the complex-

ity of the problem itself, regardless of the implementation approach and the developer’s

experience. Accidental complexity is the non-essential complexity introduced by impover-

ished approaches, poor designs or inadequate complexity management. As the software

evolves over time, accidental complexity can grow out of control with the introduction

of new features and functionality, leaving behind an over-complicated system and higher

maintenance costs [128].

One way to manage the complexity of software is to adopt software metrics, which

are a set of quantifiable or countable measurements “derived from a software product, pro-

cess, or resource” [199]. Software metrics are essential components of a robust and rigorous
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software artifacts and play an important role in many aspects during the software develop-

ment life cycle, such as cost and effort estimation [122], productivity measurements [134],

performance evaluation [33] and software testing [81].

Complexity metrics, as the name suggests, are a set of assessments that measure

the complexity of the code in software artifacts [152]. It is one way to evaluate the quality

of the code implemented to execute certain functionality in the software. Complexity met-

rics also help developers to have an intuitive perception and subjective evaluation of the

robustness and volatility of each line of code executed. Research on software complexity

metrics has a long tradition. For example, Cyclomatic Complexity proposed by Thomas

McCabe [109], was presented in 1967. Extensive studies have been conducted to survey

[188], propose [56, 131], validate [67, 113], and evaluate [70, 184] software complexity met-

rics.

Although studies related to complexity metrics have been conducted by numerous

researchers, most of the work focuses on textual programming languages. Only a few in-

vestigations in literature demonstrate complexity analysis in graphical programming lan-

guages. Moreover, complexity examinations related to graphical programming languages

have focused heavily on general-purpose languages (such as Unified Modeling Language

[2] and Business Process Model and Notation [135]). Limited studies have shown the com-

plexity analysis of software artifacts built within domain-specific graphical languages.

Moreover, previous work also empirically confirmed that the complexity analysis

of LabVIEW systems models is needed by LabVIEW users - the feedback from the sur-

vey shows that one of the most concerned issues during their application development is

the complicated models built within LabVIEW. Based on these observations, the goal of

this investigation is to propose a complexity metrics suite for LabVIEW systems models to

help users evaluate the complexity of LabVIEW systems models in a quantifiable manner.

This chapter establishes a complexity metrics suite to characterize different aspects of Lab-

VIEW systems models by redefining some existing metrics and offering new metrics. The
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metrics suite covers 11 metrics which are divided into six categories: Cyclomatic Com-

plexity [109], Halstead Complexity [69], Information Flow Complexity [73], Card & Glass

Complexity [32], Cognition Complexity [156], and Front Panel Complexity. Weyuker’s val-

idation [184] was adopted to theoretically validate the metrics suite. Finally, a proof-to-

concept prototype was implemented. This study also acquired 10 open-source LabVIEW

models from 10 different projects from GitHub to empirically evaluate the metrics suite

using the prototype that has been implemented. The contributions of this work are briefly

presented as follows:

1. The description of a complexity metrics suite for LabVIEW systems models.

2. A formal theoretical validation of the metrics suite.

3. An empirical evaluation of the metrics suite.

The rest of this chapter is organized as follows. Section 6.2 discusses the proposed

metrics suite for the complexity analysis of LabVIEW systems models. Section 6.3 pro-

vides the theoretical validation of the metrics suite while Section 6.4 offers an empirical

evaluation. Section 6.5 examines the threats to validity and Section 6.6 surveys related

work in existing literature associated with this study. Finally, Section 6.7 concludes this

chapter.

6.2 Related Work

The study on the examination of LabVIEW model complexities is barely seen in

existing literature. The most similar work to this study is the complexity metric analysis

for Simulink models conducted by Olszewska [129]. However, there exist several differences

between LabVIEW models and Simulink models (a comparison study between these two

tools was conducted by Tavsner [173]). Moreover, Olszewska’s work failed to provide a val-

idation for the metrics they proposed compared with this study.
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Much of the existing research is related to complexity analysis within the context of

OOP [39, 40, 98, 114, 121]. Hirzalla proposed a metrics suite for evaluating flexibility and

complexity in Service Oriented Architectures (SOA) [76]. Because SOA is widely used in

building distributed systems, the metrics proposed in their work share many similarities

with complexity metrics for OOP. Power et al. [137] adapted some common software met-

rics and applied these metrics to measure the complexity of grammar-based software ap-

plications. The investigation of a complexity metrics suite is also seen in the area of Web

applications, such as Web ontology [191] and Cascading Style Sheet (CSS) [3].

Other investigations focused on the analysis of the metrics themselves. As one of

the most famous legacy metrics, multiple studies have been conducted to understand Cy-

clomatic Complexity since the term was first coined in 1976 [109]. The analyses span over

several disciplines, such as program implementation [104], metric evaluation [179], and

metric application [183]. Compared with numerous investigations of Cyclomatic Complex-

ity, few studies focused on Cognition Complexity and User Interface Complexity. Misra

et al. [117] proposed a metric suite to understand cognition complexity for OOP. Misra’s

work serves as the foundation of the cognition complexity metric proposed in this disser-

tation study. Similar, Riegler [142] examined the metrics affecting the user interface com-

plexity in mobile applications.

6.3 Proposed Metrics Suite

This section introduces the proposed metrics suite for analyzing the complexity of

LabVIEW systems models. The metrics suite includes six categories of metrics: Cyclo-

matic Complexity (CyC), Halstead complexity (HC), Information Flow Complexity (IFC),

Card & Glass Complexity (CG), Cognition Complexity (CoC), and Front Panel Complex-

ity (FP). Each metric in the suite covers a distinct aspect of the complexity characteriza-

tion of LabVIEW models.
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6.3.1 Cyclomatic Complexity

Cyclomatic Complexity (also known as “McCabe Complexity”) was proposed by

McCabe [109] in 1976. As one of the earliest and popular software metrics to measure soft-

ware complexity, numerous investigations related to cyclomatic complexity have been con-

ducted in different areas, such as its evaluation [102], application [171], and generalization

[80].

The measurement of cyclomatic complexity depends on the program’s Control Flow

Graph (CFG). A CFG uses graph notations to model the control flow of a program. Nodes

in a CFG represent execution commands while edges in a CFG indicate the direction of

program execution. In McCabe’s work [109], the cyclomatic complexity is originally de-

fined as:

Cyclomatic Complexity = E −N + 2P (6.1)

where E is the number of total edges, N is the number of total nodes, and P is the number

of exit nodes in a CFG. For an individual program, there is always one exit node (P = 1).

Thus, Equation 6.1 is simplified as:

Cyclomatic Complexity = E −N + 2 (6.2)

McCabe proved that for a program that only has one starting node and one exit

node, the cyclomatic complexity can be represented as:

Cyclomatic Complexity = D + 1 (6.3)

where D is the number of total decision points in a program. A decision point is where a

program produces variations to a CFG, such as if-else statement, for/while statement and

switch statement.
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Table 6.1: Cyclomatic Complexity Computation for Figure 6.1

Code Fragment 1 Code Fragment 2 Code Fragment 3
# of Edges (E) 2 4 6
# of Nodes (N) 3 4 5
# of Decision Points (D) 0 1 2
E-N+2 (Equation 6.2) 2-3+2 = 1 4-4+2 = 2 6-5+2 = 3
D+1 (Equation 6.3) 0+1 = 1 1+1 = 2 2+1 = 3

This section will illustrate the above equations through an example. Suppose there

are three code fragments, as shown in Figure 6.1. The corresponding CFGs of these code

fragments are also shown in Figure 6.1. The calculation of cyclomatic complexity is listed

in Table 6.1.

Mapping the concept and equation of cyclomatic complexity to LabVIEW models,

this dissertation modified the number of decision points in a program to the number of de-

cision blocks in a model. In LabVIEW, there are four types of decision blocks: For Loop

blocks (similar to For Loop statements), While Loop blocks (similar to While Loop state-

ments), Case Structure (similar to if...else... statements ) and Event Structure (similar to

Switch statements). Thus, in this dissertation, Cyclomatic Complexity (CyC) is redefined

as:

CyC = D + 1 (6.4)

where D refers to the number of decision blocks in a LabVIEW systems model.

6.3.2 Halstead Complexity

Halstead Complexity was first presented by Maurice Halstead in 1977 [69]. Hal-

stead Complexity is calculated based on two components in a program: operators, indicat-

ing what will be processed during the program execution, and operands, specifying how

these operators will be processed. Let:

n1 = Number of distinct operators

n2 = Number of distinct operands
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Figure 6.1: Code Fragments with Different Number of Decision Points and Their Corre-
sponding CFGs

N1 = Number of total operators

N2 = Number of total operands

Halstead defined the following metrics [69] to measure the software complexity:

Program V ocabulary : n = n1 + n2 (6.5)

Program Length : N = N1 +N2 (6.6)

Program V olume : V = N × log2 n (6.7)

Program Difficulty : D =
n1

2
× N2

n2

(6.8)
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Program Effort : E = V ×D (6.9)

Time to implement the program : T =
E

18
(6.10)

Program delivered bugs : B =
E

2
3

3000
(6.11)

To map the concept of Halstead Complexity to LabVIEW models, this disserta-

tion revised the original definitions. First, because LabVIEW follows a data-flow program-

ming paradigm, data flows from one block to another block. Instead of counting how many

times operators appear (N1 = Number of total operators) in a program, my work de-

fined A1 = Number of total operator flows. In addition, blocks instead of operands were

adopted to reflect the nature of LabVIEW. Therefore, the basic Halstead Complexity met-

rics in this study are introduced as:

α1 = Number of distinct operators

α2 = Number of distinct data processing blocks

A1 = Number of total operator flows

A2 = Number of total data processing blocks

Second, the metrics suite in this study removed two metrics: time to implement

the program (defined in Equation 6.10) and program delivered bugs (defined in Equation

6.11). Muslija [126] argued that the integer values 18 and 3000 in these two equations are

rigid and not strictly proved.

Finally, in Equation 6.7, when n = 1, it means that a model contains only one oper-

ator or one processing block. The metric V olume will be computed as 0 (V = N × log2 1 =

N × 0 = 0). However, a V olume value of 0 is inconsistent with the fact when the model

contains only one operator or one processing block. To this end, a revision was made to

Equation 6.7 (see Equation 6.14).

After these revisions, the Halstead Complexity (HC) metrics in the metrics suite

are defined as:
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Model V ocabulary : α = α1 + α2 (6.12)

Model Length : A = A1 + A2 (6.13)

Model V olume : V = A× log2(α + 1) (6.14)

Model Difficulty : D =
α1

2
× A2

α2

(D =
α1

2
⇐⇒ α2 = 0) (6.15)

Model Effort : E = V ×D (6.16)

For example, considering the following example: given two non-zero integers x and

y, the goal is to calculate the value of 1
x2

+ 1
y2

. This program can be expressed in a Lab-

VIEW block diagram shown in Figure 6.2.

In this example, there are three distinct operators: two integer controls x and y and

one double-float indicator Result, thus α1 = 3. Meanwhile, this example has three distinct

data processing blocks: one block for computing a number’s square; one block to calculate

a number’s reciprocal and one block to sum two numbers, thus α2 = 3. Integer x flows

three times in this example: integer x to block x2 to block 1
x

to block “+”. Similar, inte-

ger y also flows three times. Processing block “+” transfers the result to indicator Result.

Therefore, the operator flows in this program is A1 = 3 + 3 + 1 = 7. Finally, the number

of total data processing blocks is A2 = 5 (two square block, two reciprocal blocks and one

Figure 6.2: A LabVIEW Block Diagram to Calculate 1
x2

+ 1
y2

(x 6= 0; y 6= 0)
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addition block). Based on Equation 6.12 to Equation 6.16, the calculations of the metrics

in Halstead Complexity are as follows:

• Model V ocabulary : α = α1 + α2 = 3 + 3 = 6;

• Model Length : A = A1 + A2 = 7 + 5 = 12;

• Model V olume : V = A× log2(α + 1) = 12× log2(6 + 1) ≈ 33.69;

• Model Difficulty : D = α1

2
× A2

α2
= 2

3
× 3

5
= 2.5;

• Model Effort : E = V ×D = 36.69× 2.5 = 84.225

6.3.3 Information Flow Complexity

Information Flow Complexity, given by Henry and Kafura [73], measures the infor-

mation flow between system modules. Before the discussion of information flow complex-

ity, this section first introduces two concepts used in information flow complexity: fan-in

and fan-out. Fan-in and fan-out are two terms used in a logic gate which perform logi-

cal functions in digital integrated circuits. Fan-in is the number of inputs of a gate and

fan-out is the number of outputs of a gate. In the context of software complexity analysis,

fan-in and fan-out are used to measure the complexity of data flows between modules. In

Henry and Kafura’s work [73], they defined information flow complexity as:

Information F low Complexity = Length ∗ (Fan-in ∗ Fan-out)2 (6.17)

where Length in Equation 6.17 represents the number of lines of source code in a program.

The basic idea of information flow complexity is to understand the information flow

between modules. In LabVIEW, the modularity is achieved by the implementation and

adoption of SubVIs (discussed earlier in Section 2.2). To give a better illustration of the

concept of SubVI, consider the example that has been introduce in Figure 6.2. To use a

SubVI, users first create an Icon for the block diagram shown in Figure 6.2. An icon is
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Figure 6.3: The Icon for the SubVI Square Reciprocal Sum

similar to a function signature in textual programming languages - it helps to identify the

user-defined function and the function input and output. Suppose the SubVI for the func-

tion shown in Figure 6.2 is named as Square Reciprocal Sum. Figure 6.3 shows the icon for

this SubVI in LabVIEW.

The x and y shown on the left of this icon indicates that this SubVI receives two

inputs (the blue color shows that these two inputs are 8-bit integers). The output of this

SubVI is Result (the orange color shows that the output is a float number). After encap-

sulating the block diagram into this SubVI, users just need to call the SubVI by using its

icon. Figure 6.4 shows an equivalent block diagram to the block diagram in Figure 6.2 af-

ter the adoption of a SubVI.

This dissertation defines fan-out as the data flow from one VI to its SubVI and fan-

in as the data flow from SubVI to its caller VI. Suppose there are N SubVIs in a VI, for

each SubVI i ∈ N , the number of fan-in and fan-out is Fan-ini and Fan-outi, respectively.

The Information Flow Complexity (IFC) for a VI is defined as:

IFC =
N∑
i

(Fan-in i+ Fan-out i)2 (6.18)
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Figure 6.4: The Modularization of VI by the Adoption of SubVI

Compared with the original definition, the formula for information flow complexity

proposed in this dissertation revised the operand in Equation 6.18 from × to +. The lim-

itation in the original metric definition is that when there is only a fan-in but no fan-out

(Length ∗ (Fan-in ∗ 0)2)), or only a fan-out but no fan-in (Length ∗ (0 ∗ Fan-out)2) for

a system, the information flow complexity yields to 0. However, when a model only has

fan-in or fan-out, there still exists date flows. To this end, my research suggests applying

+ instead of ∗ in the metric calculation.

6.3.4 Card & Glass Complexity

Card and Glass proposed a design complexity metric [32] based on information flow

complexity. Card & Glass Complexity contains three metrics:

− Data complexity:

Dx =
Px

fan-out+ 1
(6.19)

− Structural Complexity:

Sx = fan-out2 (6.20)

− System Complexity:

Cx = Dx + Sx (6.21)
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where Px is the summation of system input and system output. Card & Glass’s metric

indicates that system complexity is the summation of data complexity and structural com-

plexity. Following the definition above, the Card & Glass complexity for LabVIEW sys-

tems models can be defined as:

− Data complexity:

D =
P

fan-out+ 1
(6.22)

− Structural Complexity:

S = fan-out2 (6.23)

− Model Complexity:

C = D + S (6.24)

where P is the summation of the number of inputs and outputs for a LabVIEW model.

Here, fan-in and fan-out follow the definition discussed in Section 6.2.3.

6.3.5 Cognition Complexity

Cognition plays an important role in “understanding the fundamental character-

istics of software” [156]. Cognition complexity refers to the difficulty to intuitively un-

derstand a piece of code. To quantitatively assess the cognition complexity of a software

program, Shao and Wang proposed the concept of Basic Control Structures (BCSs) [182],

which are a set of control structures to build software in the context of OOP. Moreover,

they assigned Cognitive Weights (CWs) to BCSs as a measurement to evaluate the degree

of effort to comprehend a specific basic control block [156]. The cognition complexity is

thus defined as the summation of cognitive weights of all the BCSs in a program.

The current literature related to cognition complexity within the context of graph-

ical systems models is still scarce. To evaluate the cognition complexity in a LabVIEW

block diagram, previous investigations were revised to fit LabVIEW. My research divides

blocks in a LabVIEW block diagram into two categories: blocks with cognitive weight and
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Table 6.2: Cognitive Weights for LabVIEW Blocks

Category Blocks
Cognitive
Weight

Graphical Notation
Example

Iteration For Loop 3

While Loop 3

Branch Case Structure 2

Event Structure 2

Function Calls
Pre-defined

Processing Blocks
1

User-defined
Processing Blocks

(SubVIs)
1

Others Other blocks 0 -

blocks without cognitive weight. Table 6.2 summarizes these two categories and cognitive

weights for different blocks.

My research assigns cognitive weights to three different block categories. The first

category is Iteration blocks, which include For Loop structures and While Loop structures.

Similar to other general-purpose programming languages, a For Loop is used to execute

code a fixed number of times, while a While Loop executes the code as long as a Boolean

expression remains true. The cognitive weight for iteration blocks was defined as 3. The

second category is Branch blocks. In LabVIEW, there are two kinds of branch blocks:
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Case Structure and Event Structure. A case structure is similar to an if.../if...else... state-

ment and an event structure is similar to a switch statement. This work defines the cogni-

tive weight for branch category as 2.

The last block category with cognitive weight is Function Calls. Two types of blocks

are included in this category: Pre-defined Processing Blocks and User-defined Processing

Blocks (i.e., SubVIs). Pre-defined processing blocks provided by LabVIEW offer users a

variety of functions to build a program (for example, the square block, reciprocal block

and summation block shown in Figure 6.2). SubVIs, as illustrated in Figure 6.4, are also

function calls but defined by users instead of LabVIEW. Both of these two function calls

work like a black-box - they hide the implementation detail from users. Users just need to

provide the required input and the result will be returned automatically. Therefore, the

cognitive weight for function calls is 1. The rest of the blocks in LabVIEW block diagrams

do not have a cognitive weight (for example, definition blocks, comment blocks and wires).

The cognitive weight values defined in this investigation are consistent with previous stud-

ies on cognition complexity analysis for OOP [118, 156, 182].

Suppose there are M first-layer linear blocks in a block diagram. For each block

m ∈ M , there exist N sub-layers. In each sub-layer n ∈ N , there are P linear blocks. A

formal representation of Cognition Complexity (CoC) for a model is formulated as:

CoC =
M∑
m=1

{
N∏
n=1

[
P∑
p=1

Cognitive Weight (p)

]}
(6.25)

For example, the cognition complexity for the block diagram shown in Figure 6.4

is 1: there is one SubVI call (self-defined function Square Reciprocal Sum) which has the

cognitive weight of 1. There are three terminals (two controls and one indicator) in this

example. They are definition blocks that do not contribute to the cognition complexity

of this block diagram. Similarly, the cognition complexity for the block diagram shown in

Figure 6.2 is 5: there are five pre-defined processing blocks (two square blocks, two recip-
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Figure 6.5: A more complicated example for cognition complexity calculation

rocal blocks and one addition block) in this diagram. Each of the blocks has the cognitive

weight of 1. Thus, the cognitive complexity is 5 × 1 = 5. The three terminals in this block

diagram do not have cognitive weights.

The block diagram represented in Figure 6.5 shows a more complicated example.

In Figure 6.5, there are two first-level blocks: a For Loop structure and a Square block.

In the For Loop, there are three sub-level blocks: a Case Structure, a While Loop and an-

other Square block. Inside of the While Loop and For Loop, there is another Square block.

Based on Equation 6.25, the cognition complexity of the block diagram shown in Figure

6.5 is calculated as: 1 + {3× [2× (1)] + 3× [3× (1)] + 3× 1} = 19.

6.3.6 Front Panel Complexity

Different from other models that only have logical representations of the program

(such as Simulink and UML), LabVIEW also provides a user interface - a front panel for

developers, as discussed in Section 2.2.1. The front panel acts as a core link between users

and systems. A good user interface design “comes down to bringing the program model

and the user model in line” [59]. The inclusion of front panels in LabVIEW inspired me

to scope user interface complexity analysis into the investigation, which assists developers

to evaluate the complexity of interface designs for a LabVIEW model. In this dissertation,
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two aspects affecting the complexity of front panels were examined: Element Smallness

and Interface Density.

For a given element i on a front panel, the metrics suite first define its size as:

Sizei = Lengthi ∗Heighti (6.26)

where Lengthi is the length of element i and Heighti is the height of element i.

The first complexity metric for user interface in this study is Element Smallness.

The analysis of element smallness is inspired by the research done by Riegler and Holz-

mann [142]. They argued that “smaller objects tend to be harder to identify and interact

with,” thus increasing its understanding complexity. Therefore, Element Smallness (ES) is

defined as:

ES =

(
Average Width
Screen Width

)
+
(
Average Height
Screen Height

)
2

(6.27)

where Average Width is the mathematical mean value of the width of all the elements,

Average Height is the mathematical mean value of the height of all the elements, Screen Width

and Screen Height are the width and height of a front panel’s screen, respectively.

The second complexity metric for front panel complexity in this study is Interface

Density. It measures the degree to which elements placed on the front panel occupy the

screen. Suppose there are N elements in total. Interface Density (ID) is defined as:

ID =

∑N
i (sizei)

Screen Size
(6.28)

where Screen Size is the size of the screen for the front panel in a model. This metric

shows the degree to which a front panel is clustered or empty.
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6.4 Theoretical Validation

In light of the suitability of the proposed metrics suite, a theory validation to the

metrics was performed. Several investigations have been conducted to theoretically val-

idate the complexity metrics for software programs within the context of OOP [55, 184,

198]. One of the benchmark works among existing studies is the investigation proposed by

Weyuker [184]. As a point of reference for the examination of software complexity metrics,

Weyuker’s work has been adopted by many other investigations (such as [51, 117]). My re-

search also uses Weyuker’s work to theoretically validate the proposed complexity metrics.

Because Weyuker’s validation was original for OOP, the term “program” was used. To

map Weyuker’s validation to LabVIEW, my work revised “program” to “systems model.”

Moreover, metrics related to front panel were removed since user interface complexity was

not included in Weyuker’s validation.

Property 1: (∃ P ) (∃ Q) (|P | 6= |Q|), where P and Q are two different systems

models.

This property states that a metric should not contribute to the same value when

given two different systems models. From the definition of metrics equations (6.4, 6.12-

6.16, 6.18, 6.22-6.25), it is clear that all of the metric computations depend on different

properties of a system model, but not constant values. Thus, Property 1 holds for all of

the metrics in the suite.

Property 2: Let c be a non-negative number, then there are finite combinations to

obtain complexity c.

Cyclomatic Complexity is related to the number of decision blocks. In LabVIEW,

there are four decision blocks: For Loop, While Loop, Case Structure and Event Structure.

When the complexity is given as a fixed value c, it is always possible to enumerate all the

combinations of these decision blocks to make a model’s Cyclomatic Complexity equal to

c. For example, suppose for a given model, c = 5, based on Equation 6.4, c = 5 = D + 1,

thus D = 4. In other words, there should be four decision blocks in the block diagram of
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Table 6.3: Combination of Decision Blocks (Cyclomatic Complexity = 5)

No. of
Block Types

Possible
Combinations

No. of
Combinations

1 4 FLs or 4 WLs or 4 CSs or 4 ESs 4

2
1 FL + 3 WLs or 2 FLs + 2 WLs or 3 FLs + 1 WL
(FL and WL can be placed by other decision struc-
tures)

18

3
2 FL + 1 WL + 1 CS or 1 FL + 2 WLs + 1 FL or 1
FL + 1 WL + 2 CSs (FL, WL and CS can be placed
by other decision structures)

12

4
1 For Loop and 1 While Loop and 1 Case Structure
and 1 Event Structure

1

FL = For Loop, WL = While Loop, CS = Case Structure, ES = Event Structure.

this model. When using only one type of decision structure, there are four possible ways:

using four For Loop blocks only, or using four While Loop blocks only, or using four Case

Structures only, or using four Event Structures only.

When using two types of decision blocks, there are six possible combinations: For

Loop + While Loop; For Loop + Case Structure; For Loop + Event Structure; While

Loop + Case Structure; While Loop + Event Structure; Case Structure + Event Struc-

ture. For each combination, in order to get four decision blocks, there are three ways to

pick. For example, suppose the combination of For Loop and While Loop is chosen, the

three possible ways are: one For Loop and three While Loop; or two For Loops and two

While Loops; or three For Loops and one While Loop. Thus, there are 3 ∗ 6 = 18 combina-

tions in total to choose four decision blocks when using two types of decision blocks.

Similarly, there are 12 combinations when choosing three types of decision blocks

and there is one combination when choosing four types of decision blocks. Thus, there are

4 + 18 + 12 + 1 = 35 combinations of decision blocks to make a model’s Cyclomatic Com-

plexity equal to 5. Table 6.3 gives a detailed explanation on this example.

Starting from this point, it can be generalized that all of the metrics in the suite

hold for this property. In fact, this metric will be met by any metrics due to the fact that

“the universe of discourse deals with almost a finite set of applications” [166].
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Property 3: There are distinct models P and Q such that |P | = |Q|.

This property implies that two models can have the same complexity metric values.

Obviously, the metrics in this chapter satisfy this property because in LabVIEW, there

are more than one type of blocks. LabVIEW users can always construct different models

that have the same complexity values. For example, a model that contains only one While

Loop and a model contains only one For Loop have the same Cyclomatic Complexity and

Cognition Complexity.

Property 4: (∃ P ) (∃ Q) (P ≡ Q & |P | 6= |Q|).

This property states that there exist two models with the same input, and they will

produce the same output. However, they are implemented in different ways. This prop-

erty shows that the metrics should focus on internal implementation. The Cyclomatic

Complexity in the metrics suite satisfies this property. For example, there are two mod-

els that do not receive any input and the output is showing a string three times. There are

two ways to implement this: Model A uses a loop with three iterations and places a func-

tion inside of the loop. Model B just repeats the string code three times without using any

loops. Thus, model A has a Cyclomatic Complexity of 2 (1+1, one decision block is used)

while Model B has a Cyclomatic Complexity of 1 (1+0, zero decision block is used). Sim-

ilarly, this example also fits Halstead Complexity because when using different structures,

the model vocabulary and length change based on its implementation detail. Further, if

creating a SubVI that executes the shown string function, the Information Flow Complex-

ity and Card & Glass Complexity is different compared with a model that does not use

a SubVI to produce the same result. Cognition complexity also satisfies this property as

illustrated in examples shown in Figure 6.2 and Figure 6.4. In summary, the metrics pro-

posed in the suite could reflect the implementation differences. Therefore, all the metrics

in this dissertation satisfy this property.

Property 5: (∀P ) (∀Q) (|P | ≤ |P ;Q| and |Q| ≤ |P ;Q|).
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Suppose a model (P,Q) contains two components: P and Q. This property states

that the complexity of model (P,Q) is larger than the complexity of its components P and

Q. For Cyclomatic Complexity, this property is satisfied. Suppose there are m decision

blocks in P (m ≥ 0), n decision blocks in Q (n ≥ 0), when combining P and Q, the new

Cyclomatic Complexity is m + n + 1. Obviously, this value is always bigger or equal to

m + 1 and n + 1. For Halstead Complexity, this property is also satisfied because any

model component always has less or equal operators and operands than the whole model,

thus making all the metrics in Halstead Complexity satisfy Property 5.

For Information Flow Complexity and Card & Glass Complexity which measure

the data flow between a VI and its SubVI, if P and/or Q are SubVIs and there exist other

SubVIs, |P |< |P ;Q| and/or |Q|< |P ;Q|. If P and Q are the only two SubVIs with Fan-

in and Fan-out, then |P |< |P ;Q| and |Q|< |P ;Q|. If P (or Q) is the only SubVI with

Fan-in and Fan-out, then |P |= |P ;Q| (or |Q|= |P ;Q|). If P and/or Q are not SubVI com-

ponents and the model contains other SubVIs, then |P |< |P ;Q| and |Q|< |P ;Q|. If P

and/or Q are not SubVI components and the model does not contain other SubVIs, then

|P |= |P ;Q|= 0 and |Q|= |P ;Q|= 0. In summary, Property 5 holds for Information Flow

Complexity and Card & Glass Complexity metrics.

Property 5 also holds for Cognition Complexity because the calculation of Cog-

nition Complexity is based on the number of blocks with cognitive weight. Any model

component always has less or equal blocks with cognitive weight compared with the en-

tire model. Based on the above analyses, Property 5 holds for all the complexity metrics

proposed in the suite.

Property 6: (∃P ) (∃Q) (∃R) (|P | = |Q| & |P ;R| 6= |Q;R|) & (|P | = |Q| & |R;P | 6=

|R;Q|).

This property asserts that if a model R is combined with two models P and Q that

have the same complexity metric values, the combined models R+P and R+Q have differ-

ent complexity metrics. This property does not hold for Cyclomatic Complexity. Suppose
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model R has a Cyclomatic Complexity value of r, P has a Cyclomatic Complexity value of

p, model Q has a Cyclomatic Complexity value of q. Based on the precondition, it is ob-

served that p = q. The new models R + P and R + Q have Cyclomatic Complexity values

of r + p and r + q, respectively. Because of p = q, it is clear that r + p = r + q, which

means the two new models R + P and R + Q have the same Cyclomatic Complexity. The

Halstead Complexity is more complicated to analyze: if R shares some of the operators or

operands with P/Q, but does not share any of the operators or operands with Q/P , then

this property holds; otherwise not. Similarly, Information Flow Complexity and Card &

Glass Complexity may also satisfy or not satisfy this property based on SubVI calls before

and after model combination. Cognition Complexity does not satisfy this property because

the model combination does not change the original model structure, thus resulting in no

influence on cognition complexity. In summary, this property partially holds the metrics

proposed in the suite.

Property 7: There are program bodies P and Q such that Q is formed by permut-

ing the order of the statements of P,and (|P | 6= |Q|).

This property concerns the effect of changing the order of statements in a program.

Though changing the statement order may affect the program complexity in some pro-

gramming languages, it will not affect LabVIEW models. This is due to the nature of

data flow programming - LabVIEW models are built based on blocks which are connected

through wires - the location of blocks do not affect a model’s functionality. Thus, all the

metrics in the suite do not satisfy this property.

Property 8: If P is a renaming of Q, then |P | = |Q|.

This property states that the metrics should not be affected by the renaming of

blocks. This property holds for all the metrics in the suite because all the metric calcula-

tions are irrelevant to any naming or renaming of blocks.

Property 9: (∃P ) (∃Q) (|P |+|Q| < |P ;Q|).
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This property states that when combining two models into a new one, the com-

plexity of a newly created model is larger than the summation of individual models. This

property has been criticized by several investigations [5, 40, 157, 167, 192]. Therefore, this

section does not discuss this property within the context of LabVIEW systems models.

6.5 Empirical Evaluation

To empirically evaluate the metrics suite, a tool that can automatically retrieve dif-

ferent complexity metrics defined in Section 6.2 was developed. This tool supports the

complexity analysis for systems models built in LabVIEW NXG1 and LabVIEW NXG

Web Module2 (a software add-on to LabVIEW NXG to build web-based LabVIEW NXG

applications).

6.5.1 Model Selection

I chose 10 LabVIEW systems models from 10 different repositories from GitHub.

Popoola’s work [136] has shown that these 10 repositories contain models with different

size and functionality. The selection of these models help to better evaluate the metrics.

Table 6.4 gives an overview of these models. Among these 10 models, four are LabVIEW

NXG models (Model 3, 5, 7 and 8) and the rest (Model 1, 2, 4, 6, 9 and 10) are NXG web-

based models.

6.5.2 Data Collection

The complexity analysis tool takes one model (either with file extension .giv for

LabVIEW NXG models or with file extension .gviweb for LabVIEW NXG Web models)

each time as input and returns the numeric values for different complexity metrics as out-

put. For each model, the tool collected 11 values corresponding to the 11 metrics proposed

in this study.

1https://www.ni.com/en-us/shop/labview/labview-nxg.html
2https://www.ni.com/en-us/shop/software/products/labview-nxg-web-module.html
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Table 6.4: An Overview of Models Adopted For Empirical Evaluation

Model URL for the Model Model Size SLOC*
Model 1 https://github.com/rajsite/webvihack/blob/

master/webvihack_components/webvihack.gcomp/

webvihack_version.gviweb

6.18 KB 66

Model 2 https://github.com/navinsubramani/develop-

and-deploy-WebVI/blob/master/source/

SimpleWebGame/WebGame.gcomp/Main.gviweb

22.1 KB 132

Model 3 https://github.com/ni/labview-nxg-

jenkins-build/blob/master/source/

ReusingCodeacrossApplications/CounterLibrary.

gcomp/Counter.gvi

22.4 KB 265

Model 4 https://github.com/doczhivago/

DownloadUploadAFileWebVI/blob/master/

UploadAFile/Main.gcomp/FileDownloadorUpload.

gviweb

34.9 KB 378

Model 5 https://github.com/JKISoftware/JKI-State-

Machine-NXG/blob/master/source/JKI.Library.

JKIStateMachine.gcomp/ParseStateQueue.gvi

44.1 KB 420

Model 6 https://github.com/therinoy/LabVIEW-NXG-

BL1.1W-Web-App-Project/blob/master/WebApp.

gcomp/Function.gviweb

130 KB 523

Model 7 https://github.com/prestwick/customizing-

webvis/blob/master/monitor-test-webvi/subvis.

gcomp/DequeMessage.gvi

59.7 KB 642

Model 8 https://raw.githubusercontent.com/ni/webvi-

examples/master/CallSystemLinkDataServices/

SubVIs.gcomp/WriteExampleTags.gvi

73.4 KB 733

Model 9 https://github.com/eyesonvis/niweek2019-

webVI-hands-on/blob/master/LabVIEWNXGcode/

TemperatureMonitorWebApp.gcomp/

TemperatureMonitor.gviweb

110 KB 987

Model
10

https://github.com/wimtormans/

LabVIEWRaspberryPI_IndoorMonitoring/blob/

master/WebVI/WebApp.gcomp/IndoorMonitoring.

gviweb

134 KB 1549

*SLOC: Source Line of Code.
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Table 6.5: Empirical Evaluation Results for 10 LabVIEW Models

Model No. CyC
Halstead

IFC
Card & Glass

CoC
Front Panel

V D E DC StC SyC ES ID
1 1 3.17 1 3.17 0 1 0 1 0 0.05 0.002
2 3 18.58 2 37.16 0 0 0 0 27 0.41 0.28
3 4 126 52.5 6615 0 5 0 5 53 0.04 0.02
4 4 16.25 2 32.5 8 0 2.5 2.5 15 0.13 0.14
5 5 151.6 54 8186.2 16 1 1 2 57 0.05 0.04
6 1 0 0 0 0 0 0 0 0 0.15 0.95
7 4 120.46 30 3613.8 16 2 4 6 39 0 0
8 1 63.4 6 380.4 48 0.7 9 9.7 5 0 0
9 7 165.44 2.5 413.60 55 0 3.8 3.8 21 0.27 0.43
10 4 207.74 3 623.23 169 0 2.3 2.3 21 0.26 0.29

CyC = Cyclomatic Complexity, V = Volume, D = Difficulty, E = Effort, IFC =
Information Flow Complexity, DC = Data Complexity, StC = Structure Complexity, SyC
= System Complexity, ES = Element Smallness, ID = Interface Density. All the values in
this table are rounded to 2 decimal places.

6.5.3 Results and Discussion

The results of this empirical evaluation are shown in Table 6.5. This section will

divide the discussion into three subsections: complexity metrics for block diagrams, com-

plexity metrics for front panels, and the comparison between block diagram complexity

and front panel complexity.

Complexity Metrics for Block Diagrams

In the metrics suite, there are five complexity metrics related to block diagrams: Cyclo-

matic Complexity, Halstead Complexity, Information Flow Complexity, Card & Glass

Complexity and Cognition Complexity. For these metrics, lower values always mean lower

complexity and higher understandability. The only factor affecting Cyclomatic Complexity

is the number of decision blocks in a model. For example, Model 1, Model 6 and Model 8

do not contain any decision blocks, thus their Cyclomatic Complexity value equals to 1.

Halstead Complexity examines the number of operators and operands. Model 5 has the

highest Effort Value, however, as shown in Table 6.5, other complexity metrics for Model 5

are not always the highest. This reflects the fact that Halstead Complexity only concerns
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the number of operators and operands a model contains, but not other factors, such as a

model’s structure (e.g., a nesting structure and a non-nesting structure have the same Hal-

stead Complexity values as long as they have equal numbers of operators and operands)

or implementation details. Because of these weaknesses, several critiques for Cyclomatic

Complexity and Halstead Complexity have been proposed, such as [139, 161].

Information Flow Complexity measures the complexity of data transfer between

a model and its components (a VI and its SubVI VIs). Card & Glass complexity adopts

the same concept of Fan-in and Fan-out as in Information Flow Complexity and adds the

number of input and output for analysis. One model can have a high Information Flow

Complexity while low Card & Glass Complexity (such as Model 10), or vice versa (such as

Model 8).

Cognition Complexity, as a measurement to intuitively understand a piece of graph-

ical code in a model, indicates the model complexity from a human perspective. Unlike

the metrics analyzed above, cognition complexity distinguishes “human factors from com-

putational complexity” [175]. In this study, the cognition complexity for LabVIEW models

based on the existing study related to the cognition complexity examination for OOP [156]

was analyzed. When a model contains complicated blocks (such as loops and event struc-

tures), developers need more time to understand its logic and functionality, thus increasing

the model’s cognition complexity. There are two factors affecting the cognition complexity:

the number of blocks and the cognitive weight for each block. An example to show this

characterization can be found from Model 9 and Model 10: these two models have differ-

ent numbers of blocks, but the same cognition complexity value.

Complexity Metrics for Front Panels

My research analyzed two metrics affecting the front panel complexity for a LabVIEW

model - Element Smallness and Interface Density. Element Smallness specifies the aver-

age element width and height placed on the front panel while Interface Density indicates
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Figure 6.6: The Front Panel for Model 2

how empty or clustered a front panel is. A bigger value is expected for Element Smallness

because research has shown that bigger elements placed on a user interface are easier to

recognize and understand. Model 2 has the highest Element Smallness value which means

on average, front panel elements are bigger compared with other front panel elements (see

Figure 6.6). Model 6 has the highest interface density value, which means elements placed

on the user interface of Model 6 occupy most of the interface space (see Figure 6.7). Pre-

vious studies have shown that bigger elements and lower interface density help to decrease

the user interface complexity [58, 142].

Block Diagram Complexity V.S. Front Panel Complexity

Block diagram complexity represents the complexity of the functionality executed by the

model while front panel complexity specifies the complexity of its user interface in a model.

There is not a correlation between the block diagram complexity and front panel complex-

ity: A model could have a very complicated user interface, but not execute any function;

or a model could execute very complicated functions, but with a very simple user inter-

face (or no user interface at all). This empirical evaluation based on the proposed metrics

suite is consistent with this fact: Model 6 has a very high interface density while all the

other metric values are 0 (even Model’s 6 Cyclomatic Complexity is 1, however, Based on

Equation 5, it means there is no decision blocks in the model). This model was examined

manually and the result shows that Model 6 only contains a front panel but no block di-

agram. However, its Interface Density is close to 1, which means the elements placed on
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Figure 6.7: The Front Panel for Model 6

its front panel take almost all of the user interface. This is also consistent with the man-

ual examination (shown in Figure 6.7). Model 7 and Model 8 do not have a front panel,

thus their front panel complexity is 0. However, they have complicated block diagrams.

Therefore, the values of Halstead complexity, Information Flow Complexity and Cognition

Complexity are relatively higher compared with other models.

6.6 Threats to Validity

This section discusses three different categories of threats to validity in this study:

threats to construct validity, threats to construct validity and threats to construct validity.

The mitigation strategies adopted to minimize these threats are also presented.
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6.6.1 Threats to Construct Threats

Construct validity demonstrates the method of measurement matches the construct

of the research. Achieving construct validity requires the study design to ensure the nu-

meric values truthfully reflect the complexity of LabVIEW models. In general, a higher

numerical value indicates a higher degree of model complexity. Therefore, low metrics val-

ues are always expected. In the proposed metrics suite, only one metric - Element Small-

ness, is inconsistent with this expectation. All of the other metrics are in favor of a lower

value. However, all of the metrics only give a general idea of model complexities - my re-

search did not identify an exact boundary for each complexity metric. To this end, in

the future, an in-person interview with LabVIEW experts is planned to conduct to gain

deeper insights into each metric proposed in the suite as an extension study.

6.6.2 Threats to Internal Threats

Internal threats to validity refer to the establishment validity of the study. This

dissertation proposed a metrics suite to measure LabVIEW systems model complexities.

Thus, in this work, internal threats come from the limitations of the metrics that have

been proposed. There are three limitations as internal threats. First, some of the metrics

proposed are originally suggested in the context of OOP, but not graphical programming

paradigms. To mitigate this threat, several revisions were made to some of the metrics to

fit the concept of LabVIEW. Moreover, my research theoretically validated the metrics

suite using Weyuker’s formal validation and empirically evaluated the metrics suite us-

ing LabVIEW models downloaded from GitHub. The results show that the metrics satisfy

most of the properties and could characterize LabVIEW systems model complexities from

different aspects. Second, the metrics in this study are tool-specific. Only LabVIEW sys-

tems models were analyzed in this investigation. However, the concept is transferable and

the definitions and equations can be adapted accordingly to match other modeling tools.

Finally, there may exist other metrics that could characterize the complexity of LabVIEW
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models that were not examined in this dissertation. To mitigate this threat, an extension

work is scheduled by collaborating with LabVIEW experts in the future.

6.6.3 Threats to External Validity

External validity refers to the generalizability of the research result. In this study,

external threats to validity refer to whether the metrics presented can characterize com-

plexities of real-world LabVIEW models. To mitigate this threat, an empirical evaluation

based on 10 open-resource LabVIEW models mined from GitHub was conducted. The

evaluation result shows that the metrics suite can identify model complexity from vari-

ous facets. Another external threat is the limited test cases in the examination. Only 10

models were analyzed in this study. However, the interpretation for the randomly chosen

models with various size and different functions holds for other LabVIEW systems models.

6.7 Conclusion

The measurement of software complexity is a persistent problem in software en-

gineering. Compared with a great many of the complexity analyses in the area of OOP,

few studies have been conducted within the context of graphical programming languages.

To fill this gap, this study defined a complexity metrics suite for LabVIEW systems mod-

els and implemented a proof-to-concept tool to automatically retrieve metric values when

given a LabVIEW systems model. The metrics in the suite are based on existing metrics

in the software engineering discipline. My research also revised several metrics to fit them

into LabVIEW.

To characterize model complexity from different aspects, the metrics suite includes

six metric categories: Cyclomatic Complexity focuses on understanding the effect of deci-

sion blocks on LabVIEW models; Halstead Complexity emphasizes the impact of model

sizes from the number of operators and the number of data processing blocks. Informa-

tion Flow Complexity and Card & Glass Complexity concentrate on the data transfer

complexity between a model and its components. Cognition Complexity examines the

125



model complexity from a human’s perspective based on the blocks a model contains. Front

Panel Complexity tries to understand the relationship between the complexity and the ele-

ments placed on the front panel. To validate the metrics, Weyuker’s theoretical validation

was adopted. Furthermore, this dissertation empirically evaluated the metrics based on

10 LabVIEW models from GitHub. The validation and evaluation results show that the

metrics in the suite are feasible and suitable for the characterization of LabVIEW systems

model complexities from different perspectives.
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CHAPTER 7

FUTURE WORK

This chapter outlines research directions as well as potential approaches that will

be investigated as future work. First, motivated by the research discoveries from the em-

pirical survey (Chapter 5), a deeper understanding of bad smells from a systems engineer’s

perspective is of great interest. To this end, an interview-based empirical study with sys-

tems engineers from different domains is planned. Second, previous empirical study also

revealed that there exist several bad smells that systems engineers are concerned about.

Although this dissertation analyzed the most prominent (Complicated LabVIEW Systems

Models) in Chapter 6, other bad smells (such as Duplicated Code and Dead Code), also

need research attention. Therefore, part of future work also includes the removal of du-

plicated code and dead code in systems models. Genetic algorithms are proposed to be

applied in a future investigation. Finally, my future works include how to apply statistical

analysis to understand the relationship between model metrics and model smells in sys-

tems models.

7.1 An Interview-based Empirical Study on Bad Smells in Systems Models

This section describes an interview-based empirical study as a future work. Specif-

ically, the content will focus on two aspects: the research questions for this study and po-

tential approaches to conduct this study.

7.1.1 Research Questions

The previous work in this dissertation suggests that systems engineers have dif-

ferent perceptions about bad smells in systems models. For example, Section 5.4.2 shows

that systems engineers are much more concerned with complicated models and duplicated

127



code in LabVIEW, compared to other bad smells such as Build Array Inside a Loop and

Fix-length Array Resizing. Motivated by this observation, in the future, an in-person in-

terview to gain deeper insights into the understanding of bad smells in systems models

from a systems engineer’s perspective is necessary. This work will investigate the following

research questions:

• Research Question 1: Does the developer’s working domain/development tool af-

fect their perception of bad smells in systems models?

• Research Question 2: Why do systems engineers agree/disagree that certain poor

designs are related to bad smells in systems models?

• Research Question 3: Why do systems engineers introduce bad smells to their

software models during development practice?

• Research Question 4: When do systems engineers introduce bad smells to their

software models during development practice?

7.1.2 Potential Approach

To answer these research questions, a future plan is to conduct an empirical study

in the future. To better understand systems engineers’ perceptions, I propose to perform

in-person interviews with systems engineers from different domains. Table 7.1 covers some

potential interview questions in the proposed future study.

To recruit participants from different domains, future investigations will conduct

the interviews with systems engineers from different companies, such as Boeing1 (aerospace)

and PACCAR2 (automotive). To ensure the validity of the interview questions, a pilot

study with experienced systems engineers from different domains will be performed. For

open-ended questions, an Open Coding [68] approach will be adopted to analyze partici-

pant responses. As an extension study of the previous examinations discussed in Chapter

1https://www.boeing.com/
2https://www.paccar.com/
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Table 7.1: Potential Interview Questions

# Question Text Answer

Q1 What is your working domain?
Q2 What tool do you use in your modeling practice?
Q3 Do you agree that Complicated Systems Models is a bad smell

to systems models?
[Yes, No]

Q3’ Please explain why you agree or disagree.
Q4 Do you agree that Duplicated Code is a bad smell to systems

models?
[Yes, No]

Q4’ Please explain why you agree or disagree.
Q5 Do you agree that Unorganized Wired is a bad smell to systems

models?
[Yes, No]

Q5’ Please explain why you agree or disagree.
Q6 Do you agree that Dead Code is a bad smell to systems mod-

els?
[Yes, No]

Q6’ Please explain why you agree or disagree.
Q7 Do you agree that Redundant Operations is a bad smell to

systems models?
[Yes, No]

Q7’ Please explain why you agree or disagree.
Q8 Do you agree that Excessive Data Copies is a bad smell to

systems models?
[Yes, No]

Q8’ Please explain why you agree or disagree.
Q9 Do you agree that Too many controls is a bad smell to systems

models?
[Yes, No]

Q9’ Please explain why you agree or disagree.
Q10 Do you agree that Unconnected front panel elements is a bad

smell to systems models?
[Yes, No]

Q10’ Please explain why you agree or disagree.
Q11 What reasons do you think system engineers introduce bad

smells to their software models during development practice?
Q12 When do you think system engineers introduce bad smells to

their software models during development practice?
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5, the contribution of this proposed study is to gain a deeper understanding of bad smells

in systems models from a systems engineer’s perspective.

7.2 System Model Refactoring Based on Examples

The previous work also suggests that Duplicated Code is a prominent bad smell

for systems engineers. Duplicated Code detection and removal has been a popular re-

search topic over the past two decades. With the fast development of ML and AI tech-

niques, more investigations are focusing on bad smell detection and removal based on ma-

chine learning/deep learning techniques [101] [158]. However, all of these examinations are

within the context of OOP. In the future, the refactoring of systems models to remove bad

smells using genetic algorithms is planned to conduct as an extension research of this dis-

sertation.

7.2.1 Background: Genetic Programming

Genetic programming was first systematically described and studied by John Koza

[92]. It harnesses the mechanisms of natural evolution, including mutation, recombination,

and natural selection, to automatically synthesize computer programs. It has been applied

to a wide range of problems spanning several areas of science, engineering, and arts, in

many cases equaling or exceeding human performance [4].

Genetic programming is a specialized version of genetic algorithms, which is out-

lined in Figure 7.1. It starts with random instances of answers that users are looking for,

such as a bit string, or many parameters that users are trying to optimize. Users apply

these random instances to successive circles of assessment (i.e., execute each solution and

evaluate its fitness), derivation and update. A user determines how good each solution is

and selects the most optimal one. The solutions are varied randomly, and users assess the

new solutions repeatedly. This process repeats several times until a “good enough” solu-

tion is found, or the maximum iteration number is reached.
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Figure 7.1: Overview of the Flowchart of Genetic Algorithms

The definition of the genetic algorithm described above shows that the determi-

nation of the fitness of an individual plays an important role in the whole process. In a

genetic algorithm, the function assesses this fitness by providing a number called the fit-

ness score. How to formulate a good fitness function is one of the most challenging steps

in a genetic algorithm [11]. As a future work, different fitness functions will be applied and

their results will be compared, thus obtaining the best one for the refactoring of system

models.

7.2.2 Research Questions

To overcome some of the issues in semi-automatic support of model refactoring,

some researchers use an example-based model transformation process. The essence of this

approach is to derive refactoring rules from an initial prototypical set of interrelated source

models and target models [16]. To map this concept to the future study, a source model

will exhibit a bad smell and a target model will be the same model after removing the bad

smell. Instead of defining the refactoring rules manually, the primary advantage of this

approach is the refactoring rules are generated automatically.

The idea of refactoring by examples has been applied in several domains in the

context of model-driven engineering. Ghannem et al. [66] [65] adopted genetic program-

ming to refactor UML class diagrams and their result shows that example-based refactor-
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ing may find more refactoring opportunities compared with human inspection. Based on

Ghannem’s work, Mokaddem et al. [120] revised the fitness function and accomplished the

refactoring tasks based on examples provided by a user.

In the future, I plan to extend the current research by refactoring LabVIEW sys-

tems models based on examples. This work will investigate the following research ques-

tions:

• Research Question 1: Does the genetic algorithm refactor the LabVIEW systems

models correctly?

• Research Question 2: What is the quality of refactoring rules obtained from ge-

netic algorithms?

• Research Question 3: Can an example-based refactoring approach find more refac-

toring opportunities than a hard-coded rules-based refactoring approach for systems

models?

7.2.3 Potential Approach

The potential refactoring framework consists of five steps. Figure 7.2 is an overview

of the refactoring framework in the future study.

1. Initialize population. As shown in Figure 7.2, the first step of a genetic al-

gorithm is to initialize the population. In a genetic algorithm, a population of candidate

solutions (called individuals, or creatures) for an optimization problem evolves toward bet-

ter solutions. The creation of an initial population will be based on existing models from

the LabVIEW online discussion forum and open-source GitHub LabVIEW projects.

2. Provide refactoring examples. The second step is to provide genetic algo-

rithm examples. These examples will be collected from existing models. All the LabVIEW

model examples will be paired – in each pair, one is the model before refactoring and the

other one is after refactoring.
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Figure 7.2: Refactoring As a Learning Process

3. Generate all possible refactoring rules. As Figure 7.2 shows, there are sev-

eral operations in a genetic algorithm. A future work will apply these genetic operations

to each population to obtain a space of all possible refactoring opportunities.

4. Assess each rule by fitness function. The next step is to define a fitness

function and then evaluate each rule by a given fitness function. A fitness score is used to

reflect how well a refactoring rule could fit the example pair.

5. Select best refactoring rule. The last step is to choose the best refactoring

rule based on fitness score.

In the future, several genetic algorithms to model refactoring will be adopted, such

as NSGA-II [66] and an interactive genetic algorithm [65]. The future investigation will

compare the results of different genetic algorithms and provide end-users (especially non-

experts) the best algorithm. To this end, the future work will adopt Evolutionary Compu-

tation Library in Java (ECJ) [111], a Java-based evolutionary computation research sys-

tem to implement genetic algorithms.
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The contribution of this work is the automation of model refactoring rules by in-

ferring the rules from examples. Researchers have shown that automatic learning could

handle more complex rules compared with fixed refactoring rules [66].

7.3 Exploring the Relationship between Model Metrics and Model Smells

Munro’s work [124] has shown that software metrics are closely related to bad smells

in Java projects. Inspired by this work, understanding the relationship between model

metrics and model smells in systems models is of great interest as a future work. This sec-

tion first briefly introduces the background of the proposed approach. Following this is the

description of the proposed approach to conduct this investigation.

7.3.1 Background: Regression Analysis

Regression Analysis is widely used to find the relationship between different vari-

ables. Regression is a data mining technique for predicting continuous values. It estimates

the conditional expectation of a dependent variable when given independent variables.

There are several regression types, such as linear regression, logistic regression and non-

linear regression. In the future, linear regression [41], logistic regression [43] and decision

trees will be adopted to explore the relationship between model metrics and bad smells to

predict bad smells in systems models.

Linear Regression

Linear regression [41] is widely used in modeling the relationship between indepen-

dent variables and dependent variables. There are two types of linear regression: simple

linear regression (only one independent variable) and multiple linear regression (more than

one independent variable). The multiple linear regression is defined as:

y = β0 × 1 + β1 × x1 + β2 × x2 + ...+ βn × xn + ε (7.1)
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where y is the dependent variable and xi are independent variables. βi is coefficient and ε

is an error term, which is used to formulate a linear regression model when the model can-

not fully represent the actual relationship between dependent and independent variables.

Logistic Regression

Developed by David Cox [43], logistic regression uses a logistic function to model

the relationship between dependent variables and independent variables. Logistic regres-

sion is used when the dependent variable is categorical, such as pass/fail, win/lose, is/is

not, or healthy/sick. The logistic regression model takes the form:

y =
exp(β0 × 1 + β1 × x1 + β2 × x2 + ...+ βn × xn)

1 + exp(β0 × 1 + β1 × x1 + β2 × x2 + ...+ βn × xn)
(7.2)

Linear and logistic regression are the most basic techniques in regression analyses.

The core difference between these two is that linear regression is used when the dependent

variable is continuous while the logistic regression is used when the dependent variable is

binary. Compared with linear regression, logistic regression is more widely used in various

fields for prediction, such as disease prediction [44] and machine learning [154].

Decision Tree

A decision tree is a tree-like structure where internal nodes represent a test. The

answer for the test is binary (only “yes” or “no”). Each branch is the result of the test

and each leaf is a decision after computing all of the tests. Each path from root to leaf is

a classification rule. Decision tree learning uses a decision tree to go from observations to

conclusions.

Linear regression, logistic regression and decision trees can be used as prediction

approaches. The reason why the future work plans to apply these three approaches is be-

cause it is hard to know which technique will be better simply based on the input.
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7.3.2 Research Questions

Metrics are important for software because they are established and objective mea-

surements to assess the software quality. Metrics are widely used and adopted in all the

phases in the software development cycle. The future work will investigate the relationship

between LabVIEW model metrics and model smells through regression analyses. Specifi-

cally, the following questions will be investigated:

• What metrics in LabVIEW models are related to model smells?

• Can the proposed approach predict the existence of bad smells in LabVIEW models

by analyzing model metrics?

7.3.3 Potential Approach

To answer the first research question, the future work plans to apply regression

analyses to find the relationship between model metrics and bad smells in LabVIEW mod-

els. To answer the second research question, a ML approach to predict bad smells in Lab-

VIEW models will be adopted. The future work consists of four steps:

• Step 1: Model Collection. Collect LabVIEW models with code smells. This is

the first step in the proposed work. The data will come from two sources: 1) Lab-

VIEW experts; 2) In the future work discussed earlier in Section 7.2, the proposed

approach will investigate LabVIEW model refactoring based on examples. The model

repository used in this work will also be adopted in this study.

• Step 2: Metrics Calculation. The purpose of this step is to calculate the met-

rics in LabVIEW models that contain bad smells. LabVIEW offers an analysis tool

called VI Analyzer Toolkit3. This tool offers testing suites and static VI analyses.

The metrics included in VI Analyzer are listed in Table 7.2. The future work will

adopt all the metrics analyzed in VI Analyzer except one metric: Diagram Size. This

3https://www.ni.com/en-us/support/downloads/software-products/download.labview-vi-

analyzer-toolkit.html#346221
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Table 7.2: Metrics Provided by the VI Analyzer Toolkit

Metrics Description

Connector Inputs/Outputs The number of inputs and outputs connected to the
pane

Controls and Indicators The number of controls and indicators
Diagram Count The number of block diagrams in a VI
Diagram Size The width and height of a block diagram
Node Count The number of nodes in the block diagram
Property Reads and Writes The number of property reads and property writes by

the block diagram
Shared Library Calls The number of Call Library Function Nodes on the

block diagram
Structure Count The number of structures on the block diagram
Wire Sources The number of wire sources on the block diagram

is because diagram size only represents the block diagram physical size occupied on

the screen.

• Step 3: Relationship Exploration. This step will help to answer the first re-

search question. After the collection of model metrics, different regression approaches

will be used discussed in Section 7.3.1 to explore the relationship between model

smells and model metrics in LabVIEW systems models.

• Step 4: Bad Smell Prediction. The last step of this work is to predict the ex-

istence of bad smells in LabVIEW models using model metrics as predictors. This

process first train a prediction model. A training database will be established. In

the database, a model will be labelled as a positive sample if it contains at least one

bad smell. Otherwise, a model will be labelled as a negative sample. In this step, the

proposed work will apply 10-fold cross-validation for performance testing.

The expected contribution of this future work is to employ statistical (e.g., linear

regression and logistic regression) and machine learning (e.g., decision tree) methods to

assess the applicability of existing LabVIEW model metrics to predict the existence of bad

smells in the systems models.
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CHAPTER 8

CONCLUSION

Systems modeling plays an important role in Model-based Systems Engineering.

However, systems engineers (particularly, inexperienced engineers) may lack professional

software engineering expertise, thus causing a knowledge gap between systems engineer-

ing and software engineering that negatively affects the quality of software artifacts (i.e.,

systems models) adopted in the system.

Chapter 1 introduced basic concepts of systems engineering, software engineering

and the connection between systems engineering and software engineering. Following this

is the presentation of some key challenges with software engineering within the context of

systems engineering and the scope of this dissertation. Chapter 2 provided a detailed ex-

planation of some key concepts investigated in the dissertation (e.g., block diagram, front

panel, and bad smell) and tools used in this study.

Chapter 3 discussed the preliminary work on the examination of forum posts from

systems engineers with the help of supervised machine learning techniques and unsuper-

vised machine learning techniques. The results served as a motivation to conduct the rest

of the investigations discussed in Chapter 4 to Chapter 6. The examination of forum posts

shows that systems engineers are deeply concerned with bad smells in systems models dur-

ing development. Based on this observation, Chapter 4 presented the research work on

the summarization of bad smells from forum posts using BESMER - a bad smell summa-

rization process based on mining end-user discussion forum posts. Following this summa-

rization, in Chapter 5, my contribution continued previous research by sending an online

survey to systems engineers to ask their perception on the bad smells that have been sum-

marized. This empirical evaluation enables me to conclude that systems engineers do not
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agree that all the bad smells in systems models are problematic, thus enabling the investi-

gation to focus on the most problematic and prominent bad smells for systems engineers.

Chapter 6 proposed a metrics suite to identify the most problematic bad smell shown in

the empirical study - complicated models. This study theoretically validated the metrics

suite through Weyuker’s properties and empirically evaluated this metrics suite through

LabVIEW models downloaded from GitHub. The results show that the proposed metrics

suite can characterize the complexity of LabVIEW systems models from different aspects.

Chapter 7 outlined several future works based on investigations discussed in this

dissertation. These future works include a deeper understanding of bad smells in systems

models through an in-person interview with systems engineers, bad smell refactoring through

examples and the exploration of the relationship between model metrics and model smells.

This research aimed to improve the quality of software components by the summa-

rization, evaluation and identification of bad smells in systems models within the context

of Model-based Systems Engineering. This dissertation contributes to bridging the knowl-

edge gap between software engineering and systems engineering.
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