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ABSTRACT

The success of a software organization depends upon its ability to deliver a quality
software product within time and budget constraints. To ensure the delivery of quality software,
software inspections have proven to be an effective method that aid developers to detect and
remove problems from artifacts during the early stages of software lifecycle. In spite of the
reported benefits of inspection, the effectiveness of the inspection process is highly dependent on
the varying ability of individual inspectors. Software engineering research focused at
understanding the factors (e.g., education level, experience) that can positively impact the
individual’s and team inspection effectiveness have met with limited success. This dissertation
tries to leverage the psychology research on Learning Styles (LS) — a measure of an individuals’
preference to perceive and process information to help understand and improve the individual
and team inspection performance. To gain quantitative and qualitative insights into the LSs of
software inspectors, this dissertation reports the results from a series of empirical studies in
university and industry settings to evaluate the impact of LSs on individual and team inspection
performance. This dissertation aims to help software managers create effective and efficient
inspection teams based on LSs and reading patterns of individual inspectors thereby improving

the software quality.
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1. INTRODUCTION

Software organizations focused on delivering quality software product within allocated
budget and time [55]. Software industries follow various quality improvement approaches
ranging from informal walkthroughs [27, 60] to formal checklist based inspections [45, 56] to
prototyping [66] to testing [68]. All of these approaches aid developers to detect faults by
inspecting software artifacts produced at different stages of development. While these methods
are effective, evidence suggests that methods focused towards detecting faults introduced in the
early software artifacts (i.e. requirements and design documents) of Sofiware Development
Lifecycle (SDLC) have most impact on the rework cost savings (i.e., the cost that are otherwise
spent on fixing the faults) [16, 32]. Faults if left undetected are harder to find and fix [15] at the
later stages of development. As a result, leading software organizations focus their attention on
developing methods to aid developers in finding and fixing faults at the early stages of software
development [24, 46].

To have most impact on software quality and rework cost savings, this research is
focused on detecting faults committed during the development of requirement document (used to
establish a problem space). Requirements are typically written in Natural Language (NL) where
customer’s needs for the software (to be developed) are documented in requirements document
and is formally known as Software Requirements Specification (SRS). SRS is often written in
Natural Language (NL) which is a means of communication among different stakeholders (e.g.,
technical and non-technical, end users and developers). However, due to the inherently flexible
and ambiguous nature of NL, SRS development is prone to faults (e.g., incompleteness,

ambiguity, inconsistency, correctness) [13, 14, 26].



Among different approaches (e.g., NL to State transitions [1, 2], Checklist based
inspections [56], Scenario based reading [63], Ad Hoc inspections [59]) for detecting NL
requirement faults, software inspection are widely recognized as most effective verification
technique. During an inspection process, a team of inspectors is selected (depending upon their
prior experience, or their technical background, or their domain knowledge) to review a software
artifact by reading through it and recording faults during the process. The output of this process
is a list of faults present in the artifact that can be fixed by the artifacts’ author to avoid costly
rework at the later stages [3, 27, 28]. While inspections have been reported to be widely
beneficial, the evidence shows that, the effectiveness (i.e. Fault Count — FC) during the
individual review significantly impacts overall inspection performance [58].

On that end, researchers [20, 21] have tried to investigate the factors (e.g., effect of
educational background, level of technical degree of inspectors) that may impact the
performance of individual inspectors and in turn improve the team efficiency (Fault Rate — FR).
Research results at major software development organizations showed that inspection
performance does not depends on the level of educational background [5, 21]. Contrary to the
expectations, Software Engineers with a non-technical degree performed better inspections of a
requirements document compared to the technical degree holders [21]. Even when inspectors
utilize the same inspection technique, and receive same training, their effectiveness varies
significantly. Hence, the results from the studies report that the higher level of technical degree
and the technical education background had no impact on the inspection performance as
compared to individuals with non-technical education background.

Research [9] summarizing the results from inspection studies of 25 years stated the open

question: What is the best way to staff sofiware inspections? One of the methods (e.g.,



Perspective Based Reading (PBR) [63]) utilized to staff inspectors relies on having inspectors
assume different perspectives and review the document using a reading method for that
particular perspective. In PBR technique, each inspector reviews an artifact from one perspective
(e.g., user, designer, or tester). The idea of this method is to reduce the fault overlap by
inspectors (by creating heterogeneous perspectives of reading) and to increase number of faults
logged during inspections. The downside of PBR is, the number of perspectives of software
developers are limited (only few in number) and the inspectors need to be matched (or else
trained) to fit the perspective that would yield the best inspection result.

Research results [10, 34], regarding the correlation (or lack thereof) between technical
knowledge vs. inspection performance led us to hypothesize that inspector’s ability of detecting
faults in requirements document may be affected by the ways with which an individual
characteristically acquires, retains and retrieves the information known as Learning Styles (LS).
Cognitive psychologists have studied LSs for a long time to gain insights into the learning
strengths of individuals [6, 22, 53]. For example, some individual tends to work in group while
some prefer to think about the information and work alone. Cognitive psychologists have been
successful at developing an instrument for measuring the LS of an individual [31]. Research [4,
29] in cognitive psychology that uses LS has successfully crossed over to academia where LS of
students are taken into account to improve scores in their performance in the course(s). Results
show that if information is presented in the preferred LS of an individual, they perceive and
process it better [6]. This in turn helps faculty members to design their course in a way that
matches with the learning preference of students. LSs are more complex and measure user
characteristics along different dimensions which could be used as different perspectives for

inspections. Therefore, like PBR, we were motivated towards creating heterogeneous inspection



teams with inspectors of diverse LSs which could yield high inspection output. This dissertation
tries to answer this question by borrowing the research from psychology to bear on the task of
software inspection team development.

Project managers employing software inspections in their organizations need a reliable
strategy that can aid them to determine effective inspection team from a pool of available
inspectors. Using psychology measures to improve software teams is not a novel idea. On that
note, Software Engineering researchers have borrowed cognitive and social psychology research
to improve inspection team performance in past [52]. Using Myers-Briggs Type Indicator
(MBTI) instrument [54] authors created heterogeneous inspection teams by maximizing
cognitive disparity between team members. Despite these efforts, they have met with limited
success because unlike LS instruments (that measure the cognitive learning preferences), MBTI
is a personality inventory [53]. In software engineering domain, we were able to find one
research [8] which takes in LS of software engineers in a geographically distributed team and
suggests requirements elicitation tool which matches their LS preference. The results suggest
that LSs of stakeholders varies significantly and they should be taken into account while
selecting requirements elicitation methods to improve the quality of elicitation task in
geographically distributed teams. This motivated us to evaluate whether LS could be used on
improving individual and team performance in software requirements inspection.

After getting significant positive results from our experiments, where inspection team
with inspectors of diverse LSs are more effective and efficient as compared to similar teams, we
believed, we believe that high performing inspectors and inspection teams (who detect more
number of faults in less time) have certain LSs and that, they tend to read inspection document in

a certain fashion, to comprehend information depending on their LS preference.



Researchers in software engineering domain have characterized eye movements of
software engineers during program comprehension [12], source code reviews [71], UML class
diagrams [73], computer interface evaluation [35], user behavior in www search [37] to
understand the reading patterns in the past. Some researchers [18, 51] have tried to understand
reading patterns of individuals with different LS preference. Authors used an eye-tracking device
to track the eye movements of participants while they were presented with one page information
on screen. Results helped them to understand how individuals with different LS focus on the
information presented (i.e. pictures vs. written sentences) and how they read them (i.e.
sequentially vs. randomly). This directs our attention towards investigating the relationship
between eye movement of inspectors during inspection and their inspection performance. Hence,
we were interested to explore reading techniques followed by inspectors of different LSs during
inspection. Tracking eye movements of inspectors where inspectors’ eye movements will be
recorded while inspecting requirements document (with multiple pages) during inspection on a
computer monitor. An eye-tracking device was used to record eye movements of participants as
they inspect a NL requirements document. During the experiment, the participants reported their
LSs and performed an individual inspection of a requirements document (on a computer
monitor) in an eye tracking laboratory settings. We analyzed the effect of LSs by measuring eye
movement data of inspectors belonging to different LS groups with respect to their inspection
effectiveness and efficiency. The results show that eye movement are significantly correlated
with the inspection outcome in general and more positively correlated for inspectors with certain

LS preferences.



1.1. Dissertation Goals

While LS have successfully been used in academia [4, 6, 29] to improve student’s
performance in their coursework, no concrete empirical evidence was found that focused on the
reading strategies of inspectors with different LSs during inspection. Using these results as our
motivation, we propose a systematic framework (Figure 1) where LSs of individual inspectors is
taken into account and high performance inspection teams are generated based on LS input. This
technique would guide software industries to detect more unique faults in early artifact (i.e.
requirements document) of SDLC and thereby, leads to more fault coverage. Using these results
as our motivation, we propose a systematic framework (Figure 1) where LSs of individual
inspectors is taken into account and high performance inspection teams are generated based on
LS input. The research framework describes a series of studies starting with the feasibility study
that evaluated the impact of individual LS on inspection performance. Based on the promising
results from feasibility studies, we investigated the impact the LSs had on team based inspections
in terms of increasing LS diversity among inspection team members. Next, we replicated studies
with academic as well as industrial participants to validate our previous results. The results of
individual studies were also combined using meta-analysis technique to validate and generalize
our results. Using eye tracking studies, the last phase of our framework investigated the relation
between the reading pattern and inspection performance of inspectors in general as well as in
teams. This technique would guide software industries to detect more unique faults in early
artifact (i.e. requirements document) of SDLC and thereby, leads to more fault coverage.
Inspection teams with inspectors of diverse LS preference would look an artifact from different
perspectives and leads to less fault overlap during inspection. Creating inspection teams with

diverse inspectors would lead to less number of faults to propagate in later stages of SDLC and



assures the quality software development. Hence, saves the amount of re-work, time, and cost

involved in it.

Learning
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Meta-Analysis
Validation

Learning
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Learning
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Figure 1. Research framework

Following are the major dissertation goals and research questions under each goal:

G1: Evaluate the impact of individual LSs on inspection.
RQ 1: Whether inspectors with certain LSs have positive impact on inspections?
RQ 2: In each LS dimension, which LS category favors inspections?

G2: Improving the effectiveness of inspection team performance based on LSs.



RQ 3: How inspection performance of inspection teams is affected when
dissimilarity in LSs of inspectors is increased?
RQ 4: Are dissimilar teams are more cost-effective during inspection as compared
to random or similar teams?
RQ 5: Are results from replicated studies validate previous results when
combined?

G3: Characterization of reading pattern of inspectors.
RQ 6: Is overall inspection performance affected by the way inspectors read
requirements document?
RQ 7: Does inspection teams, ranging from dissimilar to similar, based on LSs
have a particular reading pattern that impacts their inspection performance?
RQ 8: Does inspectors belonging to a particular LS category have a reading
pattern which supports inspection outcome positively?
RQ 9: What insights can be gained from the eye tracking and inspection results to
help improve the readability of requirements development?
RQ 10: How does the reading patterns of high-performing inspectors varies across
different LS categories and dimensions?

1.2. Key Terms
This subsection describes major terms used throughout the dissertation.
o Learning Styles: the characteristic strengths and preferences in the ways individuals
take in and process information.
e Fixations: a point where eyes are relatively stationary and an individual in taking in

the information.



e Saccades: quick eye movements between fixations.

e Scanpath: Series of fixations and saccades is known as a scanpath (i.e. Complete
saccade — fixate — saccade sequence).

e Gaze: is the sum of fixations durations in an area. They are also known as “dwell”,
“fixation cluster”, or “fixation cycle”.

e Region of Interest (ROI): is an analysis method where eye movements that fall under
certain area is evaluated (ROI in this study is the area where fault exist in the
document).

Rest of the document is organized into following sections: Section 2 covers details about
the concepts of inspections, LSs, and eye-tracking techniques. Section 3 elaborates completes
research work on the grounds of research goals and research questions in it. Section 4 describes
importance of our work to software engineering domain. Section 5 consists of publications with

our research and Section 6 covers our conclusion and future work with our research.



2. BACKGROUND

This section describes the background terms that we have used in our experiment and
how they are related to our research. Section 2.1 describes inspection and inspection cost model
which was used to construct inspection teams of high performance which are also cost-effective
in nature. Section 2.2 discusses about Learning Styles and its instrument (i.e. Index of Learning
Styles) which is used to derive LS of individuals for our different studies. Section 2.3 describes
background of eye-tracking in research and studies that used LS of individuals to track eye
movements.

2.1. Inspections

The concept of inspection was introduced by Fagan [28] to detect and report faults in a
software artifact. Inspection is widely used and is empirically validated [25, 27, 61] for early
detection and elimination of fault in software artifacts. Researchers introduced many versions
[49, 57] of inspection that emphasize different parts of the inspection process (e.g., placing more
emphasis on the individual preparation phase and less emphasis on the team meeting phase).
Inspection is carried out in the following steps:

e Inspection manager selects an inspection team of from a pool of skilled inspectors

who are provided with the requirements document to be inspected.
e The requirements author provides a brief overview and background of the document.
e Each inspector performs an individual review by reading and reporting faults detected
in a fault form followed by a meeting to create a master fault list.
e The master fault list is then handed back to the author to fix faults or explains why

they are not faults.

10



We have used inspection data from fault-checklist based inspection technique to measure
inspection performance of individual inspectors and inspection teams.
2.1.1. Inspection Cost Model

Inspection cost model [44] determines, how much cost is saved by inspections as

compared to software testing. It has following components:

e (,— cost spent on an inspection, is the sum of total time taken to inspect a document
by each inspector.

e c;— Average cost to detect a fault in testing, is not available during inspection.
Therefore, it is measured as a factor of an average cost to detect a fault during an
inspection. If a defect introduced at the earlier stage passes to the later stages, it
requires rework which involves huge cost. Hence, it is always cost-effective to detect
a fault as early as possible.

e  Dioal — total number of faults present in the software product, can be determined if a
document seeded with faults or the number of faults found by multiple inspectors.

e D;—number of faults detected: unique faults found during the inspection by all
inspectors.

e (C;— testing cost: cost to detect remaining faults in testing, (i.e. Diotat — Dy) after
inspection. If we consider c; as the average cost to detect a fault in testing, then the
cost can be measured as the product of total number of faults remaining after
inspection and the average cost to detect a fault during testing. This is, C¢ = (Diotal —
Dr) * ¢

o A C;—testing cost saved by inspection: by spending cost C; during inspection, the

cost A C; is saved during the testing. It is calculated as the product of the total number
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of unique faults found during the inspection (D;) and the average cost to detect a fault
in testing (c¢). That is, A C¢=D: * ¢

e (¢ — virtual testing cost, (i.e. testing cost if no inspections are performed) is the total

of the cost required to detect faults left after inspection (C:) and the testing cost saved
by inspection (ACy). That is, Cyt = (C; + ACy).
2.1.2. Kusumoto Cost Metric (Mk)

Kusumoto cost metric (Mx) [44] is a ratio of the reduction of the total costs to detect and
remove all faults using inspections in a project to the virtual testing cost if no inspections were
performed. The testing cost is reduced by (4C-C,) compared to the virtual testing cost (CAHAC))
if no inspection is executed. The model proposed by Kusumoto normalizes the savings by the
potential fault cost. Hence, it can be compared across different inspections and projects, and is
deemed most appropriate for our research purpose. Accordingly, the Kusumoto metric can be
derived as:

Mk = (ACt - Cr) / (Ct + ACt)

M is intuitive as it can be interpreted as the percentage of fault rework savings due to
inspections. Using My, cost-effectiveness can also be compared across inspections on different
projects. This research appropriately uses the Kusumoto metric to evaluate the cost effectiveness
of inspection teams formed using the LSs of the inspectors (i.e. dissimilar, similar and no
preference).

2.2. Learning Styles

The LSs was introduced by Kolb [43]. Since then, cognitive psychologists developed

multiple versions of LS models [17, 23, 33, 41, 43, 50, 54] and validated the use of LS in

engineering education [29]. We have used Felder Silverman Learning Style Model which is the
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most advanced and widely used to measure LS preferences among individuals through an
instrument known as Index of Learning Styles (ILS) [29-31, 64]. The FSLSM model classified
individuals across four LS dimensions listed below:

o Sensing (SEN) Learners (Oriented towards facts, follow concrete content, data,
careful with details, follow existing ways) or Intuitive (INT) learners (abstract,
conceptual, innovative, oriented towards theories and meaning, discovering
possibilities);

o Visual (VIS) learners (prefer visual representations of presented material — pictures,
diagrams, flow charts, time line, video, demonstration) or Verbal (VER) learners
(prefer written and spoken explanations);

e Active (ACT) learners (learn by trying things out, working in groups, discussing,
explaining, brainstorming) or Reflective (REF) learners (learn by thinking things
through, working alone, writing summaries);

o Sequential (SEQ) learners (linear, orderly, learn in small logical steps) or Global
(GLO) learners (holistic, context and relevance of the subject, learn in large jumps).

LS of an individual is measured over these four dimensions, through an instrument called

Index of Learning Styles (ILS), shown in Figure. 2. ILS is an online questionnaire, empirically
validated for its reliability and construct validity [31], with 44 questions. Each dimension has 11
questions with two options favoring each category in that dimension. For example, in Sensing vs.
Intuitive dimension, out of 11 questions, if an individual answered 8 in favor of Intuitive and 3 in
favor of Sensing, then the final score will be 8-3 = 5 towards /ntuitive category with an ‘X’ on
the top (as shown in Figure. 2). The number of questions answered in favor of a LS category (i.e.

8 and 3 in the example) is also known as actual score in this research. Hence, the LS of an
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individual from Figure. 2 is: REF-INT-VIS-SEQ (formed from combining a category from each
dimension). A balanced person towards both categories is represented by the score of 1-3 on the
ILS. A Score of 5-7 and 9-11 states that the person has a moderate and strong LS preference
towards a category in a LS dimension respectively. We have used ILS to measure LS of

participants for our experiments.

ACT X REF
11 9 7 5 3 1 1 3 5 7 9 11
<-- -=>
SEN X INT
11 9 7 5 3 1 1 3 5 7 9 11
<-- -=>
VIS X VRB
11 9 7 5 3 1 1 3 5 7 9 11
<-- -=>
SEQ X GLO

11 9 7 5 3 1 1 3 5 7 9 11
== ==>

Figure 2. Example result of the questionnaire on the ILS

2.3. Eye Tracking
Eye movements and pattern of eye movements refers to the amount of cognitive

processing by an individual [40]. Eye movement system is the result from Javal’s gaze motion
research in 1879. The system used set of mirrors to observe the eye movement of participants
while reading [69]. The results showed that people tend to incorporate fixations and saccades
instead of reading in a linear fashion. Modern eye tracking system works by reflecting infra-red
light on an eye, and recording the reflection pattern. Early research [72] in eye tracking showed
that, people tend to incorporate regressive fixations and saccades (instead of reading in a linear

fashion) when faced with comprehension difficulty to review their understanding and retention.
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Cognitive psychologists used eye tracking technology [18, 51] to understand
Visual/Verbal and Sequential/Global LS preference of individuals by displaying information on
a computer monitor. The results showed that visual learners tend to focus at the pictures whereas,
sequential learners read sentences, took more time to read the information, and had less vertical
eye movements. This study utilized eye movements to understand the reading patterns of
students as they review requirements document. We have used eye-tracking to find reading
patterns (i.e. their focus of attention on different parts and reading approach of requirement

document) of inspectors and to correlate with their LS and inspection performance.
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3. RESEARCH WORK: EMPIRICAL STUDIES AND MAJOR RESULTS

This chapter describes a series of studies that were conducted to validate the impact LSs
had, on individual and team inspection performance. Section 3.1 describes feasibility studies
conducted at NDSU that motivated the design of following experiments, Section 3.2 provides
description of software tool that was developed to generate inspection teams based on LS input.
Section 3.3 elucidates eye-tracking studies to find eye-movements of inspectors with different
LSs, and Section 3.5 describes analysis and results for each study in detail in order to achieve our
research objectives.

3.1. Feasibility Studies: Study 1 & Study 2

This study utilized participants from North Dakota State University to understand
whether individual LS have an impact on inspection outcome. In both studies, LS of participants
was gathered from online survey questionnaire. Participants then used the fault-checklist method
to identify and record faults. The objective of these studies was to investigate whether LSs have
an impact on inspections as an individual as well as in teams? Both the studies have the same
design which is described in further subsections.
3.1.1. Artifact

Both the studies utilized the same requirements document (developed externally) that
describe the requirements for Restaurant Interactive Menu (RIM) and contained naturally
occurring faults (i.e. faults manifest during development of requirements document). RIM
system is responsible for taking customer’s orders in a restaurant with the help of an interactive
online system. This gives customers a flexibility to make dining choices at their own pace and
request assistance at their convenience. The system also gives restaurant owner better

manageability over the menu, staff, inventory, and revenue/cost analysis.
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3.1.2. Participants

Study 1 and 2 were conducted at North Dakota State University (NDSU). The eleven
participants in study 1 and thirty-six participants in study 2 were undergraduate students enrolled
in System Analysis and Design course. The participants were management students (i.e. not
technical students). The course covers the understanding of the process of requirement and
design development. Participants received training in-class via same instructor which involved
reading of an SRS using standard fault-checklist method and recording faults found.
3.1.3. Experiment Procedure

Study 1 and study 2 follow the same experiment procedure where participants took LS
survey, involved in inspection training based on fault-checklist based method, and performed
individual inspections guided by fault-checklist method. Following are the detailed steps of the

studies (Figure 3).

—[ 1. Learning Styles of Participants ]—
Learning Styles Learning
44 questions Styles

\
[ 2. Fault checklist training ]

A4

—[ 3. Requirement Inspections ]—
-}
| SRS Hl Inspections Iﬁ Fault List

Figure 3. Feasibility study procedure

o Step I - Learning Styles Questionnaire Survey: at the beginning of the experiments,

all participants were handed out Felder Silverman’s LS questionnaire. Participants
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answered all 44 multiple choice questions
(https://www.engr.ncsu.edu/learningstyles/ilsweb.html) and, the LS results are
generated for each participant on ILS scale. For each dimension on ILS
(Active/Reflective, Sensing/Intuitive, Visual/Verbal, and Sequential/Global), the
participant has score towards one category. Hence, only four LS categories (from
each dimension) form LS of an individual with a score of either 1 or 3 or 5 or 7 or 9
or 11.
o Step 2 - Training and Inspecting SRS for faults: participants for both study 1 and
study 2 were trained in-class by the instructor on how to use fault-checklist technique
to detect faults in a given SRS. The inspection training lasts for one class session (i.e.
70 minutes) where they were given examples on how to detect and record faults in an
SRS. Next, each participant was handed with RIM SRS for individual inspection and
to log faults as their take home assignment.
3.1.4. Data Collection
The data from both studies includes the faults found by each participant using the fault
checklist technique and the LS score of each participant. The participants used fault form to
record the fault found during inspection. The fault form provides participants with the space to
indicate inspection timing (i.e. start and end tie of inspection, time they found each fault, and
break(s) if they took any). In addition, the fault reporting forms required participants to classify
the fault identified during the inspection in one of the following fault types: General (G), Missing
Functionality (MF), Missing Performance (MP), Missing Information (MI), Missing
Environment (ME), Ambiguous Information (Al), Inconsistent Information (II), Extraneous (E),

Wrong Section (WS), and Others (O). I evaluated the faults reported by each participant and
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provided them feedback about true and false positives. I had the knowledge of the system for
which requirements were developed and detection of true and false positives process includes
reading through the faults reported by each participant to remove any false-positives before
analyzing the data.

3.2. Research Approach

To achieve our research goals, a software tool [11, 36] was developed that generates
virtual inspection teams that creates inspection teams from diverse to similar LSs of inspectors.
This section describes various statistical techniques that were utilized to form inspection teams
based on the LS of individual inspectors. Section 3.1 describes principal component analysis
which was used to convert correlated variables (i.e. scores in LS categories across each LS
dimension) to independent variables. Section 3.2 discusses cluster analysis which is used to
group similar participants into different clusters based on their LSs. Section 3.3 explains
discriminant analysis which is used to find out the probability of a participant to belong in a
cluster.

3.2.1. Principal Component Analysis (PCA)

LS score of an individual is classified into two categories in each dimension
(sensing/intuitive, visual/verbal, active/reflective and sequential/global). The relationship
between two categories of each dimension is negatively correlated (i.e. if score on one category
increases, the score on other decreases). PCA technique is utilized in this research to convert
correlated LS scores (as shown in Figure. 2) across each dimension into uncorrelated variables
that are also known as Principal Components (PCs) [7]. The possible number of PCs for each
individual with a LS score is always less than or equals to 8 LS categories across four

dimensions [70].
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Each PC will account for a certain variance between the categories in each dimension and
within the dimensions. The first PC will try to account for the maximum variance and the second
PC will try to account for maximum variance that is not addressed by the first PC. This results in
listing of PCs in order of decreasing variance where each PC represents a different property of
the original data. Therefore, all possible number of PCs (i.e. less than or equal to the original
number of variables) when combined, covers 100% variance of original data.

3.2.2. Cluster Analysis (CA)

The next step was to group similar participants into different clusters based on their LSs.
CA is a multivariate technique, which form groups (also called clusters) with the objects that are
relatively homogeneous within themselves and heterogeneous between each other [39]. The
objective of CA in our research is to form clusters of similar individuals based on their LS data
and to order teams that consists inspectors of dissimilar to similar LS preferences. The resulting
clusters results in high similarity of LSs within each cluster and high dissimilarity of LSs
between different clusters [65]. A team formed with inspectors of different clusters will lead to
dissimilar team and a team formed with inspectors from the same cluster leads to a similar team.

We used k-means clustering technique [38], where the user inputs desired number of
clusters (k or team size in our research), then the k-means assigns each participant to the nearest
centroid out of k centroids. Next, participants are reassigned to the new closest centroid and the
process is repeated until it results in no more changes [47]. The CA could be understood more
from the Figure. 4, which shows two different clusters. The human clipart represents individual
participants, which are then grouped into two different clusters (referred as active and reflective

learners). Below each participant, values of active and reflective PCs are denoted. The
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individuals belonging to each cluster are more similar in their characteristics (active cluster has

participants with higher value of active PC and vice versa) as compared to other clusters.

PCA > CA > DA
= s
aohe —Reflecive 5 ~Teflective N
— ter s C =
Reflective 3 Active Cluster C___ Cluster , o e = c\usler 7 s
1 P .
g :

Inspection Team formation

Team# 1 Team# 2 Team# 6 Team# 7 Team# 10
1 4
g 8;5 % 821 § g g 8&1 10 0.85
1.95 181 1D 111 omest G = L85 Highest GM
W 2 2 2 @ value and a @ value and a
Level of Most Less Less More single e ioey  Single
Dissimilarity Dissimilar ~ Dissimilar ~ Dissimilar  sjmilar cluster Similar  Cluster

Figure 4. Example to show statistical techniques (PCA, CA, and DA) used for virtual inspection
team creation

3.2.3. Discriminant Analysis (DA)

In the last step, DA was used to find out the probability of each participant belonging to a
cluster. This result of the DA is used to maximize the LS variations across different clusters, and
minimize the LS variations within each cluster [7, 42, 67]. DA provides Group Membership
(GM) which is used to determine the dissimilarities between individual LSs within the same
cluster in this research by using the difference between the GM values of individuals.

For example, in Figure. 4, GM values are indicated for each inspector in active and
reflective PCs. In active cluster, inspector 1 has the highest GM value and in reflective cluster,

inspector 5 has the highest GM value. When both inspectors (i.e. 1 and 5) are selected from each
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cluster, they form the most dissimilar team. GM was used in our research to sort the teams
ranging from most dissimilar LS to teams with most similar LS preferences and strengths.
3.2.4. Generation of Virtual Inspection Teams

The tool follows above techniques, shown in Figure 5, to generate inspection team of a
particular size (r) based on LS of each inspector.

-B. B B

Input Input Fauk Data Performance
Team Data ‘ {n inspectors) Data

| ]

Calculate inspection

e effectiveness and efficiency

ks for each team

Learning Styles
{n inspectors)

Pozsible teams
{"c.)

Sort from most dissimilar
to similar teams

Figure 5. Tool approach

Team size (r) |~Inp|.n:vn-

*—o‘
Calculate cost-effectiveness L
for each team using jtpl-n:

kusumoto cost metric model
Cost-

effectivenes
J Data

o Step 1 — Create virtual inspection teams: Virtual inspection teams (i.e. teams that did
not actually meet) were created to determine the effect of LS on effectiveness and
efficiency for various team sizes. For each experiment, we created inspection teams
of size ranging from 2 to 10 with all the possible combinations of virtual teams. For
example, to create inspection team size 4 out of 32 inspectors, we created 35960
inspection teams (i.e. 32C4) from the pool of 32 inspectors.

o Step 2 — Grouping of similar inspectors in clusters: The LS scores of each participant

is first converted into actual scores which has number of answers supported for each
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category in a dimension. The correlated LSs of each inspector in each dimension were
converted into uncorrelated variables by using PCA (Section 3.2.1). Next, based on
PCs, different clusters (same in number as team size) were created and inspectors of
similar LSs were grouped together using CA (Section 3.2.2). Table 1 shows the
cluster output of team size of 4 inspectors (from data set 2) where first row represents
cluster number and the second row shows the inspector ID who belongs to a cluster.
In this example, for team size 4, tool creates 4 different clusters (i.e. equal to team
size). Inspector 1, 5, 6, 7, 10, 15, 16, 20, 22, 24, 27, 28 and 32 grouped into cluster C1

and similarly, rest of the inspectors belong to cluster C2, C3 and C4.

Table 1. Grouping inspectors for team size 4 into clusters

ClusterNo | Cl1 | C2| C3|C4

ParticipantID | 1 [ 12 | 3 | 2
51171 9
6 |23 22 8
7 126 | 13|18
10 21 | 19
15 31 | 25
16 29
20 30
22
24
27
28
32

Step 3 — Sorting teams based on the LS of inspectors. In this step, using DA, each
inspector is assigned a GM value within the same cluster (shown in Table 2). First

column within each cluster (i.e. C1, C2, C3 and C4) represents the inspector ID
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number and second column shows the GM value of inspectors in their respective
clusters. As shown in Table 2, for cluster C1, participant 5, 15 and 22 has GM value
of 1 which is the highest probability to belong in cluster C1 as compared to rest of the

participants in the same cluster.

Table 2. Group membership for 4 clusters

C1 C2 C3 C4
ID| GM |ID ([GM | ID | GM | ID | GM
098112 | 1.00( 3 | 1.00]| 2 |0.76
5 (10017100 9 (081 | 4 | 1.00
6 (079231089 11 |099 (| 8 | 1.00
7 1099 (26068 13 [ 1.00 | 18 | 0.98
10 | 0.97 14 | 1.00 | 19 | 0.99
15 [ 1.00 21 [ 090 [ 25 | 0.99
16 [ 0.93 31 {0951 29 | 1.00
20 | 0.99 30 | 0.90
22 | 1.00
24 {097
27 10.97
28 [ 0.99
32 1 0.97

Next, all inspection teams (i.e. 32C4, from step 1) were sorted in the order of
decreasing level of LS dissimilarity (i.e. most dissimilar to similar) of the individual
inspectors as shown in Figure. 6. Team with inspector number (ID) 5, 8, 12 and 13 is
the most dissimilar team. The level of LS dissimilarity for most dissimilar teams
(team with maximum number of clusters involved) in a team decreases (shown by
decreasing value of total GM) as we move down in Figure. 6 till team number 2912.
Similarly, as we move down the team list (Figure. 6) for most similar teams (i.e.

lowest number of clusters or single cluster involved), similarity of LS preference
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among inspectors decreases. Team number 35140 is the most similar team with
highest GM value that represents the most similarity among the team members. The

process was repeated for team size 2 to 10.

Total Total

Teem# D1 C+# GM ID2 C¥# GM ID3 CH GM 1ID4 CH# GM
Clusters GM

_I_ 1 5 | 1[100] 8 | 4 [1.00] 12 | 2 | 100 13 | 3 | 1.00 4 4
2 8 | 4 [100] 12 | 2 [100] 13 | 3 | 100 15 | 1 | 1.00 5 3
Most Dissimilar 3 8 | 4100 12| 2{100] 23| 3 200 22| 1100 4 4
Teams Set 4 5 | 1 [100] 8 | 4 |100] 12 | 2 | 100 14 | 3 | 1.00 4 3
2011 | 2 | 4 |076] 6 | L |079] 21 | 3 |090] 26 | 2 | 0.68 4 3.13
2912 | 2 | 4 |076] 6 | 1L |079] 9 | 3 |081| 26 | 2 | 0.68 4 3.04
- 35140 | 5 | 1 ]100] 7 | 1]099] 15 | 1 [100] 22 | 1 | 1.00 1 3.99
35141 | 5 | 1 |100| 15 | 1 |1.00] 22 | 1 |100]| 28 | 1 | 0.99 1 3.99
Most Similar . . . . . . . . . . . . . .
TeamsSet | 39957 | 2 | 4 [076] 18 [ 4 [098] 29 [ 4 [100] 30 [ 4 [ 050 1 3.64
35958 | 2 | 4 |076| 18 | 4 | 098] 19 | 4 |099| 30 | 4 | 0.90 1 3.63
35950 | 2 | 4 |076| 18 | 4 | 098] 25 | 4 | 099 30 | 4 | 0.90 1 3.63
—l [ 3590 | 12 | 2 |[100| 17 | 2 |100] 23 | 2 |089| 26 | 2 | 0.68 1 3.57

Figure 6. Virtual inspection teams created from 4 clusters

3.3. Replicated Studies: With Students: Study 3, With Professional in US: Study 4, With
Professionals in India: Study 5

This section explains the replication studies that were conducted with different set of
participants in the same academic environment, with industrial participants in United States, and
with industrial participants in India. The previous results were validated in these studies with
different number of participants as well as requirements documents. Later, all the results were
combined using meta-analysis technique to generalize our results.
3.3.1. Artifact

Study 3 utilizes the same RIM requirements document (used in study 1 and study 2) with
naturally occurring defects as described in Section 3.1.1. Study 4 and 5 utilized Loan Arranger

System (LAS) document developed externally by Microsoft. LAS system provides functionality
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that allows a financial organization to sell group of loans to other financial organizations. The
organization purchasing the loan is provided with the capability to search for loans based on
outstanding value, remaining term of the loan and, risk. The LAS document is 10 pages long and
consists of 49 detailed requirements for the system. This document has been used in previous
inspection studies and has been seeded with 30 defects [19, 21, 62].
3.3.2. Participants

Study 3 comprises of thirty-two participants enrolled in undergraduate course of System
Analysis and Design at NDSU. Nineteen software professionals working in a software company
participated for study 4. Some of them have worked on multiple projects in industry. The
participants reported to have an average of three years of experience in interacting with user to
writing and inspecting requirements and use cases. Forty professionals (with varying level of
industrial experience) enrolled in Requirements Management workshop at Symbiosis
International University (SIU) participated for study 5. The workshop covered the process of
managing requirements as practices used in the real-world projects for delivering quality
software product.
3.3.3. Experiment Design

Study 3 at NDSU follows the same experiment design as described in Section 3.1 for
study 1 and study 2. This study varies on environment and time aspects as compared to study 1
and study 2. Inspections for this study held in-class and participants were given 70 minutes to
complete their inspection task.

Study 5 was conducted as a workshop for participants to understand the concepts and
details of requirements inspection. Participants in study 4 and study 5 went through a pre-study

survey questionnaire. This helped us to gain some insights into their education background and
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experience before experiment and their feedback after experiment. Following is the detailed

experiment design for study 4 and study 5.

Step 1 - Pre-study questionnaire: participants in both study 4 and study 5 went for
pre-study survey questionnaire (http://rebrand.ly/PreStudySurveylndustry) where they
have to answer details about their educational background and experience of working
in software industry. The survey also has a breakdown to get detailed information
about their work experience of working with requirements phase during software
development. This consists of their experience of interacting with user to write
requirements, writing use cases, inspecting requirements, and changing requirements
for maintenance. On average, participants in study 4 had about 3 years and
participants in study 5 had about 2 years of experience.

Step 2 - Learning Styles Questionnaire Survey: This step follows the same procedure
for both study 4 and study 5 as described in Section 3.1.3 step 1.

Inspection Training: For study 4, participants were provided with the training
material (in the form of PowerPoint slides). For study 5, the participants were trained
for thirty minutes. During training, examples were given to the participants on how to
detect faults in a requirements document using fault checklist method.

Step 4 - Inspecting SRS for Faults: Study 4 and 5 participants received LAS SRS
document after their training where participants have to read through SRS
individually, detect faults and report them in fault form as described in Section 3.2.3
Step 3. For study 4, participants received 60 minutes to complete their inspection

task.
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3.3.4. Data Collection

This part for all three studies (i.e. study 3, study 4, and study 5) follows the same steps as
described in Section 4.2.4. For study 4 and study 5, master fault list (with 30 defect list) was used
to detect false-positives from each individual’s inspection data.

3.4. Tracking Eye Movements during Inspections: Study 6 and Study 7

As, described in Section 1, the use of eye-tracking method has been studied for different
phases of SDLC expect requirement inspections. Since, individual has different viewing
strategies and have a different learning preference; hence, we hypothesize that inspectors tends
towards different reading approach during inspection which could affect inspection performance.
We also want to gain insights into eye-movements of inspectors with different LSs. Therefore,
we conducted studies with students of NDSU. This study validates the LS with the eye-
movements of inspectors by inspecting an artifact at CVCN (Center for Visual and Cognitive
Neuroscience) lab of NDSU. Research questions of this experiment are described in Section 1.1.
The LS, fault, and eye-tracking data was collected for each participant. The results from this
study would help us to find whether reading pattern of inspectors with certain LS aids in
detection of more faults during inspection.
3.4.1. Artifact

For both the studies, participants inspected a common document (developed externally)
that described the requirements for Parking Garage Control System (PGCS) developed externally
at University of Maryland was used for inspection in eye tracking settings. The document
describes requirements for a parking system that manages entry and exit of vehicles
automatically. The system displays the status of parking garage to each driver while entering and

even provides monthly access card for drivers in need of reserved parking space. PGCS
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document was seeded with 34 realistic faults and have been used previously in inspection studies
[19, 62]. PGCS is a generic domain and was selected to avoid any impact of domain knowledge
bias. For both the studies, inspections took place by reading requirements document on a
computer monitor with the eye-tracker tracking eye movement. Hence, document was modified
in Microsoft Word 2013 to include line number before each line and was converted into high
resolution image (1080 x 1920) for each page. This modification of SRS and its conversion was
done with an objective of page by page navigation during inspection on computer monitor and
collection of eye-tracking data for each page. Inspectors were able to point out faults by calling
out line number before intended line (where fault was found) and describing faults with less
disruption in eye-tracking data.
3.4.2. Eye Tracking Apparatus

For both the studies, EyeLink 1000 desktop mount, shown in Figure. 7, was used to track
and record eye movements of participants during the inspection. The instrument consists of three
main components: (a) high-speed camera, (b) infrared illuminator, and (c) a host PC connected
via Ethernet dedicated to record eye movements. It is a non-invasive system that sits at the
bottom of computer monitor/projection area (i.e. below the tracked area the participant is
viewing) and allows participants to read from a monitor while eye tracker allows eye movement
recordings with a sample frequency of 250-2000 Hz, a tracking range of 32° x 25° with an

accuracy greater than 0.5 degree and a resolution less than 0.01 degree.
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Infrared llluminator
High-Speed Camera

Figure 7. EyeLink 1000 desktop mount

3.4.3. Participants

Study 6 and Study 7 were conducted at North Dakota State University (NDSU). A total
of thirty-nine graduate and undergraduate students participated in this study. Thirteen graduate
students for (study 6) were enrolled in Requirements Engineering course and twenty-three
undergraduate students for (study 7) were enrolled in System Analysis and Design course during
at North Dakota State University (NDSU). System Analysis and Design course covers the basic
understanding of requirements, design, and development of software system. Requirements
Engineering course focuses on the requirements development technique and tasks which includes
requirements inspection technique. Both courses were taught by the same instructor and students
in both courses were required to learn software inspections and their impact on software quality
improvement.
3.4.4. Experiment Design

To evaluate the relationship of reading patterns and LSs of requirements inspectors on
their inspection performance, two studies were conducted in Computer Science course where LS

of participants were gathered via online questionnaire. Participants were then trained on fault-
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checklist based inspection process. Participants then individually performed requirements
inspection in an eye-tracking laboratory settings. Their raw LSs, eye-tracking data along x & y
axis, and timestamp and fault data (i.e. number of faults found and time taken) was collected to
analyze the reading patterns of individual inspectors and virtual inspection teams of different LSs
using EyeMMYV toolbox (https://github.com/krasvas/EyeMMV). EyeMMYV is a complete utility
for post-experiment eye movement analysis for generating fixation, scanpaths, and heatmaps.
This toolbox was used to visualize fixations (i.e. certain area where inspectors focused for a
larger amount of time during inspection), scanpaths (i.e. what is the path of reading requirements
document during inspection), and heatmaps (i.e. areas, represented by different colors, in the
document which gained more attention of an inspector during the inspection process).

Following are the steps followed during the studies:

o Step I - Learning Styles questionnaire survey: at the beginning of the experiments, all
participants were handed out Felder Silverman’s LS questionnaire
(https://www.engr.ncsu.edu/learningstyles/ilsweb.html). Participants answered all 44
multiple choice questions and, the LS results are generated for each participant on
ILS scale. For each dimension on ILS (Active/Reflective, Sensing/Intuitive,
Visual/Verbal, and Sequential/Global), the participant has score towards one
category. Hence, only four LS categories (from each dimension) form LS of an
individual with a score of either 1 or3 or S or 7or 9 or 11.

o Step 2 - Training on Inspecting SRS for Faults: Participants in both the studies were
trained in-class by the instructor on how to use fault-checklist method to detect faults

in SRS for 70 minutes. To ensure that students understood the fault inspection, as part
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of their course objectives, students applied fault-checklist technique on LAS
document (Step 2a) followed by a reflection of their inspection results (Step 2b).
Step 2a — Inspection of LAS document: during this step, participants used their
training to perform an individual inspection of LAS document and reported faults.
Step 2b — Reflection of LAS inspection results: One of the researcher evaluated the
faults reported by each participant and provided them feedback about true and false
positives. Next, post inspection reflection was performed wherein, participants were
provided a list of original 30 faults in LAS document (that they had inspected) and
were asked to reflect upon the faults they saw (but did not reported) or missed during
the inspection by comparing it against their reviewed fault list. Table 3 shows a
sample of reflection document and each column is described as follows:

Defect#: represents the defect ID in seeded fault list.

Req.#: indicates the requirement ID(s) where fault is present.

Type: denotes categorization of faults into different fault categories. For example,
ambiguity (A) in the requirements.

Description: brief description of the problem for an author to be able to understand
and fix it.

Is it a defect: Whether students to agree or disagree that the fault represents an actual
requirement problem?

Did you see this: Whether they were saw this fault (‘yes’ or ‘no’) during the
inspection?

Did you report this: Whether (‘yes’ or ‘no’) they reported this fault during inspection

of LAS document?
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e Explain: this field allowed a brief explanation if their response in the three earlier

fields were inconsistent.

Table 3. Sample of reflection form for LAS document

DS Req.# | Type Description e 0]1)11(siee DT
# ¢ P p defect? | ¥ report this?

this?

Explain

1 1,2 A Are the reports in
these requirements
the same or separate?

2 1,2 O When do the updates
occur? Are they
effective
immediately?

e Post Reflection, students discussed their doubts regarding inspections and reflection
of their faults with researchers. A week after this exercise (to avoid fatigue effect),
participants were provided with the quick recap of fault checklist based inspection
technique.

o Step 3 - Inspecting PGCS requirements via Eye tracker - Next, each participant
performed an individual inspection in eye-tracking laboratory as shown in Figure 8.
Each participant individually read through the PGCS document on a computer
monitor (rotated in portrait mode as requirements were documented in portrait mode).
Throughout the process, EyeLink 1000 eye tracker sitting at the bottom tracked their
eye movements during the inspection. One of the researchers was present in the eye-
tracking laboratory that assisted the participants during the inspection process. At the
beginning of the experiment, researcher gave the overview of the PGCS SRS
document to be inspected, fixed eye distance with eye-tracking instrument, calibrated

(i.e. focusing at known locations on the computer screen) and validated (determining

33




whether apparatus estimation of eye position is indeed close to the known position of
the targets) eye movements, and drift correction (to correct small drifts in the
calculation of gaze position). During the experiment, if participant needed break,
researcher paused the inspection process and resumed it after performing drift

correction.

Figure 8. Inspection task in eye-tracking laboratory

During the initial setup, participants were aligned at the center of a computer monitor
(both horizontally and vertically). The distance between eye and camera was fixed
between 55cm — 60cm. This distance was chosen through pilot testing with sample
participants to evaluate if they were comfortable in reading document from the
monitor. Also, this distance lies in the optimum distance to capture eye movements
by the eye-tracker as suggested by SR research in EyeLink 1000 manual (i.e. between
40 cm — 70 cm) [74].

Participant’s eye movements were calibrated with the eye-tracker, using sampling

rate of 250Hz, and then validated via EyeLink 1000 built in software. The validation
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checks for the eye movement readings and compares it with the calibration reading to
avoid any deviation in the data. Based on the comparison, results are generated (on
the eye-tracking system screen) as poor, fair, good, and excellent. If results are poor,
the validation process was repeated again. Before starting the inspection process, a
final drift correction of participant’s eye was performed (a corrective adjustment
based on raw eye position of a participant).

Each page of requirements document is displayed on the monitor at a resolution of
1080 x 1920 in portrait mode. Using right and left click on mouse, participants were
able to switch pages of PGCS document forward and backward. Eye-tracker at the
bottom of the monitor captures the eye movements along ‘x’ and ‘y’ axis of the
monitor continuously during the entire inspection task. Inspection task also required
the participants to talk-it-out-loud any faults that they discover during the inspection
process so that they don’t have to look away from the screen to disrupt eye-tracking.
A voice recorder was used to assist the fault reporting. The participants speak out
loud the place (line number) where they found fault and describe the fault to establish
why it represents a problem.

During the entire process, participants were allowed to take break(s). In such case,
researcher with the control of eye-tracking system paused the eye-tracking and the
voice recorder. During breaks, participants were encouraged to relax their eyes, look
away from monitor but were not allowed to move their chair to avoid disruption of
eye calibration. Whenever participant wanted to resume, drift correction was
performed again and inspection was resumed (i.e. recording of eye movement was

started again) from the same page where inspection was paused. After completing
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inspection, recorded faults (in the form of audio) are transcribed as a fault list along
with the timing data (i.e. start and finish times, time when each fault was found,
breaks) for each participant.
e Step 4 -Post-inspection: Researchers again provided a complete list of defects in the
PGCS document to the students (similar to LAS reflection) and asked them to reflect
on their inspection experience. We also discussed the issues they may have faced in
eye tracking environment to gain insights into their inspection results.
3.4.5. Data Collection
This section describes the raw eye tracking data collected during the inspection for study
6 and 7. The PGCS document was marked with twenty-seven ROI’s where faults were present.
The XY start and XYend coordinates of region where faults were present in the document were
calculated using a software tool known as IrfanView (http://www.irfanview.com). We simply
dragged the mouse pointer to select the ROI and released after selecting. IrfanView
automatically records the coordinates of the region selected in a text file. ROI measure was used
to analyze whether all participants in general and participants belonging to a certain LS were
able to focus at the areas where faults were present. The eye tracking data (i.e. coordinates along
‘x” and ‘y’ axis and timestamp) was written into Export Data Format (EDF) file by EyeLink
1000 software. To enable these files to be read into MATLAB system, they were first converted
into ASCII format. While converting into MATLAB file, the unwanted data (e.g., during blink of
an eye where no eye movement was recorded) was cleansed before analysis.
This converted eye movement data (in .mat extension format) for each participant was
inputted to EyeMMYV toolbox (https://github.com/krasvas/EyeMMYV) for offline analysis. The

tool runs under MATLAB environment and uses different functions to identify fixations,
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saccades, generate heatmaps, and analyze ROI. A sample eye movement visualization in the

form of fixation, scanpath and heatmap for page 11 (marked with ROI’s) is shown in Figure 9.
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Figure 9. A sample fixation, scanpath, and heatmap

The tool extracted the gaze data of each participant and filtered the results (e.g., eye

blinks where no data was recorded). The resulting data was then used for analysis in this study.

Apart from eye movement data along x & y axis and time for each participant, other

variables were calculated and saved into separate files (.mat extension) using raw eye tracking
data into EyeMMYV toolbox. The variables are listed below:

o Total time (Tiwwi): Each participant spent some time (in milliseconds) reviewing and
reporting faults on each page. Hence, a total of fourteen durations were calculated
(one for each page) and converted into seconds by EyeMMYV toolbox.

o Fixation time (Tfxaiion): During the review, participants tended to fixate on certain
parts in the document (where eye movements are relatively stationary = coordinates
roughly remains same with the time). These parts (fixations) involves cognitive
processing and the radius of each fixation depicts the amount of time spent [40]. The

total fixation time for each page was calculated. Fixation events were detected and
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visualized using an algorithm based on spatial and temporal constraints [35]. The
fixation identification depends of three basic parameters: two spatial parameters
(tolerance 1: ¢/ and tolerance 2: ¢2) measured in pixels and one minimum duration
(minDur). The minDur value suggested by the algorithm was between 100ms to
900ms. “¢1 7 depicts how tight a fixation cluster will be and “#2 ” depicts the
discrimination between clusters. As inspection required reading in which participants
fixated for a smaller duration, we used t/=50, t2=25, minDur=150 to visualize
fixations.

o Scanpaths (Sinear): To investigate the reading trend of inspectors, we utilized
scanpaths during the first occurrence of reading the PGCS document. This was done
because, while reading back, inspectors tend to search for information in the
document (or report faults) that may not be indicative of their reading style. To
differentiate between linear and random reading motion, we considered saccades that
were greater than or equals to an angle of 30 degrees. We calculated percentage of
linear motion on each page by taking ratio of linear saccades to all saccades on each
page.

The EyeMMYV tool also calculated following data at ROI’s (Figure 9. area marked in SRS

as rectangular boxes) during inspection task:

e Fror total number of fixations by the participant at ROI in the PGCS document.

e Tror total time taken (in seconds) by the participant to read through the ROI’s during
inspection.

For visualizing heatmaps (Figure 9), EyeMMYV uses a parameter of gridSize (defined in

pixels) which is used to generated heatmap from the point data. Grid size is inversely
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proportional to the number of different regions generated on heatmaps and Bicubic interpolation
was also used to smooth out the heatmap generated. For generating heatmaps in our experiment,
we used gridSize=135. Heatmaps followed a color scale that helps investigator to find out the
area which received attention at different levels of focus (based on different colors). The color
scale in our experiment uses blue, green, yellow, orange, and red to represent minimum (blue) to
maximum (red) region of attention.

The PGCS requirements document was also divided into three major sections: (a)
Introduction, (b) General Description, and (c) Functional Requirements. During the inspection, it
was observed that participants went back and forth between different pages or different sections
to search for some information to gain context of the system and to report faults. To achieve that,
if a participant is at page 7 and wants to go back at page 4, they had to switch between pages 6,
5, and then 4 using left mouse click. This pattern was evaluated by collecting data regarding the
number of times a previous section was revisited (or referenced) and the total time spent on
referencing previously read sections. To collect this data, eye tracking data (the sequence by
which pages were read, fixation & saccade information, time spent) was exported into Microsoft
Excel format and a script was written in Visual Basic for Applications (VBA). The script
removed eye movement data on intermediate pages that were not targeted during search with a
criteria of fixation number less than or equals to 10. Accordingly, following variables were
collected in context of referring different sections backwards:

e J.ount: number of times the introduction section was referenced;

e  GDcount: number of times the general description section was referenced;

e FReount: number of times the requirements section referenced;
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e Teount: Total number of times a previously read section was referenced (Icount + GDcount
+ FRcount);

e lime: time spent in referring back to the introduction section

¢  GDuxime: time spent in referring back to the general description section

¢ FRume: time spent in referring back to the requirements section

o Time: time spent in referring back to previously read sections (Lime + GDtime + FRtime)

Therefore, a total of 13 eye movement variables were collected and analyzed to find the
impact of reading pattern on inspection performance.

3.5. Results

This section reports results from studies conducted over a period of time to answer
research questions in order to achieve our research goals.

3.5.1. Inspectors with certain LS have positive impact on inspections?

Results from feasibility study (i.e. study 2) and replicated study (study 3) are described in
this section. The motive was to find, do LS have an impact on inspections or not? If yes, which
are the LS that favors inspection outcome? While looking at the raw LS data, it was found that,
out of 36 inspectors in study 2, only one had a preference towards the verbal LS category (with
the score of 1 on ILS) and out of 32 inspectors in study 3; only 4 had a preference towards the
verbal category with a score in the balanced range (i.e. 1 or 3 on ILS). So, we removed
Visual/Verbal dimension for analysis from both studies. Therefore, only remaining 6 LSs (Active
— ACT, Reflective — REF, Sensing — SEN, Intuitive — INT, Sequential —-SEQ, and Global — GLO)
were analyzed. We haven’t covered data from study 1 as number of participants were very less

(ie. 11).
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Using 6 LS categories across 3 LS dimensions, we created 8 clusters of possible LS
combinations namely: 1) ACT-SEN-SEQ, 2) ACT-INT-SEQ, 3) REF-SEN-SEQ, 4) REF-INT-
SEQ, 5) ACT-SEN-GLO, 6) ACT-INT-GLO, 7) REF-SEN-GLO, and 8) REF-INT-GLO. Using
the LSs results, participants were then grouped into these clusters. As an example, in Figure 2,
ILS score sheet represents that a person has a preference towards REF, SEN, and SEQ LSs and
can be placed in the REF-SEN-SEQ cluster.

All 36 participants in Study 2 were grouped into 8 clusters based using their ILS score
sheet. The number of participants belonging to each cluster after this step is: ACT-SEN-SEQ
(seven), ACT-INT-SEQ (three), REF-SEN-SEQ (nine), REF-INT-SEQ (zero), ACT-SEN-GLO
(five), ACT-INT-GLO (three), REF-SEN-GLO (six), and REF-INT-GLO (three). The REF-
INT-SEQ cluster (that contained zero participants) was removed from further analysis. Next, the
effectiveness of each cluster was calculated by averaging the number of unique faults found by
inspectors belonging to that cluster. This process is repeated for every cluster and for the
efficiency results (i.e., average faults rate). Figure. 10 shows the average effectiveness and
efficiency of participants belonging to each cluster (the results are ordered by the most effective

to the least effective cluster).

Average Number of Faults ~ = = Average Fault Rate

Clusters

Figure 10. Number of faults found by inspectors of different LSs for study 2
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The major result from Figure 10 is that, the inspectors with ACT-SEN-SEQ LSs had the
maximum average effectiveness and the maximum average efficiency. Conversely, the
inspectors with REF-INT-GLO (i.e., exact opposite of the ACT-SEN-SEQ) LSs uncovered the
least number of faults and at a slowest pace during the requirements inspection. Based on the
results presented in this section, inspectors with ACT-SEN-SEQ are best suited for an effective
and efficient inspection of requirements document. This means that, an effective and efficient
inspector is more oriented towards facts, concrete data and is careful with the requirement
details, and these inspectors prefer step by step learning and follow a logical process to read
through a requirements document and record faults present in the document.

For study 3, only effectiveness of participants is analyzed due to fixed inspection timings
in this study. 32 participants were grouped into 8 clusters based on their ILS score sheet. The
number of participants belonging to each cluster after this step is: ACT-SEN-SEQ (five), ACT-
INT-SEQ (#wo), REF-SEN-SEQ (nine), REF-INT-SEQ (four), ACT-SEN-GLO (five), ACT-
INT-GLO (#two), REF-SEN-GLO (two), and REF-INT-GLO (three). Effectiveness for each
cluster is calculated.

Figure 11 shows the average effectiveness of participants belonging to each cluster
(results ordered from the most effective to less effective cluster). The major result from Figure
12 is that, the inspectors with REF-INT-SEQ LSs (categories with positive correlation) had the
maximum average effectiveness. Conversely, the inspectors with ACT-SEN-GLO (i.e. exact

opposite of REF-SEN-SEQ) LSs uncovered the least number of faults.
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Figure 11. Number of faults found by inspectors of different LSs for study 3

Based on the results presented in this section, inspectors with REF-INT-SEQ are best
suited for an effective and efficient inspection of requirements document. This means, an
effective and efficient inspector thinks about the information first, tends to understand from
theories and its meaning written in requirements document, and these inspectors prefer step by
step learning and follow a logical process to read through requirements document and record
faults present in the document.

We were also interested in finding out the impact of LS on the type of faults found during
inspections. To perform this analysis, we compared the classification of faults (explained in the
data collection Section 4.1.4) found by the participants belonging to each cluster (listed above
and shown in Figure. 11). Figure 12 (for study 2) and Figure 13 (for study 3) compares the
average number of unique faults detected by each cluster (e.g., ACT-SEN-GLO) for each fault

type (e.g., MF, Al).
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Results from study 2 showed that, the inspectors belonging to the ACT-SEN-SEQ cluster
found the maximum number of General (G) faults and Ambiguous Information (Al) faults.
Another observation is that, the REF-SEN-SEQ cluster detected the maximum number of
Inconsistent Information (II) faults. Also, REF-SEN-GLO inspectors detected maximum number
of Missing Information (M) faults. The inspectors in the ACT-INT-GLO found the most number
of Missing Functionality (MF) faults. This shows that, a combination of different LSs enabled
inspectors to find higher number of a particular fault type. This gave an indication that difference
in the LS of inspectors will enable a higher coverage of faults present in an artifact. The result
also revealed that inspectors belonging to the four LS clusters (i.e., ACT-SEN-SEQ, ACT-INT-
GLO, REF-SEN-SEQ, REF-SEN-GLO) out of 8 clusters were able to uncover all the types of

faults present in a requirements document.
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Figure 12. Faults type found by participants in different LS clusters for study 2

Results from study 3 (Figure 13) showed that, the inspectors to the REF-INT-SEQ cluster
found the maximum number of Missing Information (MI), Missing Environment (ME) and

General (G) fault type. Another observation is that REF-INT-GLO cluster has found the
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maximum number of Ambiguous Information (Al) fault type. Also, ACT-INT-SEQ cluster
found the maximum number of Inconsistent Information (II) and Extraneous (EF) faults and
ACT-INT-GLO cluster found maximum of Missing Functionality (MF) faults. The result also
revealed that inspectors belonging to the five LS clusters (i.e., REF-INT-SEQ, REF-INT-GLO,
ACT-INT-SEQ, ACT-INT-GLO, ACT-SEN-GLO) out of 8 clusters were able to uncover all the

types of faults present in a requirements document.
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Figure 13. Faults type found by participants in different LS clusters for study 3

Results presented above clearly showed that difference in the LS of inspectors will enable
a higher coverage of faults present in an artifact. These results also gave an indication that
individual LSs have an impact on the inspection effectiveness of inspectors. Inspectors with

certain LSs do find more faults as compared to others during the inspection.
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3.5.2. In each LS dimension, which LS category favors inspections?

To investigate the impact of LS categories in each dimension (except VIS/VER), we
performed multiple regression test for study 2 and study 3.

The results in Table 4 (for study 2) show that ACT, SEN, and SEQ categories had a
positive relationship (represented by shaded cells) with the number of faults found by individual
inspectors. The SEN and SEQ LS categories were also positively correlated to the fault rate of
individual inspectors. Conversely, the REF, INT, GLO learning styles are negatively correlated
to the inspection results. This means that the inspectors with a higher preference towards ACT,
SEN, and SEQ learning styles are more likely to perform an effective and efficient inspection.
While this result is positive, it was not found to be significantly correlated. An analysis of the LS
data showed that there was not enough variation in the participants LSs within each category that
is required to obtain a significant correlation to the inspection results. This means, each category

out of two in a dimension does affects inspection performance positively.

Table 4. Six LS categories vs. Effectiveness and efficiency

LS category | ACT REF SEN INT SEQ GLO

Effecti :
CEHVEness: 1 036 | -.079 | 005 | -.106 | .082 | -.196
Correlation
p-value 418 | .327 | 489 | .273 | 321 | .129
Efficiency:
) -1.33 | -.117 | .166 | -2.17 | .239 | -.334
Correlation
p-value 223 | 252 | .171 | .105 | .083 | .025

The results in Table 5 (for study 3) shows that REF and SEQ categories have a significant
positive correlation (represented by shaded cells) with the number of faults found as well as fault
detection rate by individual inspector. Conversely, ACT and GLO LS categories have significant

negative correlation with the inspection performance. Also, INT LS category has a positive
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(whereas, SEN is negatively correlated) but does not have significant correlation with
effectiveness and efficiency of inspection. This means that inspectors with a higher preference

towards REF, INT and SEQ LSs perform an effective and efficient inspection.

Table 5. Multiple regression results for effect of each LS category

LS Category ACT REF SEN | INT SEQ GLO

Effectiveness: | 169 1 0.504 | 0.007 | 0.084 | 0.379 | -0.305
Pearson Corr.

p-value 0.178 | 0.002 | 0.485 | 0.323 1 0.016 | 0.045

All these results are in accordance with the results presented in Section 4.5.1 where high
performing LS (e.g. REF-INT-SEQ) had the same set of LS categories from each dimension
which favors inspection positively and vice versa is also true. Results presented in Section 4.5.1
and 4.5.2 shed a light that LS do have an impact on inspection outcome and constructing teams
with inspectors of different LS might provide better fault coverage. Therefore, improved
inspection performance.

3.5.3. How inspection performance is affected as dissimilarity in teams increased?

LSs of the 11 (from study 1), 32 participants (from study 3), and 19 participants (from
study 4) as well as their fault data to generate all possible virtual inspection teams for inspection
team size of 2 up to 10 inspectors as described in Section 3.2. For each inspection team size (2 to
10), inspection teams were sorted in decreasing order of the LS dissimilarity amongst the
inspectors that make up the team. The unique fault count (i.e. effectiveness) and the fault rate
(i.e. efficiency) of each inspection team.

Inspection data of participants from three studies was individual data; so we had to
combine individual results to form a team score for each virtual inspection team. Fault detection

effectiveness for teams was found by combining the count of unique faults each participant had
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found in RIM requirements document. The reason for choosing unique fault count is because we
were interested in overall fault coverage by a team as opposed to high overlap in the fault list.
Efficiency is the number of unique faults found by each team in one hour (calculated by dividing
total unique fault count by the total time spent during the inspection). The time taken by each
participant in a team is combined to calculate the overall time took by team to complete
inspection process. This analysis was performed all possible virtual inspection teams for all
sizes. We haven’t analyzed efficiency for study 3 and study 4 as inspection timings were fixed
for both studies. Following are the results described for each study.

To provide an overview of the results, Figure 14 shows the average number of faults
(shown by solid line) and the average number of faults per hour (shown by dotted line) found by
teams of 2 to 10 inspectors for study 1. To understand the impact of the LS, for each team size,
the effectiveness and the efficiency results are organized by the increasing number of clusters
involved in the team formation (the higher the cluster number, the higher is the dissimilarity in
LSs of team members). Note that the number of clusters that could participate in the team
formation is always less than or equal to the team size (i.e., 1 or 2 clusters for team size 2; 1 or 3
clusters for team size 3 and so on). However, for some larger team sizes (e.g., team size § in
Figure 14), virtual inspection teams could not be formed using only 1, or 2, or 3, or 4 clusters.
This is because for team size 8, the tool creates 8 different clusters via k-means algorithm. All 11
participants were distributed across these 8 clusters. There was no single cluster that contained
all the participants. Therefore, no virtual teams were created (for team size 8) from only one
cluster. Simply put, as the team size increases, the number of participants that belong to same
cluster decreases which reduces the probability that a team will be formed from less number of

clusters.
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Figure 14. Inspection effectiveness and efficiency of team size two to ten inspectors for study 1

The effectiveness results (solid lines in Figure 14) showed that, for team size of 4 up to 10
inspectors, teams that include inspectors belonging to more number of clusters (i.e., inspectors
with dissimilar LSs) are able to detect larger number of faults as compared to teams with
inspectors belonging to fewer number of clusters (i.e., inspectors with more similar LSs). This
result is not evident for team size of 2 and 3 inspectors where the inspectors belonging to the
same cluster were almost as effective as compared to the inspectors pooled from the different
clusters. Analysis of the raw data revealed that, in case of 3 or less number of inspectors, the
inspectors were distributed over 2 or 3 clusters.

As aresult, a clear separation of LSs of inspectors across different clusters was not
achieved with a small number of clusters. After team size 3, inspection effectiveness of teams
shows a consistent increase with an increase in the number of clusters used to formulate

inspection teams. That is, teams with diverse LSs of inspectors are more effective. We also
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compared the effectiveness and efficiency result within the same cluster for each team size (e.g.
all inspection teams of size 6 generated from 2 clusters) based on the decreasing value of GM
(which denote the decrease in their dissimilarity of the LSs within that cluster size). We did not
found any consistent decrease in the inspection abilities of teams within a particular cluster size
as the GM value decreases. This might be due to the fact that inspectors within the same cluster
are very similar in their LS preferences even if they have different GM values within the same
cluster. The efficiency results (dotted lines in Figure 14) also follow the same trend as
effectiveness. That is, for team size 3 to 10, teams with inspectors belonging to different clusters
(i.e., are dissimilar in their LSs) are able to detect more faults per hour as compared to teams
with similar inspectors.

We performed a linear regression test to see whether the dissimilarity in the LSs of
inspectors is positively correlated with the number of unique faults found by inspection teams of
different sizes. The results show that, dissimilarity in the LS of inspectors had a strong and
significant positive correlation (shown in Table 6) with the team effectiveness for team size 5, 6,
7, and 8. There is no significant correlation for team size of 2, 3 and 4 inspectors, which was due
to the fact that the team size ranging from 5 to 8 inspectors covers most of the LSs (across 8 LS
categories). Diverse set of inspectors in these teams were able to find different types of faults
(also discussed later) resulting in an increase in their team effectiveness. Also, for team size 9
and 10, though the team effectiveness increased with an increase in the cluster size, this increase
was not significant because there are only 8 LS categories and adding more number of inspectors

in a team increased the overlap of the faults.
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Table 6. Correlation between LS and inspection effectiveness for study 1

Team size | Correlation with the faults (within same team size)

5 p<0.001; r=0.037
p<0.001; =0.079
p=0.002; ’=0.030
p<0.001; =0.118

Co| N[ D

Similarly, a linear regression test evaluated the correlation between the dissimilarity in
the LSs of inspectors and the fault rate of inspection teams. The results show that, the LS had a
strong and significant positive correlation (Table 7) with team efficiency for team sizes 4, 5, 6, 7,
and 8. Therefore, based on these results, creating a team of 5 up to 8 number of inspectors based
on the dissimilarity in their LS strengths (guided by the number of clusters involved in their
formation) does appear to significantly increase the fault detection effectiveness and fault

detection efficiency during an inspection of requirements document.

Table 7. Correlation between LS and inspection efficiency for study 1

Team size Correlation with the efficiency (within same team size)

4 p=0.006; r’=0.023
p<0.001; r’=0.028
p=0.005; r’=0.017
p=0.001; r’=0.032
p<0.001; P=0.157

Co| | |

For study 3 results, the effectiveness results (solid lines in Figure 15) showed that, for
team size of 4 up to 10 inspectors, teams that include inspectors belonging to more number of
clusters (i.e., inspectors with dissimilar LSs) are able to detect large number of faults as
compared to teams with inspectors belonging to fewer number of clusters (i.e., inspectors with

more similar LSs). This result is not evident for team size of 2 and 3 inspectors where the
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inspectors belonging to the same cluster were almost as effective as compared to the inspectors
pooled from the different clusters. Analysis of the raw data revealed that, in case of 3 or less
number of inspectors, the inspectors were distributed over 2 or 3 clusters. As a result, a clear
separation of different LSs of inspectors across various clusters was not achieved with a small
number of clusters. After team size 3, inspection effectiveness of teams shows a consistent
increase with an increase in the number of clusters used to formulate inspection teams. That is,

teams with diverse LSs of inspectors are more effective.
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Figure 15. Inspection effectiveness of team size two to ten inspectors for study 3

Liner regression results (Table 8) show that, dissimilarity in the LS of inspectors had a

strong and significant positive correlation with the team effectiveness for team size 4 to 10.
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There is no significant correlation for team size of 2 and 3 inspectors, which was due to the fact
that the team size ranging from 4 to 8 inspectors covers most of the LSs (across 8 LS categories).
Diverse set of inspectors in these teams were able to find different types of faults (also discussed

later) resulting in an increase in their team effectiveness.

Table 8. Correlation between LS and inspection effectiveness for study 3

Team size Correlation with the efficiency (within same team size)

4 p=0.048; r>=0.000
5 p=0.001; r*=0.043
6 p=0.001; r’=0.046
7 p=0.001; r*=0.059
8
9

p=0.001; r’=0.034
p=0.001; 1*=0.028
10 p=0.001; r*=0.005

Similar analysis was done with study 4 data. Figure 16 compares the average number of
faults found by virtual inspection teams. Results are organized by the increasing number of
clusters (or increasing dissimilarity) involved in the team formation (i.e., the higher the cluster
number, the more dissimilarity the team members). To reiterate, the number of clusters could
participate in the team formation is always less than or equal to the team size (e.g., 1 or 2 or 3
clusters for team size 3). Based on the results in Figure 16, for each inspection team size (2-10),
the inspection teams formed with more number of clusters (i.e., dissimilar LSs) are more
effective at finding defects as compared to the teams with inspectors belonging to a fewer

number of clusters.

53



N
N

e
=3

|

|

11
1

h

N

AVERAGE NUMBER OF FAULTS FOUND
- I~ - [ [
o N - (- -]
. '
[ i
(I .’
oA
| \

—Team2 —Team3d -~ Teama — —Teams - - -Teame
2 == Team7 —-=Teamd — ~Team®  rooen Teaml0
0
1 2 3 4 5 6 7 -3 9 10

NUMBER OF CLUSTERS

Figure 16. Inspection effectiveness of team size two to ten inspectors for study 4

The results show a consistent increase in the inspection effectiveness with an increase in
the number of clusters used to form teams. We believe that the teams with more dissimilar LSs
of inspectors have less fault overlap and consequently, their inspection effectiveness increases.
To evaluate this, we performed a linear regression test to see whether the dissimilarity in the LSs
of inspectors is positively correlated with the number of unique faults found by inspection teams
of different sizes. The results (Table 9) show that, dissimilarity in the LS of inspectors had a

strong and significant positive correlation with the team effectiveness for team size 3 to 10.

Table 9. Correlation between LS and inspection effectiveness for study 4

Team size Correlation with the faults (within same team size)

3 p=0.001; r’=0.015
4 p=0.001; r’=0.034
5 p=0.001; r’=0.072
6 p=0.001; r’=0.052
7 p=0.001; r’=0.085
8

9

p=0.001; r’=0.044
p=0.001; r*=0.028
10 p=0.001; r*=0.004
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For study 5, we followed meta-analysis approach. To provide an overview of results,
Figure. 17 compares the inspection team effectiveness of inspection teams formed with similar
LSs (left side of the scale of treatment effect) vs. dissimilar LSs (right side of the scale of
treatment effect) of individual inspectors for inspection team size of 2 to 10 inspectors. For
varying team sizes, forest plots for effectiveness describes the following parameters:

e Hedges’ g denotes effect size (the difference between means divided by the standard
deviation). For comparing results for each team, effect size measures the magnitude of
the impact of LSs variation on team effectiveness.

o 95% Confidence Intervals (CI) — describes the uncertainty associated with a sampling
method. 95% CI of overall effect is measured across the width of diamond in plot.

e p-value denotes level of statistical significance for each team size and overall
significance due to all team sizes.

e Scale of treatment effect (and line of no effect) - is denoted by center line. If width of
diamond is towards right (doesn’t overlap with center line), then results would be

statistically significant for dissimilar teams.

Effectiveness Line of no effect
Team Size g 95%Cl P g and 95% Cl
M2 04270770 05673 0.003)
3 0.073 -0.376 0.244 0.655
4~ = = 0316 0.00505710.047)
5 0.260 0.529 0.056 0,105 B
(6 = T T0.5010.224 0.703 0.00D
17 0.501 0.224 0.703 0.001 |
8 0.457 0.170 0.673 0.003 |
Iy 0.501 0.224 0.703 0.001 |
V10 _ _ _0501,0.224 0.703 0.00L
Overall fixed model  0.339 0.241 0.430 0.000 <>
Overall random model 0.339 0.150 0.504 0.001

-1.00 0.5 0.00 050 1.00

Favours similar teams Favours dissimilar teams

Level of Treatment Scale —d

Figure 17. LSs dissimilarity vs. Inspection effectiveness for varying team sizes for study 5
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Regarding effectiveness; the results in Figure. 17 show that, for team size 2, 4, and 6-10
inspectors; dissimilar teams found significantly more number of faults than similar teams. Since
this analysis is based on the participants from a single study, the only variance is due to the
participant variability. Therefore, fixed effect model (instead of random effect model) should be
used to evaluate the overall effect of LS dissimilarity on the inspection team effectiveness. The
overall effects (diamonds on the right side of the line of no effect) for effectiveness are also
highlighted in Figure. 17. The 95% CI of the overall effect estimate (i.e., width of diamond) for
larger teams does not overlap 0 (i.e., line of no effect). So, there is statistical significance
(p=0.000 for effectiveness) towards the right side of treatment scale (i.e., favors dissimilarity of
LSs).

For smaller teams, (e.g., 2 to 5), the effect of dissimilarity vs. inspection effectiveness is
uneven. That is, team size of 3 and 5 favors LS similarity (left side of 0) and team size of 2 and 4
favor LS dissimilarity (right side of 0). Digging deeper, this was because inspectors are
distributed into small number of clusters (e.g., three clusters for team size three) which doesn’t
always enable LSs disparity among inspectors resulting in random results. Therefore, based on
these results, an inspection team size of 6-10 inspectors showed a significant improvement in
fault detection effectiveness with an increase in LS disparity amongst individual inspectors.

For study 6 and 7, we combined their inspection results. Figure 18 compares the average
number of unique faults detected (effectiveness — left side) and fault detection rate (efficiency —
right side) for virtual inspection teams of size 2 to 10. Each line in the graph represents
inspection effectiveness and efficiency for a team size. The number of clusters involved in team
formation is always equal to team size. The more number of clusters involved, the more

dissimilar a team for a particular team size would be (as it increases the LS disparity among
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inspectors). For example, in team size 4, inspection teams created from a total of four clusters
would be the most dissimilar team whereas, teams created from one cluster will be the team with
inspectors of most similar LSs. An evident observation from the Figure 18, is that, effectiveness

and efficiency of inspection teams increases with an increase in the LS disparity.
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Figure 18. LSs dissimilarity vs. Inspection effectiveness and efficiency for team size 2 to 10 for
study 6 & 7

To evaluate this effect, we performed regression analysis to see whether dissimilarity in
LSs yields higher fault coverage and higher fault rate for inspection teams? The results in Table
10 shows that inspection performance of larger teams (i.e., N = 6-9 for effectiveness and N = 4-9
for efficiency) significantly favors LS dissimilarity amongst individual inspectors. For smaller
team sizes (e.g., team size 3), inspection performance is not significant because smaller teams are
created from less number of clusters (e.g., team size 3 has maximum 3 clusters) which does not
lead to LS disparity among team members in dissimilar teams. Also, for larger team sizes (e.g.,
team size 10), the more number of cluster creation leads to the repetition of team members (due

to 8 possible LS categories) with same LS preference which does not results in unique fault

reporting.
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Table 10. LS vs. Inspection performance of virtual team

Team Size Effectiveness Efficiency

2 p=0.294 p=0.006
3 p=0.072 p=0.100
4 p=0.017 p=0.011
5 p=0.086 p=0.002
6 p=0.025 p=0.042
7 p<0.001 p=0.002
8 p=0.001 p=0.001
9 p=0.003 p=0.001
10 p=0.215 p=0.259

Research [48] suggests that increasing the team size beyond a certain number of
inspectors would not significantly diversify the LSs of inspectors in a team (due to 8 possible LS
categories). Generally, companies do not employ a large inspection teams (which is the reason
we had analyzed up to team of 10 inspectors). Based on this result, creating a team of 2 up to 10
number of inspectors based on the dissimilarity in their LS strengths (guided by the number of
clusters involved in their formation) appears to increase the fault detection effectiveness during
an inspection of requirements document. Based on these results, we can generalize that
increasing inspectors (up to an extent) with diverse LSs in an inspection team do increase
inspection effectiveness.

3.5.4. Are dissimilar teams more cost-effective as compared to random or similar teams?

This section utilizes results from study 1 for measuring cost effectiveness of inspection
teams of varying LSs and of various sizes. For each team size (ranging from 2 to 9 inspectors),
all possible virtual inspection teams were generated. The result was then sorted by teams with
most dissimilar LSs (involved largest number of clusters) to the teams with most similar LSs

(least number of clusters involved) of participating inspectors. Inspection data was calculated for
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each of these virtual teams. The data consists of the unique number of faults uncovered and total
time taken by the team members during the inspection of RIM document. Next, for each team
size, from a pool of all possible virtual inspection teams (e.g., 11C» for team size 2), 10 teams
were selected from each set of LSs (i.e. for each team size, 10 teams of inspectors with dissimilar
LSs, 10 teams of inspectors with similar LSs; 10 teams of inspectors randomly selected). For
each team chosen, cost effectiveness (My) was calculated.

Step 1) Average cost to detect a fault in inspection (cr): adding all the faults found by
inspectors, average number of faults found by an inspector is calculated. From the available
values of time and average fault detected by an inspector, cr is calculated from the following
equation:

cr = Cr / Dr (cost of inspection / total faults found during inspection)

e “Cr - Cost of inspection”, is calculated by total time spent by all inspectors during
inspection.

e  “Dr”, is the total number of unique faults found by all the inspectors during
inspection.

Step 2) Virtual testing cost (Cvt): is the product of average cost to detect a fault in testing

(i.e., ct) and the total number of faults present in the product (i.e., Dtotal).

e ‘“ct— Average cost to detect a fault in testing”, is calculated as 6 times the average
cost to detect a fault during the inspection (cr). The average cost to detect a fault in
testing varies with the team size as it depends on the time taken and faults found by
the inspectors. However, testing is independent of inspection and inspection team

size, and considering all faults of the same severity, the average cost to detect a fault
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in testing (ct) is kept constant for the evaluation regardless of the inspection team
size.

o  “Dtotal — Total fault count”, is the total number of faults present in the document.

The artifact used has 98 natural faults in it.

Step 3) Cost saved from inspection (ACt): testing cost saved by inspections is the product
of unique faults found during inspection (Dr) and average cost to detect a fault in testing (ct).
That is, ACt = Dr * ct.

The difference between the testing cost saved by inspection and cost spent on inspection
provides the total reduction in costs. Kusumoto metric (M) is then obtained as follows:

My = Reduction is cost to detect all faults (i.e., ACt - Cr) /
Virtual testing cost (i.e., Cvt)----- Eq3.5.4

The Mk value can range from -1 to +1. The Mk value of 1 means the most cost-effective
inspection. A positive Mk value indicates that cost saved from inspection outweighs the costs
spent on inspection. A negative My value indicates a cost ineffective process, and M value of 0
is when the inspection cost equals the testing savings.

Using Eq 3.5.4, we computed the My values for 10 virtual inspections for all team sizes
(ranging 2-9 inspectors) and using all three means of team formation (dissimilar vs similar vs no
LS preferences). As an example, 10 My values (representing 10 virtual inspections) for a team
size of 6 inspectors (using the dissimilar LSs) as shown in Figure 19. Similar process was used to
derive the Mk values for all the 10 virtual inspection teams by varying inspection team size (2-9)

and for all three types of LS variations.
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Virtual Total Defect  Defects Cost of Avg. Cost to detect Testing Cost Virtual
Inspection Count Found Inspection  a defect in Testing Saved by Reviews  Testing Cost  Kusumoto Metric
# {Dtotat) (Dv} (C) (Ct) [ACt=Dr* et} {Cvt) Mk = {ACt - G} Cut
1 98 51 550.20 6473 3301.20 6343 48 0433673
2 98 60 586.02 58.60 3516.12 5743.00 0.510204
3 98 o 466.02 51.78 2796.12 S074.44 0.458184
4 98 63 502.02 47.81 3012.12 4865.52 0.535714
] 95 45 502.02 62.75 301212 6149.75 0.408163
6 98 58 538.02 55 66 322812 5454 41 0483197
7 98 49 481.02 58.90 2886.12 577224 0416667
] 98 58 535.02 55.35 321012 5424 00 0.493197
9 98 47 501.00 63.96 3006.00 6267 83 0.390660
10 98 56 537.00 57.54 3222 .00 5638.50 0.476190

Figure 19. Calculation of Kusumoto metric for team size 6

To provide an overview of our results, Figure 20 shows the average cost effectiveness

(shown by lines) and average unique faults detected (shown by bars) for each inspection team

size (ranging from 2-9 inspectors) for each team formation set (i.e. dissimilar, random and

similar). Results are organized in the order of increasing team size. Left y-axis shows the average

number of unique faults detected and secondary y-axis on the right shows the cost-effectiveness

(My) of each team.
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Figure 20. Comparison of LS on cost-effectiveness for team size 2 — 9
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Cost effectiveness results show that inspection teams with dissimilar inspectors always
found more number of faults and were more cost-effective as compared to teams of inspectors
with similar or randomly selected. The results also show that teams whose members were
randomly selected are more cost effective (except for team size 3) when compared to the team of
inspectors with similar LSs. This is because, when randomly selected, there is still a higher
chance of inspectors being dissimilar as opposed to intentionally selecting the more similar
inspectors based on their LSs. Overall, dissimilar inspection teams were always cost effective
across all team sizes as compared to random or similar teams. That is, more diverse inspectors
uncovered the requirements from different perspectives and find a larger number of faults faster.

We performed a paired t-test to see whether inspection teams with dissimilar inspectors
are significantly more cost-effective as compared to inspection teams of random or similar LSs.
Results in Table 11 shows that dissimilar inspectors in an inspection team had a strong and
significant impact as compared to inspection teams with inspectors of random (pair 1) and
similar LSs (pair 2). Among random and similar (pair 3), teams with random LSs inspectors had
strong and significant impact as compared to similar inspectors in a team which was due to the
chance that some variation in the LS of the inspectors is achieved during the random selection of
inspectors. Therefore, based on the results, forming inspection team with dissimilar inspectors

significantly increased the cost-effectiveness.
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Table 11. Paired sample test result

Mean Sig. (2-tailed)
Pair 1 | Cost Dissimilar | 0.45414665
<0.001
Cost Random 0.38718237
Pair 2 | Cost Dissimilar | 0.45414665
. <0.001
Cost Similar 0.35261604
Pair 3 | Cost Random 0.38718237 0.029
Cost Similar 0.35261604 |

Based on this result, creating a team of 2 up to 10 number of inspectors based on the
dissimilarity in their LS strengths (guided by the number of clusters involved in their formation)
appears to increase the fault detection effectiveness during an inspection of requirements
document. Based on these results, we can generalize that increasing inspectors (up to an extent)
with diverse LSs in an inspection team do increase inspection effectiveness.

3.5.5. Are results from previous studies validated when combined?

The LS scores of students (in studies 1 and 3) and industrial professionals (studies 4 and
5) were utilized to evaluate the impact of inspectors’ LSs on their inspection team effectiveness
and efficiency for teams ranging from size 2 up to 10 inspectors. To provide an overview of the
results, the effectiveness results from study 5 are shown in Figure. 17 using a forest plot. To
address heterogeneity and to generalize the results across four experiments, meta-analysis was
performed that combined the results from all four studies and is shown in Figure. 21 (discussed
later in this section). Figure. 21 shows the forest plots generated from four experiments for
standardized effect of effectiveness and efficiency for inspection team size of 2 — 10 inspectors.
The overall effect is also shown for each team size. Random effect model is more appropriate for

deriving conclusions due to heterogeneity of population across four experiments. The thickness
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of each block for each team size in the meta-analysis (Figure. 21) shows the relative random

weight assigned to the result of each experiment by random effects model.

EFFECTIVENESS

EFFICIENCY

Study Effect Size Forest Plot Weight Effect Size Forest Plot Weight
Effectiveness ] 95% CI P g and 95% ClI Random g 95% Cl P g and 95% CI Random
Team size 2
Academia 1 20.099 -0660 0532 0.779 =l 1287 0214 -0.721 0443 0538 1 13.11
Academia 2 0021 -0330 0367 0911 [ N 3080 0021 -0330 0367 0911 i 30.69
Industry 1 0348 0126 0693 0.146 I 2153 0124 0350 0548 0.617 R I — 21.69
Industry 2 0457 0170 0.673 0.003 3480 0435 0143 0658 0.005 3451
Overall random model ~ 0.239 -0.034 0.479 0.085 1 o— 0164 -0.116 0420 0.249 ——

Team size 3
Academia 1 0.080 -0.649 0546 0.821 | 2133 0100 -0532 0.660 0.777 ! 21.27
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Industry 2 20073 0376 0244 0.655 —.— 2730  -0.038 -0345 0277 0.818 —a— 27.28
Overall random model ~ 0.007 -0.531 0.542 0.980 T 0.056 -0.499 0578 0.856 |v
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Team size 6
Academia 1 0.847 0503 0959 0.000 10.77 0776 0329 0939 0.003 8.89
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Team size 7
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Figure 21. Meta-Analysis: comparing and combining results from four experiments

Based on the overall effect of results across four experiments as shown in Figure 21,

major observations are listed as follows:
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e Team sizes 4, 6-10 (regarding effectiveness) and team sizes 4, 6 to 8, 10 (regarding
efficiency) showed significantly positive overall effect of LS dissimilarity on the
inspection performance.

o The effectiveness results are consistent in experiment 2, 3, and 4 as compared to the
results from experiment 1 (that contained 11 students). The relative weights assigned
to each experiment (lower weight for experiment 1) also highlight the lack of
consistency and preciseness in the results.

e Overall diamond’s line (that also covers left side of line of no effect) for teams that
are not significant (e.g. team size 2, 3, 5) shows that, though positively correlated, the
particular team size does not always favor dissimilarity for effectiveness and
efficiency of inspection.

Therefore, based on the results from all three experiments, it can be concluded that,
“staffing inspection teams of 6-10 inspectors formed with varying LSs would results in detection
of larger number of faults but would not always result in detection of faults faster”.

3.5.6. Is overall inspection performance affected by the way inspectors read requirements
document?

As mentioned in Section 3.4.1, participants inspected PGCS requirements and verbalized
faults found while reading the document on a computer monitor. During this process, we also
recorded their eye movements (to understand their reading patterns). Using the fault and timing
data (to calculate fault count and fault rate) and eye tracking data (5 variables namely — Tixation,
Thotal, Stinear, FroI, and Tror described in Section 3.4.5), we performed multiple regression with
model selection (forward selection) to gain insights into the reading patterns of more effective

(found more faults) and efficient (found faults faster) inspectors. Table 12 reports the results in
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the form of correlation and p-values between 5 eye movement variables and 2 inspection

performance variables.

Table 12. Eye tracking vs. Inspection performance

Ttotat | Tfixation | Stinear  FRroOI TRroI1

: Correlation 0.18 | 0.083|-0.162| 0.294 | 0.193
Effectiveness
p-value 0.137 | 0.308 | 0.163| 0.035| 0.120
) Correlation | -0.314 | -0.361 | -0.104 | -0.104 | -0.209
Efficiency
p-value 0.026 | 0.012| 0.264 | 0.263 | 0.101

Major observations from Table 12 are listed below:

In terms of inspection effectiveness, apart from linear reading motion (Siinear) all eye
movement variables (Tiotal, Tixation, Fro1, and Tror) were positively correlated but Fror
had a significant positive correlation. That is, participants who reported more faults,
were able to quickly find inconsistencies at the area where faults were present (i.e.
ROI) and then spent more time fixating on ROI’s to detect and log faults present.
Contrary to the effectiveness results, all eye movements were negatively correlated
and two variables (Tt and Trixation) had a significant negative correlation. That is,
fixation on ROI’s is more important than the total fixation (which in fact may be due
to lack of information processing).

Also, participants reading in a linear fashion, were negatively correlated with
efficiency. Based on the participant behavior (observed by one of the researcher
during experiment), some sequential readers tend to read and comprehend the entire
information to understand the system first and then searched for faults which results

in more inspection time.
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Overall, effective inspectors tend to fixate more at the regions where faults exist to
comprehend information instead of spending more time to fixate non ROI’s on each page. This
might be due to the fact that, during the inspection, effective inspectors find odds in reading NL
requirements mostly at ROI’s. Therefore, they fixate to find and report faults documented in the
requirements at ROI’s which led to significantly positive correlation between number of
fixations at ROI (as opposed to the total fixation) and inspection effectiveness. Also, inspectors
who spent more time fixating on each page were significantly less efficient because of the
difficulty in processing requirements information. Following up on this result, in later sections,
we present analysis of LSs of inspectors that exhibited such behavior (i.e., tendency to fixate on
ROTI’s) to be make more informed decisions for selecting inspection team.

3.5.7. Does inspection teams, based on LSs have a particular reading pattern that impacts
their inspection performance?

To find the impact of inspection teams based on their LS diversity and eye movements,
the overall eye movement data for all virtual inspection teams in each team size was calculated.
The eye movement data for each individual was averaged to calculate reading pattern of an
inspection team of a particular size. We performed linear regression analysis to evaluate eye
tracking factors that affects the high inspection performance of dissimilar teams of varying
inspection team sizes. The results (Table 13) shows the linear regression output of eye tracking
vs. LS dissimilarity data of team size 2 to 10. The shaded portion in Table 13 shows significant
positive correlation wherein, bold with italics denote negative correlation. Major observations

from Table 13 are listed below:
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Table 13. Eye movement vs. Virtual inspection teams of size 2-10

Team Fixation Time Per Time Per Total Fixations at = Total Duration at

Size Page Page ROI ROI
Tixation Throtal Frori Trol

2 p=0.003 p=0.006 p=0.109 p=0.010

3 p=0.103 p=0.100 p=0.556 p=0.026

4 p=0.011 p=0.029 p=0.058 p=0.004

5 p=0.003 p=0.003 p=0.003 p=0.003

6 p=0.038 p=0.038 p=0.038 p=0.038

7 p=0.129 p=0.074 p<0.001 p<0.001

8 p=0.001 p=0.001 p<0.001 p<0.001

9 p<0.001 p<0.001 p<0.001 p=0.001

10 p=0.198 p=0.198 p=0.198 p=0.198

e High-performing teams (i.e. team size 6 to 9) spent less time fixating per page
(Ttixation) and overall spent less time on each page (Tiotal). This was especially true for
larger teams;

e Conversely, fixating on ROI’s (Fror) and total time spent at fault locations (Tror)
resulted in increased inspection performance for larger team sizes (N=6 to 9).

Overall, if individual inspectors in a team of diverse LSs of inspectors naturally tend to

spend more time processing information and extracting faults by fixating at the area where faults
are present, it resulted in improved performance (effectiveness and efficiency) as well.

3.5.8. Does inspectors belonging to a particular LS category have a reading pattern which
supports inspection outcome positively?

We also wanted to investigate the impact of eye movement of individual LSs category

(e.g., ACT vs REF) on inspection outcome to gain more insights into how eye movement factors
relates to different LS categories. Therefore, individual LS categories were separated from LS of

all participants and results in individual LS categories consists of following number of
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participants: ACT (4) vs REF (9), SEN (8) vs INT (5), VIS (10) vs VER (3), and SEQ (7) vs.
GLO (6). All individual LS category data (inspection and eye tracking) was collected. Total
fixations at ROI were converted as one tenth of the actual value (Froi/10) to accommodate all
results in the graph. While comparing the eye movement performance of each LS category, it
was found that, participants with ACT - Active LS (Figure 22) had the highest number of
fixation time per page and time per page (which were shown to be negatively correlated to
inspection performance in Section 4.5.6). Also, shown in Figure 22, participants with SEQ-
Sequential LS preference had maximum number of total fixation at ROI and total duration at
ROI (that was positively correlated with inspection performance).

600 M Fixation Time Per Page  ®Time Per Page
m Total Duration at ROI £ Total Fixation at ROI

LSS SISIS IS S

VIS VER
LS Categories

ACT REF SEN

Figure 22. Comparison of eye movements of LS categories

To enable such comparison for each LS category, we performed multiple regression to
find the eye movement factors in each LS category that impacts inspection performance (i.e.
effectiveness and efficiency). The results are shown in Figure 23. The results (Figure 23) shows

the following observations:
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Tfixqtion - Fixation Time Per Page; Ttotal - Time Per Page; S lineqr - Linear Saccade Per Page (in %) FROl - Total Fixations at ROk TROl - Total Duration at RO/

ACT Trixation Tiotal Sinear Froi Trol SEN Trixation Teotal Siinear Froi Trol

Effectiveness Correlation -0.624 -0.359 -0.822 -0.118 -0.102 Effectiveness Correlation 0.660 0.533 0.053 0.845 0.831
P-value 0.188 0.321 0.089 0441 0.449 P-value 0.037 0.087 0450 0.004 0.005
.. Correlation -0.997 -0.923 -0.134 -0.199 -0.452 .= Correlation -0.227 -0.380 0.780 0.261 017
Efficiency Efficiency
p-value 0.002 0.039 0.433 0.401 0.274 p-value 0.294 0.176 0.011 0.266 0.343
REF Ttixgtion Tiotal Sinear Frol Trol INT Trixation Tiotal Siincar Froi Trol
Effectiveness Correlation 0.305 0.37 -0.267 0.584 0.524 Effectiveness Correlation -0.674 -0.475 -0.843 -0.799 -0.875
P-value 0.213 0.163 0.244 0.049 0.074 P-value 0.106 0.209 0.036 0.052 0.026
- Correlation -0.368 -0.341 -0.012 -0.006 -0.074 - Correlation -0.881 -0.748 -0.815 -0.886 -0.967
Efficiency Efficiency
p-value 0.165 0.185 0.488 0.4%4 0.425 p-value 0.024 0.073 0.046 0.023 0.004
V Is Tﬁlﬂl\'ﬂﬂ Ttetd sﬁmcr FRUI TRO\ S| EQ Tﬁlﬂ[iﬂﬂ T!OECI sunecr FROI TRO\
Effectiveness Correlation 0.328 0.255 -0.028 0.720 0.689 Effectiveness Correlation 0.515 0.473 -0.105 0.848 0.847
P-value 0.178 0.238 0.469 0.009 0.014 P-value Q.18 0.142 0.412 0.008 0.008
Effici Correlation -0.485 -0.573 0.351 0.098 0.003 Efficienc Correlation -0.003 -0.054 -0.052 0.620 0593
eney I value 0078 | 0.042 0.160 0.393 0.497 Y [Tp-value 0.497 0.454 0.456 0.069 0.080
VER Tixation Tiotal Sinear Froi Troi GLO Trixation Tiotal Sinear Frol Troi
Effectiveness Correlation -0.170 0.396 -1.00 -0.179 -0.254 Effectiveness Correlation -0.542 -0.239 -0.754 -0.747 -0.856
P-value 0.446 0.370 0.005 0.443 0.418 P-value 0.133 0.324 0.042 0.044 0.0i5
- Correlation -0.665 -0.418 -0.857 -0.671 -0.727 - Correlation -0.859 -0.676 -0.373 -0.926 -0.890
Efficiency Efficiency
p-value 0.269 0.453 0.172 0.266 0.241 p-value .01 0.070 0.233 0.004 0.009

Figure 23. Multiple regression results comparing inspection performance of LS categories based
on eye movement factors

e SEN LS category has the maximum number of significantly positive supporting
factors of eye movement (Tfixation, FrRoOI1, and Tror) for high inspection effectiveness.

e SEQ category had the second highest number of eye movement factors (Fror and
Trorn) that significantly supports inspection effectiveness positively and are important
in terms of high performance.

e For inspection efficiency, there was no significant positive factor in eye movement of
different LS categories but participants who tend towards INT and GLO LS category
had eye movement factors that significantly affects inspection efficiency in a negative
manner.

e Interestingly, for VER- verbal learners (conducive for reading a NL document like
SRS); reading in a linear fashion is significantly negatively correlated to the overall
inspection effectiveness (p=0.005).

Based on the results, it could be said that participants that tend towards Sequential

learning (and Sensing and Reflective to some extent) are preferred for requirements inspections
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by fixating on the ROI’s. Therefore, a certain combination of LSs should be selected that would

enable inspectors to focus on areas where faults may exist and enable enough diversity to be able

to reduce overlap of faults and increase inspection performance.

3.5.9. What insights can be gained from the eye tracking and inspection results to help

improve the readability of requirements development?

We also wanted to evaluate the general effect of looking back to previously read

information (to search, comprehend or recall information) on inspector’s ability to detect and

report faults. To do so, we performed linear regression (Figure 24) between eye tracking

variables related to page referencing (Icount, GDcount, FRcount, ltime, GDtime, and FRyime) and

inspection outcomes (FC and FR).

‘ lcount GDcount FRc_ount Teount ltime GDtime FRtime Ttime

| R p-val R p-val R | p-val R p-val R p-val R p-val R p-val R p-val
0.062 | 0.707 0.190 | 0.247 | 0.196 | 0.231 | 0.210 | 0.200 | 0.045 | 0.786 | 0.192 | 0.242 | 0.097 | 0.555 0.173 | 0.292
-0.343 | 0.033 -0.246 | 0.131 | -0.153 | 0.352 | -0.303 | 0.061 _-0.359 0.025 | -0.263 | 0.097 | -0.174 | 0.291 -0.324 | 0.044

FC
FR

Figure 24. Page transition vs. Inspection performance

Major obervations from Figure 24 (highlighted cell denote significant results) are:

Time spent referring back to previous sections of document (Zsime, GDsime, FRime,

Tiime) had a positive correlation (though non-significant) with inspection effectiveness

(i.e., FC). Considering the length and nature of requirements document, inspectors

tend to refer back to either check their undestanding, or recall information.

While all transition variables were negatively correlated with FR, the number of times

(Icount) and time spent (Zrime) going back to the Introduction section had significant

(but weak) negative corerlation on inspection efficiency (FR). Also, participants that

spent more time (7o) going back to previous sections of document, their inspection

efficiency was significantly hampered.
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Further, we wanted to evaluate which section (and accompanying information) received
maximum amount of recall. To find most frequently (number of times) and heavily (time spent)
referenced sections, the results from paired t-test showed that subjects went back to the general
description section at a significantly higher rate (both in terms of count: p=0.005 and time spent
p=0.004) than the introduction and functional/non-functional requirements section. To help
readers understand this result, the general description section was written in paragraphs,
introduction section was mix of paragraphs and system diagram, and functional requirements
were written in bullet points. When generated heat maps when going back (using EyeMMV
toolbox and color band of blue, green, orange, yellow, red) for a sample of pages in each section
(Figure 25), it was clear that description section received maximum fixations and the fixation
duration (shown in red) from participants specifically due to the dense information. This result is
consistent with previous eye tracking research [40] that individuals reading passages find it
difficult to comprehend and retaining information and their frequency and duration of fixations
increase (especially at the end of sentences as seen with general description section in Figure 25)

with the increasing difficulty of passages written in NL.

Introduction General Description Functional Requirements

Figure 25. Heatmaps for introduction, general description and functional requirements page
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Therefore, based on these results; to overcome the reference overhead, requirements
should be written in a manner that participants don’t have to spend more time in going back and
searching for the relevant information to verify the correctness of functional/non-functional
requirements. Adding pointers for the reference information may help reduce the reference
overhead and improve readability of document under inspection.

3.5.10. How does the reading patterns of high-performing inspectors varies across different
LS categories and dimensions?

We also investigated the relationships between the eye movements for inspectors
belonging to different LS categories (e.g., SEN vs INT) and their inspection performance. Out of
39 participants, only 3 had any preference towards verbal LS. Therefore, we removed
Visual/Verbal LS category from analysis and grouped participants into remainder of six LS
clusters: ACT (17), REF (22), SEN (29), INT (10), SEQ (18), GLO (21). Next, we performed
linear regression to evaluate relationships between eye movements and inspection performance
for each LS category. The results are shown in Figure 26 & 27 and are discussed as follows:

o Sequential vs. Global: Of all LS categories, SEQ has the maximum number of factors

(Frot, Trot, GDcounts FRcounty Teounty GDiimey FRiime, and Trime) that had a significant
positive correlation with inspection effectiveness (FC). That is, inspectors with SEQ
LS spent more time at fault areas (i.e. ROI’s), spent more time referencing previously
reviewed sections and subsequently found significantly more number of faults and
found them faster.

e Sensing vs. Intuitive: SEN LS category had the second highest number of factors

(GDcounty Tcounty GDiime, and Trime) that supports inspection effectiveness positively.
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But these learners spent more time fixating at regions other than ROI’s (7ot and
Tfixarion) Which negatively impacted their inspection efficiency.

e Active vs. Reflective: REF learners saw a positive correlation between eye tracking
variables and inspection effectiveness, however none of the relationship was

significantly correlated.

ota atic RO RO 0 Do Rco 0 : Dtime  FRtime :

N -0.061 -0.175 ] 0.175] 0.043 | -0.243 -0.111 0.052| -0.144|-0.279 0.013 0.236 | 0.007
ACT p-val | 0.816 05031 0503 ] 0.869 | 0.348 0.672 0.843 0.581] 0.278 0.960 0.361 | 0.979
REF R 0.244 0.187 1 0212 | 0.267 | 0.380 0.318 0.188 | 0.342| 0233 0.220 0.035 ] 0.178
p-val | 0.273 0.404 1 0.344] 0.230 | 0.081 0.150 0.401 0.119] 0.296 0.325 0.876 | 0.427

SEN R 0.305 357 0.003] 0.038| 0.257 0.512 0278 | 0465 0234 0.558 0.134 | 0.407
p-val | 0.108 0.057 1 0.989 ] 0.847 | 0.178 0.005 0.145] 0.011 | 0.222 0.002 0.488 | 0.028

INT R -0.203 -0.492 | -0.280 | -0.348 | -0.336 -0.414 -0.034 | -0.367 | -0.337 0.397 0.059 | -0.524
p-val | 0.574 0.149] 0.434 1 0.324 | 0.342 0.234 0.925 ) 0297 0.341 0.256 0.871 | 0.361

SEQ R 0.456 0436 0.584 | 0.531 | 0.219 0.528 0.637 | 0.509 | 0275 0.617 0.735 | 0.667
p-val | 0.057 0.071] 0.011 | 0.024 | 0.382 0.024 0.004 | 0.021 | 0.270 0.006 0.001 | 0.002

GLO R -0.251 -0.409 | 0.110)]-0.220| -0.175 -0.190 -0.108 | -0.219 | -0.233 -0.305 | -0.147 | -0.304
p-val | 0.272 0.066 1 0.635] 0.339| 0.449 0.410 0.642 | 0339 0.308 0.178 0.526 | 0.180

Figure 26. Comparison of eye tracking data and inspection fault count between ACT/REF,

SEN/INT, and SEQ/GLO LS category

ot atio RO RO 0 Deo Rco 0 : D Rtime :

o | R -0.668 -0.700 | 0277 0.133 | -0.586 -0.379 -0.120 | -0.475 | -0.590 -0.348 0.047 | -0.402
Acl p-val | 0.003 0.002 ] 0281 ) 0611 ] 0.013 0.134 0.648 | 0.054 | 0.013 0.171 0.858 ] 0.109
. | R -0.340 -0.370 | 0.037 | 0.036 | -0.030 -0.159 -0.180 | -0.189|-0.149 -0.255 | -0.255]|-0327
REF p-val | 0.12] 0.090] 0870 0873 | 0.792 0.481 0.423 0.399 ] 0.508 0.233 0.252) 0.137
SEN R -0.428 -0.379 | 0.251 ) 0182 -0.222 -0.012 -0.123 | -0.137 | -0.235 -0.078 | -0.149 ] -0.188
p-val | 0.021 0.042 1 0.190] 0.345| 0.247 0.951 0526 0479 0.220 0.688 0.441] 0.328

INT R -0.640 -0.783 | -0.383 | -0.428 | -0.386 -0.659 -0.256 | -0.661 | -0.324 -0.577 | -0.278]-0.598
) p-val | 0.046 0.007 | 0.275] 0.217 ] 0.075 0.038 0.476 | 0.037| 0.054 0.081 0.437 | 0.068
SEQ R -0.327 -0.317 ] 0.084 | -0.133 | -0.383 -0.162 -0.093 | -0.156 | -0.345 -0.065 0.178 | -0.055
p-val | 0.186 0.199 1 0.740 | 0.39§8 | 0.116 0.521 0.715] 0.509] 0.161 0.797 0481 | 0.827

GLO R -0.603 -0.664 | -0.304 | -0.409 | -0.240 -0.301 -0.306 | -0.426 | -0.352 -0.437 | -0.338]-0.539
T p-val | 0.004 0.001 | 0.180) 0.066 | 0.295 0.184 0177 0.054] 0.118 0.048 0.134] 0.012

Figure 27. Comparison of eye tracking data and inspection fault rate between ACT/REF,

SEN/INT, and SEQ/GLO LS category

e ACT, INT, and GLO learners had a significant negative correlation with inspection

efficiency and eye tracking variables. Inspectors belonging to these three clusters
spent more time fixating throughout document (Ttoar and Tfixarion) instead of ROI’s

which negatively impacted inspection efficiency. Additionally, consistent to the LS
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theory, GLO learners took large jumps and INT leaners spent more time transitioning
back and forth which significantly affected their inspection performance.

Based on these results, inspection performance was impacted by the ways participants
read information contained across different sections of SRS document along with the effort spent
to search or recall information during the inspection. Effective inspectors fixate at areas they find
logical inconsistencies (at ROI) whereas underperforming inspectors make more regressive
fixations due to comprehension problems (i.e., Tfixarion). This is especially true when trying to
comprehend information written in a paragraph form (as seen in the General Description section
of SRS document). Additionally, reading a document in small logical steps helps them detect
more faults even if they switch between pages to comprehend information. This trend helps them
to understand requirements better during requirements review and find odds at fault areas during
inspections. Results also indicate that inspection efficiency could increase if requirements
document could be structured in a manner that reduces the amount of transition overhead when
referencing back to previous pages to search for certain information or to check their

understanding.
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4. RELEVANCE TO SOFTWARE ENGINEERING

Human learning preferences have been captured widely using FSLSM, but mostly in
academia. Software engineering research validates that the overall inspection effectiveness
decreases due to the overlap in the faults detected when inspectors are reviewing from same
point of view. Results indicated that stakeholders involved during the requirement elicitation
have different LSs and that the LSs of individual inspectors can have an impact on their
inspection results. We believe that extending the concept of LS into software engineering context
can be very effective in improving the quality of software artifacts. Software engineers vary in
the way they “perceive” and “process” the information that is documented in software artifacts.
This is especially true in context of NL requirements which involves collaboration between
technical and non-technical stakeholders.

The concept of LS is applicable in software inspections domain and can help to manage
the quality of software by creating high performance inspection team(s). Since each participant
spent the same amount of time performing an inspection, we anticipate that the efficiency (faults
found per time) results will follow the trend. The concept of using LS to form more effective
software inspection teams is not just limited to the requirements phase, but rather applicable to
the inspection of software deliverables produced at the other stages of the software development

lifecycle (e.g., code, test plans etc.).
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6. CONCLUSION AND FUTURE WORK

Based on our results, the concept of LS is applicable in software inspections domain and
can help to manage the quality of software by creating high performance inspection team(s). The
technique can be used by researchers and project managers to staff inspections depending on
their need of overall fault coverage or to focus specifically on a particular type. Based on the
results, we recommend the use of LSs concept for managing software inspections. We
recommend having large number of inspectors in pool of inspectors from which inspection team
will be selected that helps to select diverse inspectors for a team. For larger team sizes, higher
the LSs disparity among individual inspectors, more effective the virtual inspection teams tend to
be. Therefore, to deliver quality software product, manager should select inspection team size
between 6 to 10 inspectors from the large pool of inspectors. We do not recommend inspectors
with Global learning preference in academic inspections as they have a strong negative impact
on fault detection effectiveness. But Global inspectors with a combination of Reflective and
Sensing preference could be considered for inspections in industrial environment. Our results
also showed that the dissimilarity in the LS of the participating inspectors had a direct and
positive relationship with the cost effectiveness of inspection teams. This means, for an
inspection team size, higher the dissimilarity in LS of inspectors more number of unique faults
are found during the inspection of requirements. When the result was tested statistically, there
was significant correlation between the LS dissimilarity and inspection cost effectiveness.

Results from our eye-tracking studies showed that effective inspectors tend to find more
inconsistencies at the region where fault exists which was evident from the fixations at ROI’s to
comprehend information that leads to significantly positive correlation between number of

fixations at ROI (as opposed to the total fixation) and inspection effectiveness. Also, inspectors

79



who face difficulty in understanding and processing information spend more time fixating on
each page and have a significant negative impact on inspection efficiency. The results also
showed that high performance inspection teams (i.e. with diverse members) actually fixate
significantly at the fault area that leads to improved inspection performance. From different LS
categories (ACT vs REF, SEN vs INT, VIS vs VER, and SEQ vs GLO), participants that had
Sequential learning (and Sensing and Reflective to some extent) preference fixate more on the
ROI’s and hence, certain combination of LSs with LS diversity in teams would enable inspectors
to focus on the fault areas where faults may exist, reduce overlap of faults, and increase
inspection performance. The results from referring different sections (i.e. introduction, general
description, and requirements) back during inspections showed that participants went back to the
general description section at fixated more due to the paragraph nature of the section as
compared to mix of paragraph and images, bullet points in other two sections (introduction and
functional/non-functional requirements). Hence, it was concluded that requirements should be
written in a manner (small logical steps) that reduces search overhead during inspections by
adding pointers for the reference information that may improve readability of document under
inspection.

Our future work involves replicating the study with software engineers in the industry
which involves non-technical inspectors. Another future work is to replicate the study for
inspection of other software artifacts (e.g., software design, test plan) and to select inspection
teams based on LS of author of software artifact. The other future work is to evaluate the impact

of LSs on an agile software development environment.
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APPENDIX A. PRE-STUDY SURVEY
This is a pre-study questionnaire. Please fill information in the questions below.
*Required

1. Please enter your First name and Last name: *

2. Please rate your English Level Reading/Writing (Mark only one oval). *
1 2 3 4 5
Min ) C ) () ( ) () Ma
3. What is your previous experience with software development in practice? (Check the bottom-
most item that applies.) *
I never developed software.
I have developed a software on my own.
I have developed software as a part of a team, as part of a course.

I have developed software as a part of a team, in industry one time.

I have worked on multiple projects in industry.

4. Duration of your work experience (as mentioned above. E.g., 4 years 9 months)? *

Years Months

5. Software Development Experience *
Please rate your experience with respect to the following 5 point-scale:
1 = No experience; 2 =learned in class or from book; 3 =used on a class project;

4 = used on one project in industry; 5 = used on multiple projects in industry.
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e Experience writing requirements

e Experience interacting with user to write

requirements

e Experience writing use cases

e Experience reviewing requirements

e Experience reviewing use cases

e Experience changing requirements for
maintenance

e Experience with software inspection

6.Comments:
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Full Name:

APPENDIX B. FAULT REPORTING FORM

Checklist Start Time and Date:

Fault #

Page #

Requirement #

Fault
Class

Description

Time
Found
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