
ABSTRACT

RAVICHANDRAN, SUSHMA. Impact of Human Affectiveness Metrics and Attribute Selection
on software productivity. (Under the direction of Dr. Timothy Menzies.)

In a collaborative software development environment, the sentiments, politeness and/or

emotions (collectively called ‘affectiveness‘) of a developer is said to have direct implica-

tions on the time taken to complete the development task. To be able to computationally

identify and categorize opinions expressed in a piece of text, in order to determine whether

the writer’s attitude towards a particular topic is positive, negative, or neutral is an ad-

vantage of today’s technologically progressive world. There have been many studies that

compare the sentiments shared by the developer who reports a GitHub Issue, with the

issue resolution time (i.e software productivity) which show that issues representing LOVE

and JOY decrease issue resolution time whereas issues representing SADNESS increase

issue resolution time. These researchers have concluded that a positive sentiment drives

software productivity whereas a negative sentiment slows it down.

This thesis explores the importance of affectiveness in predicting issue resolution time

and analyses the contribution of subsets of all the features earlier suggested to predict the

same. We find that, unlike prior studies, affectiveness is not usually a significant factor in

predicting issue resolution time.
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CHAPTER

1

INTRODUCTION

In reference to the sentiments shared in Issue reports, [1] said:

Emotions such as JOY and LOVE reduce the resolution time, whereas emo-

tions such as SADNESS increase the issue resolution time.

This thesis checks the generality of Ortu’s claim. In stark contrast to Ortu’s result, we find

that emotions are usually not a significant factor in predicting issue resolution time.
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1.1 Background

Software Development Projects especially in a distributed team in multiple locations in-

volve a number of developers, each having a different mannerism, background, working

environment and working hours. Employees generally communicate via distributed version

control and source code management systems such as Git. Git is a repository hosting service

which makes contributing to and documenting Open Source projects straightforward and

convenient.

Git Issues are an elegant way to keep track of tasks, enhancements, and bugs for such

projects. An issue can be raised by one member of a team to point out the probable areas

of concern for a piece of code. The other members of the team, including the person(s)

responsible for the code can discuss the raised issue, resolve it by taking the necessary

actions and then close the issue. This time period from the time of issue creation to the

time at which the issue was closed is called the issue resolution time. It is a highly variable

number and is closely related to the developer productivity.

Productivity of a software is measured in Open Source projects such as the ones in

Git by the duration of its issues. To be able to thus, predict the productivity of a software

development or the length of its issues is an attractive area of research.

There is one side of software engineering research which predicts the software produc-

tivity based on the Effectiveness factors. These features include issue type, issue priority,

number of developers involved in the issue, number of comments on the issue and number

of state changes. These factors do not take into account the content of the issue text. Another

spectrum of research includes the content of the issue and is called Affectiveness.These
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generally include the contents of comments, issue title and issue body.

Humans invariably perceive and/or present some form of sentiment and these senti-

ments are exhibited consciously or unconsciously while sending out issue reports to fellow

employees.

The implications of emotions on the productivity of other developers working on the

same project is an interesting one. Authors of [1] proved that positive sentiments aids the

productivity of a project and issues containing anger or sadness took a longer time to

resolve. They also proved that better results in predicting the resolution time of an issue

was obtained when the emotions of a developer were taken into picture. This shows that

emotions are an important criteria in the work rate of a development project.

Although [1] has been able to practically describe the general notion that happiness

increases productivity and sadness decreases productivity, the increase in recall and pre-

cision is very minimal after appending the affective factors. Also, there needs to be an

understanding on whether the addition of affective factors is mandatory for predicting is-

sue resolution time. This thesis attempts to reproduce the work done in [1] and experiments

with dimensionality reduction to produce comparably precise results.

1.2 General Motivation

Financial incentives are given to employees so they are happy. The idea behind this theory

is that happy employees perform better. Research indicates that human happiness has

a positive impact on productivity as it invigorates human beings. Collaborative Software

Development Processes focus on communication between developers where sometimes

sentiments other than happiness is exchanged. Some of them include politeness, love, joy,
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anger and sadness. These are collectively called human ‘affectiveness‘ factors. This thesis

revolves around this interesting factor. It aims to learn how important such cognitive factors

are for the development of a software product. For this purpose, the sentiments shared

in code sharing portals like github where developers interact with each other purely via

textual contents was taken advantage of. The sentiments from issues was extracted and

compared to how quickly different issues were resolved thereby producing a model that

compares sentiments with productivity.

Another factor to note here is the constant difficulty software engineering researchers

face while performing sentiment analysis tasks on software engineering datasets. Most of

the machine learning tools commonly used for content analysis are trained with literature

novels and newspaper/magazine articles. This kind of text is different from those shared

in software engineering datasets. Not having been trained by the correct training set, may

affect the accuracy of predicting the sentiments/affectiveness. Hence, a learning model that

is trained for guaranteed precise prediction with software engineering data is an ulterior

motive behind such research ventures.

1.3 Statement of The Thesis

Contrary to Ortu et al[1] and in contrast to much prior work, we find that issue sentiments do

not effect Issue Resolution Time in open source projects. This thesis aims to predict the issue

resolution time given features based on Effectiveness and Affectiveness. In contradiction to

the work done by Ortu et al[1] the work here aspires to achieve similar levels of accuracy

without using all the features proposed by them. Attribute Selection and Dimensionality

reduction are other concepts introduced in the work here.
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1.4 Publication from this Thesis

There are no publications from this thesis.

1.5 Structure of the Thesis

The rest of the thesis is organised as follows: Related work is discussed first in Section 2.

Section 3 describes the methods used in the thesis and explains the dataset in detail. It

also describes the different affectiveness metrics- Sentiment, Politeness and Emotions. An

introduction to the concept of Feature Selection is given in Section 4. Section 5 gives an

account of the various classifiers that was run and the results obtained with sample graphs

and diagrams. Section 6 analyses the results and examines the various inferences that can

be made from them. It also shows graphs from Scott-Knott analysis performed on the data.

Section 7 draws conclusion, discusses the threats to validity and details the possible future

research ventures to extend the work done.
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CHAPTER

2

RELATED WORK

Sentiment analysis has been a predominant field of research under Data Science. The pri-

mary goal of Sentiment Analysis is to be able to deduce the polarity of a sentence/word/phrase

depending on the context in which it is used. B. Pang and L. Lee in [2] suggested many

approaches and techniques that are generally used to gather sentiment or opinion related

information from data. They also highlight that with the recent advance in opinion-rich

resources, the popularity of behavioral information gathering has grown. When handling

software engineering data however, not all kinds of opinion mining approaches can be
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used. Hence, although information retrieval is an important aspect on any content shar-

ing environment, generic opinion mining learning models cannot be used for software

engineering data.

The study of affect in a workplace gained a lot of momentum in the 1990s. A lot of critical

thinking went into determining the concept of job satisfaction which was a loosely defined

term until then. Brief et al in [5] for example conduct a survey on the effects of moods and

emotions experienced in workplace. Their research addresses the various theoretical and

methodological opportunities and challenges involved in gauging affect in the workplace.

The affective status of the job satisfaction construct is assessed very briefly followed by a

survey of the effects of moods and emotions experienced in the workplace. Conceptual

concerns about workers‘ feelings not adequately addressed in the organizational literature

were raised, and suggestions for how to approach these concerns methodologically were

provided. Overall, the intent of the paper was to appraise what is known about affective

experiences in organizational settings, to highlight existing gaps in the literature, and to

suggest how those gaps might be filled. They also highlight the importance of a two way

influence- workplace on people and people on workplace.

Erez et al in [6] conducted two studies which indicated that positive affect along with

work environment influences motivation and that its influence on motivation occurs not

through general effects, such as response bias or general activation, but rather through its

influence on the cognitive processes involved in motivation.

In [7], Feldt et al argues that human factors should be given a higher significance in

software engineering research. They say that psychometric data should be collected on the

humans involved for better analysis. They also present ’personality’ as a trait, compare it to

7



attitudes in software engineering processes and tools and present initial results from an

empirical study investigating correlations between personality and attitudes to software

engineering processes and tools. They discuss what are currently hindering a more wide-

spread use of psychometrics and how overcoming these hurdles could lead to a more

individualized software engineering. They conclude that Software Engineering researchers

should put a larger focus on the humans involved in software development than what has

been done to date. One easy and powerful way to do this would be to collect psychometric

measurements.

On similar lines, authors of [8] discuss the relevance of emotions in determining work

results and how team members collaborate in a project. They drew emotion summaries

from software development projects and concluded that their results were in good correla-

tion with the emotion state of the project after interviewing project leaders. However, the

interviews also indicate that the current state of the summaries is not detailed enough and

further improvements are needed.

In a workplace, [3] indicates the importance of having a balanced team by basing it

on factors related to the personalities of the members of the development team. These

factors might affect both the quality of the software product developed and the satisfaction

perceived by the development team. It says that for a software team to function efficiently,

there is a necessity for the team to have a balanced levels of extraversion. The paper says

that the overall satisfaction of the completed product is dependent on this factor. In this

work they present a controlled experiment to evaluate whether the work team‘s level of ex-

traversion influenced, the final quality of the software products obtained or the satisfaction

perceived while this work was being carried out. The results obtained indicate that when
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forming work teams, project managers and lecturers should carry out a personality test

beforehand in order to balance the amount of extraverted team members with those who

are not extraverted. This would permit the team members to feel satisfied with the work

carried out by the team without reducing the quality of the software products developed.

As an alternative, Sinha et al in [9] performed sentiment analysis on commit logs. The

commits were first divided into small, medium and large commits. They aimed to find

correlations between the sentiments expressed in commit logs and the number of files

changed. Although a majority of the sentiment was neutral, the negative sentiment was

about 10% more than the positive sentiment overall. Tuesdays seemed to have the most

negative sentiment overall. In addition, they find a strong correlation between the number

of files changed and the sentiment expressed by the commits the files were part of. Future

work and implications of these results were also discussed.

In [12] the authors used their framework to study the relationship between politeness

and social power, showing that polite Wikipedia editors are more likely to achieve high

status through elections, but, once elevated, they become less polite. Similar negative

correlation between politeness and power were seen on Stack Exchange, where users at the

top of the reputation scale were less polite than those at the bottom. Finally, classifier was

applied to a preliminary analysis of politeness variation by gender and community.

In a slightly different research venture, to increase the positivity in a work environment,

[31] introduced the idea of gamification in workplace. They present Gamiware, a gamifica-

tion platform aimed to increase motivation in software projects which is rounded on both

gamification roots and in software process improvement initiatives.

More recent work also cite the importance of affectiveness of fellow workers for the
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productivity of a software development team. For example [29] argues that a synthesized

view of the emerging human-focused SE research is needed and can add value through

giving focus, direction and help identify gaps. Taking cues from the addition of Behavioral

Economics as an important part of the area of Economics, the paper proposes the term

Behavioral Software Engineering (BSE) as an umbrella concept for research that focus on

behavioral and social aspects in the work activities of software engineers.

In [30], the authors claim that affective states - emotions, moods, and feelings - have an

impact on work-related behaviors, cognitive processing activities, and the productivity of

individuals. They report an empirical study on the impact of affective states on software

developers performance while programming. They also demonstrate the value of applying

psychometrics in Software Engineering studies.

Acuna et al[32] present aggregate results of an experiment that evaluates the relation-

ships between personality, team climate, product quality and satisfaction in software de-

velopment teams. Their experimental study measures the personalities of team mem-

bers based on the Big Five personality traits (openness, conscientiousness, extraversion,

agreeableness, neuroticism) and team climate factors (participative safety, support for

innovation, team vision and task orientation) preferences and perceptions.

Similarly in [33] the authors focus on finding the relationship between the performance,

temperament and personality of a software programmer. The rationale behind conducting

this study is to find out if personality influences the performance of software engineering

students. Results showed that some factors like temperament did affect the performance

of the students. Whereas most other factors did not play a high rolein influencing the

performance.
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Ortu et al[4] performed analysis on the issue comments of 14 projects under the JIRA

repository. They studied the politeness of these comments to see if it has any relation with

the number of developers involved in these projects over time. They also checked if it has

any relation with the time required to fix any issue. Results from both these tests showed

that the sentiments of issue comments did affect them. In comparison with all this work

done previously, the authors of [1] considered three kinds of affective metrics - politeness,

emotions and sentiments and compared the influence of all these factors on the issue

resolution time. They found that issues that expressed positive emotions took lesser time to

resolve as compared to those that expressed negative emotions. They use logistic regression

to deduce the same.

This thesis replicates the work done in [1] and infers if the non-cognitive factors con-

tribute to the issue resolution time and if so, it also tries to analyse how much these factors

contributes to the classifier. Another concept addressed in this thesis is Feature Selection

using which we try to see if similar results can be achieved without using the affective

features.
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CHAPTER

3

METHOD

The aim of this thesis is to be able to predict the duration of an issue with or without Affective

Metrics. Affective Metrics here denote content analysis performed on different parts of an

issue such as title, body and comments. For this, git hub data from Open Source Projects

was used. The issues that were marked ‘closed‘ were extracted. Four kinds of models were

built from these issues- one control metric (which included non-cognitive features such as

issue-type, issue- priority, number of comments, number of state changes, etc.) and three

Affective Metrics (one each for politeness, sentiment and emotion factors drawn from issue

12



body, title and comments).

These were then passed through three classifiers-j48, Naive Bayes and Random Forest.

The results obtained were noted down. Next, feature Selection was performed on the four

metrics using a method called Wrapper Subset Eval. Only those features which contributed

(higher than a threshold value) to predicting the class of the issue duration (short/long)

was chosen. These feature subset of metrics were passed through the same classifiers and

the results obtained were compared to the previous set of results of complete models with

all features included.

The precision, recall and false alarm obtained in all cases were noted down and a Scott-

Knott Analysis was performed to further examine the results.

3.1 Data

The dataset comprised of GitHub records of Open Source Projects. Git is an open source

version control system similar to subversion, mercurial and CVS. Version control is a system

that records changes to a file or set of files over time so that you can recall specific versions

later. It allows you to revert files back to a previous state, revert the entire project back to a

previous state, compare changes over time, see who last modified something that might be

causing a problem, who introduced an issue and when, and more.

For this thesis, the study involved issue duration and issue content. Hence, the Issue

logs from 6 Open Source Projects were collected, namely - scikit, vue, titan, tensor flow, swift

and storm. Each of these datasets comprised of a json file of issues. From each of these files

for each datasets, the issues that have been closed (i.e. those that were marked “Closed” as

the issue status) was extracted. This is because, only closed issues have a length associated

13



Table 3.1 Dataset Details

Dataset Number of Issues Number of Closed Issues

scikit 6907 5700
vue 2691 2670
titan 1319 1170
tensor flow 2937 2521
swift 4862 3157
storm 3363 1533

Total 22079 16751

with them. This is important in the research as the software productivity is closely aligned

with the duration of an issue.

Table 3.1 shows the details of the contents of each of these datasets. As shown, a total of

about 17,000 files were studied and their content analysed. Python scripts were written to

extract the necessary features.

3.2 Control Metrics

The cognitive factors included a set of information gathered from the Github repositories

that did not involve any sentiments of the users/issue reports. These features were used as a

control group. The results obtained from this set of features were compared with the results

from the cognitive features to detect any role played by the affective metrics in predicting

the issue resolution time. Some of the features collected as part of the Control Metrics or

the Cognitive Factors are Issue priority, Number of Developers, Number of Comments,

Number of status Changes and Issue Type. The entire feature set has been elaborated in

14



Table 3.2 Extracted Control Metrics Features

Metric Type Range Description

Issue Type Category BUG..NEW FEATURE The issue maintenance type
Issue Priority Category TRIVIAL..CRITICAL The priority assigned to an issue

User String N/A
The name of the user who is the
creator of the issue

Assignee String N/A
The name of the user to whom the
issue has been assigned to

Comments Number >=0
The total number of comments
posted on the issue report

State change Number >=0

The total number of times the issue
has been changed (such as changing
status, resolution, type, priority
etc.)

Developers Number >=0
The total number of users that
commented on an issue, including
reporter and assignee

15



Table 3.3 Extracted Affective Metrics Features

Metric Description

All Comments
The average affectiveness expressed
all the comments posted on an
issue

Body
The average affectiveness expressed
in the body of the issue

First Comment
The average affectiveness expressed
in the first comment of the
isssue

Last Comment
The average affectiveness expressed
in the last comment of the
issue

Title
The average affectiveness expressed
in the Issue Title

the Table 3.2

3.3 Affective Metrics Features

The methods used in [1]were replicated for studies in this paper. The non-cognitive aspects

were divided into three categories: Sentiments, Politeness and Emotions. The information

from the three types of non-cognitive factors were used to create a feature set as displayed

in Table 3.3.
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Table 3.4 Examples of Sentiment tool

Text Input Positive Sentiment Negative Sentiment

I am extremely unhappy with the work 1 -5
Thank you for resolving the query! 3 -1
I doubt if this would work for us 1 -2

3.3.1 Sentiments

Sentiments were analysed using a tool called SentiStrength [11]which estimates the degree

of positive or negative sentiments in English sentences. SentiStrength estimates the strength

of positive and negative sentiment in short texts, even for informal language. It was originally

developed for English and optimised for general short social web texts. It assigns an integral

value (in the range -5 to +5) to every sentence. A positive sentiment indicates that the

sentence is positively polarised where 1 is slightly positive and 5 is extremely positive. A

negative sentiment indicates that the sentence is negatively polarised where -1 indicates

slightly negative and -5 indicates extremely negative.

Sample input sentences have been analysed and shown in Table 3.4. The results of the

positive sentiment and the negative sentiment are added and the overall average sentiment

is used to be fed into the learner. The tool is available online, free for academic research

and has been previously used in other software engineering research [1] for their work.
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3.3.2 Politeness

To extract the degree of politeness from texts, we use a technique devised by Daniscu et

al.[12]. The machine learning approach was originally designed to evaluate the politenesss

in Wikipedia and StackOverflow posts. Their framework was used to study the relationship

between politeness and social power, showing that polite Wikipedia editors are more likely

to achieve high status through elections, but, once elevated, they become less polite. Similar

negative correlation was seen between politeness and power on Stack Exchange, where

users at the top of the reputation scale were less polite than those at the bottom.

Stack OverFlow is a Q and A Forum with many software and computer science related

questions. As the tool was designed for data of similar format, it could be applied to the

domain considered in this thesis. The tool classifies each sentence as ‘polite‘ or ‘impolite‘.

Apart from this label, the tool also specifies a level of confidence related to the probability

of the politeness class being assigned. In the current work, we considered the cases only

when the confidence label was above 0.5. In other cases we marked the issues as ‘neutral‘.

As with sentiment extraction, this tool is also available for free academic research and

was previously used by the authors of [1] in their work.

3.3.3 Emotions

Emotions extracted from issues are the third affective metrics this thesis takes into consid-

eration. Similar to Murgia et al.[13] and Ortu et al[1] Parrot’s emotional frameworks were

used. It consists of six emotions- joy, sadness, love, anger, surprise, and fear.

During the time when Ortu’s[1] paper was written there was no available emotion
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Table 3.5 Examples of Emotions tool

Input Text Anger Joy Fear Sadness Surprise

Please create source
map for vue min js

35 12 39 12 1

Failed to execute
add on DOMTokenList

28 8 13 43 8

preserve cursor
position

27 17 28 18 11

analysis tool such as the ones available for measuring sentiment and politeness. For this

reason, they had built a machine learning classifier that was able to identify the presence

of four basic emotions: JOY, LOVE, ANGER and SADNESS (these are the most popular

emotions identified by Murgia et al. [13] in issue comments). There has been a considerable

amount of work in this area ever since. Works in [18][19][20][21] all built different kinds

of emotion taggers on text data, but an easy to use model for research purposes was still

unavailable then.

At this point however, a tool [14] that does the necessary text analytics to classify text

based on the emotions it conveys was found. It has a number of APIs for different kinds

of analytics purposes. We are interested in the Emotion API that classifies text into five

different kinds of emotions - Anger, Joy, Fear, Sadness and Surprise.

The API requires a text input and it generates a percentage presence of each of the

emotions in the text.

For each of the six datasets - scikit, vue, storm, titan, tensor flow and swift- four data

metrics were first built. One with the control metrics alone and one for each of the affective
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Table 3.6 Affective Metrics Details

Affective Metric Type of values Range Description

Sentiments Number -5 to +5
The level of sentiment
expressed in the text

Politeness String polite, neutral, impolite
The amount of politeness
expressed in the text

Emotion String
Anger, Joy, Fear,
Sadness, Surprise

The type of emotion
expressed in the text

metrics- politeness, sentiments and emotions. Each of these was run through a classifier

and the results were recorded. Next, feature selection was performed on each of the four

data metrics of each dataset.

3.3.4 Dependent Variable

The duration of each issue is the predicted variable for this work. It is calculated in terms of

number of days. For each dataset the median number of days it took to resolve an issue is

noted. All issues in that data set whose resolution time was greater than the median was

marked ’L’ indicating Long and the rest were marked ’S’ indicating Short. The median, in

most cases (including the work by Ortu[1] was found to be between the values 2 and 4. The

machine learning classifier now predicted either ’S’ or ’L’.
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CHAPTER

4

FEATURE SELECTION

We note that much of the prior work on assessing the value of emotions to predict for aspects

of software development have lacked a baseline comparison. Without such baselines, it

can be misleading to conclude that “emotions are useful for predicting for (e.g.) issue close

time". With such baselines, a clearer statement can be made “Emotions are more useful

than ‘BASELINE’ for prediction issue close time". In this work, we use a ‘BASELINE’ method

that looks for parts of the attribute space that are more useful than others. Specifically, we

build our BASELINE using feature selection
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In machine learning and statistics, feature selection, also known as variable selection,

attribute selection or variable subset selection, is the process of selecting a subset of relevant

features (variables, predictors) for use in model construction.

The basis of this idea is that data consists of features that may be redundant or irrelevant.

By performing feature selection these features can be removed without any or little loss

of information. Feature Selection is performed on each of the four data metrics of each

dataset.

There are many methods used for the process of Feature Selection in Data Science.

One such is the Information Gain Technique. In decision tree learning, Information gain

ratio is a ratio of information gain to the intrinsic information. It is used to reduce a bias

towards multi-valued attributes by taking the number and size of branches into account

when choosing an attribute. Information Gain is also known as Mutual Information. The

problem with Information Gain is that it only ranks single attributes.

Correlation based Feature Selection[22] or CFS does better than Information Gain

because it ranks sets of attributes. It evaluates subsets of features on the basis of the following

hypothesis: ‘Good feature subsets contain features highly correlated with the classification,

yet uncorrelated to each other‘.

Unlike some other feature selectors (e.g. Relief, InfoGain), CFS evalautes and hence

ranks feature subsets rather than individual features. CFS performs a best-first search (with

a horizon of five1) to discover interesting sets of features

Hall et al. scores each feature subsets as follows:
1(1) The initial “frontier” is all sets containing one different feature. (2) The frontier of size n (initially n = 1)

is sorted according to merit and the best item is grown to all sets of size n+1 containing the best item from
the last frontier. Go to step (3). Halt when last five frontiers have not seen an improvement in me r i t . On halt,
return the best subset seen so far.
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merit s =
k rcf
Æ

k +k (k −1)rff

where:

merit s is the value of some subset s of the features containing k features;

rcf is a score describing the connection of that feature set to the class;

and rff is the mean score of the feature to feature connection between the items in s .

Note that for this to be maximal, rcf must be large and rff must be small. That is, features

have to connect more to the class than each other.

The above equation is actually Pearson’s correlation where all variables have been

standardized. To be applied for discrete class learning (as done by KDP and this paper),

Hall et al. employ the Fayyad Irani discretizer[23] then apply the following entropy-based

measure to infer r (the degree of associations between discrete sets X and Y ):

rxy = 2×
�

H (x )+H (y )−H (x ,y )
H (y )+H (x )

�

where H is the standard information gain measure used in decision tree learning.

An even better approach is the Wrapper Subset Eval[16]. For all machine learning pur-

poses in this thesis, weka[15]was used. Weka is a collection of machine learning algorithms

for data mining tasks. The algorithms can either be applied directly to a dataset or called
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Figure 4.1 A Comparison of Filters and Wrappers

from your own Java code. Weka contains tools for data pre-processing, classification, regres-

sion, clustering, association rules, and visualization. It is also well-suited for developing

new machine learning schemes. It is open source software issued under the GNU General

Public License.

The WrapperSubsetEval[16] class in Weka was used for the purpose of Attribute Selection.

It evaluates attribute sets by using a learning scheme. Cross validation is used to estimate

the accuracy of the learning scheme for a set of attributes. The Wrapper class allows two

different modes for attribute selection- the cross validation mode and full traiing set mode.

In CV mode a single cross-validation is done (default 10 folds) and the evaluation module

records in how many folds each of the attributes appeared in the best subset found. This

gives some indication as to how stable the attribute selection process is when there are
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small changes in the training data distribution. Using the full training set for attribute

selection means that the algorithm is just run once on all the data.

Weka‘s WrapperSubsetEval implements the method described by Kohavi in his papers

on wrapper feature selection. That is, it performs repeated 5-fold cross-validation internally

on the training data in order to evaluate the ‘merit‘ of a given subset of features. Note

that this cross-validation process is completely separate from the outer cross-validation

performed by the attribute selection CV mode described above.

Control Metric as the name suggests includes all the control features such as issue

type, issue priority, user, Assignee, Comments, stateChanges and Developers. Affective

Metric 1 includes the control metrics and the features obtained after extracting the degree

of politeness from issue title, issue body, first comment in each issue, last comment in each

issue and average politeness from all comments of each issue. These have been labelled

issueTitle, issueBody, fCommentPolite, lCommentPolite and aCommentPolite. Similarly

Affective Metric 2 and 3 are features obtained from the Sentiment and Emotion model as

explained previously.

Table 4.1 and 4.2 show a list of features that were removed using the WrapperSubsetEval

process. Each row in the two tables represent each of the six datasets. The columns indi-

cate each of the four data metrics. The values show the list of features that were deemed

unimportant for the machine learning classifier.

In most cases the type of issue and the priority of the issue was rejected. Except in the

case of vue, most of the Sentiment features were dropped after attribute selection. Also,

except in the case of vue, the politeness features were not abandoned. The features from

the Emotion classifier were generally included except average emotion from all comments
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of an issue and issue body. From the control metrics, features such as user, comments

and assignee were regarded important. From the affective metrics, politeness from issue

body, emotion from issue body and from all of the issue’s comments and average of the

sentiments from issue comments were regarded important.

After feature selection is performed, the selected attributes were then run again on a

classifier to compare its results with the previous ones.
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Table 4.1 Features removed after Attribute Selection Pt 1

Dataset Control Metric Affective Metric 1 Affective Metric 2 Affective Metric 3

scikit

IssueType,
IssuePriority,
StateChanges,
Developers

IssueType,
IssuePriority,
StateChanges,
Developers,
fCommentPolite,
aCommentPolite

IssueType,
User,
StateChanges,
Developers,
fCommentPolite,
aCommentsPolite,
titleSenti,
bodySenti,
fCommentSenti,
aCommentsSenti

User,
Asignee, Comments,
Developers,
fCommentPolite,
lCommentPolite,
titlePolite,
bodySenti,
lCommentSenti,
BodyEmotion,
fCommentEmotion,
lCommentEmotion

vue

IssueType,
IssuePriority,
StateChanges,
Developers

IssueType,
IssuePriority,
StateChanges,
Developers,
bodyPolite,
fCommentPolite,
lCommentPolite,
aCommentsPolite

IssueType,
IssuePriority,
StateChanges,
Developers,
bodyPolite,
fCommentPolite,
lCommentPolite,
aCommentsPolite

IssueType,
IssuePriority,
StateChanges,
bodyPolite,
aCommentsPolite,
titleSenti,
fCommentSenti,
aCommentsSenti,
titleEmotion,
aCommentsEmotion

titan
IssueType,
issuePriority

IssueType,
issuePriority,
bodyPolite

issueType,
issuePriority,
bodyPolite,
lCommentPolite,
bodySenti,
titleSenti,
fCommentSenti,
aCommentSenti

IssueType,
IssuePriority,
StateChanges,
User,
bodyPolite,
aCommentsPolite,
bodySenti,
fCommentSenti,
lCommentSenti,
aCommentsSenti,
bodyEmotion,
titleEmotion
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Table 4.2 Features removed after Attribute Selection Pt 2

Dataset Control Metric Affective Metric 1 Affective Metric 2 Affective Metric 3

tensor
issueType,
issuePriority

issueType,
issuePriority,
titlePolite,
aCommentsPolite

issueType,
issuePriority,
titlePolite,
aCommentsPolite,
titleSenti,
fCommentSenti,
lCommentSenti,
aCommentsSenti

issueType,
issuePriority,
User,
aCommentsPolite,
bodySenti,
titleSenti,
lCommentSenti,
aCommentsSenti,
bodyEmotion,
titleEmotion

swift
issueType,
issuePriority,
User

issueType,
issuePriority,
User,
titlePolite,
lCommentPolite,
allCommentsPolite

issueType,
issuePriority,
User,
titlePolite,
lCommentPolite,
aCommentsPolite,
bodySenti,
titleSenti,
fCommentSenti,
lCommentSenti,
aCommentsSenti

issueType,
issuePriority,
User,
titlePolite,
lCommentPolite,
aCommentsPolite,
titleSenti,
fCommentSenti,
lCommentSenti,
aCommentsSenti,
bodyEmotion

storm

issueType,
issuePriority,
Assignee,
Developers

issueType,
issuePriority,
Assignee,
Comments,
Developers,
titlePolite

issueType,
issuePriority,
User,
StateChanges,
titlePolite,
lCommentPolite,
aCommentsPolite,
bodySenti,
titleSenti,
fCommentSenti,
lCommentSenti,
aCommentsSenti

issueType,
issuePriority,
titlePolite,
fCommentPolite,
lCommentPolite,
bodySenti,
titleSenti,
fCommentSenti,
lCommentSenti,
aCommentsSenti,
bodyEmotion,
titleEmotion,
aCommentsEmotion
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CHAPTER

5

RESULTS

This chapter presents the numeric results for when different attribute sets were used to

predict for issue close time. Chapter 6 performs a statistical analysis on this data.

At this point for each of the six datasets, eight different data metrics were generated-

four before feature selection and four more after. A control metric, three different affective

metrics (for politeness, sentiment and for emotions) and four metrics after performing

WrapperSubsetEval[16] on each of these data metrics.

Three classifiers were used to experiment with the data. Naive Bayes, J48 and Random
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Forest. Naive Bayes is a simple technique for constructing classifiers: models that assign

class labels to problem instances, represented as vectors of feature values, where the class

labels are drawn from some finite set. Naive bayes is a classification technique based on

Bayes’ Theorem with an assumption of independence among predictors. In simple terms, a

Naive Bayes classifier assumes that the presence of a particular feature in a class is unrelated

to the presence of any other feature. Naive Bayes classifiers are highly scalable, requiring a

number of parameters linear in the number of variables (features/predictors) in a learning

problem.

J48 is a decision tree algorithm developed by the WEKA project team. Applying a de-

cision tree like J48 on a dataset would predict the target variable of a new dataset record.

A decision tree is a predictive machine-learning model that decides the target value (de-

pendent variable) of a new sample based on various attribute values of the available data.

In order to classify a new item, the J48 algorithm first creates a decision tree based on

the attribute values of the available training data. Whenever it encounters a set of items

(training set) it identifies the attribute that discriminates the various instances most clearly

i.e. the one with the largest information gain. We continue in this manner until we either

get a clear decision of what combination of attributes gives us a particular target value, or

we run out of attributes. In the event that we run out of attributes, or if we cannot get an

unambiguous result from the available information, we assign this branch a target value

that the majority of the items under this branch possess. Now that we have the decision

tree, we follow the order of attribute selection as we have obtained for the tree. By checking

all the respective attributes and their values with those seen in the decision tree model, we

can assign or predict the target value of this new instance. Random forests are an ensemble
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Table 5.1 Confusion Matrix

Predicted

Positive Negative

Actual Positive True Positive False Negative
Negative False Positive True Negative

machine learning method for classification and regression. They construct a number of

decision trees during training and for each data object they output the class that is the mode

of the classes (classification) or mean prediction (regression) of the individual decision

trees. Random forests correct for decision trees’ habit of overfitting their training set.

In our work, we ran all 8 datasets in each of the three learners and observed the results.

Specifically, the results from its confusion matrix were noted and precision, recall and false

positive values were calculated. A confusion matrix is a table that is often used to describe

the performance of a classification model (or "classifier") on a set of test data for which the

true values are known. Table 5.1 shows a confusion matrix. The formulae for calculating

Precision, Recall and False Alarm are as follows:

Precision=
True Positive

True Positive+False Positive
(5.1)

Recall =
True Positive

True Positive+False Negative
(5.2)

False Alarm=
False Positive

False Positive+True Negative
(5.3)

Table 5.2 through Table 5.7 show the results of the classifier from each of the six datasets
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- scikit, vue, titan, tensor, swift and storm. Each table shows the precision and recall values

obtained when the four data metrics were passed through the three classifiers- J48, Naive

Bayes and Random Forest.

In most cases random forests performed marginally better than J48 and Naive Bayes

classifiers. This is especially evident in the case of Control metrics in the storm data set

where there is a stark improvement in statistics. In almost all other cases however, there

is a marginal increase and a rare marginal decrease in precision and recall values. Naive

Bayes is seen to perform better in recognising the issues of shorter duration as seen from

the recall values. The only exception is the storm dataset where the results are variable.

Feature Selection Data Metrics has produced results more or less similar to the ones

where Affective Metrics were appended to the Control metric. For example in the scikit data

set, the values of precision and recall for the Short and Long issue duration after applying

all three affective metrics (politeness, sentiment and emotion) are 66.8 and 85.6 (for short)

and 76.5 and 52.4 (for long). Whereas the same values after just applying a feature selection

on the control metrics is 68.8 and 85.6 (for short) and 67.5 and 52.4 (for long). In the case of

vue, Feature Selection has not performed as well as than Affective Metrics. In all other data

sets both improvements and deterioration in the precision and recall values are observed.

So in conclusion, although there is a possibility, it cannot be clearly said if feature

selection is indeed playing an important role in predicting the duration of an issue. To

substantiate these results and to read further into the values, we perform some statistical

analysis of the numbers. The details have been provided in the next section.
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Table 5.2 Classification of scikit Data set

Before Feature Selection

J48 Naive bayes Random Forest

Prec. Recall Prec. Recall Prec. Recall

Control Metrics S 71.8 68.3 62.2 91 66.6 73.3
L 66.4 70 79.1 38.2 63.3 58.9

Affective Metrics 1 S 67.7 83.6 63.3 89.8 67.8 74.1
L 75.1 55.4 78.6 41.8 67.6 60.6

Affective Metrics 2 S 67.1 85.1 63.1 90 69.1 74.6
L 76.2 53.2 78.6 41.3 68.8 62.7

Affective Metrics 3 S 66.8 85.6 62.8 89.5 69 72.5
L 76.5 52.4 77.5 40.6 67.4 63.5

After Feature Selection

Control Metrics S 71.8 70.2 61 93.3 66.4 75.6
L 67.5 69.2 81.7 33.4 67.7 57.2

Affective Metrics 1 S 69.3 80.4 61.1 93.8 67.8 77.2
L 73.3 60.2 82.7 33.3 69.8 58.9

Affective Metrics 2 S 67.9 82.2 68.4 81.5 67.6 74.4
L 74 56.6 73.6 57.8 67.7 60.1

Affective Metrics 3 S 68.5 76.6 67.5 78.3 68 69.1
L 69.9 60.7 70.5 57.9 64.8 63.6
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Table 5.3 Classification of vue Data set

Before Feature Selection

J48 Naive bayes Random Forest

Prec. Recall Prec. Recall Prec. Recall

Control Metrics S 82.3 99.9 84.2 95.1 85.2 93.1
L 25 0.2 42.8 16.9 43.7 24.9

Affective Metrics 1 S 82.3 100 84.5 94.6 84.9 95.4
L 100 0.2 43.6 19.5 50 21.4

Affective Metrics 2 S 82.5 99.8 84.5 94.7 84.7 95.9
L 63.6 1.5 44 19.2 50.3 19.5

Affective Metrics 3 S 61.6 99.4 66.6 93.3 70.6 83.6
L 80 3.8 72.5 27.2 64.3 46

After Feature Selection

Control Metrics S 82.3 100 83.1 98.5 84.9 92.3
L 0 0 50.8 7 39.9 23.7

Affective Metrics 1 S 82.9 99 83.1 98.5 83.4 97.7
L 53.1 5.5 49.3 7 48.5 9.9

Affective Metrics 2 S 82.8 98.7 83.2 98.6 83.4 96.3
L 44 4.7 53.1 7.2 39.1 11

Affective Metrics 3 S 66.4 84.9 70.1 87.7 70.1 82.1
L 58.8 33.4 68.8 42 62.2 45.6
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Table 5.4 Classification of titan Data set

Before Feature Selection

J48 Naive bayes Random Forest

Prec. Recall Prec. Recall Prec. Recall

Control Metrics S 77.3 96.5 79.1 91.5 80.2 87.5
L 86.8 44.9 76.1 52.9 70.3 57.8

Affective Metrics 1 S 77.3 96.5 79.3 90.9 79.9 89
L 86.8 44.9 75.1 53.7 72.5 56.5

Affective Metrics 2 S 77.3 96.5 79 90.6 80.2 89.7
L 86.8 44.7 74.4 53.1 73.9 56.9

Affective Metrics 3 S 62.1 73.5 58.3 90.1 59.5 61.5
L 72.7 61.1 83.7 44.1 65.6 63.7

After Feature Selection

Control Metrics S 77.4 96.6 79.2 94.1 78.7 86.8
L 87.1 45.1 81.8 51.9 67.7 54.1

Affective Metrics 1 S 77.4 96.6 79.1 93.6 78.2 93.2
L 87.1 45.1 80.6 51.8 78.8 49.5

Affective Metrics 2 S 78.1 94.9 79.2 94 80.2 89.7
L 82.8 48 81.6 51.8 73.9 56.9

Affective Metrics 3 S 61.4 74.4 61 80.2 59.6 76.8
L 72.9 59.6 76.4 55.6 73.2 54.8
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Table 5.5 Classification of tensor Data set

Before Feature Selection

J48 Naive bayes Random Forest

Prec. Recall Prec. Recall Prec. Recall

Control Metrics S 67.1 97.7 73.2 92.1 72.2 86.4
L 60 6.7 68.9 34.3 56.9 35.1

Affective Metrics 1 S 75.1 80.7 74.2 90.9 73.2 87.8
L 55.9 47.8 68.2 38.2 61 37.2

Affective Metrics 2 S 75.8 78.6 74.4 90.6 73.6 88.6
L 55 51.1 68.1 39.2 63.1 38.1

Affective Metrics 3 S 70 79.9 67.4 89.7 71 80.6
L 68.1 55.6 76.6 43.7 69.5 57.3

After Feature Selection

Control Metrics S 76.3 88.7 75.2 89.2 69.9 85.5
L 67.6 46.1 66.9 42.6 49.8 28.1

Affective Metrics 1 S 76.3 88.1 74.2 90.9 73.2 87.8
L 66.7 46.6 68.2 38.2 61 37.2

Affective Metrics 2 S 76.6 88.8 76.8 88.1 77.6 81.5
L 68.3 47.2 67.3 48 59.9 54

Affective Metrics 3 S 74.3 77.9 70.9 86.3 72.1 79.4
L 69.4 65.1 75.2 54 69.2 60.2
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Table 5.6 Classification of swift Data set

Before Feature Selection

J48 Naive bayes Random Forest

Prec. Recall Prec. Recall Prec. Recall

Control Metrics S 88.9 99.1 91.9 93.9 90 94.2
L 73.2 15.9 51.6 43.9 42.1 28.8

Affective Metrics 1 S 87.1 97.7 90.4 92.1 88.1 95.3
L 66.3 23.7 53.9 48.5 56.7 32.4

Affective Metrics 2 S 75.8 78.6 74.4 90.6 73.6 88.6
L 55 51.1 68.1 39.2 63.1 38.1

Affective Metrics 3 S 71.2 82.5 69.9 85.7 72.7 76.3
L 70.6 55.7 72.9 51.1 66.4 61.9

After Feature Selection

Control Metrics S 89.8 98.1 90.5 98.2 90.9 97.8
L 65.2 23.8 70.9 29.6 68.9 33.3

Affective Metrics 1 S 87.6 98.1 89.7 95.2 88 94.2
L 73.6 27.1 62.9 42.4 51.9 32.6

Affective Metrics 2 S 76.6 88.8 76.8 88.1 77.6 81.5
L 68.3 47.2 67.3 48 59.9 54

Affective Metrics 3 S 72.2 81.9 69.9 87.6 70.47 80.4
L 70.9 58.2 75.4 50.1 68.1 55.4
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Table 5.7 Classification of storm Data set

Before Feature Selection

J48 Naive bayes Random Forest

Prec. Recall Prec. Recall Prec. Recall

Control Metrics S 0 0 42.7 88.5 90.8 86.3
L 66.3 100 87.2 39.8 93.2 95.6

Affective Metrics 1 S 0 0 44.3 84.8 96.8 93.3
L 63.3 100 85.6 46 96.6 98.5

Affective Metrics 2 S 0 0 45 85 98.2 98.7
L 66.3 100 86.2 47.4 98.7 99.1

Affective Metrics 3 S 64.8 64.4 60.2 84 64.6 70.7
L 61.3 61.7 69.3 39.4 64.3 57.6

After Feature Selection

Control Metrics S 75.8 10.9 77.6 24.1 75.8 10.9
L 68.5 98.2 71.5 96.5 68.5 98.2

Affective Metrics 1 S 75.8 10.9 65.2 38.7 66.4 18
L 68.5 98.2 74.2 89.5 69.6 95.4

Affective Metrics 2 S 70.5 17.2 65.5 42.2 69.3 20.7
L 69.6 96.4 75.2 88.8 70.3 95.4

Affective Metrics 3 S 60.3 72 63 75.2 64.5 69.6
L 61.1 48.1 65.6 51.6 63.7 58.2
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CHAPTER

6

EVALUATION

In this chapter, we talk about how we applied a statistical analysis to the results of Chapter

5 to determine which attribute sets were most useful for predicting for issue close time.

The thesis involves six dataset- scikit, vue, titan, tensor, swift and storm. Different data

metrics were produced from each of the data sets- control metrics and three affective

metrics- for politeness, sentiment and emotion.

Each of the four data metrics was passed through a WrapperSubsetEval and a 10 fold

cross validation technique from Weka to select only those features which contributed to
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more than 50 percent of the folds. This feature selected subset of the original data metrics

now doubled the number of data metrics to eight. All of these were then run through three

classifiers- J48, Naive Bayes and Random Forests. It was observed that there was hardly

any difference between the values of precision and recall observed from Feature Selection

metrics as compared to the Affective Metrics. To further analyse this, a statistics approach

was considered.

Weka permits an Experimenter option that allows us to record a number of statistical

data from each fold of cross validation. In this manner, the recall, precision and false alarm

values were recorded for each of the 5 X 5 cross validation runs for the six data metrics of

each data set.

To rank these results we use the Scott-Knott Analysis recommended by Mittas and

Angelis[16]. It is a hierarchical clustering approach to rank different treatments. If two

optimizers have a distinction in the data or if it does not contain any overlap in its results,

then a statistical analysis is applied on the data to find if the two approaches are statistically

significantly different. A significance test checks that the observed effect is not due to noise,

to degree of certainty ‘c‘.

In a Scott Knott Analysis, All treatments are recursively clustered into ranks. At each

recursion, they are split at the point where the expected values of the treatments after the

split is most different to before. Before recursing downwards, Bootstrap+A12 is called to

check that that the two splits are actually different. If they are not, the code is stopped at

this point.

This method sorts a list of l treatments with ls measurements by their median score.

It then splits l into sub-lists m , n in order to maximize the expected value of differences
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in the observed performances before and after divisions. For lists l , m , n of size ls, ms, ns

where l =m ∪n , the “best” division maximizes E (∆); i.e. the difference in the expected

mean value before and after the spit:

E (∆) =
m s

l s
a b s (m .µ− l .µ)2+

n s

l s
a b s (n .µ− l .µ)2

Scott-Knott then checks if that “best” division is actually useful. To implement that

check, Scott-Knott would apply some statistical hypothesis test H to check if m , n are

significantly different. If so, Scott-Knott then recurses on each half of the “best” division.

For a more specific example, consider the results from l = 5 treatments:

rx1 = [0.34, 0.49, 0.51, 0.6]

rx2 = [0.6, 0.7, 0.8, 0.9]

rx3 = [0.15, 0.25, 0.4, 0.35]

rx4= [0.6, 0.7, 0.8, 0.9]

rx5= [0.1, 0.2, 0.3, 0.4]

After sorting and division, Scott-Knott declares:

• Ranked #1 is rx5 with median= 0.25

• Ranked #1 is rx3 with median= 0.3

• Ranked #2 is rx1 with median= 0.5

• Ranked #3 is rx2 with median= 0.75

• Ranked #3 is rx4 with median= 0.75
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Note that Scott-Knott found little difference between rx5 and rx3. Hence, they have the same

rank, even though their medians differ. Scott-Knott is better than an all-pairs hypothesis test of all

methods; e.g. six treatments can be compared (62−6)/2= 15 ways. A 95% confidence test run for

each comparison has a very low total confidence: 0.9515 = 46%. To avoid an all-pairs comparison,

Scott-Knott only calls on hypothesis tests after it has found splits that maximize the performance

differences.

For this study, our hypothesis test H was a conjunction of the A12 effect size test of and non-

parametric bootstrap sampling; i.e. our Scott-Knott divided the data if both bootstrapping and an

effect size test agreed that the division was statistically significant (99% confidence) and not a “small”

effect (A12≥ 0.6).

For a justification of the use of non-parametric bootstrapping, see Efron &Tibshirani[24]. For

a justification of the use of effect size tests see Shepperd & MacDonell[26]; Kampenes[25]; and

Kocaguneli et al.[27]. These researchers warn that even if an hypothesis test declares two populations

to be “significantly” different, then that result is misleading if the “effect size” is very small. Hence,

to assess the performance differences we first must rule out small effects. Vargha and Delaney’s

non-parametric A12 effect size test explores two lists M and N of size m and n :

A12=







∑

x∈M ,y ∈N











1 if x > y

0.5 if x == y






/(mn )

This expression computes the probability that numbers in one sample are bigger than in another.

This test was recently endorsed by Arcuri and Briand at ICSE’11[28].

The results of a Scott-Knott+Bootstrap+A12 is a very simple presentation of a very complex set

of results. A sample result is presented in Fig ?? and Fig ??. Three criteria are considered in evaluating

the results- False Alarm, Recall and Precision. The rows in a Scott-Knott table are sorted in terms of
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False Alarm

Rank Treatment Median IQR

1 Affective1FN 49.31 2.79 s
1 Affective2N 49.42 2.43 s
1 Affective2FN 49.54 3.59 s
1 Affective1N 49.65 2.67 s
1 controlN 50.69 2.43 s
1 controlFN 50.69 2.43 s
2 Affective3N 55.92 2.91 s
2 Affective3FN 55.92 2.91 s

Recall

Rank Treatment Median IQR

1 Affective3J4 64.34 4.89 s
1 Affective1J4 64.79 11.19 s
1 Affective2J4 65.03 5.85 s
2 Affective2FJ4 71.33 6.81 s
3 Affective3FJ4 76.22 25.18 s
3 Affective1FJ4 83.92 23.07 s
3 controlJ4 90.91 21.87 s
3 controlFJ4 90.91 21.87 s

Precision

Rank Treatment Median IQR

1 Affective3J4 60.7 1.36 s
1 Affective3FJ4 60.7 1.36 s
2 affective2J4 61.34 8.64 s
2 controlJ4 62.5 10.81 s
2 affective1J4 62.5 11.25 s
2 controlFJ4 62.5 10.81 s
2 affective1FJ4 63.46 6.64 s
2 affective2FJ4 63.46 6.63 s

Figure 6.1 Sample Scott Knott Results that prefer Control over Affective Metrics

its median. We are trying to see if the results support the use of Affective Metric or not.

We analyse this by looking at the position of the two Control Metrics- Control and ControlF. For

False Alarm results that support this idea, both Control Metrics must be placed at a lower median

value with a lower rank. Whereas when the idea is being disputed, both Control and ControlF are

places lower in the table with a igher median value and a higher rank.

Recall and Precision both show support to Attribute Selection when Control and ControlF are

placed lower in the table with a higher rank and a higher median value as seen in Fig 6.2. The vice

versa is presented in Fig 6.1.

The results from the classifiers are presented in the form of line diagrams like those shown on
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False Alarm

Rank Treatment Median IQR

1 Affective3FJ4 36.99 3.34 s
1 Affective2FJ4 37.17 4.07 s
2 Affective1FJ4 39.33 2.98 s
3 controlJ4 46.47 8.18 s
3 Affective1J4 46.47 8.18 s
3 Affective2J4 46.47 6.95 s
3 Affective3J4 46.47 8.18 s
3 controlFJ4 46.47 8.81 s

Recall

Rank Treatment Median IQR

1 controlJ4 1.0 0.0 s
1 controlFJ4 1.0 0.0 s
1 Affective1FJ4 1.0 97.77 s
1 Affective2FJ4 1.0 97.77 s
2 Affective1J4 80.86 86.08 s
2 Affective2J4 98.77 98.08 s
2 Affective3J4 99.08 98.38 s
2 Affective3FJ4 99.08 0.61 s

Precisiom

Rank Treatment Median IQR

1 affective1FN 61.36 0.65 s
2 controlFN 62.16 0.78 s
2 controlN 62.23 0.88 s
3 Affective3FN 62.56 1.03 s
3 affective2N 63.02 1.04 s
3 affective1N 63.15 0.93 s
4 Affective3N 63.68 0.98 s
5 affective2FN 93.19 1.5 s

Figure 6.2 Sample Scott Knott Results that prefer Affective over Control Metrics

the right-hand-side of nine tables from Fig 6.3 to Fig 6.11 where the data metrics are ranked based

on their median. The black dot shows the median values and the horizontal lines stretches from the

25th percentile to the 75th percentile (the inter-quartile range, IQR).

The first three tables are the statistical analysis and ScottKnott results from the False alarm

results of the six datasets (Two datasets per table); the next three are from the recall values and the

last three are the results obtained from the precision values. Each table comprises of results from

two datasets and three classifiers per dataset (J48, Naive Bayes and Random Forest).

The J48 classifier in the case of False Alarm values shows some variation in the median values,

whereas for the Naive Bayes and Random Forests, there is no significant difference in the results.
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There is no pattern that could be found in the ranking too. This means that either of the data metrics

could perform better than the rest. So feature Selection or the Affective Metrics may or may not be

the reason for the improvement or deterioration of the results. It cannot be said for sure.
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Figure 6.3 Scikit and Storm False Alarm Statistics. The results in red do not endorse the thesis of
this report
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Figure 6.4 Swift and Tensor False Alarm Statistics. The results in red do not endorse the thesis of
this report
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Figure 6.5 Titan and Vue False Alarm Statistics. The results in red do not endorse the thesis of this
report
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Figure 6.6 Scikit and Storm Recall Statistics. The results in red do not endorse the thesis of this
report
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Figure 6.7 Swift and Tensor Recall Statistics. The results in red do not endorse the thesis of this
report
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Figure 6.8 Titan and Vue Recall Statistics. The results in red do not endorse the thesis of this
report
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Figure 6.9 Scikit and Storm Precision Statistics. The results in red do not endorse the thesis of this
report
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Figure 6.10 Swift and Tensor Precision Statistics. The results in red do not endorse the thesis of
this report

53



Figure 6.11 Titan and Vue Precision Statistics. The results in red do not endorse the thesis of this
report
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6.1 Summary

Table 6.1 Summary Table: Performance Metrics

Support Affective Metrics Disapprove Affective Metrics
False
Alarm

11 7

Recall 7 11
Precision 9 9

This section is to summarize the results evaluated in all the previous work. As the rows in a

Scott-Knott result are sorted based on their median values, we counted the number of times Control

and ControlF were placed higher in the Scott-Knott table for false alarm count and the number of

times they were ranked lower in the table for recall and precision counts. These counts were jotted

down and have been presented in tables 6.1 and 6.2.

In Table 6.1, the counts were jotted down in terms of the performance metrics- False Alarm,

Recall or Precision. We see that false alarm supports the content analysis performed on issues

and recall does not. Precision is divided in its opinion and a clear conclusion cannot be drawn.

Overall, There is no clear inclination towards the support for the use of Affective Metrics which is

contradictory to the work done by Ortu[1].

Next, in Table 6.2 we divided the counts on the basis of datasets. We see that the datasets swift,

titan and vue show strong support to the thesis while datasets scikit, storm and tensor strongly

disagree with the thesis. It is possible that Ortu’s results was specific to datasets. If so, then there

should be a similarity between the datasets where their work would work and where it may not.
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Table 6.2 Summary Table: Dataset

Supports the thesis Disapproves the thesis
False Alarm Recall Precision Total False Alarm Recall Precision Total

scikit 0 1 1 2 3 2 2 7
storm 0 2 1 3 3 1 2 6
swift 1 2 2 5 2 1 1 4
tensor 0 2 0 2 3 1 3 7
titan 3 1 3 7 0 2 0 2
vue 3 3 2 8 0 0 1 1
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CHAPTER

7

THREATS TO VALIDITY

The threats to the validity of this thesis have been divided and summarized as per [34]. Out of the 5

kinds of Biases possible, we find that our work could be affected by the Sampling Bias or the Learner

Bias.

1. Sampling Bias: The dataset used was different. Both works eyed GitHub data from Open

Source Projects. However the difference lied in the datasets studied. Ortu et al.[1] built their

dataset collecting data from the Apache Software Foundation Issue Tracking system, Jira and

chose 14 projects with higher number of comments. In the case of this thesis, 6 datasets were

used- scikit, vue, titan, tensor, swift and storm.
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Not only were the datasets different, it was also larger in the case of [1]. The number of issues

examined in their case was about 68,000 as opposed to the work here which was around

16,700.

2. Learner Bias: The Emotion Tagger from [1]was manually built from scratch by the authors.

Whereas in the case of this thesis, an API was used. Also, the tool classified the data into five

different emotions- Anger, Joy, Fear, Sadness and Surprise. In the case of [1] the authors took

only four emotions into consideration - Joy, Love, Anger and Sadness.

This thesis confirmed the disinclination of the approach towards Feature Selection or the Affec-

tive Metrics with a statistical analysis.
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CHAPTER

8

CONCLUSION

The results from the classifiers do not clearly show any inclination in support of either of the two

concepts studied- Affective Metrics (politeness, sentiments and emotions) i.e the content analysis of

issues or Feature Selection. Different kinds of data metric were created from the six data sets available.

One was used as a control metric and three metrics were generated from applying different content

analysis tools on the data. The three tools used extracted politeness, sentiments and emotions from

the issues.

Next, feature selection was applied on each of the four data metrics to generate four more

metrics. All of these were then run through three classifiers- J48, Naive Bayes and Random Forest.
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The aim of the approach was to see how significantly (and if) the affective metrics or feature selection

contributed in predicting the duration of issues. The results from these classifiers did not conclusively

prove that so a Scott Knott Analysis was applied to see if the grouping of the data was significantly

distinct.

Both our approaches were along the same lines in terms of the tools used although there could

be some minor threats to the validity of either research works.

These results were different from the ones obtained by Ortu et al. [1]. They claimed that there

was an effect of content analysis metrics on the prediction.

From the Scott-Knott results we saw that half the datasets reacted positively, whereas half

reacted negatively to the tests. There is a high possibility of a Sampling Bias in the work. Since half

the datasets supported and half dissapproved the thesis, there is a possibility of an underlying factor

that is not best characterized by sentiment, politeness or emotion parameters.
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CHAPTER

9

FUTURE WORK

To certify that the results from Ortu[1] and from this thesis are dependent on datasets and would

vary with different types of data, then a probable future work would be to repeat the work performed

here on a larger number of datasets.

Also, we could find some similarities between the datasets where Ortu’s work is applicable and

where it is not. It may be dependent on the location of the manager, the number of people in the

team, the number of issues shared, or any other factor not yet considered.

Another possible venture is to develop text content analysis tools that work on software engineer-

ing data sets. A lot of the machine learners that perform content analysis are trained by literature
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novels/magazines and newspaper articles. They are not trained to analyze software engineering

texts. This may be a reason why these learners do not produce accurate results when used with

software engineering datasets.
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