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ABSTRACT

GitHub labels are designed for helping people to classify and recognize different
issues. When naming a label, people may use different word formats (e.g., bug,
Bug, bugs, etc.) to express the same meaning. Therefore, managing the issue labels
in GitHub becomes a challenging task. Clustering the morphological synonym labels
will make it easier for management of the issues and complete some data preprocessing
work for the automatic labeling research. String similarity calculation is the key part
of the clustering algorithm. In this project, a weighted overlap coefficient method is
proposed as a string similarity measure for clustering the labels. The most frequently
used 200 labels are selected as the experiment data for analysis. The preliminary
working results show that the new method does improve the original overlap coefficient
by producing a 4.43% higher F-Measure and 92.42% of all the experiment labels have

been correctly clustered.
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Chapter 1
Introduction

Nowadays, numerous companies and people are using GitHub! to control open source
projects. With the scale of projects getting larger and larger, managing the project
issues will become more and more difficult. In order to solve this problem, GitHub
allows users to use issue labels (e.g., “enhancement”, “bug”). By using the labels,
people can identify issues or filter out certain kind of issues quickly.

However, when users name the GitHub labels, they can choose the label words
freely. Although people want to express the same meaning, they may choose differ-
ent words to name the labels due to differences of social and culture backgrounds.
Taking “High priority” as an example, there are lots of similar labels to express
the same meaning, such as “highpriority”, “high_priority”, “high priority”, “high-
priority”, “priority:high”, “priority high” and “priority-high”. Another reason for
different word formats is that some words may be misspelled. For instance, “en-
hancement” is misspelled as “enhancment”. The different formats also come from
the letter cases (upper vs. lower), plurals, tenses and so on. The reasons above lead
to the problem that there are many labels existing in GitHub with similar meaning.

This project aims to cluster the morphological synonym GitHub labels and inves-

tigate the string similarity metrics as well as make some improvements.

1.1 GitHub and GitHub labels

GitHub is an distributed version control system. A version control system can keep

the history of a collection of files and help people work collaboratively on a project

Thttps://github.com/



because big projects cannot always be done by a single person. When people work
together, they may change the same file. The version control system? can notify
programmers about the conflict in order to control the modification of the code.
It can also store and manage the “commit history” to help people track the code.
GitHub is a platform to manage the open source software projects. The name is
GitHub because it only supports the Git format. Other than the version control
function, GitHub also provides task management and an issues tracking system?.
The issue labels? in GitHub can help people recognize the issues category, priority,
difficulty or any other information. As the number of issues increases, managing them
will become a big challenge. Labels can help classify and filter the issues to make the
management work much more efficiently. GitHub has its own issue tracking system
and label management system. As we can see from Figure 1.1 of the GitHub label
management system, there are seven pre-defined labels® (i.e., “bug”, “duplicate”,
“enhancement”, “help wanted”, “invalid”, “question”, “wontfix”). Apart from these,
users can also add, edit and delete the labels here. For example, the yellow-colored

“testlabel” is added as a demonstration.

1.2 Contribution

1. Develop an improved method to calculate string similarity

The main contribution of this project is an approach to improve the overlap
coefficient method for calculating the string similarity. Preliminary experi-
ments have shown that the improved approach performs better than the original
method.

2. Create a foundation for an automatic labeling project

Labeling all issues manually is complex and people sometimes forget to label
the issues, so there are lots of issues that have not been labeled yet in GitHub.
To try to help reduce people’s workload and label all the unlabeled issues, it
would be helpful if the issues could be automatically labeled by text mining

techniques. Automatically labeling the issues requires analyzing the feature of

Zhttps://www.atlassian.com/git /tutorials /what-is-version-control
3https://techcrunch.com/2012/07 /14 /what-exactly-is-github-anyway /
4https://guides.github.com /features /issues/
Shttps://discuss.gogs.io/t/how-to-use-predefined-label-templates /599



9 labels Sortv
© bug 2 open issues £ Edit X Delete
0 open issues # Edit X Delete

© duplicate 0 open issues # Edit X Delete
© enhancement 0 open issues # it X Delete

0 open issue: # Edit X Delete
© invalid 0 open issues £ Edit X Delete
0 open issues # Edit X Delete
& testlabel 1 open issue # Bt X Delete
2 wontfix 0 open issues & Edit X Delete

Figure 1.1: GitHub issue labels management system

the issue text and predicting the label by machine learning from existing data.
This project clusters the morphological synonym labels to complete some data

preprocessing work.

3. Support management of GitHub labels and issues

Currently, there are many different labels with the same meaning. It is hard for
people to manage the issues. In addition, it is difficult to know which kind of
issue labels are more important and are used more frequently. Clustering the
labels will make the label system easy to manage and allow users to know the

importance of each label.

1.3 Agenda

This project report has 5 chapters in total. The following is the structure of the

remaining report and a brief outline is given for each section.

Chapter 2 provides a literature review of related works from other researchers. It



includes some existing label clustering works and the approaches for string sim-

ilarity calculation.

Chapter 3 introduces our approach to cluster the labels. The improved method
to calculate the string similarity and the clustering approach will be described

here.

Chapter 4 describes the experiment set up and the way to conduct the three exper-
iments. Afterwards, it shows the experiment results and analyzes them based

on the visualization charts.

Chapter 5 explains how the experiments answer the research questions and men-

tions limitation of the new method as well as the future work.



Chapter 2

Related Work

In this chapter, the concept of folksonomies are firstly introduced, and some related
work will be described in the field of label clustering. In addition, a survey of the
synonyms clustering approach and several commonly-used string similarity metrics

will be provided.

2.1 Folksonomies

The concept of folksonomies was coined by two American information experts, T.
V. Wal and G. Smith, in 2004 [18]. A folksonomy is a system in which users apply
public tags to online items, typically to aid them in re-finding those items. With the
development of Web 2.0, folksonomies became more and more popular. The following

is a list of some popular websites that have the tag or label systems!:
e del.icio.us: social bookmarking web service
e Flickr: shared photos
e Instagram: online photo-sharing and social networking service
e WordPress: blogging tool and Content Management System

e Pinterest: photosharing and publishing website

Thttps://en.wikipedia.org/wiki/Folksonomy



Figure 2.1 and Figure 2.2 show the del.icio.us? and Flickr® tag systems. However,
there is no limitation of the words when users tag items. As a result, these folk-
sonomies system all have a huge amount of duplicating meaning tags, which make
searching and managing the resource more difficult. Grigory Begelman et al. be-
lieve that cluster tags can improve the user experience of using the tagging system
in general [2]. They collected tag data from the del.icio.use and RawSugar website.
By doing the experiments, they proved that clustering techniques can and should
be used with the tagging system to enhance the user experience and to improve the

collaborative tagging service performance [2].

del.icio.us / tag / popular | recent
your bookmarks | your network | subscriptions | links for you (25) | post logged in as wifryer | settings | logout | help
Popular tags on del.icio.us “del.icio.us ,;] ’search_\

This is a tag cloud - a list of tags where size reflects popularity.
sort: alphabetically | by size

adult advertising @jax anme apple achitectre At article audio bit200wo7 DIOG bioggng DIOGS
books business community computer cooking cool CSS  culture  database design
development diy download education enterfainment environment fashion fic finance firefox flash
food free feeware fun funny gallery game JAIMES gay gils google graphics gtd hardware
health history home howto ntmi humor ilustration images imported inspiration internet it japan
java javascript jobs forary ifehacks lINUX MAC magazine marketng media modile money movie
movies mp3 MUSIC NEWS nude online opensource osx pesonal photo photography
photos photoshop php politics porn  portfolio  productivity programming python radio rails
recipes reference research resources rss ruby rubyonrails school SCience search security seo
SeX sga shop ShOPPING siash social SOftwWare tech technology teen tiPS wa tOOIS

toread travel tutorial tuorais v ubuntu VidEO vieos Web web2.0 webdesign
webdev wiki windows wordpress work writing XXX youtube

(red tags are tags you share with everyone else)

Figure 2.1: Popular tags on del.icio.us

However, few research works are related to GitHub labels. Although J. L. C.
Izquierdo et al. made a visualization tool called ”GitHub Label Analyzer (GiLA),”
[12] this tool only aims to help people analyze and understand the GitHub label usage
situation. For instance, it can use charts to visualize the most frequently used labels

and the labels that are commonly used together as well as the user involvement and

Zhttps://gigaom.com /wp-content /uploads/sites/1/2013/09/433566428_02ch8540al o.jpg
3http:/ /www.formfollowsbehavior.com /wp-content /uploads/2007 /03 /flickr.png



Explore Flickr Through Tags

art australia vaby Deach birthday swe bw california cameraghone canada
canon cat chicago china christmas city dog england EUTOPE family flower

flowers food france friends 1. germany naloween holiday india italy japan
london me music nature new newyork night nen NYC paris park

party people portrait SANFranNCiSCoO sky SMOW spain SUMMET sunset taiwan tokyo

travel trip usa vacation water Weddmg winter

Figure 2.2: Tag system on Flickr

typical label time line [12]. Figure 2.3 shows an example of the label usage situation’
from the GiLLA website.

2.2 Synonyms clustering

Many researchers have researched clustering synonyms approaches. Aron Henriksson
et al. used distributional semantics to extract medical terms synonyms from the
corpus of clinical text [9]. His method was to combine Random Indexing [16] and
Random Permutation [24]; in 340 synonym pairs, 44% was successfully extracted [9].
Yutaka Matsuo et al. clustered words based on a word similarity measure by web
count [19]. They proposed an unsupervised algorithm; a co-occurrence matrix was
produced when they queried each pair of words. The newman clustering algorithm was
used for identifying the word cluster. They believe that this algorithm can potentially
enhance many natural language processing applications [19]. Tri Dao, et al. trained
a neural network, based on a large corpus, to try to recognize the synonyms of a word
from its word vector. Afterwards, they used the k-means algorithm to check whether
synonyms have a statistically significant word vector similarity [4]. They found that

increasing the length of word vectors negatively correlates with synonym recognition

[4].

4http:/ /som-research.github.io/gila/



The most used labels are defect, followed by feature and improvement (see size
of nodes). In addition, improvement is ofien used together with the feature,
defect, cleanup and won't fix (see thickness of edges).

discussion

cleanup

won't Tix

neads iy | 3

I
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android |
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dupljcate T

Figure 2.3: GitHub Label Analyzer: label usage situation

2.3 Similarity metrics

This project will focus on the morphological similarity of the GitHub labels. Mea-
suring the similarity of two sets is essential for clustering. Many researchers have
proposed different similarity metrics. This section will provide a summary of the
commonly-used methods for calculating the string similarity when comparing two
strings. By using the similarity metrics, the morphologically similar strings can be
clustered. In general, the similarity metrics can be divided into two partitions; one is

term-based and the other one is character-based [6].

2.3.1 Term-based similarity metrics

e Overlap coefficient



The overlap coefficient is defined as the ratio of the intersection of the two
sample sets to the minimum size of the two sets [26]. Thus, if one set is a sub
set of another, then the similarity coefficient will be 1. Assume the overlap
coefficient of sets A and B is O(A, B).

|AN B|

O(A,B) = g i 5o (2.1)

Jaccard similarity coefficient

The Jaccard similarity coefficient is defined as the ratio of the intersection of
sample sets to the union of the sets [13]. Assume there are two sets A and B.
Their Jaccard similarity coefficient J(A, B) is defined as follows:

|AN B

J(AB) = 10 (2.2)

Sorensen-Dice coefficient

The Sorensen-Dice coefficient is defined as twice the ratio of the intersection of
the two sample sets to the total numbers of the two sets [25, 5]. Assume the
Sorensen-Dice coefficient of two sets, A and B, is S(A, B).

2|AN B|

S(4.B) = (2.3)

Euclidean distance

The Euclidean distance is another vector-based similarity metric. It sums up
all the squared difference of the corresponding elements in two vectors and then
calculates the square root of this sum [3]. Assume there are two vectors, p and

q, and their Euclidean distance formula is ED(p, q).

ED(p,q) = (2.4)

Cosine similarity

The cosine similarity is a frequently-used vector based similarity measurement

approach [20]. In order to use this method, the input string should be trans-
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formed to vector space. Basically, it measures the cosine of an angle created by
two vectors [20]. Given two vectors, p and ¢, their cosine similarity C'S(p, q) is

defined as follows:

Cﬂn@—éﬁ% (2.5)

2.3.2 Character-based similarity metrics

e Levenshtein distance

The Levenshtein distance is defined as the minimum cost of the actions (e.g.,
insertions, deletions, substitutions) needed to transform one string into another
[8]. Dynamic programming is used as the approach to obtain this distance
metric. Assume there are two strings, S; and S,, the logic to calculate the
Levenshtein distance L(Sy, S2) [17] is shown as follows:
If min(i,j) =0

Lg, s,(1,7) = max(i, j) (2.6)

Otherwise,

LSLSQ(i - 1a]) +1
min{ L, 5(i,5 — 1) + 1 (2.7)
LSLSQ(i - 17] - 1) + 1(‘311‘ = S2j)

e Jaro distance

The Jaro distance was proposed by Jaro in 1989 [14] and 1995 [15]. Assume
there are two strings, S; and S5, m is the number of matching characters and

t is the number of transpositions.

Matching characters: The character in S; and the character in Sy are same
and not farther than maz(|Si|,|52])/2 — 1.

Transpositions: Half the number of characters which are match but not in

the same sequence.

The following equations define the Jaro distance of string S; and 5.

Ifm=0
J(S1,82) =0 (2.8)
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Otherwise,
1. m m m—1

J(S1,82):§(|51|+|52|+ :

) (2.9)

o Jaro-Winkler distance

The Jaro-Winkler distance is based on the Jaro distance and extends it by giving
a bonus when two words share a common prefix [27]. Assume string S, and Ss
have common prefix length, L. Winkler also defines a prefix scale here as p.
The maximum number of L and p is 4 and 0.25 respectively. Assume we have
the Jaro distance J(S1, 52) already, so their Jaro-Winkler distance JW (Sy, Ss)

is defined as follows:

JW (51, 82) = J (51, 82) + Lp(1 — J(51,52)) (2.10)

e Hamming distance

The Hamming distance can only be used for comparing the strings with exactly
the same length. It represents the number of places where the corresponding
characters are different [7]. It describes the minimum character changes in order
to transform one string into another. For instance, the hamming distance of
“bag” and “bad” is 1.

2.4 Summary

This chapter shows a literature review of related works from other researchers includ-
ing some existing label clustering works and several metrics of string similarity. Many
research works focus on the labels of social media websites (e.g., del.icio.us and Flickr).
Although the project “GitHub Label Analyzer” is close related to GitHub labels, it
was designed to help people understand the label usage situation. In terms of the
techniques been used, some existing works are more suitable for semantic synonyms.
However, this project focuses on the morphological synonyms, which requires string
similarity to be the distance measurement of clustering. Therefore, in this chapter,
some commonly used string similarity metrics are also reviewed and discussed. The

next chapter will describe an approach for clustering the morphological synonyms.
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Chapter 3
Our Approach

This chapter describes the approach used to cluster the GitHub labels. Essentially,
the labels need to be preprocessed first. After that, the English characters will be
clustered by the string similarity calculation algorithm. Figure 3.1 shows the overall
process. The first section will describe the six steps to preprocess a label. The next
section will introduce the morphological similarity coefficient and the principle to
calculate this coefficient. In addition, the method to improve the original approach

is introduced. The last section presents the approach of the clustering procedure.

3.1 Label Preprocessing

Prepossessing is an important and essential step before using the data for analysis. In
this case, the GitHub label name will go through a series of steps to be preprocessed.
After that, it will be used for calculating the string similarity. The main purpose of
this prepossessing is to get the most important part of a label, which can represent
its meaning, by removing the unrelated characters. Figure 3.2 gives a brief overview

of the prepossessing workflow.

Step 1: Filter English letters

As most of the label names of GitHub are in English, this project only focuses on
English words. Therefore, strings like other languages, numbers or marks are not
considered. In this step, all the non-English letter characters will be filtered out. For

example: “0 - Backlog” will be “Backlog”. “1” will become an empty string.
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Start

!

A new label

Label Preprocessing

Has
Characters?

Label Clustering

/ Qutput result /
< End P

Figure 3.1: Overall process

No

Step 2: Delete meaningless prefixes

It can be seen that numerous label names start with a prefix. For instance: “type:
feature”. In this case, the prefix “type” is not the key word to be considered. The
“feature” is the important word, which represents the meaning of the label. Thus, it
is necessary to delete the prefix so that it will not affect the string similarity coefficient
calculation result. Then, “type: feature” will become “feature”. Some other exam-
ples like “status:confirmed”, “info:help-needed” will be converted to “confirmed” and
“help-needed”.

Step 3: Delete unimportant words

By observing the label names, it can be found that some words are unimportant in

terms of clustering. “Priority” is one of the most important label types in GitHub
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Delete meaningless
prefixes

Delete unimportant

Filter English letters ~ —— e

—

Convertto lower case pe—— Remaove all the spaces pEe— Extract word stems

Figure 3.2: Label preprocess workflow

and it is a good example of an unimportant word. If there are two labels, “priority-
high” and “priority-low”, what we really care about is high and low. In other words,
high and low are key words to represent the labels. Thus, we can consider the word
“priority” unimportant and delete it, so that it will not affect the string similarity

calculation.

Step 4: Extract word stems

The Porter stemming algorithm! is famous and commonly used in the natural lan-
guage processing field. By using the porter stemming algorithm, the stem of a word
can be acquired by removing the suffixes [21]. Normally, the words with the same stem
have the similar meanings. Obtaining the stem can make the clustering algorithms
perform better, because we only care about the key part of the word, which is identical
and can be used to distinguish it from other words. For example, “documentation”

will become “document” after being reduced to its stem.

Step 5: Remove all the spaces

Spaces also need to be removed to guarantee the accuracy of the result. Sometimes
people may type two spaces between two words. Besides, depending on people’s
preference, some people may use “to do”, while some people prefer to use “todo”.
Deleting the spaces can help the clustering algorithm focus on the English characters

only and increase the accuracy of the clustering result.

thttps:/ /sourceforge.net/p/porterstemmer/code/HEAD /tree/trunk/Porter%20Stemmer /
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Step 6: Convert to lower case

This step will convert all letters to lower case. Obviously, there are almost no dif-
ference between upper case and lower case. Sometimes, it is just user preference.
Using only lower case letters to calculate the similarity will make the clustering result
better.

3.2 Morphological Similarity Coefficient

Comparing the similarity of two strings is easy for humans, but hard for computers.
Therefore, the Morphological Similarity Coefficient (MSC) is introduced to determine
whether two strings are morphologically similar or not. The range of MSC is [0, 1],
so the closer the MSC is to 1, the more similar these two strings will be.

This section will introduce the dynamic programming first, and then describe the
method to calculate the longest common substring. At last, the limitation of overlap
coefficient is analyzed and a new approach is developed to calculate the similarity

coefficient.

3.2.1 Dynamic Programming

Since Dynamic Programming (DP) will be used to calculate the longest common
substring in the next subsection, this subsection will give a basic introduction to it.
The basic idea of DP is to break the big problem into a sequence of small problems,
and each small problem uses the result of its previous problem to reduce the duplicate
calculation [1]. A good example of DP is to get the N** number of Fibonacci sequence

[11]. A Fibonacci sequence is defined as follows:
Fr=1,FK=1F,=F, 1+ F, 2(n>3n¢eN") (3.1)
If F5 is needed and recursion is used to solve this problem, then,
Fs = Fy+ Fy = (F3 + Iy) + I3 = ((Fy + FY) + Fy) + (F2 + F1)

As we can see that Fj is calculated by F5 and F}, but it is calculated twice. The DP

solution calculates each number only once. In order to calculate Fj, it keeps an array
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A with 5 elements, each element is the corresponding number in Fibonacci sequence.

Al0] = 1, A1) = 1,
A[2] = A[1] + A[0] = 2
A[3] = A[2] + A[1] = 3
A[4] = A[3) + A[2] = 5

Therefore, the answer of Fj is 5. By using DP, each number is calculated only
once. It reduces the time complexity dramatically especially when the number of NV

is big.

3.2.2 Longest Common Substring

The Longest Common Substring (LCS) needs to be calculated for obtaining the MSC.
The LCS is the length of the longest common string which is substring of two given

strings. For example,

("docs”,” document”) => return 3

("testing”, " test”) => return 4

Given two strings (57, 52) as the parameters, Algorithm 1 describes the principle
of obtaining the LCS [10]. The first step is to calculate a two-dimensional array that
arrayl[i][j] indicates the current longest common substring at the index i of S; and

index j of S5. There are two cases:

e Si.charAt(i—1) is equal to Sy.charAt(j — 1), then arrayl[i][j] = array[i-1][j-1] +
1.

e Sj.charAt(i — 1) is not equal to Sy.charAt(j — 1), then arrayl[i][j] = 0.

After obtaining this array, the remaining work (from line 12 to the end) is to find the

maximum value inside this array.
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Algorithm 1 Calculate the LCS of String S; and S,
Require: Sy # null && Sy # null

1: lenthl < Sy.length

2: lenth2 < Ssy.length

3: for i € {1,...,lengthl} do

4. for j €{1,...,length2} do

5: if Si.charAt(i — 1) == Sy.charAt(j — 1) then
6: arrayli|[j] < arrayli —1][j — 1] +1
7: else

8: array[i|[j] < 0

9: end if
10:  end for
11: end for
12: maz < 0
13: for i € {1,...,lengthl} do
14:  for j € {1,...,length2} do
15: if arrayli][j] > max then
16: mazx <— array|i][j]
17: end if
18:  end for
19: end for

Given calculating the LCS of “docs”, “document” as an example?. The following
table shows the result of the array. Since 3 is the maximum value, the LCS of “doc”

and “document” is 3.

d|lo|c|u|m/|e|n]|t
0/010]0[0]O0]0]O0]O0
dj/ofL 0/0]0]0|0[0]O0
o|l0|O0F210(0]0]0]0]0
c|0]O0O]O0OF3]10[0]010]0
s|0]0]0[O0O]OJO]O0O|0]O

Table 3.1: An example of longest common substring calculation

2http://algorithms.tutorialhorizon.com /dynamic-programming-longest-common-substring /
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3.2.3 Weighted Overlap Coefficient

Assume there are two strings, S; and S;. Their lengths are L; and Ls respectively.
After applying the LCS algorithm, the longest length is L;.. Firstly, the overlap
coefficient method will be used for calculating MSC.

As mentioned in Chapter 2, the overlap coefficient is defined as the ratio of the
intersection of the two sample sets to the size of the smaller set. In this case, the
L;.s will be the intersection of the two strings, and the size of the smaller set will be
the smaller string length. Assume the MSC calculated by the overlap coefficient is

MSCo. Lol
les

Mi”(|L1|>|L2|)

This approach only considers the minimum value of the two sets and drops the max-

MSCp = (3.2)

imum value. However, to some degree, the maximum value is also important. It is
obvious that the lower maximum values are better. For instance, the LCS of two

strings “test” and “highest” is 3.

‘Llcs| - |Llcs|

MSCp = — =
7 Min(|Ly|, | L))~ |Li)

=0.75

‘Llcs’ o ’Llcs‘
= ~ 0.43
Maz(|Ly|, |La])  [|L2])
Since M SCy is high, they may be considered similar words, but they are not. There-
fore, a new approach for calculating the MSC, called the weighted overlap coefficient,
is proposed here. Basically, the idea is to add a weight to both the minimum and
maximum values. Assume the weight is w for the bigger number, and 1 — w for the

smaller number. Assume the similarity coefficient of set A and B is WO(A, B).

|AN B |AN B

WOAB) =w——i—r—+ (1l —w)——F——= (3.3)
Min(|Al,|B]) Mazx(|A|,|B|)
Assume the MSC calculated by the weighted overlap coefficient is M SCy 0.
‘Llcs’ |Llcs‘
MSCwo = w— +(1—w 3.4
WO = i Laly L) " Maa((Lal, [l o

The research questions are: “Is the performance of the weighted overlap co-
efficient method better than the overlap coefficient?” And “How does

the new approach compare to other similar existing simailarity calcula-
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tion methods?” The following experiments and the discussion will answer these

questions.

3.3 Clustering approach

After calculating the MSC of the two strings, the question is how to decide whether or
not the two strings belong to one cluster. In order to make this decision, a threshold
value is introduced. When the similarity coefficient is greater than the threshold,
these two strings can be classified as one cluster. The range of the threshold value
should be the same as the range of the MSC, which is [0, 1]. It is obvious that
different threshold values will lead to different cluster quality results. The following
experiments will find the different performance results by using different thresholds.

Each label will be converted into a label model including an original name and a
processed name. The processed name is used for calculating the MSC. A center label
is the label that represents its cluster. The following steps describe the approach to

cluster label names:

1. Preprocess the label and obtain the processed label name.
2. Calculate the MSC of the label with each center label.
3. Find the maximum MSC. If there is a tie, choose the last one.

4. If this maximum MSC is greater than, or equal to, the designed threshold, the
label is clustered successfully. Otherwise, it fails and it will become a new center
label.

5. If there are unclassified labels, go to step 2.

As shown in Figure 3.3, the blue colored marks are center labels that represent
their clusters. All the grey marks are the elements in the clusters. The red dot
is the new element that needs to be clustered. The MCS of the red dot to each
blue element is calculated and the maximum one is found (in the graph, it is the
minimum distance). In this example, this value is greater than the threshold; thus,
it is categorized to the dot cluster successfully.

Figure 3.4 shows another situation in which the maximum MSC of the red pen-

tagon with other center labels is less than the threshold. Therefore, the red pentagon
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Figure 3.3: Clustering approach: MSC is greater than or equal to Threshold

does not belong to any of the existing clusters and it should be a new center label of

another cluster (marked as blue).

% ¢
X MSC < Threshold o
® []

® []

A N A []

Figure 3.4: Clustering approach: MSC is less than Threshold

3.4 Summary

This chapter presents our approach for GitHub label clustering problems. The Mor-
phological Similarity Coefficient (MSC) is significant to cluster the labels. Initially,
six steps are needed in the preprocessing phase. Subsequently, a weighted overlap
coefficient method is proposed to improve the overlap coefficient for calculating the
MSC. Finally, a label’s MSC is calculated with the center label of each cluster to
find a maximum MSC. Then, the maximum MSC is compared with a threshold value
to determine whether the label can be categorized successfully or not. Since a new

approach (i.e., weighted overlap coefficient) is proposed, the questions are: “Is the
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performance of the weighted overlap coefficient method better than the
overlap coefficient?” And “How does the new approach compare to other
similar existing similarity calculation methods?” The next chapter will de-

scribe the experiments and show the results to answer these questions.
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Chapter 4
Experiments

In this chapter, three experiments are conducted in order to evaluate the improvement
brought out by our approach. The first section will describe the experiments’ set up.
The evaluation approach of the clustering result as well as the method of conducting
these experiments will be described in section 2 and section 3 respectively. The last

section will illustrate and analyze the experiment results.

4.1 Experiments Set up

4.1.1 Data Source

This experiment uses the GHTorrent Data MySQL dump 2015-09-25'. The GHTor-
rent Data is a project that aims to create a mirror data which is scalable and queriable
based on the GitHub REST API data. The GitHub contents and their dependencies
are retrieved during each event by monitoring GitHub’s public event time line. Af-
terwards, the raw JSON responses are stored to a MongoDB database and also the

structure is extracted to a MySQL database?.

4.1.2 Label Names

The label names can be obtained in the “repo_labels” table. In order to group all
the label names and sort them in descending order by their frequency of usage, the

following SQL command is executed:

thttp://ghtorrent.org/downloads.html
Zhttp://ghtorrent.org/
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SELECT NAME AS NAME,COUNT(NAME) AS number FROM repo_labels
GROUP BY NAME ORDER BY number DESC

The sorted result of the top 200 labels is listed in Table A.1. The top 200 labels
have been used 906185 times and account for 90.62% of the total labels. “Enhance-
ment” is the most frequently used label with 178434 usages and “type-feature” ranks
200" with 78 usages. Considering the difficulty of doing the experiments, these top
200 label names are collected as the experiments’ sample data set to be classified.

The correct clusters of these 200 labels are classified manually and the following

table shows some sample label clusters:

discussion, dicsuss

Frontend, front-end

documentation, docs, doc

In progress, in-progress

medium, priority-medium, MediumPriority, Priority: Medium

Table 4.1: Sample correct label clusters

4.2 Evaluation Method

Evaluation is essential in the fields of natural language processing, data mining and
machine learning. Normally, Precision, Recall and F-Measure [22] are adopted as
the evaluation criteria. In order to understand Precision, Recall and F-Measure,
a confusion matrix [23] needs to be introduced. The following table describes the

confusion matrix:

Predicted: Yes Predicted: No
Actual: Yes | True Positive (TP) | False Negative (FN)
Actual: No | False Positive (FP) | True Negative (TN)

Table 4.2: Confusion matrix
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Precision [22] is defined as:

TP
TP+ FP (4.1)
Recall [22] is defined as:
TP (4.2)
TP+ FN '

F-Measure [22] is the harmonic mean of Precision and Recall, which is defined as:

2« Precision

4.3
Precision + Recall (4.3)

In this project, if the overall number of labels are N, there are N % (N — 1)/2 label
pairs in total. Subsequently, the label pairs can be understood as a series of decisions.
Therefore, TP TN FP FN can be defined as follows?:

e TP: Assign two similar labels to the same cluster.
e TN: Assign two dissimilar labels to different clusters.
e F'P: Assign two dissimilar labels to the same cluster.
e F'N: Assign two similar labels to different clusters.

The decision tree in Figure 4.1 can make the definitions more clear.

4.3 Experiments Description
In order to answer the research questions, three case studies are part of our evaluation.

e (Case Study 1

The purpose of this case study is to discover the performance of the overlap
coefficient method. Considering that different threshold values will lead to
different results, the threshold values from 0 to 1 (with 0.05 step increments in
between) are picked to run the clustering algorithm by overlap coefficient. The
TP, FN, FP, TN need to be recorded and the Precision, Recall and F-Measure

will be calculated. Afterwards, the result will be visualized by a line chart.

3https://nlp.stanford.edu/IR-book /html/htmledition /evaluation-of-clustering-1.html
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Two labels are
similar?

fes MNo

In same cluster? In same cluster?

Yes Mo Yes Mo

TP FN FP ™

Figure 4.1: Decision tree for result evaluation

e Case Study 2

This case study aims to compare the improved method’s performance with
the original method. Since both weight and threshold values can affect the F-
Measure result, different weight values from 0 to 0.95 (with 0.05 step increments
in between) will be picked for the experiment. For each weight value, different
threshold values will be attempted, which are exactly the same as Case Study
1. By combining the weight and the threshold value together, each of them
will yield a F-Measure value by applying the new weighted overlap coefficient
approach. All F-Measure values will be recorded and the performance will be

compared with the overlap coefficient approach.

e (Case Study 3

This case study aims to compare the performance of the weighted overlap co-
efficient with some other similar coefficient calculation algorithms. As shown
in the literature review, there are two other similar approaches to calculate the
similarity coefficient. One is the Jaccard similarity coefficient, the other one is

the Sorensen-Dice coeflicient.

Jaccard similarity coefficient and Sorensen-Dice coefficient will be used as the

comparison algorithms. The different threshold values (the same as the last
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two experiments) will also be applied to each algorithm. The TP, FN, FP, TN
will be recorded as well, and the Precision, Recall, F-Measure will be figured.
Subsequently, the performance comparison with the weighted overlap coefficient

will be visualized to a bar chart.

4.4 Result and Analysis

This section shows the experiment result of the three case studies and analyzes the

results based on the data visualization.

Case Study 1

The propose of this experiment is to obtain the performance result of the overlap
coefficient method to cluster the top 200 GitHub label names. A partial result of this
experiment is shown in Table 4.3. The whole result is displayed in Table A.2. Based
on the result, the Precision, Recall and F-Measure are visualized in Figure 4.2.

The graph (Figure 4.2) illustrates the values of Precision, Recall and F-Measure by
applying different threshold values from 0 to 1 (with 0.05 step increments in between).
According to this graph, Precision and F-Measure experience a steady growth from
0 to 0.85. After this point, they do not change any more. Comparatively, Recall
does not have obvious change from threshold 0.05 to 0.65, and after 0.75 the Recall
is stable at 0.9. The peak value for F-Measure is 0.8194 from threshold 0.85 to 1.

It can be seen that the higher threshold can lead to a better result. The reason is
that many similarity coefficient values are 1, which proves that the data preprocessing
is essential and successful. A word is reduced to its most meaningful and significant

core to calculate the similarity coefficient. We can see that values do not change from

Threshold | TP TN FP FN | Precision | Recall | F-Measure
0 103 0 19400 0 0.0053 1.0000 0.0105
0.25 77 | 17320 | 2080 26 0.0357 0.7476 0.0681
0.5 73 | 19102 298 30 0.1968 0.7087 0.3080
0.75 93 | 19351 49 10 0.6549 0.9029 0.7592
1 93 | 19369 31 10 0.7500 0.9029 0.8194

Table 4.3: Partial result of the overlap coefficient performance experiment
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Figure 4.2: The performance of overlap coefficient method

threshold 0.85 to 1. One possible reason is that there is no similarity coefficient value

in this range. This algorithm can achieve F-Measure 0.8194 as its best performance.

Case Study 2

This experiment attempts to find the best F-Measure obtainable by the new weighted
overlap coefficient approach. Since both weight values and threshold values can affect
this result, different weight values and threshold values are picked to run this string
similarity calculation algorithm. The result is displayed in Table A.3.

Based on the result, the highest F-Measure is 0.8557, which appears in nine places.
The weight and threshold values that can achieve peak performance are listed here as
the w-t pair (w, t); these nine possible w-t pairs are: (0.1, 0.7) (0.15, 0.7) (0.25, 0.75)
(0.3, 0.75) (0.4, 0.8) (0.45, 0.8) (0.55, 0.85) (0.7, 0.9) (0.85, 0.95). Since all threshold
values are greater than 0.65, a line graph with threshold value from 0.6 to 1 is drawn

in Figure 4.3.
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Figure 4.3: The F-Measure of weighted overlap coefficient method

As we can see from the chart, all of the nine different weight values can achieve
the same peak F-Measure value (0.8557) at different thresholds. One weight value
should be selected to represent the weighted overlap coefficient method for experiment
purpose. Weight 0.45 and 0.55 are close to the middle (from 0.0 - 1.0). In this
experiment, 0.55 was selected to represent the new approach. By comparing the
experiment result and the expected clustering result, 15 labels were found to be
clustered incorrectly in 198 labels (2 labels became empty strings after preprocessing),
which indicates that 92.42% ((198-15)/198) of the labels were correctly clustered. In
terms of the F-Measure value, the chart that compares the new approach to the
overlap coefficient is shown in Figure 4.4.

Figure 4.4 illustrates the F-Measure of the weighted overlap coefficient and the
overlap coefficient algorithms by applying different threshold values. By making
this comparison, it is obvious that the F-Measure of the weighted overlap coeffi-
cient outperforms the overlap coefficient method regardless of the threshold values.

Therefore, this experiment proves that the weighted overlap coefficient is better,
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Figure 4.4: Weighted overlap coefficent and overlap coefficient comparison

and in terms of the peak F-Measure value, the performance has increased 4.43%
((0.8557 — 0.8194)/0.8194).

Case Study 3

The goal of this experiment is to compare the new method with the Jaccard similarity
coefficient and the Sorensen-Dice coefficient. The result of clustering by the Jaccard
similarity coefficient and the Sorensen—Dice coefficient are recorded in Table A.4 and
Table A.5 respectively. Weight 0.55 still represents the weighted overlap coefficient
approach.

Figure 4.5 compares the F-Measure values of the three similarity coefficient calcu-
lation algorithms. The chart shows that all the methods” F-Measure values experience
a growth when the threshold value increases from 0 to 1. Although they reach their
peak at threshold 0.85, 0.65 and 0.8 respectively, their best results are exactly the
same, which is 0.8557. Additionally, it is clear from the graph that the Jaccard
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Figure 4.5: Weighted overlap coefficient, Jaccard and Sorensen-Dice comparison

similarity coefficient is the best approach due to the higher performance under each
threshold value. However, there is no significant performance difference between the
Sorensen-Dice coefficient and the weighted overlap coefficient.

In conclusion, the improved algorithm is able to perform the same as the Sorensen-
Dice coefficient algorithm, although it is still not as good as the Jaccard similarity

coefficient method.

4.5 Summary

This chapter answers the questions raised in Chapter 3 by conducting three experi-
ments. Firstly, the experiments’ set up and evaluation method are described. After-
wards, the three experiments’ approaches and results are shown. The first experiment
illustrates the performance of the overlap coefficient method, which can achieve 0.8194
as the best F-Measure value. The second one proves that 92.42% of the labels are

correctly clustered and the new approach outperforms the overlap coefficient because
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of the 4.43% increasement of the F-Measure value. The last one indicates that the
new approach can perform as well as the Sorensen-Dice coefficient, but its overall

performance is lower than the Jaccard similarity coefficient.
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Chapter 5
Discussion

This chapter will describe how the experiments answer the research questions. Limi-
tations and future works will also be mentioned.

This project improves the overlap coefficient algorithm by adding a weight. In
order to answer the research questions, the top 200 frequently used GitHub labels are
collected as the experiment data source. The correct clusters are classified manually
and different methods are used to calculate the string similarity. To evaluate the
classification result, the F-Measure, which is the harmonic mean of Precision and
Recall, is used as the evaluation benchmark.

Figure 4.4 shows that the improved algorithm outperforms the original algorithm
by increasing the F-Measure value by 4.43%. Meanwhile, 92.42% of the experiment
GitHub labels, which belong to morphological synonyms, are successfully clustered
by the new approach.

The new approach is compared with other similar methods, like the Jaccard sim-
ilarity coefficient and the Sorensen-Dice coefficient which are mentioned in Chapter
2. Figure 4.5 reveals that the performance of the new approach is similar to the
Sorensen-Dice coefficient, but lower than the Jaccard similarity coefficient in terms of
the overall performance. However, regarding the peak F-Measure, all three methods

can achieve the same value (0.8557).

5.1 Limitation and Future work

The previous results show that this algorithm can correctly classify a large propor-

tion of the GitHub labels successfully. Although this algorithm can achieve a high
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F-Measure, there are two major shortcomings of this string similarity calculation

algorithm, which cause some labels to be incorrectly clustered.

1. The weighted overlap coefficient does not work well for the short labels. For
instance, sometimes “ux” could be misclassified as the same group with “linux”.
The cause of this issue is that short labels can easily obtain high MSC values

and be classified to wrong clusters.

2. Tt cannot distinguish antonyms (e.g., confirmed, unconfirmed). This algorithm
will assume that they belong to a same cluster. However, they have completely
different meanings. The reason is that this algorithm only considers the mor-
phological similarity. Obviously, antonyms with a prefix (e.g., dis-, in-, un-) can
still achieve high MSC results.

However, the overlap coefficient, Jaccard similarity coefficient and Sorensen-Dice co-
efficient should all have the same issues described as above. The reason is because
all of them do not have special mechanisms for short labels and antonyms (adding a
prefix).

In terms of future work, we could investigate more precise methods to calculate the
string similarity metric for clustering, which can have some mechanisms to overcome
the drawbacks. One limitation for this project is the small experiment data set.
Conducting the case studies with a bigger data set (i.e., more GitHub labels) may

lead to more accurate result.
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Appendix A

Additional Information

A.1 Top 200 sorted GitHub labels

A.2 Experiment results of the three case studies



Label Name | Count| Label Name | Count| Label Name | Count
enhancement | 178434 low priority 606 support 254
bug 167991 Important 575 Content 250
question 111396 minor 536 website 249
wontfix 100787 Security 525 confirmed 248
invalid 98018 core 491 gui 248
duplicate 97158 api 456 Bugs 245
Help Wanted 86127 Defect 446 story 240
Feature 8789 Urgent 397 JavaScript 240
documentation | 2724 High 396 Won'’t Fix 233
task 2621 tests 387 Accepted 229
Feature Request | 2057 major 372 priority-high 229
todo 1957 windows 372 Done 227
0 - Backlog 1140 Low 370 priority-low 225
In Progress 1138 priority 370 P1 223
new feature 1122 Backend 364 development 219
improvement 1031 wishlist 357 optimization 217
1 - Ready 957 doc 352 blocked 213
docs 940 Blocker 350 infrastructure 211
design 898 Suggestion 348 | Medium Priority | 207
critical 859 request 344 proposal 207
high priority 806 easy 330 future 204
3 - Done 766 cleanup 326 Requirement 204
discussion 760 research 311 Admin 201
fixed 744 medium 310 backlog 200
2 - Working 742 usability 302 P2 195
testing 683 frontend 295 Linux 190
Ul 683 Android 294 ux 189
refactor 658 imported 288 unconfirmed 189
test 631 server 286 client 189
Refactoring 629 css 274 features 187
performance 628 Build 272 Database 187
ready 623 | priority-medium | 271 chore 187
idea 609 feature-request 255 Comments 184
code 181 resolved 181 maintenance 179

continue on next page
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Label Name | Count | Label Name | Count| Label Name | Count
Plugin 179 CHANGE 123 python 93
regression 174 JS 123 Can’t reproduce 93
upstream 172 type:bug 123 architecture 93
new 167 Interface 122 epic 92
meta 167 trivial 122 Patch 92
pending 167 low-priority 122 Info 91
Data 164 Not a bug 121 plugins 91
waffle:ready 163 graphics 121 RFC 89
review 162 translation 118 layout 87
Nice to have 162 HTML 117 Configuration 86
Priority: High | 158 high-priority 117 1 85
Fix 153 wiki 116 Maybe 85
release 150 Issue 115 Next 84
report 149 Error 113 quality 84
P3 149 i18n 111 worksforme 83
Feedback 149 packaging 111 other 83
mobile 147 Parser 111 watson 83
iOS 144 in-progress 109 confirmed bug 83
On hold 141 WIP 107 cli 82
priority: low 141 priority:high 105 0SX 82
web 139 Easy Pick 103 Type: Bug 82
Rejected 139 investigate 103 front-end 82
blog 137 waiting 103 functionality 82
planned 132 User Interface 102 prio:high 82
Ideas 132 Type-Task 102 Search 81
Crash 131 later 101 To-Do 81
User Story 130 deployment 100 Hard 81
low priority 130 php 100 priority:low 80
To do 129 normal 96 Priority: Medium 79
compatibility 128 | Priority-Critical 96 Tools 79
dev 128 Internal 96 Type-Other 79
discuss 127 style 95 type-feature 78

Update 125 Minor Bug 94

Table A.1: Top 200 sorted GitHub labels
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Threshold | TP TN FP FN | Precision | Recall | F-Measure

0 103 0 19400 0 0.0053 1 0.0105
0.05 76 | 15320 | 4080 27 0.0183 0.7379 0.0357
0.1 76 | 15320 | 4080 27 0.0183 0.7379 0.0357
0.15 76 | 15320 | 4080 27 0.0183 0.7379 0.0357
0.2 77 | 16419 | 2981 26 0.0252 0.7476 0.0487
0.25 77 | 17320 | 2080 26 0.0357 0.7476 0.0681
0.3 68 | 17813 | 1587 35 0.0411 0.6602 0.0774
0.35 73 | 19002 398 30 0.155 0.7087 0.2544
0.4 72 | 19019 381 31 0.1589 0.699 0.259
0.45 73 | 19102 298 30 0.1968 0.7087 0.308
0.5 73 | 19102 298 30 0.1968 0.7087 0.308
0.55 80 | 19254 146 23 0.354 0.7767 0.4863
0.6 80 | 19268 132 23 0.3774 0.7767 0.5079
0.65 80 | 19290 110 23 0.4211 0.7767 0.5461
0.7 98 | 19339 61 5 0.6164 0.9515 0.7481
0.75 93 | 19351 49 10 0.6549 0.9029 0.7592
0.8 93 | 19366 34 10 0.7323 0.9029 0.8087
0.85 93 | 19369 31 10 0.75 0.9029 0.8194
0.9 93 | 19369 31 10 0.75 0.9029 0.8194
0.95 93 | 19369 31 10 0.75 0.9029 0.8194

1 93 | 19369 31 10 0.75 0.9029 0.8194

Table A.2: Case Study 1 - Result of the overlap coefficient performance experiment
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0.8276

0.8169

0.8093

0.8276

0.8235

0.7

0.8254

0.8298

0.8557

0.8557

0.8513

0.8513

0.8384

0.8442

0.8406

0.8406

0.75

0.8298

0.8387

0.8298

0.8254

0.8254

0.8557

0.8557

0.8513

0.8426

0.8442

0.8

0.8387

0.8387

0.8342

0.8342

0.8298

0.8298

0.8254

0.8254

0.8557

0.8557

0.85

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8342

0.8298

0.8298

0.9

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.95

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

continue on next page
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T\W

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

0.0105

0.0105

0.0105

0.0105

0.0105

0.0105

0.0105

0.0105

0.0105

0.0105

0.05

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.1

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.0379

0.15

0.0382

0.0383

0.0379

0.0379

0.0378

0.0378

0.0378

0.0378

0.0378

0.0378

0.2

0.0507

0.065

0.066

0.0669

0.0655

0.0648

0.0635

0.0635

0.0635

0.0635

0.25

0.0798

0.0798

0.0667

0.0658

0.0719

0.071

0.0695

0.0695

0.0695

0.0695

0.3

0.1818

0.1818

0.1226

0.1226

0.1226

0.1177

0.1015

0.0904

0.0831

0.0831

0.35

0.2535

0.2535

0.2516

0.2516

0.2485

0.2485

0.2478

0.2478

0.2478

0.2478

0.4

0.3228

0.2994

0.2898

0.2817

0.2817

0.2817

0.2817

0.2817

0.2817

0.2817

0.45

0.4276

0.4276

0.4176

0.4167

0.3517

0.3381

0.328

0.3184

0.3184

0.3184

0.5

0.537

0.5355

0.4587

0.4587

0.4587

0.4562

0.4562

0.4562

0.4562

0.4562

0.55

0.7153

0.6735

0.6735

0.6164

0.5337

0.535

0.531

0.521

0.5179

0.5179

0.6

0.7717

0.7538

0.7101

0.7101

0.7101

0.7076

0.6469

0.5819

0.5819

0.5819

0.65

0.8033

0.7967

0.7935

0.7935

0.7686

0.7452

0.7452

0.7341

0.7127

0.6512

0.7

0.8161

0.8052

0.8017

0.8017

0.7983

0.7983

0.7949

0.7747

0.7568

0.7481

0.75

0.8488

0.8447

0.8267

0.8052

0.8017

0.8017

0.8017

0.8017

0.8017

0.8017

0.8

0.8513

0.8442

0.8488

0.8447

0.8122

0.8087

0.8087

0.8017

0.8017

0.8017

0.85

0.8254

0.8557

0.8513

0.8384

0.8488

0.8235

0.8087

0.8087

0.8087

0.8087

0.9

0.8387

0.8342

0.8298

0.8254

0.8557

0.8513

0.8488

0.8122

0.8087

0.8087

0.95

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8298

0.8557

0.8488

0.8087

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

0.8387

Table A.3: Case Study 2: Selection of the best weight and threshold pair
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Threshold | TP TN FP FN | Precision | Recall | F-Measure

0 103 0 19400 0 0.0053 1 0.0105
0.05 75 | 15570 | 3830 28 0.0192 0.7282 0.0374
0.1 74 | 17144 | 2256 29 0.0318 0.7184 0.0608
0.15 80 | 18248 | 1152 23 0.0649 0.7767 0.1199
0.2 85 | 18827 | 573 18 0.1292 0.8252 0.2234
0.25 80 | 19097 | 303 23 0.2089 0.7767 0.3292
0.3 95 | 19238 162 8 0.3696 0.9223 0.5278
0.35 95 | 19314 86 8 0.5249 0.9223 0.669
0.4 95 | 19335 65 8 0.5938 0.9223 0.7224
0.45 87 | 19375 25 16 0.7768 0.8447 0.8093
0.5 87 | 19375 25 16 0.7768 0.8447 0.8093
0.55 84 | 19386 14 19 0.8571 0.8155 0.8358
0.6 83 | 19391 9 20 0.9022 0.8058 0.8513
0.65 83 | 19392 8 20 0.9121 0.8058 0.8557
0.7 78 | 19392 8 25 0.907 0.7573 0.8254
0.75 78 | 19393 7 25 0.9176 0.7573 0.8298
0.8 78 | 19395 5 25 0.9398 0.7573 0.8387
0.85 78 | 19395 5 25 0.9398 0.7573 0.8387
0.9 78 | 19395 5 25 0.9398 0.7573 0.8387
0.95 78 | 19395 5 25 0.9398 0.7573 0.8387

1 78 | 19395 5 25 0.9398 0.7573 0.8387

Table A.4: Case Study 3 - Result of the Jaccard coefficient performance experiment
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Threshold | TP TN FP FN | Precision | Recall | F-Measure

0 103 0 19400 0 0.0053 1 0.0105
0.05 75 | 15570 | 3830 28 0.0192 0.7282 0.0374
0.1 75 | 15570 | 3830 28 0.0192 0.7282 0.0374
0.15 79 | 16130 | 3270 24 0.0236 0.767 0.0458
0.2 74 | 17218 | 2182 29 0.0328 0.7184 0.0627
0.25 80 | 17987 | 1413 23 0.0536 0.7767 0.1003
0.3 84 | 18665 735 19 0.1026 0.8155 0.1822
0.35 76 | 19036 364 27 0.1727 0.7379 0.2799
0.4 80 | 19097 | 303 23 0.2089 0.7767 0.3292
0.45 95 | 19238 162 8 0.3696 0.9223 0.5278
0.5 96 | 19251 149 7 0.3918 0.932 0.5517
0.55 95 | 19335 65 8 0.5938 0.9223 0.7224
0.6 96 | 19361 39 7 0.7111 0.932 0.8067
0.65 87 | 19375 25 16 0.7768 0.8447 0.8093
0.7 84 | 19386 14 19 0.8571 0.8155 0.8358
0.75 83 | 19391 9 20 0.9022 0.8058 0.8513
0.8 83 | 19392 8 20 0.9121 0.8058 0.8557
0.85 78 | 19393 7 25 0.9176 0.7573 0.8298
0.9 78 | 19395 5 25 0.9398 0.7573 0.8387
0.95 78 | 19395 5 25 0.9398 0.7573 0.8387

1 78 | 19395 5 25 0.9398 0.7573 0.8387

Table A.5: Case Study 3 - Result of the Sorensen-Dice coefficient performance exper-

iment
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