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A
Dataset

A.1 Past Work

Rahman et al. [12]

ˆ Apache Lucene: https://github.com/apache/lucene-solr, 31000 commits, Java

ˆ httpd: https://github.com/apache/httpd, 31000 commits, C

ˆ gimp: https://github.com/GNOME/gimp, 43000 commits, C

ˆ nautilus: https://github.com/GNOME/nautilus, 21000 commits, C

ˆ evolution: https://github.com/GNOME/evolution, 44000 commits, C

D'Ambros et al. [8]

ˆ Eclipse JDT Core: https://github.com/eclipse/eclipse.jdt.core, 24000 com-
mits, Java

ˆ Eclipse PDE UI: https://github.com/eclipse/eclipse.pde.ui, 13000 commits,
Java

ˆ Equinox Framework: https://github.com/eclipse/rt.equinox.framework, 4700
commits, Java

ˆ Mylyn: https://github.com/eclipse/mylyn, 1200 commits, Java, Shell

ˆ Apache Lucene: https://github.com/apache/lucene-solr, 31000 commits, Java

Tóth et al. [19] and later Li et al. [30]

ˆ Android-Universal-Image-Loader: https://github.com/nostra13/Android-Universal-
Image-Loader, 1000 commits, Java

ˆ BroadleafCommerce: https://github.com/BroadleafCommerce/BroadleafCommerce,
16000 commits, Java

ˆ MapDB: https://github.com/jankotek/mapdb, 2100 commits, Java

ˆ antlr4: https://github.com/antlr/antlr4, 7000 commits, Java, Python, C#,
C++, Swift
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A. Dataset

ˆ ceylon-ide-eclipse: https://github.com/eclipse/ceylon-ide-eclipse/tree/_old/master,
8000 commits, Java,old/master branch!

ˆ Elasticsearch, https://github.com/elastic/elasticsearch, 45700 commits, Java

ˆ hazelcast: https://github.com/hazelcast/hazelcast, 28000 commits, Java

ˆ junit: https://github.com/junit-team/junit5, 5600 commits, Java

ˆ mcMMO: https://github.com/mcMMO-Dev/mcMMO, 5400 commits, Java

ˆ mct: https://github.com/nasa/mct, 1000 commits, Java

ˆ neo4j: https://github.com/neo4j/neo4j, 60000 commits, Java

ˆ netty: https://github.com/search?q=netty, 9000 commits, Java

ˆ orientdb: https://github.com/orientechnologies/orientdb, 18000 commits, Java

ˆ oryx: https://github.com/OryxProject/oryx, 1100 commits, Java

ˆ titan: https://github.com/thinkaurelius/titan, 4400 commits, Java Projects
were chosen based on being big, maintained java projects.

Zou et al. [26]

ˆ Apache Commons Math: https://github.com/apache/commons-math, 6400
commits, Java

ˆ Apache Commons Lang: https://github.com/apache/commons-lang, 5400 com-
mits, Java

ˆ Joda-Time: https://github.com/JodaOrg/joda-time, 2000 commits, Java

ˆ JFreeChart: https://github.com/jfree/jfreechart, 3600 commits, Java

ˆ Google Closure compuler: https://github.com/google/closure-compiler/, 14400
commits, Java

A.2 Drawing Process

These projects were drawn from the top 1000 GitHub projects, ranked by stars.
Only projects with over 3000 commits containing source code were chosen. The
numbers starting each entry are the random numbers that pointed to the projects
in the top 1000 list at the time of building the dataset.

� 14: https://github.com/justjavac/free-programming-books-zh_CN, not code

� 83: https://github.com/GoogleChrome/lighthouse, 3300 commits, JS

� 178: https://github.com/square/leakcanary, 800 commits, Kotlin

� 311: https://github.com/balena-io/etcher, 2100 commits, JS

� 591: https://github.com/eczarny/spectacle, 700 Commits, Objective-C
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� 626: https://github.com/prisma/prisma, 10600 commits, Scala

� 647: https://github.com/ncw/rclone, 3100 commits, Go

� 699: https://github.com/nswbmw/N-blog, 172 commits, JS

� 731: https://github.com/Wox-launcher/Wox, 1616 commits, C#

� 765: https://github.com/typeorm/typeorm, 3800 commits, TypeScript

� 437: https://github.com/byoungd/English-level-up-tips-for-Chinese, not code

� 11: https://github.com/airbnb/javascript, 1700 commits, JS

� 857: https://github.com/facebook/yoga, 1700 commits, C++, JS, Java, C#

� 327: https://github.com/jiahaog/native�er, 780 commits, JS

� 460: https://github.com/guzzle/guzzle, 3200 commits, PHP

� 703: https://github.com/shuzheng/zheng, 1200 commits, Java

� 510: https://github.com/feathericons/feather, 600 commits, JS

� 51: https://github.com/hakimel/reveal.js, 2341 commits, JS

� 451: https://github.com/Solido/awesome-�utter, 1000 commits, Dart

� 606: https://github.com/JacksonTian/fks, 200 commits, JS

� 597: https://github.com/enyo/dropzone, 800 commits, JS

� 67: https://github.com/moment/moment, 3700 commits, JS

� 463: https://github.com/vim/vim, 9700 commits, Vim Script, C

� 458: https://github.com/angular/material, 4700 commits, JS

� 353: https://github.com/Automattic/mongoose, 10600 commits, JS

� 560: https://github.com/FFmpeg/FFmpeg, 93600 commits, C

� 535: https://github.com/jdg/MBProgressHUD, 600 commits, Objective C

� 887: https://github.com/winterbe/java8-tutorial, 150 commits, Java

� 29: https://github.com/axios/axios, 800 commits, JS

� 163: https://github.com/discourse/discourse, 32600 commits, Ruby

Table A.1 shows all the projects from GitHub, past research and the authors choice
together with an index. This was then used to draw the �nal projects for this thesis.
Table A.2 shows the drawing process with the projects that were drawn and in case
of a rejection, the reason why we did not include the project.
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Table A.1: Project List with Indices

Index Project Name Index Project Name
1 Android-Universal-Image-Loader 39 moment
2 angular 40 Money Manager Ex
3 antlr4 41 MongoDB
4 Apache Lucene 42 Mongoose
5 Atom 43 mpv media player
6 bootstrap 44 Mylyn
7 BroadleafCommerce 45 MySQL
8 ceylon-ide-eclipse 46 nautilus
9 Discourse 47 neo4j
10 Django 48 netty
11 Eclipse Che 49 OpenBSD
12 Eclipse JDT Core 50 opencart
13 Eclipse PDE UI 51 OpenJDK
14 Elasticsearch 52 orientdb
15 Emacs 53 oryx
16 Equinox Framework 54 PostgreSQL
17 evolution 55 prestashop
18 FFmpeg 56 Prisma
19 Flask 57 Python
20 FreeBSD 58 Pytorch
21 gimp 59 Rails
22 GnuCash 60 Rclone
23 Go 61 react
24 guzzle 62 Redis
25 hazelcast 63 Ruby
26 httpd 64 Rust
27 junit 65 scikit-learn
28 Keras 66 Swift
29 KMyMoney 67 Tensor�ow
30 kodi 68 Theano
31 lighthouse 69 titan
32 Linux 70 typeorm
33 Magento2 71 Typescript
34 MapDB 72 vim
35 MariaDB 73 vlc
36 mcMMO 74 VSCode
37 mct 75 Vue
38 media player classic home cinema 76 WooCommerce

77 zencart
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Table A.2: Project Drawing

Index Project Usable
9 Discourse yes
40 Money Manager Ex No �x indicator
23 Go No �x indicator
55 PrestaShop yes
65 scikit-learn yes
7 BroadleafCommerce yes
48 netty No �x indicator
8 Ceylon IDE yes
76 WooCommerce yes
60 rclone No �x indicator
18 �mpeg yes
59 Rails yes
4 Apache Lucene-Solr yes
35 MariaDB yes
45 MySQL yes
72 vim No �x indicator
38 media player classic home cinemayes
27 junit yes
16 Equinox Framework yes
6 bootstrap yes
57 Python yes

manual Commons-math yes
manual Closure compiler yes
manual Jfreechart yes
manual coala yes
manual evolution yes
manual httpd yes
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B
Projpred Results

This chapter holds the projpred results for the last 5 tested cases. The �rst case is
shown in �gure B.1.

Figure B.1: varsel_plot and mcmc_areas plot for AUCECEXAM prediction in
RQ1 and RQ2
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Figure B.2: varsel_plot and mcmc_areas plot for EXAM prediction in RQ4
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Figure B.3: varsel_plot and mcmc_areas plot for EXAM prediction in RQ4
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Figure B.4: varsel_plot and mcmc_areas plot for EXAM25 prediction in RQ4
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Figure B.5: varsel_plot and mcmc_areas plot for EInspect25EXAM prediction
in RQ4
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C
Models

C.1 Research Question 1

C.1.1 EXAM

C.1.2 AUCECEXAM

EXAM i � Beta(� i ; � )

logit( � i ) = � + � wWi + � lL i + 
 P roject [i ]

� � Normal(0; 0:5)

� w ; � l � Normal(0; 0:5)


 j � Normal(�
; � )

�
; � � HalfCauchy(0; 0:1)

� � Gamma(0:1; 0:1)

Model C.1: Simple model for EXAM using Weighting
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C. Models

AUCECEXAM i � Beta(� i ; � )

logit( � i ) = � + � wWi + � lL i + 
 P roject [i ]

� � Normal(0; 0:5)

� w ; � l � Normal(0; 0:5)


 j � Normal(�
; � )

�
; � � HalfCauchy(0; 0:1)

� � Gamma(0:1; 0:1)

Model C.2: Simple model for AUCECEXAM using Weighting

C.2 Research Question 2

C.2.1 EXAM

C.2.2 AUCECEXAM

EXAM i � Beta(� i ; � )

logit( � i ) = � + � tTi + � lL i + 
 P roject [i ]

� � Normal(0; 0:5)

� t ; � l � Normal(0; 0:5)


 j � Normal(�
; � )

�
; � � HalfCauchy(0; 0:1)

� � Gamma(0:1; 0:1)

Model C.3: Simple model for EXAM using Algorithm
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C. Models

AUCECEXAM i � Beta(� i ; � )

logit( � i ) = � + � tTi + � lL i + 
 P roject [i ]

� � Normal(0; 0:5)

� t ; � l � Normal(0; 0:5)


 j � Normal(�
; � )

�
; � � HalfCauchy(0; 0:1)

� � Gamma(0:1; 0:1)

Model C.4: Simple model for EXAM using Algorithm

C.3 Research Question 4

C.3.1 AUCECEXAM

EXAM i � Beta(� i ; � )

logit( � i ) = � + � aA i + � lL i + 
 P roject [i ]

� � Normal(0; 0:5)

� a; � l � Normal(0; 0:5)


 j � Normal(�
; � )

�
; � � HalfCauchy(0; 0:1)

� � Gamma(0:1; 0:1)

Model C.5: Simple model for EXAM using Algorithm
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AUCECEXAM i � Beta(� i ; � )

logit( � i ) = � + � aA i + � lL i + 
 P roject [i ]

� � Normal(0; 0:5)

� a; � l � Normal(0; 0:5)


 j � Normal(�
; � )

�
; � � HalfCauchy(0; 0:1)

� � Gamma(0:1; 0:1)

Model C.6: Simple model for EXAM using Algorithm
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D
Model Diagnostics

D.1 RQ1 Diagnostics

D.1.1 EXAM Model 1

(a) Rhat (b) n_e�

Figure D.1: Rhat and n_e� for Model C.1
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D. Model Diagnostics

(a) Acceptance (b) Divergent transitions

Figure D.2: Acceptance and divergent transitions for modelC.1

(a) Step size (b) Tree depth

Figure D.3: Step size and tree depth for modelC.1
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