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Continuously & quickly Cope with changing and

prioritize, decide what to build highly personalized needs
-~

Understand how software
is actually being used
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Continuously & quickly Cope with changing and
prioritize, decide what to build highly perspnalized needs

~~~~~~

Understand how software Understand frustrated
is actually being used users and win them back
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Hate Lotus Notes | The Global Lotus Notes Support Group dreckstool.de/hitlist ¢ | (B~ Googl Q

| + @ http://www.ihatelotusnotes.com/ ¢ | (Qr Google | & www.dreckstool.de [+T
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HITLIST HISTORY ] [ NEWS LINKS] [SHOTS] [ABOUT ] [ NOMINATE ] [&ADMIN ]

Ads le Lotus Sametime Lotus Notes Lotus Domino IBM Lotus Symphony H lthSt

Willkommen bei der basisdemokratisch ermittelten Hitliste der schlechtesten Tools.

This website is dedicated to my fellow sufferers who day in day out are forced to use Lotus Notes, causing them to struggle o Sonstige & Development & System © Enterprise & Internet & Office

with email communications, squirm at the thought of planning another day and generally fighting for their will to live.

The healing process is started by sharing your thoughts. Release your pain by

HP OpenView ServiceCenter 7828 Dreckstool !
sharing your experiences of Lotus Notes with me and the others here using the form P

Remedy Action Request System 7713 Dreckstool !
Lotus Sametime Connect 7604 Dreckstool !
Lotus SmartSuite 7603 Dreckstool !
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Tobit Software David-Server / Tobit Info-Center 1557 Dreckstool !
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Lotus Domino 1292 Dreckstool !

below. Constructive criticism is of course encouraged (maybe we can stumble over

Don't despair, don't be broken, don't hang yourself, stand up and be counted. Programmname Punkte Vote forit!
1  Lotus Notes 27364 Dreckstool !
Sponsors 2 Microsoft Project SSE:LAM Dreckstool !
3 | Update Marketing AG Marketing Manager 11362 Dreckstool !
5 July 2007 Advertise Here  Advertise Here 4 Microsoft Outiook 10879 BrEekSooIl
s £10 a week! £10 a week! 5|SAP R/3 8257 Dreckstool !
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Click for more Click for more 6 | IBM DB2 8010 Dreckstool !
information information
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Share pain, get the gear.

some good ideas that IBM actually want to adopt??), but i know some good old
fashion bitchin goes a long way to making me feel better, so feel free.Just keep it

fary
o

clean....ish. Post your error messages, stories of woe (or successes) both will provide
either hope or solace.

o
N | =

Now.....You ready?.....Vent away.

=
H W

3,748 Responses on “The Healing Process”

[y
(8]




~ A
) Apple App Store

~1.4 million
reviews

Google Play

~4.7 million
reviews

= Community
*

P Forum
P~

h ~0.3 million posts
"
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Continuously and systematically gather &
process user data to inform RE/SE decisions

—_— e~ ——
S

What user say =

User Feedback
20



A Survey of App Store Analysis
for Software Engineering

William Martin, Federica Sarro, Yue Jia, Yuanyuan Zhang and Mark Harman

Abstracl_App Store Ana|ysis studies information ahniit annlicatinne ahtainad fram ann ctarac  Ann etarac nravida awaalth Af L
information derived from users that would not existh ©  ° =
App Store Analysis combines this non-technical infol aApp Store Connect App Analytic: @ Forest Explorer

forms of software repositories. Findings from App St
develop software for app stores, and have led to tect
and testing. This survey describes and compares the
aspects, trends and directions future research shouli
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. Aop Downlcads Revero M::: DAY m:: nstall Base Open Rate Retention DY

ease oI use, varlery, and User-supImitred COntent. ' .
It is the user-submitted content that fundamentally dis- [OF APP Store Analysis research. ii) We study the growth



Lots of continuous feedback with
varying topics and quality

Feedback

“Fire the igjot who
designed this app!”

“\Worst thing | did since |
dated my ex is to use

22 reviews per app per day this app!”

E.g. in App Store users submit on average

[Pagano & Maalej RE’I3] [Finkelstein et al. 2014] [Martens & Johann SEMotion’16]... 22



Topics included Iin user feedback

Community
Recommendation, question, ref. 13%
to other apps or feedback

Requirements
Shortcoming, bug report, feature - 31%
request, improvement request
I >
D

Reviews including one or more of the topics

[Pagano & Maalej, RE‘13] 23

User Experience
Helpfulness, feature information

Topics in app reviews

Rating

Praise, dispraise, promise



Automated feedback classification

‘ Bug reports O Feature request @User experience m' irrelevant

Document classification ) Natural language processing

BoW, With/out tf-idf, Stop words, Lemmatization,
Embeddings / End-to-End \ / Bigrams. ..
Learning

Top accuracy
Review metadata 80-95% Sentiment analysis

Star rating, length, tense, time Multiple scores, e.g. with SentiStrength

[Maalej & Nabil RE‘l5] [Maalej et al. RE)*1 6] [Dhinakaran et al. RE*I8] [Stanik et al. AIRE‘19] 24



Feedback refers to multiple
features with mixed sentiments

[Guzman and Maalej, RE’ 4]



Automated extraction of features and
summarization of the sentiments

update time [N -3-9 Negative sentiment
move file _ 25 [@)] Positive sentiment
take photo | -

-4.5

delete photo

pdf view +4.0

Dropbox Features

+4.2
+3.7

view file
file name

open file +3.6

upload photo +2.8

[ |
50 100 150
Appeareance frequency

o_

[Guzman and Maalej, RE’14]
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Approach for feature extraction und

sentiment analysis

Sentiment Analysis

User reviews

Lexical sentiment analysis

(SentiStrength)

Sentiment scores
for each review

Feature-Sentiment
estimation

\

Feature Extraction

POST, removal of stopwords

and sentiment words, lemmatization
> 1

Nouns, verbs
and adjectives

l Collocation finding (NLTK),

synonyms (Wordnet)

Fine-grained
features

—

Feature-Sentiment

scores

Topic Modeling (LDA) land weighted average

[Guzman & Maalej, RE’14]

High-level features
with sentiment score

27



Evaluation of the feature extraction

App Precision Recall F-Measure
@ Angrybird 0.368 0.321 0.343
Dropbox 0.603 0.473 0.531
@ Evernote 0.451 0.389 0.418
OO Tripadvisor 0.403 0.370 0.386
m Picsart 0.815 0.661 0.730
@ Pinterest 0.658 0.592 0.623
O) Whatsapp 0.910 0.734 0.813
Average 0.601 0.506 0.549

28



Deep Learning / Clustering Approach

Text Representation | = Identifying Related

Feedback

Dim. Reduction

——
¢ UMAP

= Preprocessing

by @Company Hi | keep getting
calls from 01932 948747.

s this one of your numbers?
Hi | keep getting calls
from PHONE. Is this one

of your numbers?

é

Clustering
HDBSCAN

Embedding
SBERT

-----------------------------------------------------------------------------------------------

[Stanik, Pietz, Maalej RE'21]



Requirements Intelligence Prototype

)
= REQUIREMENTS INTELLIGENCE- DASHBOARD OpenReq &= = REQUIREMENTS INTELLIGENCE- PROBLEM REPORTS OpenReq =2

Tweet Frequency per Day and Hour

Monday n

Tuescay Mentioned Aspects Most Discussed Topics
Wednesday

Thursday send message

Friday 1|
Saturday n 2 & 3a 0 2 &
Sunday network service chat
T T T i Offerta Fatturazione Problemi Churn
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00
0 8 4
Configuration (show) [
D5 am
( show:problems ) ( show:inquries ) (show:values ) -
lemi di Rete

Total Problem Reports Total Inquiries
115 136
YESTERDAY LAST WEEK LAST MONTH YESTERDAY LAST WEEK LAST MONTH search Q

—0 -~ 59 - 115 —0 ~ 76 ~ 136

115 56 0 136 60 0
Label required
THIS WEEK THIS WEEK

NETWORK OFFER g i t h u b CO m a Brugnatofaspecia. Grazie 7 %
[ ]

nessuno puo contattarmi e viceversa. Zona Casalecchio
’ROBLEM RE NQUIR

200 45 Z
18.11.2019 @VodafonelT Non riesco ad accedere all'area "Fai da te", ci sono problemi?
Number of Tweets per Category Sentiment Trend (-5 very negative, +5 very positive)
18.11.2019 @VodafonelT sulla linea #trenitalia #roma #cassino sto provando a lavorare ma con la vostra rete colabrodo &
100 _ i impossibile: mettete a posto la rete se siete capaci invece di vantare cose che non ci sono.
c
80 :é g 17.11.2019 @Winditalia @WindTreOfficial | cannot login. Why is your service so bad? What's going on? Vv | | X
60 S 1
» 0 —— T —
40 §> ;j\ \/ Interactions: Context:
20 S 3
0 < 4 1. Click on login [button] on Home [view] - Device: Huawai P30
problem report inquiry irrelevant 5 2. Edit text [username field] on Login [view] - App Version: 1.2.13
13.11 14.11 15.11 16.11 17.11 18.11 ) A X .
3. Edit text [password field] on Login [view] - Connection: WiFi
4. Click on send [button] on Login [view] - Location: Bari
7days ¥ 7days ¥ # Ignore neutral tweets

Rows per page: 5 « 1-50f 115 < >




@ Developers “live in a parallel
universe”

& GitLab Projects v Groups v  More v v Q Search or jump to...
B Blog front-end & GitLab > Blog front-end > Jira issues
Create new issue in Jira (2
i §@ Jira Your work  Projects Filters Dashboards People Apps Q Search < o o] '
Blog Posts Management e Blog Posts Mar BPM-1 A 1 .en L ) -
B oo ject @ siog @ ‘ “ o < hes Search or filter results... Last updated 1=
Manage issues in Jira Cloud like a pro! Draft v [
B Summary
@ Attach @ linkissue = v Add Checklist ~ eee X
[ Board Aj.?g““ uld support longer titles (2
Larry Stenfer . . . . .
Issues Description [pened 2 weeks ago by Sean Smith in Jira £ Jun 4, 2020 updated just now
Write a blog post that will feature the most interesting apps for managing issues in Jira Cloud. Reporter -
&2  Reports ’ Q
Vadim Rutkevich .
g fails to load page (7
B Business projects basics
Checklist . . " m i
e Due date ened 1 week ago by Sean Smith in Jira £ Jun 6, 2020 updated just now
! Project performance =
—_— o = . None
Q  Find attachments e e . .
Ao Tobo ftem or header text here.. Priorty es are missing a back to home link (2
W Employee Ratings 1 High X X X .
i the sope that memae s i e 9 ened 2 week ago Sean Smith in Jira £ Jun 6, 2020 Backlog updated 2 days ago
Checklist
Selectthe-mostpepularappswith-powerul-capabilities Content type B
C5 Additem i I blog [ not working (£
Q) Pepmeing Find-theprosfconsof everyapp Publiation date ened 1 month ago Sean Smith in Jira & Jun 6, 2020 Backlog updated 3 weeks ago
Prepare-the-deseription-eof-each-app 2020/08/11 i
Prepare-eye-estehing sereenshots User Profile Details ds to have an update page template (2
Add the links to products @ View User Profiles ened 1 month ago Sean Smith in Jira £ Jun 6, 2020 Backlog updated 1 month ago

Review the blog post 2020-08-09

Smart Attachments

Share the blog post on LinkedIn @ Open Smart Attachments
Share the blog post on Twitter

Share the blog post on Facebook v Show 3 more fields

Send the newsletter to the blog subscribers 3 2




DeepMatcher: automatically match
issue reports with related user feedback

App
reviews/

tweets

|

Automatic
bug report
classification

A

GitHub Issues

Feedback

S o

When | type into the §_»
search box’s it type's
random words on it's
own even when |
delete the random
words it adds words in,
it's not my prediction
keyboard that's
messing up it only
happens on Firefox

Issue summary

| am able to type words
in Firefox search bar
but unable to type

anything in the

websites ﬁ‘

Text
embeddings

L

Feedback
embedding

Cosine
similarity

Issue report

embedding

v/

0.91

Relevant
match

[Haering, Stanik and Maalej ICSE'21]



Feedback
or
Issue report
summary

oS

Text embedding

.

DistilBERT . DistilBERT Contextualized
tokenizer embeddings
Token Embedding
mapping calculation
SpaCy
tokenizer POS-tagger Nouns

Text
embedding




Firefox
(Bugzilla)

VLC Media
Player (Trac)

Evaluation Results

Signal Messenger

(GitHub)

Nextcloud
(GitHub)

Hit ratio Mean average precision
(1 / 3 suggestions) (1/ 3 suggestions)
0.50/0.74 0.50/0.58
0.32/0.51 0.32/0.40
0.38/0.68 0.38/0.50
0.62/0.89 0.62/0.73
) 0.46/0.71 (/) 0.45/0.55 ”



Major findings

Y

o4l
Manual analysis )\ Bn

revealed 47 of 91 = x

Language gap leads

potentially missing issue Strength of contextual ‘ -
reports embedding similarity to fewer matches
" s *» VLC has the largest
= synchronization” = “upload language gap (lowest
@ “download” = “save” Simi|a|ri’cy)d -
* Nextcloud has the
matches,lzjesrsi;sz;teeljvtilr: consuming” = “draining" Sma”eSt |§”9U8.99 gap
bugs before the developers "update” = "version” (highest similarity)

[Haering, Stanik and Maalej ICSE'21] 37/



Detect bugs earlier

e Continuously

monitor user
feedback

e Discover and
create bug reports

Use cases

Enhance bug reports

Crowd-based severity
level of bugs

Extract context-
information from app
reviews

Find similar bugs

Find duplicated
bugs

Find recurring bugs

38



Negative feedback often lack
V 4 relevant details for developers

[Pagano & Maalej RE*|3]



Ratings distribution across the topics

topic O rating rating distribution
recommendation 4.88 [
: helpfulness 4.g5 [N
» feature info. 4.81 s
howto 480 NN
praise 4.7s (I
content request 4.25 [

0 sample rating 4.08

impr. request 3.92 _
other app 3.91 [ [T
Leqend feature request 3.89 _
B 5stors noise 3.67 | [ [
other feedback 3.67 | [
Bl 4stars question 286 | [ I
3 stars promise 227 | [ [ N
shortcoming 210 | | [ I
2 stars bug report 1.84 | [ [ N
1 stars dispraise 169 | [ | |
dissuasion 1.39 | | [ W




Best case

Tweet includes complete and correct basic context
information

m Device Model

“I can’t open playlists shared
via WhatsApp on my iPhone XR,

12 1.4, Spot/f
Ik Platf

orm
. App Version
@ System Version




Reality case

[
i il

@SpotifyCares Are you aware of an issue

with Spotify playing songs out of sync with
the tracklist when in car? A Google search
seems to suggest it's a common problem?

-

SpotifyCares & @SpotifyCares

Hey there! Could you let us know what device/OS you're using? We'll see what
we can suggest /FW

e
Android 9 - Huawei Mate 20 pro.

SpotifyCares & @SpotifyCares
Thanks! Can you try logging out > restarting your device > logging back in to

see if that helps at all? /Ql

* Missing information

— Limited time, willingness, and
ability of users

— Unstructured feedback processes

* Unreproducible issues

e Manual clarification efforts

[Martens and Maalej RE'19] 42



~40% of tweets by support teams to
clarify missing information

Y i) @& twitter.com & t N

y Startseite Uber uns Twitter durchsuchen Hast du einen Account? Anmelden ~

c 12
[ ] El] ®° 2z & twitter.com ©
, Home About Search Twitter Q Have an account? Log in+¥

Tweets Folge ich Fol

1,37 Mio.  69.000 23§

Tweets Tweets & Ant

SpotifyCares &

@SpotifyCares @ SpotifyCares & @Spotify| Tweets Following Followers Likes Foll

. . We've made a few tweaks 776K 5,681 250K 48.3K oo
OﬁlC}aI @Spotify support. For tech Need more help? Let us K

queries, let us know your

device/operating system. For payment O 623 T 20 Tweets Tweets & replies Media
queries, drop us a DM! Netflix CS &
- alzelisclzelipicely @ SpotifyCares & @Spotify @Netflixhelps Netflix CS @ @Netflixhelps - Aug 28 v
We’re heading backstage )
& community.spotify.com again soon - stay tuned! For tech issues, please include device & Replying to @PsychoGrog @MoneyGFX
Beigetreten Februar 2012 O es w1 error. For Live Chat or Voice support, We are currently |r-1vest|9at.|ng ﬂ"\IS error. Please reach out to Customer Service
contact us: help.netflix.com for further help using this link bit.ly/2sAyXNW *JENN

Want to take advantage of all

Fot d Vid .
[ Fotos und Videos SpotifyCares @ @Spotify Slneriecom O 1 1 (WIRT the new Twitter features? 4 3
We've made some chang

; It’s simple — just log in.
content vou intend to. Finl Joined February 2009 4P Netflix CS @ @Netflixhelps - Aug 24 v




. Clarify in Il. Collect data
discussions implicitly (in
with the users background)

N/

\

e

————————

AN



l. Bot-based approach to exchange
context information

p. .9 V' 4
latform | device app version and system version
P PP Y

[Martens and Maalej RE'19, Martens PhD thesis 2020]



Phase |I: Tweet classification

* Only reports which require context information to be understandable and
reproducible (e.g. bug reports or enhancement requests)




Phase 2: Context extraction

« Example: “The app widget has died and is now a. rectangular black
hole. Xperia xz3 running Android”

— Missing: App Version, System Version

Support
Account
Tweets

Context
Items
Complete?

Classify Bug _ Extract

Conversations Reporting | Context Items
Conversation




Phase 3: Context clarification

* Chatbot requests missing context items from reporting user

* Example Reply:“Hey, help’s here! Can you let us know the app version
you'’re running, as well as the system version installed?”

Request
Missing
Context Items

Y

Support
Account
Tweets

Context
Items
Complete?

Classify Bug _ Extract

Conversations Reporting | Context Items
Conversation




Phase 4: Issue creation

bug reports within issue trackers

Support
Account
Tweets

Request

Y

Classify
Conversations

Bug
Reporting
Conversation

Missing
Context Items

Extract

| Context Items

Context
Items
Complete?

[Martens and Maalej RE'19, Martens PhD thesis 2020, Wolfinger et al. RE'22]

Bug Report
(incl. Context
Items)

* Once basic context items are present, these are used to create structured

49



Continuously and systematically gather &
process user data to inform RE/SE decisions

RS

== What user do

Usage Data / Implicit Feedabck
50




Usage data is (partly) sensitive
heterogeneous and include much noise

1. at com.tfd._homepage.WordOfTheDayManager.applyCustomBlocks (WordOfTheDayManager.java)

at com.tfd. homemquhv@em@r applyCustomBlocks (WordOfTheDayManager.java) .applyHpBlockslidth (WordOfTheDayManager.java)
"Pulse sensor  giggggrc=t (MIGHGH detector ‘ '

or ,——— :

or | .

or ock (WordOfTheD )

or NordOfTheDayMana

or .getHangman (WordOfTheDayMa

.getMatchUp (WordOfTheDayManager.java)

or | OmOfThEDa)G%dOfTtha) r.java) . , . .
" nght SEI:;S?ZtChUp o P °)r:pressure Smarftp £TheDa é:)rdoﬁheérﬁegjurement

or Day!lanagcr .readDataFromiWeb (WordOfTheDayManager.java)
or ~ < = lanager.ja [Hr&{%l{&d&tha‘yﬂla&;r O)I:A‘\: mBlocks (WordOfTheDayManager. java)
or a5y Manager .applyHpBlocksWidth (WordOfTheDayManager.java)

at com.tfd.homg v s (W inager.java) .clearCache (NordOfTheDayF-ianaaer.java)
or ~epplyHpBlockslidth -lIordOfTheDay Mana .C lock 0fThe nager g
or Gyroscope .clearCacI’Br@*i:mmtyasengrjava) 'gﬁh

.configBlock (Uor =Day lanager.java) : = =20 A

RQ‘tat|0n and Spee@tDallyBlock 7 \yl'lanager.Ja‘u'a) -getHangman (Word0fTheDayManager.java)

‘ . ] o h
or ot (vorde oom temperature  App USALE Sequence ' wit
or Qmpgss Lz age'r‘.java) .getWordOfTheDay |.‘ordOfTheDayHanagcr‘.]ava)
or : heDay =L neu ral hgﬁWQh heDayManager.java)
or B (WordOTTneDayManager . j .readDataFromileb (WordOfTheDaylManager.java)
or eDay (WordOfTheDayMana les.TfdModeOnline$4.run (TfdModeOnline.java)
or e (ViordOfTheDayManager. . . . )
or omWeb (WordOfTheDayManagerimsssy UeSdEbOdl & Maale] Ublcomp 20 I 5] 5 I

—de mamie L i d e e T A2 A LN L it ITE A A YT e Sl N



Focus on user interaction context for non-

crashing bugs

Nmobile & 19:22 7% DIONmobile & 19:22

e2 -

DIONmobile = 19:22 7%
Twittern o7

DIONmobile & 19:21 »
L 4 D 1
7

1! Walid Maalej

I

2]

&

Sigmar Gabriel
L Gerade zu Ende: Sitzung d Warriors
b Parteivorstandes vor dem morgen

beginnenden Bundesparteitag. Letzte
Vorbereitungen laufen.

(49
Walid Maalej

3 > | by

wallpaper iphone Nice if hard work gets recogn;zed W
M teact mann Daniel Martens
o ph198 Ti
gohe UG Professor of Mobile Services and Software

Engineering at the University of Hamburg - photo
kdpcke-fotografie

é ' i e 3 . q
73 413

Software Engineer

24 2

Sigmar Gabriel o = »
Walid Maalej
T : Nice if hard work gets recoggfifed! #Mia
racynooc BN #teaching @unihh @ellmann
”! Is your child interested in coding? Then . P ? &, .
7 3 meyy are at risk for becoming a 2yber qwertzulopu SChrelopIne S Ominad ERgoley Bug' Tweets are

@marlohaering

criminal!!! #ReeferMadnessRedux

als|d flgih|jlkl 1|84 missing

Radware B yixiclvibinim ke

With detailed attack profiles and clear

° 1 . 123 @ ¢ Leerzeichen m,

Error/Crash
User interaction trace:

[Gomez et al. Software 7]

Bug

t

Feedback

53



Crowdsourced isolation of context
information

Report Issue 1) Validate Issue 2) Isolate Context
[ ] o (] ]
w w w | I I
App User.  App Users App User, ' ’ ’
Bug | | | Explicit Feedback IFtrue IFFaise
appeared? v X .. v | |
|
| ' : l : Isolate Execution Context
Explicit Implicit i
Feedback Feedback (IF) IF2,True IF3 Faise IFnTrue Isolate Interaction Context
l | J ]
! v v
e - >

App User1  Bug Report Validated Isolated Central App
Bug Report Bug Report Repository Developer

[Martens PhD Thesis 2020]



Isolated issue report in reviewkit

[‘e“\"" e"'a'l'-" k it

Issue #100

Can't respond to tweet.

Execution Context:

iPhone 6 (or older)
DEVICE

Interaction Context:

MainViewController
TweetViewController

Integrate

Log out

57



Bug reproduction experiments

Does isolated context information help developers understand and
reproduce non-crashing bugs?

* 14i0S developers + 2 software testers
4 open-source iOS apps: DuckDuckGo, Firefox, Wikipedia, and Wordpress

* Real bug data from app reviews, issue trackers, and fixed bugs in
unreleased commits of the apps

Developers needed 30% to 70% less time and fewer interactions to
understand and reproduce non-crashing bugs when context information is used

[Martens PhD Thesis 2020]



A granularity gap between
observable and useful context data

JO,

* Learning app features
and their usages from

. d h




A large crowdsourcing study

| was doing ... in Gmail

<]

Background interaction cad meseage
data collection read offine

respond online

Participants : 55
Duration :18 days
Countries :12

find message

O
O
O
O
m

read online B I | |
Duration — | 1 1 >
........................................................ | — D1 D7 D14 D18
9 event types like: click, : | —

scroll,
edit text, ...

--------------------------------------------------------

Criteria <

— > 90 annotations

Session labeling
[Stanik et al. RE'20]

55 GB 170 5,815

Raw Data Unique Apps App Categories Labeled Session



Data Modeling

Data transformation

* Transform interaction
events to vectors

* Respect privacy

* Keep it simple

X We excluded:

* Context data
e Artifact data

* Location

v/ We included:

* 9interaction events

* The app name

1. Extract
app sessions

2. Create ML
feature vectors

AS,

AS,

packagename Type ‘Internet event_type longitude latitude Data sent
com.facebook.orca MOBILE TRUE change content -97.54606246 35.42715311 13401779
com.lge.launcher3 WIFI TRUE change content -94.20432142 45.56927969 0
com.facebook.katana  WIFI TRUE change content -80.65248462 35.50420719 581203
com.android.chrome WIFI TRUE change content -76.30209865 36.89856881 0
com.facebook.katana  WIFI TRUE scroll view -80.65241874 35.50404454 581203
com.facebook.orca MOBILE TRUE change content -97.54606246 35.42715311 13401779
com.lge.launcher3 WIFI TRUE change content -94.20432142 45.56927969 0
com.facebook.katana  WIFI TRUE change content -80.65248462 35.50420719 581203
com.android.chrome WIFI TRUE change content -76.30209865 36.89856881 0
com.facebook.katana  WIFI TRUE scroll view -80.65241874 35.50404454 581203
= | e m——— e .
f |
E, i E i E,n !
I
1 11 k2 10 !
......... N S Y
(= | (mmmmm——— (= A
P i
E, ! E - E,n !
1
1 7 b2 10 !
......... D VR S |
r -------- - r --------- r ---------
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Data modeling — Data transformation

m Interaction Type App Feature

Click View
Click View
Facebook :
c ! Scroll View Send Message
g 0,9 Messenger .
5 S 08 Edit Text
Q 9 0,7 . .
E5 o6 Click View
T8 o5
.g £ 04
59 03
S o2
a 0,1
0
.\Q}$ ‘\"\' Q;\S 5 \Q,\‘\ (‘\\' ‘\Qﬁ \Oo 04& .\Q}A
‘ C&A &&'\0 Q}‘;\ O\\A (JO &,Q/ of—;A & \(J’b $ \(\b (‘}-A
' & (_)Q} (_)C‘ o§’ <<o° v\o&\ ¢§’ c)\e
& s
ML Feature 0. 0. 0. 0. 0. 0. 0. 0. 0.
Vector: 6 2 0 2 0 0 o0 o0 o

[Stanik et al. RE'20] 65



Within-apps analysis

Goal

Learn all app feature usages in

one app.

How we trained the model

--------------------------------------------------------------

® I|||I||I§

l~ © = e B
v © =mmmmm *1 /1@
||||

--------------------------------------------------------------

FB Messenger Send message .88

Play game .80

Read message .73

We can learn app features
from interaction events.

ML feature significance hints
toward understandable decisions.
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Between-apps analysis

Part of n
v 1 T

Goal
Learn all app feature usages Listen to music .86 4
across apps. Delete .83 4
Play game .75 10
Tarrovram o | e e ' Promising results for introducing

a system-wide ML model.

---------------------------------------------------------------

'1\ Kr‘

VvV Vv

|||| ) User interactions across apps
............................................................... are alike for the similar
features.

68



Understanding app and feature usage

||
= REQUIREMENTS INTELLIGENCE- FEATURE INTERACTION INSIGHTS Open Req o
User Context List of Features
Private receive message update message @ Import from SAFE

App Feature Interaction Composition
@ Click View (@l Notification (@) Edit Text () Select Text [ Scroll View (@} Change Content (il Focus View (@) Change Window (i} Select View

TTLITI T TTIT

L ji Lt H]

n
(=3
o

W
o

Number of occurrences
-
o
o

50
o) 1TT
login send message make call
LOGIN SEND MESSAGE MAKE CALL
MOST AFFECTED VIEW MOST AFFECTED VIEW MOST AFFECTED VIEW

[Stanik PhD 2020] LOGIN CHAT PROFILE




8 Q Q&

Outline of my talk

Summary and future directions

70



User feedback and usage data analytics tap
the full potential of DevOps

Dev

PS

Py
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Impact on RE/SE decision making

Who: involve more When: real time
stakeholders and

and even proactive
e AN

Howi Shift from intui:cion and What: Features can evolve and die
experience to data-driven

explainable decisions
| vl

80%
70%
60%
50%
40%
30%
20%
10% ' l

[Maalej et al Software 2016] 72



» 1 he hardest single part

of building a software
system is deciding

precisely what to build.”

Fred Brooks
(Turing Award Winner) 1987

User data can make modern software
p engineering a “little less hard”
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Mining [Links in]
Issue Trackers .



%= Depends on

QTBUG-73045

Q
o

Depends on

o)
R S 2

(—Depends on

QTQAINFRA-3614

QTCREATORBUG-21198

$

%
\ N
QTBUG-72002 N
QTCREATORBUG-21833

/ N,
é\&) 4

QTBUG-72615

)
N
\ /
QTBUG-
QTCREATORBUG-21068 74923

//

QTCREATORBUG-22249 é

1N
QTBUG-74988

QTCREATORBUG-22400
8¢

sSs '
P

Related=

PPN @)/ aTBUG-74988

QY / QTBUG-74923
QtCreator wasm kit Qt version name not distinguishable

v Details v People

Type: D Bug Status: [ cLosep | Assignee: Akseli Salovaara

’ Resolutio
P1: Critical esolution: Done Reporter Lorn Potter
5.13.0 Beta 1 Fix Version/s: 5.14
Votes 0 Vote for this issue
Packaging & Installer =
Watchers: 7 Start watching this issue

None

Environment:

Epic Link Qt WebAssembly

Webassembly

v Dates

03 Apr 19 06:52
ed 29 Jan '20 15:28
Resolved 29 Jan '20 15:28

v Description
The Qt version name for webassembly that is 'Qt %{Qt:Version} GCC 64bita" is not quite right. It doesn't mention wasmj/webassembly/emscripten.

v Gerrit Reviews
It also seems to point to /use/bin/gcc and not EMSCRIPTEN_ROOT/emcc emc++ There are no open Gerrit changes
> There are 2 closed Gerrit changes
There are 2 closed Gerrit changes
Make Qt WebAssembly distinguishable on Qt Creator kits

EMSCRIPTEN_ROOT might not be a global env var, but the place to see would be ~/.emscripten file.

> Attachments
sdktool: Document WebAssembly types

v lIssue Links

depends on
aFByY Add packaging for Q in Qt 5.13 release CLOSED

CLOSED

OFEREATORBUE-21668 Support of Ot for Webassemblv in Ot Creator

r a

v lIssue Links WebAssembly: Initial commit

b o | depends on
QTEREATORBUG-21668 Support of Qt for Webassembly in Qt Creator CLOSED




Dataset

® 16 JIRA Repositories
® 2./Mlssues

® 940K Links

® 3.5M Comments

® 1.276 Projects

Repository Year #lssues #Links #Comments #Projects
Apache 2000 1,014,637 264,076 4,608,221 646
Hyperledger 2016 28,146 16,846 44,590 32
IntelDAOS 2016 9,474 2,667 32,203 2
JFrog 2006 15,535 3,303 13,152 10
Jira 2002 274,545 110,507 779,104 30
JiraEcosystem 2004 14,950 12,422 68,387 101
MariaDB 2009 31,229 14,906 - 11
Mindville 2015 2,134 46 - 7
Mojang 2012 420,819 215,821 933,348 8
MongoDB 2009 137,172 92,362 368,976 27
Qt 2003 148,579 41,402 41,426 21
RedHat 2001 353,000 127,721 859,880 241
Sakai 2004 50,550 20,292 180,191 53
SecondLife 2007 1,867 674 15,728 2
Sonatype 2008 87,284 4,975 339,127 5
Spring 2003 69,156 14,716 186,077 80
Total - 2,659,077 942,736 8,470,410 1,276
Mean 2007.2 166,192.30 58,921.00 605,029.30 79.8
Median 2006.5 59,853.00 15,876.00 183,134.00 24
St. Dev 5.3 261,128.40 82,003.70 1,197,962.10 162.6

Montgomery, Lueders and Maalej “An Alternative Issue Tracking Dataset of Public Jira Repositories”, MSR2022



- Understand

b)) &

'Q‘ How do stakeholders use linking

4

~  intheirissue-tracking system?

Predict

How can we reliably predict links
and their types?

Apply
How can we make this viable for
practice?
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The Link Types

90 unique link types
33 cleaned link types

Liiders, Buraffa and Maalej, “Beyond duplicates: towards
understanding and predicting link types in issue tracking systems”,
MSR2022

# of Repositories using this type

16

=
N

o

IN

Relate
Duplicate
Clone
Subtask
Block
Depend
Split

Epic
Incorporate
Bonfire Testing
Cause

COMMON LINK TYPES
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Repository Rel. Dup. Sub. Clo. Blo. Dep. Epic Spl. Inc. Bon. Cau.| Cov. O

Apache 28.3 10.1 328 1.1 6.1 51 49 00 41 00 1.2| 943 ~
Hyperledger | 17.2 3.9 27.4 2.9 8.2- 39. 0.5- 0.0- 100.0
InteDAOS 39.3 9.7 10.5 8.2 25.6- - - - - - 93.3
JFrog 274 199 36.0 0.8- 7.9- - 1.4- - 93.5
Jira 63.8] 21.7 25 29 1.0 0.2 0.2 25 02 18| 96.6

® ®
JiraEcosystem | 22.9 15.3( 20.0 1.8 59 1.1}24.3 12 18 09 3.9| 99.1 RePOS”O”eS
MariaDB 5. 94 61-  130- 64 02 79- 6.0/100.0

Mindbville 4%%: 159 23- - - - - - 100.0 differ in 'Ilhe

Mojang 03 01- - - - 01-  |100.0
MongoDB | 399 135 14 0.3- 229 159 12- - 17| 967 I‘ k

Qt 224 106 244 01 00 156 135[ 674 - - 93.4 IN llype
RedHat 259 49 208 154 152- - 01 89- 26| 94.0

Sakai 490 93 170 48 00 130- - 67 00-  |1000 Shqres
SecondLife 29.5- 498 7.6- 4.4- - 2.2- - 93.5

Sonatype 400 7.7 301- - 3.6 02 0.1- 81] 53| 950

Spring 47.7 121 134 0.1- 121 11.3- - - - 96.7

Mean 348 184 209| 45 70 86145 11 44 13 32 966

Median 344 106 204 24 59 65 124 02 33 01 26 967

St.Dev 143 215 138 54 81 72 125 21 30 30 19 28

Liders, Pietz and Maalej, "Automated Detection of Typed Links in Issue Trackers’, RE2022



Link Prediction Models

Issue 2

Q Add commen t Agile Board  More v < @ Export v

Descriptio

Properties

Model
lel

(CNIN, LSTM,
Created: 11Jun 19 11:13
Updated: 11Jun 19 11:29 = O r B E RT)

v Agile

Description

[

View on Board

Isst
Issuc 2
1

BIESegloital el o+ Non-Duplicate

He et al., “Duplicate Bug Report Detection Using Dual-Channel Convolutional Neural Networks.”. ICPC2020 88



Duplicate Detection Set-Up

Testing
\
|
at
\ Y J

Training

o Creation of Non-Links by randomly selecting pairs that do not have resolution
Duplicate*

o How robust are traditional trained SotA models when presented with other link types?

*Lazar et al. “Generating Duplicate Bug Datasets”. MSR2014



SCCNN Misclassifications

-
Can State-of- == T B T - i

the-Art models T -
reliably detect L | =
other link types T | |

Link Type

as Non-

D u p I ica teS? 1.0 - DCCNN Misclassifications

L]
+
AN 2038 ——
3 | .
4 — B3
S 06 l_—l—_I
c 3 —_ —
0.4
1 Y
- [S)
No, they can'’t T . - ’
’ Y : 2 502 ¢ !
O T .
0.0
Duplicate Non-Link Subtask Relate Incorporate Depend Cause Block Epic Bonfire Testing Split

Link Type

Liiders et al., “Beyond duplicates: towards understanding and
predicting link types in issue tracking systems”, MSR2022 20




Link Type Detection Set-Up

In- Depth Analysis

at

Predlctlon
Deep Learning Traditional Models
> CNN with Word2Vec/FastText > SVM [B)ECRCTN?\]JZ%Z@(@;N
» BERT & distillBERT » Random Forest




Link Type Detection Results

Macro F1-Scores of BERT vs. Baseline per
Repo

Repository Performance

o BERT e Random Forest e SVM

1
03 -
goﬁ * ° . °* . .
906 . .
m0,5 P o [ ]
“I'g’g ¢ ° . - :
LLO:Z s ° e & o o O
01 ¢
0
V 5 UV W oc g0 MMM E B g O 9
()] — 3]
808529539555 ¢
s o 258 ® PYLBeG
- = nh o > C c
<35 Q'S S e S o
o £ © S o Vv 0,1 0,15 0,2 0,25 0,3 0,35
T g Standard Deviation across Link Types

Liiders et al., “Automated Detection of Typed Links in Issue Trackers”, RE2022



Characteristic Correlation tm),
|Basic Coverage 0.85 e
Common Link Type Coverage 0.52
Duplicates 0.55
Link Types Subtasks -0.75
% lsolated Issues -0.79
Assortativity 0.52
Median Comp. Size 0.60
Mean Comp. Size 0.71 ° o 7o
Structure St. Dev. Comp. Size 0.70 S g f t
Communication Comment Link Correlation 0.64 I n I I Ca n
Links Per Project 0.62 CO rre I ati O n S
Issues Per Maintainer 0.57
Links Per Maintainer 0.62
Issues Created Per Maintainer 0.60]
Mean Link Edits 0.62
Median Link Edits 0.58
ICollaboration Links Edited Per Project 0.63
Duplicate Issues without Links -0.70|
Duplicate Issues without
Duplicate Links -0.62
Quality/Smells Ref. Comment without Link 0.84

C-M Lueders, T Pietz, W Maalej: “On understanding and predicting issue links” REJ 20234




Link Type =
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Liiders et al., “Automated Detection of Typed Links in Issue Trackers”, RE2022




Prediction Improvement Strategies

Repository Baseline No Relate Only Link Types Categories Only Linked
Apache 0.55 0.62 0.08 0.62 0.07 0.66 0.11 0.97 0.42
Hyperledger 0.77 0.79 0.02 0.80 0.03 0.71 -0.06 0.95 0.18
IntelDAOS 0.66 0.75 0.09 0.79 0.13 0.68 0.02 0.89 0.23
JFrog 0.46 0.55 0.09 0.49 0.03 0.55 0.09 0.93 0.47
Jira 0.74 0.80 0.06 0.78 0.04 0.72 -0.02 0.98 0.24
JiraEcosystem 0.53 0.58 0.05 0.57 0.04 0.63 0.10 0.94 0.41
MariaDB 0.72 0.82 0.10 0.79 0.07 0.73 0.01 0.93 0.21
Mojang 0.88 0.98 0.10 - - 0.88 +/-0 0.99 0.11
MongoDB 0.72 0.80 0.08 0.82 0.10 0.73 0.01 0.95 0.23
Qt 0.67 0.75 0.08 0.74 0.07 0.63 -0.04 0.96 0.29
RedHat 0.64 0.70 0.06 0.69 0.05 0.72 0.08 0.96 0.32
Sakai 0.62 0.74 0.12 0.73 0.11 0.66 0.04 0.94 0.32
SecondLife 0.50 0.36 -0.14 0.41 -0.09 0.57 0.07 0.90 0.40
Sonatype 0.41 0.58 0.17 0.71 0.30 0.53 0.12 0.95 0.55
Spring 0.63 0.73 0.10 0.73 0.10 0.12 -0.41 0.94 0.31
Mean 0.63 0.70 0.07 0.69 0.08 0.63 0.01 0.95 0.31
Median 0.64 0.74 0.08 0.73 0.07 0.66 0.02 0.95 0.31
St. Dev 0.13 0.15 0.07 0.12 0.08 0.17 0.13 0.03 0.12

C-M Lueders, T Pietz, W Maalej: “On understanding and predicting issue links” REJ 2023
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Automated Detection of Typed Links
in Issue Trackers

Clara Marie Liiders, Tim Pietz, and Walid Maale;j
Universitdt Hamburg, Hamburg, Germany
E-Mail: clara.marie.lueders @uni-hamburg.de, tim.pietz@uni-hamburg.de, walid.maalej @uni-hamburg.de

Abstract—Stakeholders in software projects use issue trackers
like JIRA to capture and manage issues, including requirements
and bugs. To ease issue navigation and structure project knowl-
edge, stakeholders manually connect issues via links of certain
types that reflect different dependencies, such as Epic-, Block-,
Duplicate-, or Relate- links. Based on a large dataset of 15
JIRA repositories, we study how well state-of-the-art machine
learning models can automatically detect common link types. We
found that a pure BERT model trained on titles and descriptions
of linked issues significantly outperforms other optimized deep
learning models, achieving an encouraging average macro F1-
score of 0.64 for detecting 9 popular link types across all
repositories (weighted F1-score of 0.73). For the specific Subtask-
and Epic- links, the model achieved top F1-scores of 0.89
and 0.97, respectively. Our model does not simply learn

imilarity of the issues. In general

Extended version:

https://link.springer.com/article/10.1007/s00766-023-00406-x

on the issue tracker and the project, these links can have differ-
ent types. Popular link types are Relate for capturing a general
relation; Subtask and Epic for capturing issue hierarchies; as
well as Depend or Block links for capturing causal or workflow
dependencies. Also, Duplicate links are particularly popular
in open source projects, where many stakeholders and users
independently report issues that might be a duplication. This
specific link type has attracted much attention from Software
Engineering research in recent years [4], [11], [15], [36]

https://arxiv.org/abs/2206.07182

Issue linking is an im
and software :
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