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1. Introduction
Example Scenario

Apache Spark

Issues captured since early 2014
Versions from 0.9.0 to 2.1.0

# contributors - 1,146

# issues - 21,660

User create new issue

l (incl. design task)

SPARK-7393

We want to use Spark SQL in our project, but we found
that the Spark SQL performance is not very well as we
expected.

7 Who should be assigned?

Software Architects
Software Developers
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1. Introduction
Example Scenario

Apache Spark

» Issues captured since early 2014
« Versions from 0.9.0to 2.1.0

* # contributors - 1,146

e #issues - 21,660

Analysis of
existing issues

User create new issue

l (incl. design task)

SPARK-7393

We want to use Spark SQL in our project, but we found
that the Spark SQL performance is not very well as we
expected.

Assignment

! Expertise Identification

« Recommendation

Additional factors as newcomers,

l l 1 workload of experts,...
| ®©®

Architectural Software
Elements  Quality

Software Architects

Attributes

! Expertise Profiles / Roles

Software Developers
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2. Research Questions TUTI

How to quantify/measure the expertise of software
architects and developers in the context of design
decision-making process?

What are the separate roles taken during the decision-
making process to address design decisions?

How to automatically identify experts to address design
decisions and allocate roles to the recommended
experts?

L1l
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3. Approach

Systematic Literature
Review

Meta-analysis for
requirements

Prototype
Ul and 4 algorithms

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch

Case Study

with 5 professionals
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4. Empirical Research T

Systematic Literature Review

Search in
3 databases

Focus:

Behavior of 4 Stage Study

Selection
Process

Summarization
and
4 conferences

Results:
1.840

architects and of studies

designers

[1] Keele, S. (2007). Guidelines for performing systematic literature reviews in software engineering.
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4. Empirical Research T
Case Study

Semi-structured
interviews Transcription of

Focus: Inductive

Assignment
procedures

Category
Formation

with interviews
guestionnaire

Participants: Pages: For the 3 RQs
5 74 15 categories

[2] Runeson, P., & Host, M. (2009). Guidelines for conducting and reporting case study research in software engineering.
[3] Mayring, P. (2014). Qualitative content analysis: theoretical foundation, basic procedures and software solution.
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4. Empirical Research TUTI

Meta-analysis for Requirements

Primary Requirements

R1 The system recommends suitable experts to design decisions

R2 The system includes novices in its recommendations

R3 The system balances a team‘s knowledge distribution with its recommendation

R4 The system processes social compatibility of people in the recommendation process

R5 The system involves an expert‘s available time in the recommendation process

R6 If a design decision is created, an initial assignment to the backlog owner is mandatory

R7 The system establishes the role of an accountable assignee

R8 The system allows to assign a fixed group of people representing common structures in a
company

R9 Based on a design decision’s priority and complexity, the system proposes how many people
to assign

R10 The system aids in the prioritization and complexity measurement of a design decision

L1l
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4. Empirical Research T

R1: The system recommends suitable experts to design
decisions

AN

Postgre SQL

Knowledge p p[qy

Measurement

AN

PostgreSQL

Py

Abstract Knowledge
(Topic or Domain)

Knowledge gain ‘
& loss

Seniority / Experience Time

Technical Knowledge

Possible sources: }("RA GitHub 9 Bitbucket Yammers ni Outlook

eeeeeeeeeeeeeeeeeeeeeeeeee

Most critical requirement

LLIL L
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5. Prototype
Algorithms

Concept-based Extension:
Decreasing knowledge
& & QQ gcb
os $£8
: 5644,
Technical §§is ¢
Knowledge e Start  Issue]j Today
. —e '
idbe
megabyte
Latent Semantic Latent Dirichlet Cluster
Analysis (LSA) Allocation (LDA) (Word2Vec)
Abstract Fix the javas-tests profile and run those {ésts in Jenkins
Kn_OWIGdge_ Spark has some f@8ts for compilation of Java 8 sources (using lambdas)
(Topic/Domain) guarded behind a {{java8-tésts}} maven profile, but we currently do not

build or FUR those t€sts. As a result, the tests no longer [SelE. We
should fix these f€sts and set up ENINECER®] SO that they don't break
again.

.S.

11 seb
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5. Prototype TUT

Live Demo

Expert Recommender Create Issue

Create Issue
Select Priority Select Type Select Status

Choose... v  Choose... v Choose v

ssue Description

Text classification
None (yet)

CREATE ISSUE +
s08s
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6. Evaluation
Overview

Q * Inspect recommender accuracy of algorithms

« Find differences and characteristics of the algorithms

Datasets

sp&rks

Total issues: 22.279
Design decisions: 446

95 unique assignees for design
decisions

Total issues: 12.906
Design decisions: 238

111 unique assignees for design
decisions
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6. Evaluation TUT

Steps for each evaluation run

Sort all design decisions by resolution date ascending

Split data in training and test data
Training sizes range from 40% to 90 %

Only LSA, LDA and Cluster:

Set a parameter k for amount of topics or clusters

Use training data to build a model or/and create the expertise matrix

Predict on test design decisions accuracy by expert list sizes from 2 to 30

(A correct match of 50% at P@2 means that in half of the test data the original assignee was
recommended in a list of two experts)

L1
Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch 14 SEbIS



6. Evaluation

Apache Spark Project

70,00

60,00

50,00

40,00

30,00

CORRECT MATCH %

20,00

10,00

0,00

—o—Concept - 50%
——-Decrease - 40%
—&—LSA - 60%

LDA - 60%
—¥—Cluster - 40%
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P@2
17,86
18,22
21,60
22,53
14,97

P@4
36,16
33,46
35,06
33,39
23,52

NO. OF RECOMMENDED EXPERTS

P@6
42,86
41,26
40,89
39,67
32,34

P@8
49,11
52,79
47,01
44,19
37,07

P@12
54,02
57,62
52,22
50,83
44,94

P@16
55,80
59,11
55,98
55,50
48,35

. -
'

P@24
58,93
62,08
61,58
61,37
53,66

o,

P@30
64,29
62,83
63,79
63,82
58,12

pork

LDA & LSA
Average results for k
from 2 to 200

Cluster
Average results for k
from 2 to 30
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6. Evaluation Tm
Apache Spark Project SPQ{(Z

™

40% - 60% training dataset sizes lead to better results in lower

recommendation list sizes

Larger training data leads to overfitting
Training Size

Concept-based
& yield similar correct
decreasing matches
knowledge

needs multiple runs to
build a “good” model

works only with
smaller cluster sizes

relatively stable over
most k values

Cluster

L1l
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6. Evaluation
Apache Hadoop Project

AMOUNT
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120

100

80

60

40

20

HADOOP ISSUES RESOLVED PER YEAR Additional Facts:

2.1 DDs*/assignee
(vs. 4.7 in Spark)

60 % of assignees only

103
49

solved 1 DDs
17 18 I (vs. 47% in Spark)

11 10 16

6
2
e e I - 24 % of assignees only

9
N
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
solved 3 or more DDs
\ Y J\ Y J  (vs.39% in Spark)

75 unique assignees - 58 unique assignees
for 122 design decisions ‘ for 162 design decisions

Just 22 assignees are

identical
*DD = design decision
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6. Evaluation
Apache Hadoop Project

60,00

50,00

40,00

30,00

CORRECT MATCH %

20,00

10,00

0,00

—o—Concept - 90%
——-Decrease - 90%
—4—LSA - 90%

LDA - 90%
—¥—Cluster - 90%
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—

P@2
12,50
12,50
18,71
20,95
7,90

P@4
12,50
16,67
23,69
26,61
10,34

NO. OF RECOMMENDED EXPERTS

P@6
16,67
16,67
27,37
30,62
12,93

P@8
16,67
16,67
29,88
32,80
14,22

P@12
16,67
25,00
35,23
36,28
19,25

P@16
20,83
41,67
37,62
39,98
21,84

P@24
45,83
50,00
44,77
46,25
23,99

P@30
50,00
50,00
48,57
49,71
26,01

LDA & LSA
Average results for k
from 2 to 200

Cluster
Average results for k
from 2 to 30
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6. Evaluation
Apache Hadoop Project

Best Results:

* 90% training size highest results over all training list sizes

only 2.1 design decisions/assignee, fewer design decisions &

! they are distributed over a long time span

Concept-based
& Decreasing knowledge

decreasing improves results
knowledge

can achieve
comparable results as
in the Spark project

can achieve
comparable results as
in the Spark project

too few design
decisions are available
to build meaningful
clusters

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch
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7. Conclusion TUT

« Two types of knowledge: technical and abstract
RQ1L: . . o
Expertise « Seniority and time major influence

* Multiple sources identified

« Teams make or at least structure design decisions
« Backlog owner initially responsible

 Accountable person necessary

* Identification of requirements for an expert recommender

NOXH
Assig(%ment * Prototype with example processes and concepts implemented

« Algorithms recommend experts for design decisions

L1l
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1. Introduction TUT

Problem areas

How are design decisions made?
» Individual or Group-Decision Making
« Naturalistic Decision Making, Rational Decision Making or Bounded Rational Decision
Making
» Underlying process in context of design?

Who makes design decisions?
* Which people are involved?
« Exist specific roles for decision makers?

How are information accessed?

* Who has expertise in what?
» Is knowledge about possible solutions tacit or explicit?

L1l
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1. Introduction TUT

Design Problems

Design problems are wicked problems [8]

Characteristics [9]:

« There is no definitive formulation of a wicked problem

* Wicked problems have no stopping rule

« Solutions are not true or false, but good or bad

« There is no immediate and no ultimate test of a solution to a wicked problem

» Every solution to a wicked problem is a “one-shot operation”

Reasoning and final decision must consider various options

L1l
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1. Introduction TUTI
Design Decisions Structure [10] [11]

Software Architecture Software Design
(high level) (medium level)

T

Code, and so on
(low level)

Software architecture and software design decisions are in focus

L1l
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1. Introduction TUTI

Decision Making Process

Rational Decision Making [12] Naturalistic Decision Making [13]
dentify problem Experience the situation
All possible
Generate options information Select possible solution
included
. Goals
Analyze options €. via Heuristi St Expecations
utility function euristic (_e.g. ory
Telling) Cues
Past Experience

Select best option

Implement decision

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch 27 SEb
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1. Introduction TUTI

Decision Making Process

Bounded Rational Decision Making [14]

Identify problem

All known
Generate options information

included

- Process Goals
Use heuristic available data Expecations

in a simplified Cues
way Past Experience

Select satisficing option lept

Implement decision

Designers either follow NDM or (B)RDM depending on the context [15]

LLIL L
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1. Introduction TUTI

Expertise in Design
.
Q

Long Experience [16] [17] High Performance [16]

%

Threshold

Faster problem Adequate problem
Expertise comprehension representation
. . . . . . ' Years Broader More time on communication
1 2 3 4 5 6 7 8 knowledge base and cooperation

Increased expertise leads to better design solutions [16]
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1. Introduction Tl
Global Software Engineering [18]

Worldwide & distributed “New” Tools to tackle coordination

XJIRA GitHub

o Bitbucket
Yammers

The Enterprise Social Network

Changes environment for decisions + need to know who to involve

L1l
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4. Empirical Research
Systematic Literature Review

Stage 1

|dentify relevant studies - search databases
and conference proceedings

A 4

Stage 2

Exclude studies based on title

Stage 3

Exclude studies based on abstract

A 4

Stage 4

Obtain primary studies
and check quality criteria

n = 1,840
n=416
n=>52
n =39

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch
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4. Empirical Research TUTI

Systematic Literature Review

Sources:

Databases

* ACM Digital Library
» Science Direct

* |EEE Xplore

Conferences

* European Conference on Software Architecture (ECSA)
* International Conference on Software Architecture (ICSA)
*  Working IEEE/IFIP Conference on Software Architecture (WICSA)

* International Conference on Design Science Research in Information Systems and Technology

+ Search on title, keywords and abstract

+ (“software architecture” OR “software design”) AND (role OR expert* OR “decision making”)

1.840 results

L]
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4. Empirical Research TUTI

Systematic Literature Review

Inclusion Criteria:

« Any study that quantifies expertise in the context of software development & design
« Any study that inspects roles in the context of software development & design

Exclusion Criteria:

« Any study that does not focus on the development or the process of development of software
systems

« Any study that inspected student behavior

« Any study that is not a primary study

« Any study that does not pass the quality criteria

Study Selection Procedures:

Identify relevant studies from databases and journals
Exclude studies based on titles

Exclude studies based on reading the abstract
Obtain papers

Final selection based on quality criteria

arwpdE

L1l
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4. Empirical Research TUTI
Case Study

Interviews with architects and developers from industry to examine common
practice problems

Example Questions:

» |s there a standardized process to assign people to issues or tasks? If not, how
does it work?

» |Is there a difference in assigning architecture or design problems?
« EXxist problems that are either solved by architects or developers?
« Which parameters or factors influence the assignment of people to issues/tasks?

« Exist common problems or challenges for the assignment of people to tasks or
Issues?

L1l
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4. Empirical Research TUTI
Case Study

Position Professional Experience in | Responsibility | Domain
Experience current job

Software 12 years 3 years Design system  Transportation
architect architecture

A2 Product owner 10 years 4 years Define software Transportation

system

B1 Senior 28 years 3 years Agile projects Various,
consultant data consultant project-based
management

B2 Software 3 years Y% year Design system Knowledge
architect architecture management

Cl Software 10 years 1 Y2 years Develop & Project
architect design system management

architecture

L1l
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4. Empirical Research TUTI

Case Study

QCAmap Back to the project

You are in coding mode!

Research Question

How to quantify/measure the expertise of software
architects and developers in the context of design
decision-making process? -

Content analytical technique

Inductive Category Formation

Category definition

Expertise measurements by experts to identify
architects and designers to solve a certain task

Il evel of ahstraction
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Architekten und Entwickler gelost werden? Also Architekt 16st bestimmte
Aufgaben und der Entwickler 16st bestimmte Aufgaben? #00:00:39-9#

B: Paul Miodonski (...) Hm. Also der Architekt soll sich einerseits auch mit
dem Source Code auskennen, was ich momentan viel zu wenig mache, aber I
ich wiirde die (...) die groBe Unterscheidung ist eigentlich der Architekt muss

den grob Uberblick haben und muss die Tools und Technologien sehr gut I
kennen. Der Entwickler wiirde ich einmal sagen ist bei uns meistens irgendwie I
fokussiert auf einen bestimmten Bereich der Losung. Ich sage mal so, der eine

macht meistens irgendwie das User Interface, der andere macht meistens die

Service Integration, der andere wiederum kennt sich gut mit der Datenbank so
Geschichten aus. Und der Architekt miisste sich mit allen diesen Tools,

vielleicht nicht immer in der gleichen Tiefe auskennen, wie der Entwickler,

aber trotzdem miisste sie beherrschen. Also er muss auch den Source Code

anfassen, er muss wissen wo er was umstellen kann und wenn es Probleme m I
gibt wo er die Logs sich angucken kann. Vielleicht versteht er... #00:02:26-4#

I: Kevin Koch Zusammenhénge einfach... #00:02:28-1#

B: Paul Miodonski Mhm (bejahend) Damit er die Zusammenhénge erkennt,
die Probleme erkennt und weiB nicht immer selbst 16st, aber zum einen weif3
er dann/kennt er wo da nachfragen muss. #00:02:49-6#

https://www.qcamap.orqg
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4. Empirical Research TUTI

Meta-analysis for Requirements

Secondary Requirements

R11 The system supports improving design decision’s description

R12 The system provides visualization tools for describing design decisions

R13 The system possesses workflow support for a design decision’s life cycle
R14 The system shows related issues for a design decision

R15 The system links relevant documentation for an issue

R16 The system proposes possible technical concepts to solve a design decision
R17 The system remembers experts about possible biases

L1
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5. Prototype

Use Cases from Requirements

Expert Recommender for Design Decisions

)

o
User

®
\-‘\

Assigned user

Switch accountability

Remove assignee

Assign team

Assign experts

Assign novices

@ Tedude

T esineludess _ _

_ _<<includess”

()

and complexity

Condition:

{is design decision} @

<<secondary>>
Assign backlog owner

<<secondary>>
Detect design
decision

<<secondary>>
LA Propose number of
assignees

Assign priority

Condition:

{backlog owner asks for help}

Select algorithm e

<<secondary>>
Show availability

<<secondary>>

. =<inglude >
Recommend a SSIgnees
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5. Prototype TUT

Use Cases from Requirements

Expert Recommender for Design Decisions

Condition:

@ {is design decision}
<<secondary>>
. w <<secondary>>
e e Assign backlog owner
decision gn backioe

User
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5. Prototype

Use Cases from Requirements

®
\

Assigned user

<<secondary>>
—-zeincludes>= < F’ropGSE number of
assignees

Assign priority

and complexity

Condition:

{backlog owner asks for help}

Switch accountability
Select algorithm e

Remove assignee

Assign team

Assign experts

~ z<includess _ _

<<secondary>>
Show availability

<<secondary>>

. <<ingludess
Recommend dSSIENnees

_ _=<ncludess”

Assign novices
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5. Prototype
Activity Diagram

Recommend

% min. 3 experts

[results in
high priority & complexity]

min. 2 novices

[results in

Recommend

@ medium priority & complexity]
[can assess @
Assign

oy e priority & complexity]
ssign backlog L>‘ =‘—> priority & +‘4
owner .
complexity

|

[cannot assess

@ priority & complexity]
New design l

decision lresults in

Recommend Select expert low priority & complexity]
experts for help

min. 2 experts
min. 1 novice

Recommend
min. 1 expert
min. 1 novice
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L, Assign experts &

novices
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5. Prototype TUT

Component Diagram

AngularlS 2]
Presentation <<component>> $:‘ 777777777777777777777777 <<component>> ED
RecommendationController data requests RecommenderView
Layer ‘ &
’_\L view control
REST ?
Port:SOyj)_\
Middleware &
<<delegate>> Play2
Layer
<<component>> g ]
RecommenderController
create : (qJ)\ Recommender
expert W
matrix <<component>> |
************* Recommender Port:
—————————— > REST 80 £
. E $:‘ E E‘ _ E] @ <<component>>
LSA Concept LDA KNN ' Workbench4LsDD
—————————— >
predict
\E/ Issues @
<<component>> 3 | :
Issue !
Y/ i
. save & load
. load issue data
Persistence models
l-aver Port: 27017
— ]| g
<<database>> <<external>>
MongoDB FileSystem

s08s
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5. Prototype T

Component Diagram

Angularls 5 |
. <<component>> $:| ________________________ <<component>> $j
Presentation RecommendationController < data requests RecommenderView
Layer | &
| view control

REST

Port:80

Middleware ccdelegates> Play2
Layer

<<component>> $:|
RecommenderController

Create \i/ %P\ Recommender
expert ‘
matrix <<component>> =l

oo Recommender

g
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5. Prototype T

Component Diagram

Middleware <<component>> g ]
RecommenderController
Layer

create 6 Recommender
expert \/
matrix <<component>> o

‘ ------------ Recommender Port:

e = REST 80 = ]

g 2l al o
""""""" L O WorkbenchalsDD

LSA Concept LDA KNN

predict

\j/ Issues @

Issue

<<component>> = |
|

save & load

. load issue data E
Persistence models
Layer Port: 27017
<<database>> E <<external>> E
MongoDB FileSystem
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5. Prototype TUT

Procedure of algorithms

Common steps Different for every algorithm Training Phase

existing design Concept-based ||design | Creat.e expertise _
issues decisions | || Annotate architectural ||decisions|  eXpertise matrix EXpGI'tlS@
elements matrix matrix
Extract Detect se
issues decisions LSA. LDA or b
’ Create O Expert |
] Cluster . P
hew geS'_gp Perform Preprocessing geSl_gp ,| concept or concept Match & o
issues ecision : . tonic .
and build a model ecision or top
topic vector | .= prioritze | |a
Expert 2

Application Phase
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5. Prototype

Algorithm settings and steps

Concent _LSA DA Cuse

Tokenize
 Lowercase
« Remove stop

words

* Frequency count
of architectural
elements

* Build the sum of
frequencies for
each developer

Tokenize
Lowercase
Remove stop
words

Up to 2-ngrams
tf-idf, keep 1.000
terms

Singular Value
Decomposition

Calculate for each
developer her/his
strength in topics

Tokenize
Lowercase
Remove stop
words

Up to 2-ngrams
Create term-
document matrix

Gibbs-sampling

Calculate for each
developer her/his
strength in topics

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch

Tokenize
Lowercase
Remove stop
words

Word2Vec

k-nearest
neighbor

Count for each
developer solved
Issues per cluster
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5. Prototype

Concept-based & decreasing knowledge

Concept-based [4]

Extension: Decreasing knowledge

java =

test harnesse —

! I

jdbc —

megabyte —

Frequency count of technical

skill per developer

Project lifetime

Start Issue | Today
| . |
tmax . tmin
fj
. . tj — tmin
Normalization factor =

maxr tmin

Frequency count normalized

by date of issue

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch a7 SEb
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5. Prototype T

Latent Semantic Analysis [5]

tf-idf matrix
= e =
2.4 146 221

pra 121 0.5 13.2

Topic

strength Term-to-topic matrix
matrix

nxn nxm
DEM 6.3 8.7 4.2 Document

-to-topic
matrix

mxm

mxn

g
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5. Prototype TUTI
Latent Dirichlet Allocation [6]

Fix the java8-tests profile and run those tests in Jenkins
Spark has some tests for compilation of Java 8 sources (using lambdas)

guarded behind a {{javas-tésts}} maven profile, but we currently do not
build or fur those fests. As a result, the tests no longer [Bi8ls. We should
fix these tests and set up so that they don't break again.

¥

Topic Distribution

60%
50%
. 40%

Topic 3 20%
compile 0.05 20%

automated CI 10% .
(0N o)

0%
Topic 1 Topic 2 Topic 3

29 sebis
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5. Prototype
Word2Vec [7]

Position of

word java

words in corpus

Word vector Hidden Layer Output Layer
for all words Neurons
0 0.11 test
1 3 / 0.01 | java
0 / > ><i Q/ - 012
o . >><©>‘<" 0.03
5 - \ 0.22 spk
e.g. 10.000 e.g. 1.000 Similarity of each
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word to input word
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6. Evaluation Tum
Apache Spark Project Spqr"\z

SPARK CONCEPT
80
70
60
50
40
30

CORRECT MATCH %

20

10
NO. OF RECOMMENDED EXPERTS

P@2 P@4 P@6 P@8 P@12 P@l6 P@24 P®@30

——90% 8,89 22,22 33,33 3556 48,89 51,11 66,67 66,67
—=—80% 13,33 26,67 38,89 43,33 47,78 48,89 56,67 64,44
——70% 16,30 22,96 40,00 45,19 53,33 53,33 58,52 62,96
60% 17,32 31,28 41,34 46,37 53,07 57,54 60,34 63,13
—+—50% 17,86 36,16 42,86 49,11 54,02 55,80 58,93 64,29
—e—40% 18,22 32,34 39,78 51,67 57,99 58,74 60,97 64,31
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6. Evaluation Tum
Apache Spark Project Spqré\z

SPARK DECREASING KNOWLEDGE
80
70
60
50
40
30

CORRECT MATCH %

20

10

NO. OF RECOMMENDED EXPERTS
P@2 P@4 P@6 P@8 P@12 P@l16 P@24 P@30

—+—90% 13,33 28,89 33,33 37,78 46,67 55,56 60,00 68,89
—8—380% 16,67 28,89 38,89 42,22 45,56 48,89 58,89 62,22
—4—70% 16,30 22,96 39,26 45,19 51,85 53,33 58,552 61,48

60% 17,32 31,28 40,78 46,93 55,31 56,42 60,34 63,13
——50% 17,41 32,14 43,75 48,66 53,13 56,70 59,82 62,50
—e—40% 18,22 33,46 41,26 52,79 57,62 59,11 62,08 62,83
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6. Evaluation

Apache Spark Project

80
70
60
50

30

CORRECT MATCH %
S

20
10

——90%
—=—80%
—a—T70%

60%

—#—50%
-2 _ 0%

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch

SPARK LSA

P@2
15,95
20,78
20,53
21,60
19,64
20,90

P@4
29,32
33,15
33,12
35,06
30,43
30,43

NO. OF RECOMMENDED EXPERTS

P@6
31,59
35,87
37,73
40,89
38,59
36,82

P@8
32,66
38,11
40,63
47,01
43,29
41,95

P@12
40,77
43,13
47,58
52,22
49,52
48,73

P@16
45,56
46,93
51,56
55,98
53,48
53,22

P@24
57,27
53,27
57,29
61,58
59,36
59,71

P@30
61,57
58,39
60,90
63,79
61,67
62,40

SEETKE

TUTI

Average results for

k from 2 to 200
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6. Evaluation

Apache Spark Project

80
70

® 60

I

£ 50

3

= 40

L]

& 30

o)

O 20
10
0

——90%

—m—80%

—i—70%
60%

——50%

——40%
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SPARK LDA

m
ssat

oark

P@2
17,80
20,69
19,89
22,53
20,46
17,81

P@4
28,03
30,81
29,10
33,39
32,18
28,73

NO. OF RECOMMENDED EXPERTS

P@6
36,94
37,85
35,44
39,67
38,79
35,79

P@8
42,60
42,38
39,68
44,19
43,99
41,46

P@12
50,79
48,42
46,38
50,83
51,09
49,52

P@16
55,87
52,88
51,76
55,50
55,64
55,09

P@24
62,61
58,87
58,43
61,37
60,69
61,07

P@30
66,08
62,13
61,72
63,32

62,61  Average results for
62,9 Kk from 2 to 200
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6. Evaluation

Apache Spark Project

80
70
2 60
T
= 50
s
= 40
e
o 30
o
(@]
o 20
10
0
——90%
——80%
—i—70%
60%
——50%
—0—40%
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SPARK CLUSTER

m
ssat

oark

P@2
10,32
15,02
15,00
14,62
16,69
14,97

P@4
19,05
23,22
24,72
25,27
25,71
23,52

NO. OF RECOMMENDED EXPERTS

P@6
26,67
30,27
29,07
32,29
31,87
32,34

P@8
31,27
33,91
33,43
36,29
35,65
37,07

P@12
37,06
41,46
38,70
41,09
41,06
44,94

P@16
42,14
46,63
42,87
44,98
46,17
48,35

P@24
43,10
50,96
47,31
50,59
50,09
53,66

P@30
52,78
54,29
52,50
54,59

3,11 Average results for
°8,12 K from 2 to 30
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6. Evaluation
Apache Spark Project

SPARK LSA STANDARD DEVIATION

6
5
=
)
= 4
=
a
a 3
[«
3
Z 2
<T
&
1
0
—+—90%
—=—80%
70%
——60%
——50%
- 20%

P@2
2,33
1,22
1,33
1,52
1,17
2,04

P@4
3,16
3,42
4,34
2,68
2,25
2,56

NO. OF RECOMMENDEN EXPERTS
P@12 P@le P@24 P@30

P@6
2,69
2,50
3,25
2,70
2,41
2,62

P@S
3,05
2,26
2,31
2,79
2,03
2,95

3,04
1,24
1,22
1,65
1,36
2,62

3,62
1,20
1,03
1,50
1,93
1,35

3,06
1,17
1,40
2,12
2,07
1,15

2,51
1,74
1,78
2,30
2,10
0,89

S

APACHE

oark

25

TUTI

SPARK LDA STANDARD DEVIATION
RESULTS

6
-~ 5
o
5 2
=
a
o 3
[s'
<I
5 2
=
<T
& 1
0
——90%
—=—80%
70%
——60%
—¥—50%
——40%

P@2
3,47
2,52
2,24
2,23
1,95
1,99

P@4
4,27
2,87
2,05
1,97
1,86
2,50

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch

NO. OF RECOMMENDED EXPERTS

P@6
3,93
2,46
1,90
1,66
1,84
2,39

P@S
4,43
2,53
2,27
1,90
1,98
2,43

P@12 P@16 P@24 P@30

5,15
2,78
3,04
2,47
2,26
2,24

5,47
2,85
3,46
2,58
2,08
1,94

4,41
2,66
2,46
2,07
1,33
1,02

56

3,41
2,59
1,86
1,75
1,13
0,81
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6. Evaluation

Apache Spark Project

SPARK CLUSTER 40% TRAINING SIZE

80
70
60
50
10
30

CORRECT MATCH %

20
10

——2
——5
10

——20
—— 25

——30

Design and Implementation of an Expert Recommendation System for Making Design Decisions — Kevin Koch

APACHE

Spark

P@2
18,59
18,59
14,87
14,13
18,96
11,90
13,01

P@4
26,02
28,25
23,79
20,82
22,68
17,84
17,10

NO. OF RECOMMENDED EXPERTS

P@6
39,78
34,94
33,83
32,34
25,28
31,97
31,23

P@8
52,04
35,69
35,32
35,69
32,71
39,41
36,80

P@12
53,16
50,56
47,58
44,61
39,41
42,38
40,15

P@18
58,36
56,51
53,90
52,04
41,64
50,56
48,70

P@24
60,22
58,36
56,88
55,39
47,21
54,65
51,30

P@30
62,83
61,34
59,48
59,11
55,76
59,85
56,88

r

25

57

TUTI

sebit’



6. Evaluation
Apache Hadoop Project

HADOOP AMOUNT SOLVED ISSUES PER ASSIGNEE

80 50 45
- 70 67
w
Z 60
o
@ 50
<<
w
& 40
£ 30
=
=] 18 13
g ’

1 1
) s = - - -
2 3 4 5 6 8 10 21 12

SOLVED ISSUES

AMOUNT OF ASSIGNEES
= N w IS
o o o S}

[=]

12
8 I
3 4

HADOOP ISSUES RESOLVED PER YEAR
120

100
80

60

AMOUNT

a0
17 18
0 g 11 . 10
> 1
, 1 H = N l —
2008 2009 2010 2011 2012 2013 2014 2015
YEAR

v Hl s

103

2016

N
=Y

N
[y
=Y
[y

SOLVED ISSUES

10

2017

27

SPARK AMOUNT SOLVED ISSUES PER ASSIGNEE

28

[ury
[y

36 71

On average only 2.1 design decisions per assignee, fewer design decisions

and distribution over along time span
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6. Evaluation

Apache Hadoop Project

70
60

X g0

I

=

< 10

=

'_

O 30

o

o

S 20
10
0

——90%

—=—80%

—i—T70%
60%

—¢—50%

——40%
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P@2
12,50
8,33
5,56
7,29
8,47
9,15

HADOOP CONCEPT

P@4
12,50
12,50
6,94
3,33
8,47
9,15

NO. OF RECOMMENDED EXPERTS

P@6
16,67
18,75
12,50
10,42
11,86
12,68

P@8
16,67
18,75
15,28
16,67
15,25
14,08

P@12
16,67
22,92
22,22
27,08
22,03
18,31

P@16
20,83
29,17
27,78
29,17
24,58
20,42

P@24
45,83
35,42
30,56
31,25
30,51
23,94

P@30
50,00
43,75
34,72
34,38
34,75
26,76
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6. Evaluation

Apache Hadoop Project

HADOOP DECREASING KNOWLEDGE

70
60

X 5

I

-

< 40

p=

l—

O 30

o

o

S 20
10
0

——90%

—B—80%

—A—70%
60%

——50%

—0—40%
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P@4
16,67
16,67
12,50
14,58
13,56
11,97

NO. OF RECOMMENDED EXPERTS

P@6
16,67
20,83
18,06
20,83
15,25
15,49

P@8
16,67
22,92
20,83
26,04
20,34
18,31

P@12
25,00
27,08
23,61
27,08
28,81
21,83

P@16
41,67
35,42
26,39
28,13
31,36
23,94

P@24
50,00
41,67
33,33
34,38
35,59
26,76

P@30
50,00
45,83
40,28
34,38
36,44
30,28

60

seb

IS



6. Evaluation

Apache Hadoop Project

70
60
=
- 50
=
< 40
=
'—
e 30
o
o
8 20
10
0
—4—90%
——80%
—ie—70%
60%
——50%
—8—40%
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P@2
18,71
13,23
8,63
10,94
10,96
8,96

P@4
23,69
17,68
13,17
15,00
15,07
11,86

HADOOP LSA

NO. OF RECOMMENDED EXPERTS

P@6
27,37
20,83
15,72
17,15
17,55
13,12

P@8
29,88
23,96
17,90
19,04
19,36
14,52

P@12
35,23
26,36
22,90
21,77
22,90
17,55

P@16
37,62
30,87
28,62
23,44
26,66
20,24

P@24
44,77
34,92
33,62
28,50
32,12
23,44

P@30
48,57
37,20
35,85
31,89

35,23 Average results for
225 from 2 to 200
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6. Evaluation

Apache Hadoop Project

70
60

X 50

I

=

< 40

=

'_

O 30

o

o

S 20
10
0

——90%

—B—80%

—4—70%
60%

—%—50%

—8—40%

P@2
20,95
15,88

7,39

8,00

7,70

7,94

HADOOP LDA

P@4
26,61
20,91
11,37
11,22
11,25
11,06

NO. OF RECOMMENDED EXPERTS

P@6
30,62
24,14
14,69
14,05
13,84
13,19

P@12
36,28
30,58
22,60
21,22
20,03
17,45

P@16
39,98
34,24
26,65
25,64
23,23
19,96

P@24
46,25
38,56
32,99
32,16
30,13
23,89
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P@30
49,71
40,50
36,48
35,98
34,78
26,09

Average results for

k from 2 to 200
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6. Evaluation

Apache Hadoop Project

70
60
X 5
I
o
<< 40
=
'—
O 30
('
o
8 20
10
0
——90%
——80%
—i—70%
60%
—=—50%
—8—40%
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P@2
7,90
3,66
4,50
4,13
4,82
5,56

HADOOP CLUSTER

P@4
10,34
5,10
6,56
6,21
5,79
6,80

P@6
12,93
9,12
8,33
7,47
7,16
7,99

NO. OF RECOMMENDED EXPERTS

P@8
14,22
11,64
10,73
9,16
9,29
8,91

P@12
19,25
14,22
12,93
11,03
11,05
10,83

P@16
21,84
18,61
14,94
12,54
12,16
11,83

P@24
23,99
23,85
17,86
14,08
14,26
13,60

P@30
26,01
25,72
19,16
16,85

16,32 Average results for
1561 Kk from 2 to 30
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6. Evaluation

Apache Hadoop Project

DIFFERENCE MATCH CONCEPT VS.
DECREASE KNOWLEDGE

25

20

15

10

DECREASE KNOWLEDGE - CONCEPT
CORRECT MATCH %

——90%

80%
—i—70%
—<—60%
—#—50%
—a—40%
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P@2
0,00
0,00
1,39
1,04
0,85
0,70

P@4
4,17
4,17
5,56
6,25
5,08
2,82

NO. OF RECOMMENDED EXPERTS

P@6 P@8 P@12 P@l6 P@24 P@30
0,00 0,00 833 20,83 4,17 0,00

2,08 4,17 4,17 6,25 6,25 2,08

5,56 5,56 1,39 -1,39 2,78 5,56

10,42 9,38 0,00 -1,04 3,13 0,00

3,39 5,08 6,78 6,78 5,08 1,69

2,82 4,23 3,52 3,52 2,82 3,52



6. Evaluation
Apache Hadoop Project

HADOOP LDA 90% TRAINING SIZE,

BEST K FOR EACH LIST SIZE

70

60

50

40

30

20

CORRECT MATCH %

10

0
P@2 P@4
——74 3333 41,67
171 29,17 33,33

——192 25,00 33,33

NO. OF RECOMMENDED EXPERTS

P@6
41,67
45,83
33,33

P@8
41,67
50,00
37,50

P@12
45,83
50,00
37,50

P@16
45,83
54,17
45,83
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P@24
45,83
58,33
54,17

P@30
54,17
58,33
66,67
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Timeline TUTI

2017 2018
Tasks Month 11 12 1 2 3 4 5
Kick-off Presentation A
Systematic Literature Review
Case Study
Development ]
Evaluation R
Writing I
Final Presentation A
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