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Learning to Rank Extract Method
Refactoring Suggestions for Long Methods

e Gegeben: Eine Menge von Refactoring-Vorschlagen fir lange
Methoden

e Gesucht: Ordnung der Vorschlage

e Ansatz: Machine Learning
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the goodness of the rauking list (obtained by the application of the scoring
funetion)., Mistakes in the top-most ranks have a bigger impact on the DCG
mewsure value. This bs usefol and important. to us because we will ot sugzest
all passible refactoring candidates, but oaly the highest-ranked ones. Given
 loag method, m,, with refactoring candidates, €, suppose that 7, is the
ranking st on C, and g, the set of manually determined grades. then, the
DOG at position & is defined ws DCG() = 52, .14 GUID(m, (1)), where
i is & pasition

ARt ei) 1t pkon ofrfcont camiidat o
20— Ll D(J)) = ety

comparuble with measures of other kmx mdbods we dvida his DCC by the
DCG that a perfect ranking woukd havo obtained. Therefore, the NDCG for
candidate anking will always be in 0.1, whero the NDCG o ok caly 5o
obtained by peefect rankings. In our evaluation, wo consider the NDCG yalue
of the last position %o that all ranks are taken into account. See Hang (1] for
further details

1.3 Approach

W discuss our approach to improve Use scorlag function in order to find the
best suggestions for extract method refactoring.

1.3.1 Extract Method Refactoring Candidates

I our previons work £, we presented an approach to derive extract method

refisctoring suggestions automatically for long wethods. The maln steps arc:

rl\l"n'hu walid extract method refactoring eandidates, ranking the cands-
ing the candidate list.

l.n the following, & refactoring candidate is & sequence of statements that
can be extracted from o wethod into & vew method. The remainder Is the
‘method that contains all the statements from the original method after ap-
plying the refactoring, phius the call of the extractod method. The sugsested
refactorings will help to fmprove the resdability of the code and reduce its
complexity, focause these are main reasons for developers to fnitiate code

ing
We derived refactoring candidates from the contsol and data flow
of & method sing the Continuous Quality Assessment Toolkit (ConQA
. We filtered out all A Aoyt
violate preconditiops that nes 1o be fulled for extract tethod refactoring
(for details, see [13). The second step of our approsch was to rank the valid

" www. congat .org.

LTS, Whervas 106 3V M-TaBK I8 i .40, 1 leretore, The scoriig Tncton lo
by ListMLE performed better than the scoriug function found by SVM-rnk.

Tble 1.2: Coeflicients of Variation for Leared Coefficients

RQ2: How stable are the learned scoring fanctions?

Table 1.3 shows the avernge. minimum and maximum coeficients of varia-
thon (CV) for the learned confficients foe ListMLE and for SVM-rank. Small
CVi indicate that in reiative terms the rosults from the singhe ouns in the
10-cross fold procrduro did not vary  lot, whereas big CVa indicate big dif-
ferences between the Joarned coeficients. As the CVa of the single features
from LIstMLE are nuch semaller than those of SVA-rank, the coellicients of
ListMLE are 1much more stable compared with SVA-rank. SVM-runk shows
cocfficiants with a big variance botween the single iterations of the validation
process; that i, despite the heavy overlapping of the traiuing sets, the learned
coefficients vary  lot and can hardly be generalized

RQ3: Can the scoring function be simplified?

Figure L4 shows a plot of the averaged NDCG measure for all 12 rans. Re-
mesmber that we actually had three length mesares, and we considered the
bwolute and the relative vales for all of them. As the reduction of the mun-
bes of atauema I o Mgher XD o LimMLE (vich oxperemad
SVA-rank with respect to NDCG), we chose to nwe it as our

Fare. Tn practic,that seemn bl e il LoC b ot cmpty amd
commented lnes, the number of statewents ouly counts real code.

B8 LLOMLE (abe)

98 SVA.rank (rel)

Averaged NDOG When Consideriug Only One Longth Measure

by Bitering out very e
suggestions.

I the preset paper, we focts on the ranking of coandidates, and especially
on the scoring fanction that defioes that ranking.

1.3.2 Scoring Function

We aimed oriang function that i capable of rankis

miethod refuctoring candidates, =0 that top-most rauked candidates are wost
Tikely to be chasen by developers for an extract method refactoring. The scor-
g function is a linear function that caleulates the dot product of a cocflicient
vector, ¢, mud a feature value vector, /. for each candidate. Candidates are
rranged in docrvasing order of thelr score.

In this paper, wo wse a basis of 20 features for the scorlg function. Tn
the following, we give  short overview about the features. There are thrve
categories of feature: complexity-related features, parameters, and structural
Information,

W illustrate the foature values with roference to two example refactoring
candidtes (Cy and C3) that were chosen from the example method given in
Figure 1.1, The gray area shows the nesting area, which is definesd below. The
white nmmbers specify the nesting depth of the coeresponding statement,

chans e ¢

1_

(0T

Fig. 1.1: Example Method with Nesting
Arva of Statements And Example Can-
didates

Complesity-relate features

We malnly focused on reducing complexity and Increasing readability. For
complexity indicators, we wsed leagth, nesting and data Bow mformation. For

20108 ARG PSR 14 EURAL T ) 4 IS WAL A, K0
Fumction that anly put Tength amd
nesting asea reduction still had an avorage NG o 055

RQ4: How does the lenrnad scaring function compare with owr manually
determined one?

e scoring function that we presemted i (1] achieved a NDCG of 0.801,
which is better than the best scaring function learned in this evalsation.

1.4.4 Discussion

O sk st s the il rumof the o o ek ok, st

ing a roduction of complesity are s wmore relevan for the ranking,
i hereore iwe » cotparatiel. bgh mpoct. Futberore, the sty
of LIstMLE ks highes on our data set. than the stability of SVM-rnk. For
SVM.rank there is a big variance in the learncd coefficients, which might also
be i reason for [ ——

“The results for REQ3 sbow tht it b possible to achieve  great smplification
withaut big reductions in the ranking porformance. The biggest influences on
e kg o wars Lo vdntion o the s f s the
reduction of nesting area (both are complesity indicators)

of input parun

meters,

Manwal improvement As already mentionsl, the learned soocing functions
it ot outpesionn the mansaly determined seoring fanction from our pre-
i wark. Obwicusly, the Iesruing tools were pot able to find optimal o
efficints for the features. To improve the scoring funetion from. onr previ-

Wee were able 4o find several scoring funetions that bad ooy a handful
of features and o better ranking pmomu than o scoring function from

#10), we aleo took the comment features (#11-17) into considerstion. The
main differences between the previous scoring fanction amd the manually im-
provesd one from this papet are the length reduetion measure, the omision of
besting depth, and the musber of output

By taking the results of ListMLE and SVM-rank into consideration, we

were able to find a coofficknt such that the scoring fanction achleved
a NDCG of 08 (see Table .41 That means that. we weee able to find &
better scoring function vhen we combined the findings of our previons work

with the learmed coeffcients frous this paper.
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Learning to Rank Extract Method Refactoring
Suggestions for Long Methods

Roman Has! wud Benjamin Hummmel?
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Summary, Exract common wy
I sotwsre developrment. . improves code roadablity, reducss complerity, ancd b
ne of the mest hequenly wiod refactoringa. Neverthelss, scnetirmes
ofran rom npplying  bocause dentilying na appropeate s af statemeats that
o e i e o v e e

fous work, ve e artomat-
IrllLy <bhw et l-tlu:\ r-lwl\lﬂ lm(hw iw T Jnwn ot hosls, that

e el

e
tion that ranks all valid ..m..... pmdhlll\hn(llml o, all candidates) to blewtify
suitable candidatcs for an exsract metl that could e suggested 1o

amhm there & a lack of anderstanding of the scoring function. Tn this pa-

sruring features, for the
i eopatily, I acion, e esdun e P gty of U siggreted
scoring fanction, aml derive & better wnd loss comples i 10 rank
ingoes.

ey words: Learning to Raak. Refactoring Sugsestion, Extract Method Refactor:
g Long Methos]

1.1 Introduction

Alang method m and o
et A steai

hmulnd parts of theen bnto o wow method. Thhpnx!d.nm s called '
method rofactosing, and s the most often wsed rofactoring in practice

The process of extracting a method cn be partially s
madern development environments, such us Eclipse IDE or Iutellid IDEA,
that can put a set of extractable statemonts into # bow wethod, However,
dovelupers still need 4o fin this st of statements by themselves, which takes

PEQUCLION OF Lhie Methoc JeRgts (WIL Fespect 10 1he IORERSt metbiod atter the
refactoring). d C),
o the oumber of tokens, and oa the number of atements — all of thew w
both ateolute values and relative o the original method leagth.
We cousider highly nested methods as more complex. than moderately
nestedd ones, and tse two features to sepeesent the rediction of nesting: re-
duction of nesting dopth and reduction of nesting area. The nesting aren of &
i i stlemrd b0 S, Sch Vi g deil o dgis b -
fined to be Y77, ds,. The iden of esting area comes from the arca
the singhe statements of pretty printed code (e the gray arvas in mm
Dataflow Infoemation can also indicate complexity. We have features rep-
resenting the number variables that are rvd, written or roud and written.

‘arameters

We considered the number of input and output parameters as an indicator of
data coupling between the original and the extracted methods, which we want
10 koep low using our suggestions. The wore parameters that are needed for
i set of statements 10 be extracted from u method, the more the statements
will depend on the rest of the original method.

Structurnl information

Finally, we have some features that represcnt structoral aspects of the co
4 for code i that methods should process oply oge

Methods that follow this principle are casiee to wderstaned. As developes

often prt blank lines or commensts between blocks of code that process some-

or coinm
statement of the cundidate, we check 10 sce whetber the type of the preceding

e satue; aned for the last statement, we check to see whetber the type of
the following statement is tho xame. Our st feature considers a structural
complexity indicatar — the mubee of branching statements i the candidate.

1.3.3 Training and Test Data Generation

To be able o learn a scoriug function, we need training and test data. We
derived this data by manually ranking approximately 1,000 extract wethod
refiactoring sugsestions. To obtain this learning data, we selected 13 Java
& izes. We consider

a method 1o be ‘lang’ If it has mare than 40 LoC. From each project we
randomly selectedd 15 Jong, methods. For each method, we randomly selected
B @ the

method length.

1.5 Threats to Validity

Learning from data sources that are either oo sinilar or 100 small means
tiat there i chance that no generalization of the results s presible. To have
enough data to enable us tw learn o scoring funetion that can rank extract
method refiactoring condidates, we choss 13 Jaw open saurce projeets from

various domais and from each project we randomly sedocted 15 long methods.
We manually reviewed the long methods, and ltered out those thit were sot
appropriate for the extract method. From the 177 remaining kg wethods,
we randuly chose five to nine valid refactoring suggestions, depending on
the methaod length, We ensured that onr learning data did not comain any
o o 10 avi g s e

ls | which is & threat
o l‘Ml‘y sinoe there | 1o commonly W!“‘ way an how to shorten a long
method, and therefore no single muking eriterion cxists. The ranking wis
done very carefully, with the airn of reducing the complexity and incroasing
the readability and understandability of the code as moch s possible; so,
the scoring function should provide a ranking such that we can make further
refactoring suggestions with the sane aim.

We relied on two learning to mnk tools, which represents another threat
to validity. The learoed scoring Runctions heavily depead on the twol. As the
learnexd scoring functbons vary, it is necessary to have an independent way of
exaluating the ranking performance of the boarned scoring fanctions. We wsed
the widely usedd measure: NDOG 1o evabuate the scoring functions, and applied
 1-fold cross validation procedure to obtain & meaningful evalustion of the
ranking performance of the learned scoring fanetion.

A threat ta extornal validity is the fact that wo derived our learming data
from 13 open sonce Java systews, Therefare, results are not necessarily gea-
eralizable

1.6 Related Work

we presented an aromatic approach to derive ex-
trnet method refactaring suggestions for long mothods. We obtained valid

Fencod o ortetines select statements IBAL CAIROL be eXLEACt (1or
example, when seveeal outpot pateters ae tequired. but are not supported
by the programming u.‘m@? i
statements could bo extracted into o new method. The iterature prescats
several approsches that can be wsed 0 find extract method refactorings. In
 previous work, we suggested  method that could be used o automatice
find gooxd extract. method refactoring candidates for long Javi methods
O it protatype wiich wae derived bom imml expaimants on severa
open soniroe systems, implemented a scoring finction to sank refactoriog can-
ate. The reult ofcur evaiation has sbown that this st prosotye i
suggestions that are followed by experienced developers. The results of our
first prototype have been implemented in un iodustrial software quality anal-
yeis tool

Problem statement. The scoelng fanethon bs an essentlal part of our ap-
proach to derive extract method refoctoring suggrstions for long, methods
It is decisive for the quality of our suggestions, and alwo important for the
complexity of the implementation of the refuctoring suggester. However, it is
currently unclear how good the scoring finction actually porforms in ranking
refactoring sugrstions and bow much complexity will be needed 10 obtain

ore, i work, we need a deeper
understanding of the scoring function.

Contribution. We do further research on the scoring function of our ap-
proach to derive extract method refactoring suggestions for long Java meth-
ods. We use learning to rank techniques in onder to Jearn which features of
the scuring flnction are relevant, to get meaningful refactoring sugsestions,
and o keep the scoring function as simple s possible. In addition, we eval-
uate the ranking performance of our previows scoring fisction, and compare
i with the pew scoring function that we learoed, For the mackine learning
setting, we use 177 training and testing data sets that we obtaioed from 13
well-known open source systemms by manually ruking five 10 nine mndosnly
seloctex! valid refactoring candidates.

In this paper, we show how we derived better extruct method refactoring
suggestions than i our previous work tsing learnitg 10 rk tools.

1.2 Fundamentals

2 function that is able to
rank mrlﬂ m'vlllld rIilrll'Iu enndidates, and . normalized discounted
NDCG performance. Ia thix

section., we explain the techniques, tools o mietrics thit we e fn this paper.

000 L code. Theretone, 1 L prasiieg step of aus Approach, we usislly Wiler

ot condidtes th input parmeters, thus avoiding the
“lous pararaetar lst” mensioned by Fowlor (3. To avoid earning that too many
input parmmeters ase bad, wo consideresd anly candidates that ed s than

four input parameters.

W runhed the selected candidates mamially with respect to comphesity
reshuction and readability improvement. The higher the ranking we gave &
candidute, the bettor the suggestion was for us,

Some of the randomly selocted methods were nol suitable for an extrict
methixd refactoring, That was most commoaly the ease when the code would
ot benwiit from the extract method, but from other ofactorings. In addition,
for somw wethords, we coukl not derive o meaningful ranking because there
o cnly very e condnton, Thnt is why we il ot 16 o the 185
randunly selected long metbods t learn our seoring function.

1.4 Evaluation
In this section, we present and evaluate the results from the learning proce-
!

141 Resoarch Questions

RQ1: What are the resulis of the learning tools? In onder (o get &
scoring fanetion that is capable of ranking the extract method refnctoring
candidates, we decidend to use two learning to runk twols that isplement dif
Ferent appranches, and that had performed well in previous studies.
1Q2: How stable are the learned scoring functions? To be able to
derive implications for & reak-word seoring function, the cosficients of the
earnied scoring function shoald not vary  lot during the 10-fokd croms evali-
ation procedure.
RQ3: Can the scoring function be simplified? For peacticn reasons,
it is useful to have & scoring faction with & lmited numbes of features,
Additionally, reducing the search space may increase the performance of the
miag to fack tacl - ssciing i betee coring Msctione
Q4 How does the learned scoring function compare with our man-
ually one? In our previous work, we derbved # seoriie fietion
by manual experiments. Now we can use our learning data set to evaluate
i ranking parioaaace of s provirety deied scctng fcion, ad 1o
compase it with the learued on

O hetp: fin, v

hass/12r_amre, duta, aigl wo provide our nkings and
fromm whicl)

All vl retactoriug candutates wert rankd by o mamally-deterisied scor-
g function that ains to reduce code complesity ansd inerease readability. In
the present work, we bave put the scorlng Function o more solkd ground by
learning . rooring function from wany loug methods, and mamally manked
reluctaring suggestions

In the literature, there are sveral approaches tiat kearn 1o suggest the
mast beneficial relactorings  wsually for code chones, Wang and Gadirey [1
propose an sutomated approsch to recommend clones for refctoring by train-
g decisiontrve base classifier, C1.5. They use 15 foatures for decision-troo
madel training, where four consider the ehming relationship, four the context
of the clone, and soven relate 10 the code of the clone. In the prosent paper,
e e e il v, ot with e i e of choars,
e e Focused on_foerg met]

Vil e sl (] vk shes refactoring through ining sociton

e b5 that chmes that are often changed together (0 maintain

w similar functionaliy are worthy candidates for refsetoring. 'nwh prototype
tool, MARC, identifics cloues that are often changes togetber in a similar way,

o thirteen software systems is that cloves that are bighly ranked by MARC
o mporiank rfctonug poe k. Wo o orwing 0 rank tochniqus o
Bl n scoring function that is eapable of ranking extract method refactoring
candidates from kg metlonds

1.7 Conclusion and Future Work

In this paper, wo have proseaited an approsc: Lo derive i seoring furction that
i able o rank extract methid refactoring suggestions by applying learning
1ok ook Thescoeng fuctbon can be e Lo utomaticly rak extrsc
s et a st of bess

estions 1o developers Tbcmﬂ:mu scoring fimetion o e Pt
than previous seoring frnctions bt has o better ranking perfor:

ot e, ool b g ks f efctontngs, especaly thise
that remeve clones from the eode.

finud out whether g Fiametion provides goord

snggestions for object-criented programming langages other than Jia and
whether other features neee 10 be conshbered in that case.
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Learning technic dning the moded
in a ranking task fi].
Thore e sever g Lk apgronches, where e i e
lstwise ch usually perform better than common polntwise
appRoachun G The palrwis pfecarh lurm by ecuparing tuo lr-mmgub
jocts and their given ranks {‘gromd truth'), whereas in our case the listwise
Iy lewrns from the list of all given rankings of rofactoring suggestions
fou a Jomg wethod. Liv et al. [§ pointed out that the pairwise and the listuise
approaches usally perform better than the pointwise approach. Therefore,
wedo ot ey on a pointwise apprissch bt use pairwise atd lstwise learning

mark exilection for research on several

Jearning bo k. ook the Learing To Rk (LETOR) ot e -

s that paintwise badly von-

pard i palrvis an listwise spproscivs. In ndditon, lstwise approsches

often perform better than pairwise. Howevee, $VM-mk, a pairwise leasing

s rank toal by Tsochantardis et l. (18], performs quite well and the first ex.

s o data set showed that SVM-rank muy lead us 10 interesting

results. We sot the parameter =¢ to 0.5 and the parameter -8 to 5,000 as a
trade-off betworn time consumption and learning performance.

Beside SVM-rank, we el a listwise lenraing 1o rank toal, ListMLE by
Xia et al. 1], I their evaluation, they showe that ListMLE performs better
than ListNet 1. (1), which was alse considered to be good by Qin
ot al. Lan ot al, (7] improved the leaming capability of LisMLE, bt did
Bt provide binaries o source code; =0 we were unable 10 use the mprovsd

wersion.

LIstMLE naeds to bo assigned o tolerance rate and o lesrning rate. In
n series of experimcats we performed, we found that the optival raking
performanice on our data st was with a tolerunce rate of 0001 and a learning
rate of 1E-15.

1.2.2 Trainiug and Testing

The g pogees oocaleted oftes sep: sl ard v, We apled
erussalidation [1 1 ettt . e it our lewrning ot o 10
sets o these sets, where

i of U st weze comidsssd 1o be Lrnmngdllniullmnl was sl s
test data.

Tost duta is wseed Inmlnmlhfrlnkln'peﬂ'ﬂﬂnlmnhhhmmm!
fuanction by by the
earued scvelng functian ‘uh s yuh iven by the learniag dta W e
NDCG metric W their

To answer RQ1 and RQ2, we used the learning to rank wols SVM-runk amd
ListMLE to perfortn  1-fold cross validation on our training and 1est data
st of 177 long methods, and & total of 1,185 n(wlcfh: eandidates. We il
Iustrate the stability of the single cocfficients by using bax plots that show
hom the conffcients are distributed over te ten iterations of the 10-fold eross
validation.

To answer Q3. wo simplificd the learned seoring function by omitting
foatures, where Ui seloction crierion for the omnitied features is prescrvation
of the ranking capahility of the scoring fanetion. Our initial feature set con.

tained mensres of bength, For the sake of simplicity, we would
Hh o have only one measure of length in our scoring function. To find out
which moasure best fits in with our training set, we re-ran the validstion pro-
codure (again wsing ListMLE and SVM-runk], but this time with only oo
length messurement, wsig ench of the length mesuresents oe ot o time.
W contined with the feature set reduction until ouly one feature ws Joft.

143 Rosults

The following parngrapls answer o rescarch questions

RQ1: What are. the results of the learning fooks¥

Figures .3 ane L shiow the resuls o the 1Sl eross validation foe ListMLE

i for SVM-rank, respectively. For cach single foature, i, there is & b plot
of the cormesponding coefficient,

) - 2

" A
il

-3 - 8| .
™ .
[ P
i
16| §
sl
)

T E—

Result From  Fig. 13 Learning Result From
LmlLE With All Features Merak With All Fentures.
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Delta zu Alternativen im Masterstudium

e Mehr Freiheiten
— Themenrichtung
— Eigene Forschung mit abgestimmter Methodik
— Eigenes Tempo und eigener Zeitplan

e Hohere Anforderungen an Selbstorganisation

e Mehr Moglichkeiten fur personliches Wachstum



Personliches Fazit

e GR war Uber das gesamte Masterstudium auf meinem
,mentalen Stack”

e GR hat mich aus meiner Komfortzone geholt
e |ch habe richtige Forschung betrieben
e |ch habe die Forschungscommunity kennengelernt

e |ch wirde das GR nochmal machen



Finanzierung

Zu deckende Kosten: 1k€ bis 5k€
e Anreise und Ubernachtung
e Konferenzgebuhr

Finanzierungsquellen (oft Mischfinanzierung)
e Reisekostenzuschuss der Fakultat

e |ehrstuhle

e DAAD Stipendien

e CQSE

Entscheidungsprozesse dauern oft lange -> Fruh kiimmern



Agenda

1. Motivation
2. Anbahnung

3. Durchfihrung



Konferenz Tag 1 - 18.01.2017

EES —

Forum IT

area | Kaffi & Networking im Ausstellungsbereich

M

nfug!...aber ist  Continuous Integration fir  Improve

nchen Wien

Salzburg iy

Oste

Ranorex in the Agile World  Testumgebungen zuf sinen
th search-basad lick - zeitgemé&hes
rklich techniques

Testumgebungsmanagement
als Herausforderung und

ments
r eine
=tzung mit

(FLOITSU Enabling Software

14:05 Learning to Rank Extract

- Method Refactoring
Suggestions for Long
Mathods

Kontinuierliche Strukturierte Tests bei Continuous Delivery - Feel A portfolio of internal quality Scrum in Embedded Zertifiziarung Quality
Architekturanalyse defizitdrer Dokumentation - your Quality - Every Day metrics for softwars Systems Engineer fir das Internet
Wia man zwei Flizgan mit architacts der Dinga

ziner Klappe schlagt

& GribH, Linz,
(iSQT GrmbH,

mbH,

Execution




Auswahlverfahren
10-50% )

TN
R R fuif i)

Q0

P Aaao a3e/A
E Aa@aa a9



Hackordnung

[CSEs

Acronym

CHASE

CSI-5E

MET

RAISE

SEAD

SEsCPS

Full Name
11th International Workshop on Cooperative and Human Aspects of Software
Engineering
5th International Workshop on Crowd Sourcing in Software Engineering
Intarnational \Workshop on Metamorphic Testing
SQUADE
SoHeal MiSE GE SEAC0G SER&IP
AST
WETSEB SEHS RoSE FairiVare SES0S
GREENS CESI SEFAIAS SBST RCoSE al

Ziel: Einreichung auf Workshops

40" INTERNATIONAL CONFERENCE ON
SOFTWARE ENGINEERING corienati: sweve

Date

27-May

27-May

27-May

SE4Science
RET

SEEM

Konferenz
10%-25%

Workshop
40%-60%



2 B3




IWSC 2018 Registration  Objectives  Program  Call for Papers  Important Dates  Keynote  Team  Previous Editions W f

Call for Papers

12th International Workshop on Software Clones (IWSC 2018)

Co-located with the 25th IEEE International Conference on Software Analysis, Evolution, and Reengineering (SANER 2018)
March 20, 2018, Campobasso, Italy

Software clones are often a resu

L nf rerweine and poctinn g an aet of s b regiee by peonrammere _and ean aeear at reooas lewele froe ciminle

slatement seguences (o blocks,
miodels, reguirements or archited

today.

IWSC series of evenlts has provid
IWSC aims to bring researchers
particular, we expect the in-depth

Jalr &

about IWSC 2018 are here on thi
TOPICS OF INTEREST:
Topics of interest include but no

Use cases for clones and
Experiences with clones ar
Types and nature of cloned
Causes and effects of clor
Technigues and algorithm
Clone and £ patlern vis
Toals and systems for detq
Applications of clone deteq
Systern architecture and cl
Effect of clones to systern

-
-
-
-
-
-
-
-
-
-
s Clone anal in farmilies d
-
-
-
-
-
-
-
-
-

Measures of code similarit
Econormic and trade-off rmy
Evaluation and benchmark
Licensing and plagiansrm i
Clone-aware software dexi
Refactoring through clone
Higher-leve od
Clone evolution and variati
Role of clones in software

SUBMISSION:

Papers must conform to the |EEE proceedings paper format guidelines. If the paper is accepted, at least one author must attend the werkshop and

present the paper. Accepted papers will be published in the |EEE Xplore Digital Library along with the SANER proceedings.

All submissions must be in PDF and must be submitted anline by the deadline via the IWSC 20718 EasyChair conference management system.

Submit your papers here === EagyChair<<<

IMPORTANT DATES:

s Ahstract submission deadline: January 19, 2018 Aok
Paper submission deadline: January 26, 2018 AcE

Motifications: February 16, 20018

Camera Ready deadline: = February 22, 20018 ==

Workshop day: March 20 2018

GEMERAL CHAIR:
TED
PROGRAM CO-CHAIRS:

« Ying(Jenny) Zou (ying.zouMgueensu.ca), Queen's University, Canada
« Matthew Stephan (stephamd@miamioh.edu), Miami University, USA

STEERING COMMITTEE:

« James R. Cordy, Queen's University, Canada
o Kalsuro Inous, Osaka University, Japan
e Rainer Koschke, University of Bremen, Germany

PAPERS SOUGHT:

Each paper will be reviewsd by 21 least thres members of the program commities following a full double-blind process. Authors must adhere to SANER's

double blind guidelines - http://sanerunimol.it/restrack. The following types of papers are sought:

s Full papers (7 pages maximum)
o Position papers (2 pages maximurm)
» Tool demonstration papers

(4 pages maximum)
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Anforderungen an Thema

e Gibt es ein klares Problem Statement?
e Kann ich Alternative Losungen objektiv bewerten?

Warum?

e Entscheidungsfindung wahrend Bearbeitung
e Einfacher, Betreuer zu Gberzeugen

e Einfacher, PC zu Uberzeugen

i

Noch wichtiger fur GR, als fur BA oder MA. e
Mehr Infos: www.thesisguide.org et 11



http://www.thesisguide.org/

Anforderungen an Betreuer

e Veroffentlichungserfahrung notwendig
e |dealerweise auf geplantem Workshop
e (Quellen: scholar.google.com, DBLP, personlich Webseite.

Elmar Juergens # Zitiert von ALLE ANZEIGEN
> Ao CQSE GmbH _ _ Alle Seit 2013
| Bestatigte E-Mail-Adresse bei cqse.eu - Startseite
Software Qualitat Zitate 2140 1441
h-index 21 20
i10-index 34 26
TITEL : ZITIERT VON JAHR 320
240
Do code clones matter? 375 2009
E Juergens, F Deissenboeck, B Hummel, S Wagner
Software Engineering, 2009. ICSE 2009. IEEE 31st International Conference on .. 160
COPE-automating coupled evolution of metamodels and models 198 2009 a0
M Herrmannsdoerfer, S Benz, E Juergens
European Conference on Object-Oriented Programming, 52-76

2011 2012 2013 2014 2015 2016 2017 2018
Clone detection in automotive model-based development 172 2008

F Deissenboeck, B Hummel, E Jurgens, B Schatz, S Wagner, JF Girard, ...

Proceedings of the 30th international conference on Software engineering ...



Agenda

1. Motivation
2. Anbahnung

3. Durchfiihrung



Sicht eines BA/MA-Betreuers

SIXEREX1LL, ?

? Regelmaliges Treffen

Treffen nach Bedarf
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Overall Evaluation:

Potential Impact to

Real Werld Focus:

Good topic, but weak presentstion.

Elmar Jurgens
Dec 22, 10:02
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2: (Low - Not expacted much impact)
3: (Good - Encugh real world focus)
4: (high)

The paper presents a study based on interviews and data extracted from
reszarch division and frem a product division at Microsoft. Mast of the de

My main concern with the paper is the lack of a strong problem stateme:
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doss 2 good job at iterating different motives for open-sourcing code, it
reader vhich specific goal such a general measurement as DDE has and

measure behaves differently, depending an project life cycle phase or rel
unclesr, if the behavior of DEE is problematic or not.

In & nutshell, the paper deals too much with what is easy to measure, nc

Roints in favor:
- Our community would benefit from a better understanding of the factol
- Direct developer involvement

Points against:
- Most of the projects are from the reszarch division. As the paper state:
research projects, For the in practice track, this is not a good fit to me.

- There is very little information that I as a practitioner who faces these |
- The introduction reads too much like a related work / survey and too lit
to me, the study and DEE are hard to interprat.

Minor points:
- On page 1, the acronym DEE is used before it is defined on page 2. Thi
- In page 2, the paper states that the projects wers "carefully selected”.
unclear to me why the fact that "project owners [that] are more concern
this study. If they are "more” concerned, they are probably not represen
- Why would a deepar knowladge of user demographics help developers
conversations with the user base to be a much better means to understa
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something. For me as a practitioner. the paper lacks a specific problem a
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Nataliz Juristo
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Guenther, since you are the one with a different view here, could you ple
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Thanks,
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Comment 2
Guenther Ruhe

Yes, they do. My former concerns already have been that the paper does
an industrial perspective. I agree with the related comment made by Rev
attractive TOPIC and the good presentation.

I modified my evaluation.

Thanks,
Guenther
Dec 28, 19:17
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Didar Al Alam <didar522@gmail.com>
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3: (Enough - Work could impact industry)

3: (Good - Enough real world focus)

Thanks,
Natalia
Time: Dec 28, 17:11
Comment 2
PC member: Guenther Ruhe
YYes, they do. My former concerns already have been that the paper does not offer too much on tangible take-ways from
an industrial perspective. 1 agree with the related comment made by Reviewer 3. The main reason I scored 2 was the
attractive TOPIC and the good prasentation.
Eammeyt: 1 modified my evaluation.
Thanks,
Buenthar
Time: Dec 28, 19:17
Review 1
PC member: Guenther Ruhe
Reviewer: Didar Al Alam <didar322@gmail.com>
Time: Dec 28, 19:18
Overall Evaluation:  -1: (weak reject - reject. but could accept)
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Resl World Focus:  3: (Good - Enough real world focus)
Reviewer's -
confidence: 5 (expert)
Review
1. This paper presents multiple case study at Microsoft. It examines the challenges of open sourcing industrial projects. The authors analyzed decision
making and best practices for open sourcing projects. They alse compare challenges and practices from projects under different divisions.
2. Points for the paper:
« Context of the paper and purpose of the study are well explained.
« Of strong interest for (large) crganizations following hybrid closed and open source development.
« Well organized background study. Authors identified existing gaps in literature and mapped with contributions of the paper. Goal of the study is well
explained and the whole paper is structured around the goals.
« Comparison of projects from two different divisions. It helps to understand the commanalities and differences between divisions. It also makes reader
aware of generalizing results across projects.
« The paper revealed findings related to assessing DEE in industrial OSS projects, Extracted best practices will provide a road map for any industrial software
firm to open source projects. The paper does nat provide decision support, but helps to understand the decision process.
« Findings and practicas are supported by example prejects, interview statements.
Points against the paper:
s Overall, the paper would bensfit from some higher dagre= of spacific. For example, when talking about trade-offs, what are the dimensions of it?
s Archival data from Github iz mantioned in the abstract. Wish thare would be more details on that procass and the data.
» Tha sbstract should prasant 3 summary of findings. Reader does not have any clue of actual findings until thay raach the end of the introduction.
# Decision points and trade-off dacisions are mentioned several time in the paper. However, the decision scenario is not made explicit. What are the decision
alternatives? Utility function(z)? Who makes the decision? Based on what?
+ For projects with multiple repositaries, authors considerad anly one (to “avoid complications"). This looks like a strong simplification. The authar should
discuss undar "Threats to validity” how this decision impacts the study.
» It seems, the data is collected from GitHub over time, Why forks, stars and watchers are considered zs static data instead of temporzl. These values
change over time as well.
 For some findings, some of the examples presented show completely different behaviour. Along with reporting these behaviours, authors should also
Revigw: presant the percantage of projects follow a certzin behaviour and which is applicable under what type of condition.
# Each section consists of 2 set of findings or practices. Authors should list the key findings in 2ach section. With all the examples, stories and discussion, it is
hard to identify the key message. Reader may get lost and miss important information easily.
« In section iv-c, the authors discussed converting industrial projects to 0SS being done early vs late. For a fair comparison, authors should discuss pros and
cons of both approaches.
« In section iv authors discussed decision making under different conditions. Tt would be good to suggest a certain option that works better under specific
conditions.
« Authors identified a number of metrics (from practice) for DEE calculation. Any recommendation on their application?
» Measures like download counts, number of page views in GitHub, and number of logins give an estimats of the user activity. However, size of the user base
is identified when the data is filtered based on IP (Internet Protocol) addresses and other unigue identifiers. Author should explain, how DEE calculations will
get affected in case of considering one vs the cther,
* To measure popularity of 2 project, 2 number of metrics are presented. How all these metrics will come together to calculate 2n overall value of the
popularity. Or should we consider them independenthy?
» Some of the best practices are applicable for both industrial and non-industrial OSS projects. Some are only applicable to industrial cpen source projects.
This information should be added for each practice.
* Key findings and messages of the paper should be summarized or visualized. The study is comprehensive. A large list of findings is presented with
discussion, example and practices. It is hard for the reader to keep track of the content or idantify all the findings and their applicability.
® Minor:
o DEE iz first used reader does not know what DEE stands for. It was first defined one section later
o Justifications for not recording interview is not clear. Recording has its pesitive arguments as well. Author should discuss both pros and cons before focusing
on a decision.
4. Suggestad improvements:
- Imprave massaging by highlighting some concrets and operational findings.
- Pravide mars concrete data
- Address issues listed under 3.
Confidentis!
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Comment 2
PC member: Natalia Juristo
0Ok. We reject this paper then,
Comment:  Thanks!
Natalia



FUr den Reviewer schreiben

e Problem-Statement und Contribution herausarbeiten

e Etablierte Gliederung verwenden:
https://thesisguide.org/2014/10/13/thesis-architecture/

e Text einfach lesbar machen. Das ist hart und anstrengend.
Aber planbar und erlernbar, keine Talentfrage.
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Was mir am meisten bringt

e Schreibzeit blocken
e Qutline zuerst
e Schreiben und verbessern voneinander trennen

e Kompletten Absatz schreiben, bevor ich irgendwas
verbessere

e Text,abkihlen lassen” und dann nochmal Korrekturlesen.
Bei mir am besten mind. 1 Tag spater.

e Esgibt nicht die eine ,richtige” Art zu schreiben, die fir alle
gleich gut funktioniert.
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How to write an essay

Montaigne and blogging

The stupid way they teach (but neglect that most essays suck)
Finding ideas and starting

Getting Stuck

Reading and revising

Knowing when you are done

People forget writing is comprised of three things: words, sentences and paragraphs. If you know a few
words, you can make a sentence. If you write a few sentences you can make a paragraph. Keep it simple
and filling pages gets easy. It's when you make writing more complex that problems arise. The first
lesson then is to string words together. One, two, four, ten, There is avays time to make it more
compilex later.

There is no answerto how to start. Make an outline If you like. | often do. It’strue all writing begins
with ideas, but we forget ideas are like whispers in our minds all the time, and we can hearthem f we
have the quiet courage to listen. | keep a notebook with me at all times and that’s one source for writing
1use. In conversations with friends, watching TV, or waiting for the bus, | put down ittle ideas. |

Allwiting begins with ideas, and that's where lly start. | getan khea fro —

while daydreaming and write it down. When | write it down | sometimes find there are several
sub ideas underneath the first one that are interesting or explain the first point | started with, so | write
those down as well. Sometimes this goes on for 30 seconds, other times for 5 minutes. | may come back
aweek later and flesh one of these sets of notes out, but more often | abandon them. | have books and
books of abandoned kists of ideas for things in various stages of incubation. It's a good habit to have as a
writer-lots of half-baked ittle things lurking around., When you're bored or stuck, it's an inventory of
things partially done, and that's a gift to the future me who might just need a little boost to start from
nexttime,

g 1 e from st 0f ideas or goints dnd ps b
screen. That's my outline. | don"t want it too detailed, and | don’t want
that have a dear point of view and divide the world, nievely.

Youtube: http://youtu.be/BNDEDWwWZyKM
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To get quick results, [ put

How to Spend Your Writing Time Well?

Every-A thesis eemprises-is made up of several chapters, stehas-including an
introduction, definitions, related work, proposed solution, and conclusion. You must

decide how much time (and pages) to spend on each of them. I call this writing resource
allocation.

[f this step is done poorly, authors will waste a large part of their writing time on
chapters that are not central to their thesis; for example, producing bloated definitions
or; amyriad efirrelevant technical details-eretherwaste. Not only does this distract
readers, it also inevitablyrobs authors of the time they need to write their central
chapters carefully. Therefore, pPoor writing resource allocation is thus-an-effective
recipe to-write-for a bad thesis.

So hHow te-do you do it this step well? For me, writing resource allocation is a lot like
allocating plate space when eating at a large buffet. EerbBoth problems_have ;thereisa
similar solution strategy that is intuitive, widely applied, and reliable-te-preduce poor
e

[pasta, and Ppotatoes.

[ get morepickypickier
FPpork, some Elamb
about to leave with a full
1 be a fool to leave it out! [
Ice for the Sscallops and

everybedy-anvone that not

jreedy allocation strategy-
rell.:

pty pages. To get quick

s is often the introduction
tions. s 1t can be
rin-adding three pages
ust heard a course about,
ay. So it should be in the

pdy strategy when it

James Morrison

Imedits@agmail.com

comes to the important chapters. You-are hard pressed-for time whenyou-When it

comes time to write the contribution and evaluation, or whichever chapters matter
most, vou find yourself pressed for time. To make things worse, the really interesting
ideas often come only after you have been immersed into a topic for a while; that s, -
This-is-at the end of your writing time. Just as-like with ferthe reallytasting tastiest
buffet items, there is no space left. They end up are-either being left out; or they
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FIERCO Gevesopens sometimes select satements WAL Canot be extracted (1or
example, when several outpat yg;nnm are equired. but are not supparted

by the programming banguage) (13,

Learning to Rank Extract Method
Suggestions for Long Methods

Roman Has! wud Benjamin Hummmel?
* Tochnen Unresty of i, Libesierir 3, Garcin, Germany
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Summar,
I alnoe. developusest. . impeoves a0 radubliy, reduces compieniy, an
scmetinnes

ety derim exract et elaccring smggetlons o ong o, medhods, et
el saggestins for roncl relies on o sevrivg fane-
o et ks ol vkl sfciorig po ...,.mlm..(uw el cndidtn b Hiomly

of wndertanding of the scoring function. In this pa-
per, we present sroring features, for the
Fonidng capabily. In dilition, wo evobuste the rasking capabiiy of Le suggreted
scoring, fanction, aml derive & better wid Joss comples oue using bearning L rank
tochninaes.

words: Learning to Runk, Refactoring Suggestion, Extract Metlod Refactor.
g Long Methos]

1.1 Introduction

Alang method s B w

-m-m-n ‘s f them nes e mechi, This

statements could bo exctracted into o new method. The lterature pescats
several approsches that can be wsed 0 find extract method refactorings. In
 previous work, we suggested  method that could be used 10 automat

find gooxd extract. method refactoring candidates for long Javi methods
Our finst protatype, which was derived from manual experiments on several
open sonirce Implementod a scoring fiunction 1o sank an-
dates. The result of or evaluation Las shown that his frst prototype finds
suggestions that are followed by results of our
A prtetypo eve b kplemtod n it ok ity sl
st

Probiem statement. The scoring, fanction s an essential part of our ap-
proach 1o derive extract mothod refactoring suggrstions for long methods
It is decisive for the quality of our suggestions, and alwo important for the
complexity of the implementation of the refuctoring suggester. However, it is
currently uncear how good the scoring finetion actully performs in ranking
refactoring sugwstions and bow msch complexity will be needed 1 obtain

Thescfore, in wark, we need a deeper
understanding of the scoring function.

Contribution. We do further research on the scoring function of our ap-
prowch to derive extract method refactoring suggestions for long Javs meth-
s, We use techniques in order o bearn which features of
the scoring function are relevant. to get meanlugful refuctorkig suggestions,
e t0 kewp the scoring function as simple as possible. In addition, we eval-
uate the ranking performance of our previons soring finction, and compare
i with the pew scoring function that we learoed, For the mackine learning
setting, we use 177 training and testing data sets that we obtaioed from 13
well-known open source systemms by munually ruking five 10 nine mndosnly
seloctex! valid refactoring candidates.

In this paper, we show how we derived better extruct method refactoring
suggestions than In our previons work 1sitg learning to rank tools.

1.2 Fundamentals

method refactoring’, and is the most often used rofactoring in practice

“The process of extracting a method can be partially antomated by using
madern do M environments, such as Eclipse IDE or lnelli) IDEA,
that can put & set of extractablo statements (nto # pew method. However,
dovelupers sill moesd to fimd this sot of statements by thomselves, which takes

1 T o Tariin, LA BN G4 4 5 geCRES, Ve LY e
wut candidates th {nput parameters, thy

“Jomg parwmmeter list” menthoned by Fowlor (2. To avoid mluumm:w
input porumetars ase bod, we considered only candidates that lind ke Gian
four input parameters.

e ket seried canckdeien sl ich tmpact 0 compeney
reshuction and readability improvement. The higher the ranking we gave &
candidate, the betser the suggestion was for us.

me of the randomly selocted methods were nol suitable for an extract
method reéactoring, That was most commonly the case when the code would
ot benwiit from the extract method, but from other ofactorings. In addition,
for somw wethords, we coukl not derive o meaningful ranking because there
were only very weak candidutes. That is why we did not e 18 of the 105
randunly selected long metbods t learn our seoring function.

1.4 Evaluation

In this section, we present and evaluate the results from the learning proce-
dure.

141 Resoarch Questions

RQL: What are the results of the learning tools? In onler 1o gt
scaring, function that i capabie of ranking the extroet wethod refnctoring
candidates, we decided to wse two learning to rank tools that implement dif
forvat approaches, wied thit lid performed well i previous studics.
Q2 How stable are the learned seoring Fanctions? To be able to
derive implications for o reak-workl scorig fupction, the conficients of the
learnend scoring Funetion should not vaey o lot during the 106l eross vl
wtion procedure.
RQ3: Can the seoring function be simplifled? For practical resons,
it is useful to lave & scoring function with & limited number of features
Acditionally, reducing the search space may increase the performance of the
learning o rank ool - resulting in better scoring Rinctions.
RQ4: How does the learned scoring function compare with our man-
ually ane? In our previous work, we derived a scoring funetion
by mannal exprriments. Now wo can use our kearning data st to eviluste
tho sanking podormance of the previousy defined scoring fanction, and
compase it with the lesrned

O Wetp/fin tem. do/-hans /125 _smrc,_data.2ip) mo provice ous ankings snel
from which

function that is able to
rank extruct lmllmd refactoring candidates, and s n"rnllhu‘l discounted
i this

escice, we axpll 1o Wchikgio, 00 ioeld et o e 8 A Japir

To answer RQ1 and RQ2, we used the learning to rank wols SVM-runk amd
ListMLE to perfortn  1-fold cross validation on our training and 1est data

st of 177 long methods, and a total of 1,185 refactoring candidates. We il
Iustrate the stability of the single cocfficients by using bax plots that show
hom the conffcients are distributed over te ten iterations of the 10-fold eross
validation.

To answer 1103, wo simplificd the Jearsed scoring function by omitting
foatures, where Ui seloction crierion for the omnitied features is prescrvation
of the ranking capahility of the scoring fanetion. Our initial feature set con.
taned s difforent. measres of length, For the sake of simplicity, we would
like to have only ome measure of kength in our scoring function. To find out
which measure best fits in with our training set. we re-ran the validation pro-
cxdur g wing LitMLE aod SV wkl bt i tooe with only coo
length messurement, wsig ench of the length mesuresents oe ot o time.
W e i b o st i wntil ouly one fewture was loft.

143 Rosults
“The following paragraphs answer the rosearch questins.

RQI: What are the results of the learning fols?

Figures [ e [ shiow the ressls of the 10l cross validation for ListMLE

il for SVM-rank, respecti l'y cach single foature, i, there is a b plot
of the corresponding coeficient,
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Result From  Fig, 13

Fig Learning. Learning Result From
LerMLE Wik A Fesbop

SVM-rank With Al Features

img i ining the mode]
i a ranking task [1).

There are several learming to rank appeosches. where the pairwise sud the
Hatwie ch usnally perform botter than common pointwis regresion
approaches . The pairwise appraach learis by comparing tw training obr
Jocts andl their given ranks (groud truth’), whereas in our case the listwise
wpproach learns from the lst of all given rankings of rofactoring suggestions
for  Jong methoxl. Liv et . ) pointes ont that the pairwise and the lstuise
approsches usially perform better than the pointwise approach. Therefore,
e do ot cely on a poistwise approach but use pairwise and listwise learning
ta rank tooks.

Qin ot al. 18] constructed & benchmark eollection for research on several
st 0 s ol o e Lo T ok (LETOR) ot el =i T
pared witl parwise and listwise opronce. T i, ot .wmdm

t, SVALmunk, o pirwise learsing
| performs quite well and the first ex-
peciments an o dat set shoved that SVM-runk way kead us to interesting
results. We sot the parameter =¢ to 0.5 and the parameter -8 to 5,000 as a
trdoof betwoen the consumption wd karing perormanc,

Beside SVM-rank, we e o [ ing 1o rank tool, ListMLE by
i al 1], bt et (e shomed 1t LIabILE peo bt
than ListNet by et al. [1], which was also considered to be good by Qin
ot al. Lan ot al, (7] improved the leaming capability of LisMLE, bt did

bisiries oe source code; 0 we were unable o use the improved

wersion.

LIstMLE naeds to bo assigned o tolerance rate and o lesrning rate. In

n series of experimcats we performed, we found that the optival raking

o o data st was with a tolernce rate of 0001 and a learning
rate of 1E-15.

1.2.2 Trainiug and Testing

e bating pogess conset of v seps riing mnd ting, e applied
cross-salidation (16] with 10 scts, that . we split our earwing data
- We peeformed s where
Nineof e tte wero conskeeod 10 b lr-imnsd-u-mhnr-u was useh as
test data
Tost data is st Inmlnmlhfru\hn'prr&lﬂnmnhhlnmmg
function by by the
earued scvelng functian ‘uh s m.n. e by the earving o W e
NDCG metric

L T heretore, e
w LMLE performed becter than the scoriug function found by SVM-rank.

“Tuble 1.2: Coeficients of Variation for Learned Coefficients

RQ2: How stable are the learned coring fanctions?

“Tabde 1.3 shows the avernge. minimum and maximum coeflicients

tion (CV) for the learned conlficients foe ListMLE and for SVM-rauk. Sumall
CVi indicate that i reative ferms the rosalts from the singhe runs in the
10-croms fold procrsturo did not vary  lot, whereas big CVs indicate big dif-
ferenees betweon U Joarned coeficients. As the CVa of the single features
from LIstMLE are nuch seualler than those of SVA-rank, the coellicents of
ListMLE are tauch more stable coupared with SVAL-rank. SVM
coufficionts with a big variance between the singhe Herations of the valida
process: that i, despite the heavy overlappinig of the traiting sets, the loarned
coeficients vary  lot ane can hardly be generalized.

RQS3: Can the scaring function be simplified?

Figure L4 shows a plot of the averaged NDCG measure for all 12 rums, Re-

member that we actually had three length measures, and we comsidered the

ulnulum s the relative values for all of them. As the reduction of the mum-
of Satesens I to  Weher KDICG o LIUMLE (Wi owtpekrmed

gy respect to NDCG), we chose to mer it as our Jength

Far. T practic, ot v bl e, il Lo e oo gty

commented lines, the mumber of statements only counts real code.

S a8 B8 LaMLE (abm)
087
Z 0w
< 085 08 SVAL-rank (rel)
14C Toben Stat
Length Meassre

Fig. 1.4: Averaged NDOG When Considering Ouly One Longth Measure

aeus vy
the goodness of the rauking lit (obtained by the application of the scoring
function). Mistakes (i the top-most ks huve a bigger inpact on the DCG
mewsure value. This is usefil and important to s becatse we will pot suggest
all pasible refactoring candidates, but oaly the highest-ranked ones. Given
 loug method, m,, with refactoring candidates, C,, suppose that 7, s the
ranking list on C, and g,, the set of manlly determined grades. then, the
DCG at pasition & bs defined s DOG(E) = }:,,“ ,G(,)o(mu» where
G() s an exponcatial gain function, D(.) s a pasiti ncticn,
nd %,(j) is the position of refactoing candidate, <, . i .. Woset G(j) =
2% — L aml D{w(j)) = .+ To noemaliae the DCG, and to make it
comparuble with messures o otber o cthods, we divide this DCG by the
DCG that a perfect ranking would have obtained. Therefore, the NDCG for a
candidate pankisg will always be in 0, 1], whero the NDCG of 1 can only be
obtained by peefect rankings. In our evaluation, we consider the NDCG yalue
of the last position w0 that all ranks are taken lnto sccount. See Hang (§ for
further dotails

1.3 Approach

We discuss our appronch to improve Use scorlsig function n order 10 find the
best joms: for extract method refactoring.

1.3.1 Extract Mothod Refactoring Candidates

In our previous work £, we presented an approsch to derive extract method
refisctoring suggestions automatically for Jong wethods. The maln steps arv:
generating vlid extract method refactoring candidates, ranking the cands-
dates, and pruning the candidate list,

In' the followitse, & refactoring candidate i & sequence of staterments that

oring -
We derived refactoring candidates from the control and data flow

of a method using the Continous Quality Assesssent Toolkit (ConQA’

open source software. We filtered cut all invalid candidates, thiat Is those that

violate peeconditions thiat need 10 be falfilled for extract method refactoring

(for details, e [1). The second step of our appeoach was to rank the valid

* v congut. oxg

o e g pecloriance ad feovl i1 e west eratua A seorag
Fumction that anly input Tength amd
Besting asea reduction nml?ml an average NDOG of 0.885.

RQ4: How does the lenrnad scaring function compare with owr manually
determined one?

The scoring function that we presemted in [l achieved & NDCOG of 0.
which is better than the best scaring function learned in this evalsation.

4 i et rem ofthe g Lo vk ok, s

counplesity are msch more relevant foe the ranking,
and theebors bave ¢ mwmnvdy high imupact, Furthermore, the stability
of LIstMLE ks highes on our data set. than the stability of SVM-rnk. For
EVmak ther ' i ok 3 the are coelcietn i g oo
be i reason for [ ——

The 4 o 1 peeble
without big reductions In the ranking porformance. The biggos influences on
e raaiking performance were dhe pouction of the mumbe of statenents, e
reductian of nesting area (both are complesity indicators), aed the number
of input parameters.

Manwal improvement As already mentionsl, the learned soocing functions
it ot outpesionn the mansaly determined seoring fanction from our pre-
i wark. Obwicusly, the Iesruing tools were pot able to find optimal o
efficints for the features. To improve the scoring funetion from. onr previ-
s work, we il manal experiments tiat were influpaced by the results of
ListMLE ared SVM-rank, and evalunted the results using the whole learning

et

W were abile to find several scoring funetions that bad only a handful
of features and u better ranking performance. fhian our scoring function from

i ackition to the thive most
importan fentures that we obtained in the answes to RQ (fetnes #3, #7,
#10). we also ook the comment features (#14-17) nto consideration. The
b difforensos betwren the previous seoring fmction amd the manally in-
proved one from this paper arc the length rediction measure, the omission of
nesting depth, and. the wnber of output

By taking the results of LisMLE amd SVM-rank into consideration, we
were able to find & coofficknt such that the scoring fanction achleved
u NDCG of D881 (see Table 1.3). That means that we were able to find a
better scorimg function when we combined the fndings of our peevious work
with the learned coficients from this paper.

D BIEFIng Ot VEFY ST CATKIALES, U OYJEF L0 OA esentially dittecent
suggestions.

In the preseat paper, we focss on the ranking of cundidates, and especially
on the scoring function that defines that ranking.

1.3.2 Scoring Function

VO il G N M o M S o g s
o refuctoring candidates, <0 that top-most ranked candidates are most
Ty o 0 chem by vl i s seirct etk efctirig, The e
g function is a linear function that caleulates the dot procduct of » cofficient
vector, ¢, i a foature value vector, /. for each candidate. Candidates aro
nrranged in docreasing order of ther seore.
In this paper, wo 1w & hasis of 20 features for the scoring function. In
the following, we give n short overview about the features. There are thrve
chagrit o Bmtare cimplecy-rahed starn, panimtes i sl

e st the eture s with rferencs 0 w0 example refactoring
i (€, and C3) that were chasen from the example wethod given in
Figure [ The gray area shows the nesting arva, which is defined bekow. The
white tbers speeify the nesting depth of the coeresponding statement,

an L1 Eau-mvlv' Method with Nesting
tatements And Example Can-

.m.u,

Complesity-relaten features

We wlnly focused on reducing complexicy and incroasing readability. For
complexity indicators, we wsed leagth, nesting and data fow information. For

1.5 Threats to Validity

Learning from data sources that are either oo sinilar or 100 small means
tiat there i chance that no generalization of the results s presible. To have
enough data to enable us tw learn o scoring funetion that can rank extract
method refiactoring condidates, we choss 13 Jaw open saurce projeets from

ulfrom each project 15 Jomg methods.
We manually reviewed the long methods, and ltered out those thit were sot
appropriate for the extract method. From the 177 remaining kg wethods,
we randuly chose five to nine valid refactoring suggestions, depending on
the methaod length, We ensured that onr learning data did not comain any
o oo 10 v g s s .

| which is & threat

o l‘ldl‘y allm IIl-m I o commonly Wl“‘ way an how to shorten a long
3 b0 single ranking eriterion exists. The ranking wis

e vty mufulh it the g of rducing the complety aid focrasiog

the readability and understandability of the code as much s possi

e scormg Fancton should provide  runking such (hat we can tahe Futhee

refactoring suggestions with the sane aim.

We relied on two learning to mnk tools, which represents another threat
to validity. The learoed scoring Runctions heavily depead on the twol. As the
learnexd scoring functbons vary, it is necessary to have an independent way of
exaluating the ranking, performance of the loarned soring funetions. We wsed

e ity vod e NEICE b oot the sccmg ancsian, e applad
a 1-fold cross validation procedure (o obtain & of the

FECIES 10 0 L I MO W SMPACE 10 LA KN, ot are L
refact on the

on the nnui)ﬂ of tokens, and on |h |um|||n of statements — all of them s
both abwolute valies aied relative to the original method leagth.

We consider highly sested methods s wore complex tnan moderately
nesterd ones, and tse two features o repeosent the rediction of nesting: re-
daction of nesting dopth and reduction of nesting area. The nesting area of &
method with statements S, 0 S,,, ench having & nesting depth of ds,, Is de-
fined to be ¥ The iden of nesting area comes from the area

ngle pretty pe [ gray arvas
Datafiow nfoemation can also indicate complexity. We bave features rep-
rosenting the number wrinbles that are read, written o road and written.

Parameters

We considered the tmber of input ated output paratmeters as an indicator of
methods,

10 keop low using our suggestions. The more parameters that are pecded for
 set of statements 10 be extracted from  method, the more the statements
will depend om the rest of the original method.

Structural information

nn.uy, we bave some features that represeat strictural aspects of the oo
for code & that methods should process ouly ooe

Vet it bl 1 principle are casiee to understard. As developers
often put blank lines or comments between blocks of code that process some-
thing else, we we features the existence and the number of blank
or commented lines at their beginning, or at theis end. Additionally, for first
statement of the candidate, we check 10 see whether the type of the preceding

I the same; el for the last statement, we dhieck to see whether the type of
the following statement is the same. Our last feature considers  structural
compleniy tohatse Lt e o Lemachtog kel aeuks e s camcidn:

1.3.3 Training and Test Data Generation

To be able to learn u scoelog function, we need tralning and test data. We
derived this data by manually ranking approximately 1,000 extract wethod
reactoring wuggestions. To obtain this karning data, we selected 13 Jaw
sizes. We consider
a method to be ‘lng’ I!uh.nmurlhnllbn(‘ anmh;m.mﬂw
randonnly wlectedt 15 Jon; metbods. For each method, we randormly selocted
the

method length.

All vl retactoriug candidates were faskesd by & pually-deterine scor-
g function that ains to reduce code complexity and inerease resdabiliy.
the present. work, we have pat the scoring function on more solid ground by
learning  rooring function from many kg wethods, and mamsally ke
reluctaring suggestions

In the literature, there are seversl apprisches that learn 10 siggest
mast beneficial refactarings - wsnally for code clones. Warg s Godrey
propase an automated approach 1o recommen lones for refactoring by train-
g a decisiontrve base classifier, C4.5. They wse 15 featiires for decision-troo
madel training, where four consider the cloning relationship, four the context
of tho cloe, and sevn st t0the codo of the clowe I the precut paper
wrluvvwnlaulmllun“l\-c)l bt with a different aim: instead of o

plgrie for refactoring through mining asociation
ruls, Thelr kica. is that clones that are often et 1) maintain
w similar functionaliey ae worthy candidates for refactoring. Their prototype
taol, MARC, deutifien chomes that are often clangesd togetber in a similar way,
el mines association rukes amang these. A magor resslt of their evaluation
o thirteen software systems is tiat clooes that are bighly ranked by MARC
are impeartant refictoring prssibilities. W wsed learning to rank tochuiques "
6l n scoring function that is eapable of ranking extract method
candidiates froum hong metlsods.

1.7 Conclusion and Future Work.
In this paper, we have presentesd an approsch to derive  seoring fimetion that

s able to rank extract. method refactoring suggestions by applying learning
1ok tool. The woring fction can be sl o automatically rank extract

ranking performance of the learned scoring funetion.

A threat ta extornal validity is the fact that wo derived our learming data
From 13 open source Javn systems. Therefore, results are not necesarily gen.
eralizable

1.6 Related Work

In our previeus work (3], we presented an automatic approach o desive ex-
truet method wr-mnnx suggestions for long methods. We cbtained valid

! o a i prrformance.
Inthe fuiare, sots of refactri ihose
hat the cosdo
We wonkd e bk o out et e e scrin fction e g

suggestions for objert-orsented programmin ;n.n;_munmb.um..d
whethwer othes features e to be considered in that case.
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