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Abstract standard”, “reference set”, or “reference corpus” data gener-
ated by humans (i.e., experts). For instance, Gieardl[6]

One prevalent method for evaluating the results of au- proposed a method for evaluating software clustering tech-
tomated software analysis tools is to compare the tools’ niques against reference clusters generated by human ex-
output to the judgment of human experts. This evaluationperts. Human judges are thus treated as oracles. Then,
strategy is commonly assumed in the field of software cloneperhaps, the vagueness in the criteria used to classify
detector research. We report our experiences from a studyclones causes no harm because the oracle resolves the un-
using several human judges who tried to establish “refer- certainties. Yet even experts may disagree, perhaps es-
ence sets” of function clones for several medium-sized soft-pecially when performing vaguely-defined categorization
ware systems written in C. The study employed multipletask—they may not beeliable oracles. In the study by Gi-
judges and followed a process typical for inter-coder re- rardet. al[6] the judges were thought to be sufficiently re-
liability assurance wherein coders discussed classification liable [10], however little is known about the reliability of
discrepancies until consensus is reached. A high level ofjudges in software engineering. Prior clone detection stud-
disagreement was found for reference sets made specificallyes by Bellon [3], Burdet. al [4], and Kontogiannis [9],
for reengineering task contexts. The results, although pre-utilized human-generated reference sets, however none of
liminary, raise questions about limitations of prior clone these studies reported judge reliability.
detector evaluations and other similar tool evaluations. Im-  This paper reports on a study which highlights problems
plications are drawn for future work on reference data gen- observed in generating reference corpora for clone detec-
eration, tool evaluations, and benchmarking efforts. tion. The key step in the study was having several of us

serve as clone detection oracles by classifying a selection of
candidate clones into clone and non-clone categories. Our
1. Introduction expectation was that reasonably informed researchers on
software clones—such as ourselves—would able to agree

A “software clone” is a copy or near-copy of a portion of in most cases whether some particular pair of code frag-
ments were clones or not. What we found was an unex-

code. Clones are frequently introduced by code scavenging, k : -
that is, by copying existing code and modifying it. Finding pected level of t_jlsagreement. For msta_mce, fo_r one specific
clones in software systems is important in many mainte- set of 317 candidate clones, our three judges independently

nance, reengineering, and program understanding context<Llassified on_Iy 5 of them identically. Clearly, consensus is
In response, several automated clone detectors have bedfPt automatic, and some care may be needed when gener-
proposed (e.g., Baxtet. al[2], Kamiyaet. al[7]). ating reference data. The study was exploratory in nature,
Unfortunately, a precise definition of what differentiates S° the results are, at best, only Suggestlve. Nonetheless,
a clone from a non-clone is lacking. This can present prob_the outcome raises red flags about prior clone detection re-
lems for evaluating clone detectors. The evaluators must de-S€arch, and creates implications for ongoing benchmarking

cide for themselves what the “correct” list of clones should efforts and for many other tool evaluation techniques that

be. Because different evaluators may decide on different™®!Y On reference data generated by human judges.
definitions, this can introduce variability and arbitrariness,  S€ction 2 provides relevant background information on

and the various results may be well nigh incomparable [3]. clone detection and motivates the study. The study and its
One evaluation technique used to combat these difficul-results are described in Sections 4-8. Section 9 presents our
ties is to evaluate automated tool results against a “go|dtentative conclusions and implications for future research.
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2. Background and motivation so increases coupling, increases calling overhead, and de-
creases readability. In other perfective maintenance con-
In the absence of clear, precise, and standardized set ofexts these clones are not a concern. Contextual factors also
output requirements, it is difficult to evaluate automated re- appear in cases where portions of systems are created by
verse engineering tools such as clone detectors. This sec@ code generator such gacc : the generated code might
tion outlines some of these problems so as to motivate thebe otherwise indistinguishable from hand-generated verba-

research questions being investigated in this paper. tim clones, however normally the potential clones are not a
refactoring concern.
2.1. Definitional vagueness Of course, one may still argue that even if theefulness

of clone detector results are contextually dependent, this in
no way affects the actualefinitionof a clone: a clone is a
clone, whether it is useful to identify it or not. This stance
may provide little consolation to tool evaluators. To them,
the issue is not finding clongser se but findingrelevant
clones so that they evaluate the accuracy and hence effi-
cacy of their tools. A context-independent standard may
fail them in this purpose. For instance, a detector that finds
98% of the reference clones might fail to find any of the
2% of these thaactually matterto the maintainer, making
the detector in realty worse than one finding only 3% of
the reference clones but 100% of the material ones. Thus
a context-independent definition for cloneship may be aca-
demically justifiable, yet is in danger of serving little prac-
tical purpose.

One possible response to task irrelevance is to dis-
tinguish between reference sets for clones generally, and
benchmarking reference sets for particular application con-
texts. Then several benchmarking reference data sets could
be described as selections or filters on the general, task-
independent reference set. That is, benchmarking sets
egory calledSimilarExpressionwhich is intended to iden- would be subsets of the full reference clone set. Each such

tify clones with expressions that differ but yet are still “sim- P€nchmarking subset would be attuned to a particular con-
ilar”. Other studies, such as the one by Kontogiannis [9], text. Dqlng so may help solve some c_ontextual issues, how-
beg the definition question by assuming an approximatedever with 'each. .refe.renc.e set one still faces the two other
definition of “similar” based on (arbitrary) thresholds for al-  Problems identified in this section.

lowable variation along various dimensions of differences. ] o

Attempts to skirt the problem by combining multiple detec- 2-3- Human judgement limitations

tor result sets automatically (e.g., Mitchetl al[15], Kon-

Kamiyaet. al[7] describe “code clones” as “a code por-
tion in source files that is identical or similar to another” [7,
pg. 654]. What is meant by “similar” is unspecified. This
level of definitional vagueness is typical within clone de-
tection publications. Bureét. al [4], for instance, say that
“a clone is recognized to be where a second or more oc-
currences of source code is repeated with or without minor
modifications.” [4, pg. 36]. It should be clear that when
building a clone detector, knowing what “similar” and “mi-
nor” mean in the above definitions is positively crucial to
success.

Attempts have been made to add precision to the defi-
nition by separating out various classes of clones. For in-
stance, Mayrandt. al[14] define an ordinal scale of 8 dif-
ferent types of clones, of which some have simple, crisp
definitions. For instance, theDistinctNameidentifies a
well-defined category of clones which differ only by iden-
tifiers used. Unfortunately, such sub-categories can be see
to merely peel away those cases of similarity that are easily
formalized. Mayranabt. al, for example, still include a cat-

togiannis [9]) may be pragmatically helpful for tool eval- ~ Human-generated reference sets have previously been
uators, but still leaves open the question of how well the Proposed as a way of establishing performance standards in
results match what human judges would decide. the absence of a precise definition of correctness. The ba-

sic idea has been used in automated reverse engineering and
2.2 Task-irrelevance maintenance tools (e.g., Giraetl al[6]), but reference cor-

pora are used widely, and can be found wherever vaguely-
or subjectively-defined problems occur, such as in market
research, medicine, linguistics, information retrieval, and

What is considered to beralevantclone may depend
on potentially many contextual factors, such as the system’s i
coding style, and the tool users’ task context. Clone de- Mmage analysis.
tectors might be used for several purposes: finding code !t has long been known that there are several po-
to refactor in perfective maintenance [4], finding duplicates t€ntial pitfalls with human-generated reference sets (e.g.,
to remove to reduce code size for mobile devices, and soRUStet al[16], Landiset. al[13]). First, there is a threat

on. The desired output for clone detectors in each casethat different observers will not agree on the same answer.

may differ. For example, it may be desirable in code com- 1n€ level to which the judges agree is generally called the
paction to refactor small, single-line clones even if doing “reliability” of the judgments. Reliability issues can call
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into question the meaning and validity of human-generated 3. What is the role of practice effects?Human oracles
reference data. Second, there is a threat that the particular  are being used because a precise definition of the de-

definitions and instruments given to the judges may influ- sired results are unknown. By the very nature of this
ence their results or the reliability of their results [10]. use of human judgment, the judges can, at best, be
In other fields, techniques have been developed to mea- given only general rules and guidelines about how to
sure and improve reliability between judges, and the impor- classify the candidate clones. It is reasonable to ex-
tance of including reliability measures for subjective mea- pect that judges may classify differently after some
sures has been emphasized [8]. Although some software  practice in examining clones from various systems and
engineering studies can be found that report reliability (e.g., contexts. How important is this learning effect? What
Girardet. al[6]), we know of none for clone detection, and guidelines or coaching could be given to future judges
we know of no studies in the field investigating reliability to reduce practice effects?
specifically.

4. Do system specifics make a differencePhe particu-
. lars of a system might make an impact on the reliabil-
3. Research questions ity of judges and on the suitability or completeness of
clone classification guidelines.

The problem of finding clones appears to fall into a class
of problems with no precise definition of suitable output, 4. Study outline
and no specific and universal task context. The reliability of
human-generated clone detector reference data is also un- \we ran an exploratory study in order to investigate the
settled. In order to investigate these issues we ran an eXyegearch questions of Section 3. Our investigations are pre-
ploratory study directed at generating a collection of task- ganted below in four-phases. All four phases employed
specific referenges sets. It would also have been pos_sible Q) pasic design for empirical trials: (1) a tractable sample
seek out a task-independent reference set, but we wished t9¢ clone candidates is provided to multiple judges, (2) the
set the performance bar high specifically for clone detection;,qges independently classify the candidates, and then (3)
for reengineering purposes. Our particular focus was on ag joint consensus-building session is conducted and all dis-
reference set fofunction clones Function clones are sim-  ¢repancies between judgments are resolved. This basic flow
ply clones that are restricted to refer to entire functions or 4t each run is illustrated in Figure 1. Figure 1 also shows
procedured. This reference data would be useful for eval- the manipulable input variables: (1) the subject software
uating clone detectors which match only whole functions, gystems, (2) @ value used to select candidate clones, (3)
such as the one by Mayraed al[14]. _ the selection of judges, and (4) the instructions and clone

Although the generated reference data might be usefulcjassification guidelines given to judges. The output vari-
in itself, the contribution of this paper revolves around our gpjes consisted of: (1) a reference set, and (2) measures of
struggles creating this reference set. At the outset, we haduier-rater reliability.
anticipated several potential problems in generating a trust-  gach phase explored the research questions outlined
worthy function clone reference set. These can be summaypoye by manipulating input variables in a various ways
rized by listing them as unsolved questions: and then observing the effects on the output of the pro-
cess. Results from one phase were fed into the next. De-
tails of each phase are described in separate sections below.
Phase | manipulated value &{candidate set selection), af-
ter which it was fixed. Experience and feedback from per-
cific guidelines detailing which clone candidates were forming the |nd_|V|duaI ar_1d group consensug-_ma_kmg steps

was used to refine the criteria for clone classification. Phase

considered “useful” in such a context. We had few ex- i . .
plicit hypotheses other than a general notion that the_“ manipulated the subject system in order to explore the

clones should be refactorable, so we were engaged pri_|mpfatct of different software systgm characteristics.. _Onge
marily in bottom-up empiricism on this point. again, feedback was used to refine the clope classification
criteria. Phase lIl introduced a new judge in order to ex-
2. Is inter-rater reliability a problem? Given that re- plore issues of judge variability and the impact of practice
liability is an issue elsewhere, we proceeded as if we on the judge’s decision-making. It also used a different sub-
were testing the null hypothesis that judges were reli- ject system in order to further explore the effect of different
able and consistent. subject systems. Phase IV re-ran the same trial as Phase llI
except with clone criteria which were less task-specific.
Results from a prior clone detection study conducted
by Bellon [3] were used as a basis for this study. Bellon,

1. What clone classification criteria would be ap-
propriate for benchmarking clone detectors?
Burd et. al[4] had previously generated reenginering-
specific reference data, but they did not publish spe-

1The term “function clone” is already an accepted term so we shall
adopt the term even if we mean either procedures or functions.
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Figure 1. Basic flow of each study run

line—a comment—within SNNS was modified to remove a
character that broke our function parser.

5. Study phase |

Phase | of the study was intended to clarify a number of
issues relating to the rest of the study. The primary question
concerned how to construct suitable candidate clone sets
for the judges to classify. In particular, we wished to de-
termine a suitable value fat In addition, Phase | served a
role much like a pilot study and initial exploratory study.We
wished to ensure that we could come to consensus on how
to classify the candidates. It was not obvious to us at the
beginning that we would all agree on how to classify each
clone. If we had troubles, we might have to switch to a dif-
ferent study design in Phase Il. For instance, we might have
had to implement a voting system rather than a consensus-
generation step (as it turned out, a voting system was un-
necessary, but we did not know this to begin with). We also
wanted to use the initial runs to ensure the judges had a clear
understanding of what should and should not be considered
a function clone. If this were a psychology experiment, it
might be called a practice session.

5.1. Data and subject systems

Bellon’s processeWELTAB system was used as the sub-
ject system. Regarding candidate set selection, it would
have been technically sufficient to start witha{l. — 1)/2
combinations of function pairs, but clearly this is too con-
servative as even the relatively smalbok system would
have nearly a million function pairs to sort through. Be-
cause the time of the judges is very valuable, a desirable
guality of a candidate set is that it should be small, yet con-
tain all potential clones or, failing that, it should be an un-
biased sampling of the true clones. Prior studies, including

with the aid of 6 other groups of clone detector researchersthose by Bellon [3] and Burdt. al[4] had taken the results
worldwide, generated a clone detector result archive. Thefrom several clone detectors and merged them to start with
archive contains results from six detectors using a variety ofa union set. The (implicit) hope is that using different de-
detection techniques: Dup [1], CloneDR [2], CCFinder [7], tectors will alleviate the sampling bias that is almost sure to

Duplix [11], CLAN [14], and Duploc [5]. In addition, the

accompany any specific clone detector.

Bellon study prepared 8 subject systems. Three of these Tne results from Bellon’s study included result sets from

systems are used in this study. They are:

SYSTEM KLOC DESCRIPTION
WELTAB Il 11.5 \ote tabulation system
Cook v2.19 80.5 File construction (make-like)

SNNS v4.2 115.0 Neural net simulator & X11 GUI

six different clone detectors. These clone candidates, how-
ever, are reported in terms of pairs of line segments from
the program text. By inspection we knew the majority of
these do not exactly match function bodies. Instead, most
of them either identify some portion of a function body, or
spill past the boundaries of function bodies. Some of the

All of tr_\ese are writtgn inC. Thellines of code measure  candidate clone pairs do not even reference code connected
above (in thousands, i.e., KLOC) includes header lines, ando a function body. Thus we needed an apparatus that could

the code is pre-processed to remove extra vertical whites-extract likely candidate function clones from line-oriented
pace and irrelevant or problematic preprocessor directivescandidate data.

including #define and#pragma directives. One source
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We decided to use a line coverage metric to determine5.2. Apparatus and materials
membership in the candidate set. The basic idea is that each
line-based clone candidate may be associated with some A simple program was implemented to present the clone
sub-range of two function bodies. The two function bod- candidates on the screen one at a time, and to record clas-
ies are included in the candidate set if the average matctsification decisions. The program displayed the function
between the two function bodies exceeds some threshold clone candidates side by side while highlighting differences
Informally speaking, we are selecting function pairs if their (using the GNUsdiff  format). It allowed the user to go
coverage averages above some thresholdi At1.0 both back and forth between candidates so that judgments could
functions have to be completely matched. A& .5 only be revised. It recorded start and end times, logged all navi-
an average of half of the lines need to be. gation and classification actions, and allowed stopping and
More formally, letCg be the list of candidate line- restarting.
oriented clones generated by taking the union of all A small study booklet was employed which detailed the
of the clone detector output from Bellon’s study. Let study procedure to follow, and provided guidelines and an
¢ € Cp be a line-oriented clone candidate that over- example of how to classify candidate clones. Because the
laps a pair of functions< f1, fo >, f1 # f2. That is, if specific instructions to the judges may be critical for obtain-
~v(f1, f2,¢) denotes the set of lines of functiofy over- ing reliable and consistent results, and because the guide-
lapped byec, then ~(fi, f2,c) # 0 and y(f2, f1,¢) # 0, lines will be important in later phases, they are replicated in
else if ¢ does not overlap both off; and f, let Figure 2.
v(f1, f2,¢) = 0. Let T'(f1, f2) be the total coverage of
function f; for function pair< fi, fo > given the candi- 5.3. Procedure
date seCp, i.e.,['(f1, f2) = U.cc,, 7(f1, f2,¢). Thenlet
R(f1, f2) = |T'(f1, f2)|/|f1| be the ratio of lines of func- Judges were instructed and prepared in a group setting.
tion f, covered by clones candidates, wheredenotes the  They then completed the classification on their own time
size ofz. Then the set of function clone candidates we wish and without supervision. Afterwards, all of the judges

to collect,Cs is given by the formula were gathered together around a single computer and the
consensus-building session began. One of us (Walenstein)
=< fiifo>| R(f1, f2) + R(f2, f1) > 5} acted as the experimenter during the instruction sessions

2 and during the consensus-building session.

We did not know, however, what threshold to use. For in-
stance, we worried that settiagoo high would artificially
bias the selection against function clones with relatively siz-

Individual sessions: instructions. Instruction and prepa-

ration consisted of verbal instructions describing the pur-

able insertions or deletions. Conversely, a threshold too lowP?25€ of the study, the procedure to fPHO.W’ the programs.to
run and how they are run, and the criteria to use to classify

would waste too much of the participants’ time and thus : ! .
. X ; the candidates. The participants were instructed to run the
reduce the scope of study possible given our restricted re-

sources. Thus we first wanted data to use to calibréite candidate-presenting program for eaph of the three candi-
: . . . . _date sets. Only one of us (Walenstein) developed the ses-
further studies. Using a simple clone candidate selection

script, we generated three candidate sets to serve as Studfytllf)gfrpha;ilglSeir\]:ecrjztiil\l/i(ljvzgj?nytﬂzsslgund Tgrl:j \?v\éerg g\]/\?:r%h
material. These weré€, = Co5, C2 = C75 — C.95, and juag y

Oy — Cso — Cy. With these sets we hoped to see how the of the research questions, an element of novelty was still

number of true clones drobped off as the allowable differ- present, so the instruction session was taken seriously. The
ences increased PP judges were each given study booklets to refer to during the

One of the main reasons we chosELTAB as the first procedure. The participants were asked if they understood

subject to study is that it contained a small enough numberthe procedure and were encouraged to ask any questions.
of candidates at = .50 that we could examine them all.
W”T‘ the others, (\j/ve nelzjeded”to ‘?'0 samplcljng. Sampl)llngf 'E vidual study session required the judges to work in an en-
such cases was done by co ecting a ran om sample o NSironment with few distractions, and work for at most an

functions from the subject system and restricting the full hour at a time with a minimum 15 minute break between

merged clone candidate set to only those clones related Quork sessions. Time place, and pacing were uncontrolled
the sampled functions. This method was chosen over the ' ’

. " .~ and unsupervised.
technigue, exemplified by Bellon [3], of randomly sampling P
clone candidates from the full clone candidate set. Effec- Consensus-building session: instructions. At the begin-

tively our sampling technique generateull clone candi-  ping of the consensus-building session the experimenter ex-
date set from a random sub-set of the system. plained that the goal of the session was to try to resolve all

Individual sessions: protocol. The protocol for the indi-
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FUNCTION CLONEwo functions are considered FUNCTION CLONES if and only if they CAN and PROBABLY SHOULD
be refactored (i.e., reengineered) to either (a) eliminate one of them, or else (b) improve the source code for perfective engineering
purposes.
An EXAMPLE of type (b) reengineering is when a function can be removed by abstracting the functions
int {1 (int x ) { BLOCKA ; z = x + FL_UPD ; BLOCKB; }
int 2 (inty) { BLOCKA ; z = y + FL.DEL ; BLOCKB; }
(assume BLOCKA and BLOCKB are non-trivial blocks of code) might be reasonably reengineered to
int f12 ( int x, int inc ) { BLOCKA; z = x+inc ; BLOCKB; }
int f1 (int x ) { return f12(x,FL _UPD); }
int 2 (inty) { return f12(y,FL DEL); }
(or else assume the callee would pass in the right parameter).

Figure 2. Original function clone candidate classification definition

# Clones % Clones Non-Clones P Non-Clones Reversals Total Time (min)
Graph Label fand. |[A B C D |[A B C DA B C D A B C D A B C D A B C D

WELTAB .95 (1) 156| 154| 146| 141 99 94| 90 2| 10| 12 1| 6/ 8 0| 18| 2 27.7) 375
WELTAB .75 (1) 42| 29, 39, 32 69| 93| 76 13 3 10 31 7 24 0 6 O 8.8/ 15.6| 134
WELTAB .50 (1) 53| 10| 14| 11 19 26| 21 43| 39| 42 81| 74| 79 o 1| O 7.6 6.7/ 13.7
WELTAB .95 (Il)| 156| 156| 146| 146 100| 94| 94 0| 104 10 Of 6/ 6 2/ 0 O 937.2| 39.1| 11.8
WELTAB .75 (Il) 42| 40| 34, 31 95| 81| 74 2 8| 11 5| 19| 26 o 2| 2 10.1| 228.2| 11.5
WELTAB .50 (Il) 53| 16| 13| 13 30| 25| 25 37| 40| 40 70| 75| 75 o 1/ 2 229| 17.9| 16.8
COOK 316| 196 6| 151 62| 2| 48 120| 310| 165 38| 98| 52 121 6| 1 2.0/ 485 56.7
SNNS (l11) 297 250| 56| 151, 91| 84 19| 51| 31| 39 241| 146| 206| 13| 81| 49| 69| 10| 13| 8| 11| 133.4| 78.2| 55.6| 109.6
SNNS (1V) 176 41, 47| 36 23| 27| 20 135| 129| 140 77| 73, 80 8/ 0 O 38.8/ 432.3| 71.4

Table 1. Raw data for individual classification sections, all phases

conflicting classifications. The participants were informed 5.4. Results
that they were expected to reach a consensus.

The raw data for classification activity in the individual
Consensus-building session: protocol. The protocol for  trials appears in Table 1. The table lists the data for all
the consensus-building session was effectively the same aphases: the top portion is for Phasé Numbers in ital-
for the individual sessions, except that instead of examiningics indicate cases where the judge appeared to have acci-
the full list of candidate clones, only the discrepancies were dentally left the experimental program running while not
stepped through. Also, instead of a single judge, the judgesyorking on it. The column labeled “reversals” counts the
as a group argued until they reached consensus. Time andumber of times judges reviewed prior decisions, possibly
place were mutually agreed upon in advance, and pacingo review or revise them. Figure 3 reports raw rater agree-
was uncontrolled. On occasions when a participant ap-ment values. Consider, for instance, the results forthe
peared to disengage from the discussion, the experimentegandidate list (i.eC.75 — C.95) labeledWELTAB .75 (I). Out
firmly reminded each participant that they should not feel of 42 clone candidates (see Table 1), the three judges agreed
pressured to accepting an argument they did not believejnitially that 67% of these candidates were clones and 5%
and gently encouraged them to keep arguing their position,of these were non-clones. The height of the bars in the di-
if they felt like it. This was done in order to try to avoid agram therefore is a rough indicator of agreement between

having a dominant personality skew the results. Notes onjudges on that particular data. Note that one may also read
decisions, rules, and guidelines were recorded at the end ofhat the judgeiiisagreed on00 — 67 — 5 = 18% of the
the session (and during the session in Phase lll and IV).  candidates.

2N.B. JudgeC classified only 155 of the 156 candidates @@y.
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Espec: clone 0.948 0.975 0.880 0.914 0.886 0.905 0.314 0.567 0.641 0.855
H spec: non-clone | 0.148 0.450 0.538 0.571 0.968 0.966 0.593 0.544 0.820 0.955
Noverall 0.902 0.953 0.810 0.857 0.950 0.950 0.489 0.556 0.760 0.932

Figure 4. Special and overall proportions of inter-rater agreement

Raw proportions of specific and overall agreement are variations of what is logically the same textual report. The
reported in Figure 4. As is usual, specific overall agree- consensus reached by the judges was that these functions
ment on clones (labelesbec:clone) can be interpreted as could naturally be merged into a single function which is
the conditional probability that the other judges will agree parameterized by the report variant desired. Then the code
with one judge’s opinion that some particular candidate is variants would be selected by case analysis on a new pa-
a clone. So, for example, if judge classifies a candidate rameter that indicated desired report type. Because of this
from theC set as a clone, the other judges can each be exinformation we felt it unwise to use & value any higher
pected to agree with an 88 in 100 chance. A horizontal line than .50 because we had evidence in hand that this sam-
at the .80 value in Figure 4 indicates the commonly-used pling might under-represent clones with large insertions or
minimum threshold for inter-rater reliability. deletions. Thus the candidate sets being sampled in later

phases are all at the= .50 level.
5.5. Discussion

6. Study phase Il
As Figure 3 indicates, all three judges agreed that as

many as 1in 5 clone candidates presenCig but not During the Phase | consensus-building process, the
in C.75, were clones. In other words, even with a fairly j,4ges reviewed and discussed where their judgments dif-
sizeable number of insertions and deletions, some functlon%ered_ To reach consensus, therefore, they needed to make

were_con3|dered clones of one another. Inspectlon of the_seexplicit the decision criteria we were using on these excep-
candidate clones revealed matches of functions generating
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tion conditions. This led to the adoption of new classifi- maintenance implausible. This, of course, would be diffi-
cation criteria, which were added to the instructions. The cult for a simple clone detector to classify without knowing
instructions from Figure 2 were therefore augmented with that the system was implemented to emu@te- organiza-

the instructions from Figure 5. tion. Nonetheless, we decided to adopt B’s reasoning be-
cause we wished to continue testing the viability of gener-
6.1. Procedures, materials, subjects, and results ating truly task-relevant reference data.

The procedures, apparatus, and data are the same as fat. Study phase Il
Phase |, except that (1) a new description of the clone cri-
teria was provided in the instruction booklet, and (2) four  From Phase Il we knew that many candidates were being
sessions were performed: the thiWELTAB sessions from  rejected as false positives because they were not considered
Phase | were repeated, and a session foCtiuk subject  relevant for reengineering purposes. In addition, our collec-
system was completed (see below). Also, we did not gotive experiences in arguing about the specific task-related

through the consensus-generating sessioWBILTAB ses-  criteria for classifying clones (several hours of discussion
sions as in Ehase I with many different examples to consider) left us skeptical
Two subject systems were useWVELTAB and Cook. that someone not privy to these consensus-building discus-

Whereas the exact same full clone candidate set was usedions would make similar agreements. This phase sought to
for WELTAB as it was for Phase |, a random sample of the explore these questions by adding a new judge who was un-
candidate set foCook was used. As for Phase |, individ-  familiar with the prior classifications debates and examples.
ual session data, agreement measures, and proportions of

agreement are included in Table 1 and Figures 3and 4. 7.1, Materials, procedures, and results

6.2. Discussion The sessions were as they were for Phase Il, however
a new judge was added. We used only the judges

The rater agreement measures increased for the re-run odnd D for the consensus-building to in order to match the
the WELTAB session (several days separated the two ratingthree-judge session characteristics from Phase Il. As in prior
sessions). The judges felt it was because the criteria forphases, individual session data, agreement measures, and
classifications were clarified, but it is impossible to be sure proportions of agreement are included in Table 1 and Fig-
of the exact factors (it may be due completely to simple ures 3 and 4.
practice effects, for example).

The results fromCook were an eye-opener. We were 7.2. Discussion
frankly surprised at the level of disagreement. Out of 315
candidates, less than 1 in 4 were classified consistently by The observed reliability between judges improved with
all three of us. Our overall agreement score4db is con- the addition of a new judge. From working through the ex-
siderably lower than standard agreement guidelineS0o¥ amples and from looking through the raw judgment data
or more. In fact, it was less than chance alone which, in from Table 1, it appeared to us that judgevas more in-
hindsight, appears to mean that we were classifying on dif- compatible with judges andC thanD was. This suggests
ferent criteria. that judge compatibility may be be a more serious factor

In the consensus-building session it quickly became than group judgment experiences or classification practice.
clear why: we were disagreeing upon the purpose of the
reference data set in relation to the code specifics. Theg, Study phase IV
Cook system is implemented in th€ language, but it is
designed and written as if it we@++ As aresult, many of As we worked through the consensus-building session in
the clone were implementing constructors and destructors ppase IIl, we began to argue about—and then consider—
Clearly, many of these were clones in the sense of beingie possibility of assuming a more task-independent set of
similar functions (e.g., sequences of initializations or mem- ¢yitaria. After a lengthy discussion we decided to try chang-
ory freeing), but one of us (B) believed that it would be a g the criteria such that candidates would be classified by
mistake to reengineer these whereas others (A and to SOMgtormation in the source code aloneSo, for example,
extent C) did not consider that argument as relevant. B's contextual information based on engineering context and
argument was that it was important to preserve the i”depen'programming style were not longer considered to be able
dent maintainability of the various classes, and if one refac-, reject clone candidates as false positives. For instance
tors the constructors and destructors it wogld f:reate falsefynctions created by code generators might well be con-
couplings between unrelated classes, making independenjgered irrelevant for perfective maintenance purposes, yet
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... when deciding on whether two functions are clones, consider the following issues, in order:

1. The refactoring must be worthwhile. If the clone pair is very simple or short it may not be worth the effort to reeng|neer
them.

2. The functions should be able to be refactored in a simple and/or straightforward manner. Overly complicated parameterization
is a sign that the candidates are unsuitable to be refactored.

3. The two functions should logically "the same” or "similar”. For instance two functions might generate nearly identical error
messages and only vary on a simple parameterizable condition, like one being fatal and cadliif)an function. It
might make sense therefore to abstract the function into a more general error-message-generating function that can work in
two modes: fatal and non-fatal.

4. Automatically generated code typically is not considered for refactoring.
These are guidelines, not rigid instructions. The experiment relies on you making your own judgment as to whether a candidate
should be considered a clone or not. This decision may be affected by the particular software system, its coding styles, and
application domain

Figure 5. Classification instructions added to the Phase | instructions for Phase I

were classified as clones in the reference set because th®. Conclusions and suggestions

rejection criteria lay outside of direct source code analy-

sis. The instructions to the judges were modified to re-  This paper reports on a study on factors affecting the reli-

flect this new understanding. Specifically, we revised the able generation of task-specific and task-independent func-
phrase “PROBABLY SHOULD” in Figure 2 to read “POS- tion clone reference data sets. This is a relatively unex-
SIBLY SHOULD”, removed the criteria added in Figure 5, plored area of tool evaluation. The study is exploratory,

and added another instruction to classify candidates basednd for that reason it has many weaknesses, including bi-

solely on the source code. ased selection of participants, limited selection of subject
systems, and uncontrolled experimental conditions. Such
8.1. Materials, subjects, procedures and results limitations obviously make firm generalization impossible.

Yet it seems wise to take the difficulties we encountered as
The new instruction booklets were distributed, and the harbingers of genuine research problems in the area. We
individual sessions were re-ran for judg®<C, andD asin  can also propose some suggestions for follow-up work.
Phase IIl. Results are presented in Table 1 and Figures 3and Four research questions were investigated by our study
4, as in previous phases. A different random sample of the(see Section 3). Our experiences and potential implications
SNNS clone candidate set was generated and used in thisstemming from these questions are summarized below:
session.
What clone classification criteria would be appropriate
8.2. Discussion for benchmarking clone detectors? Some task-relevant
reference data sets are likely to be easier to generate more
The inter-rater reliability jumped to higher levels similar reliably than some others. Although all of our reference sets
to those we had seen WWELTAB. The belief of the judges =~ Were to some degree task-relevant (we excluded clones that
was that the criteria for judging clones were easier to ap- Were considered “too small” to be worth refactoring, for ex-
ply, i.e., there were fewer cases where the judge needed t&mple), basing the classification criteria on concrete facts
be aware of—and take into account—issues outside of theof the source code appears to help. We are at this point un-
source code proper. This, in part, relates to the fact thatsure, in fact, whether useful and reliable reference sets can
the judges did not need to make assumptions about reengibe generated for many restricted task contexts. We note that
neering contexts or the system’s design and implementa-Our consensus-building sessions bore some resemblance to
tion. In short, the more restrictive, task-relevant guidelines knowledge elicitation from experts: the discussion of dis-
were harder to apply. This fit in with our experiences in agreements helped elicit apparently implicit expert rules.
Phase Il of the study, since many of these task-related is-This type of research might hold promise for knowledge-
sues did not surface until examiniggok. based clone detection.
A useful direction for future research is on understand-
. 3The workbook further inst.ructed the judges to add sub-classifications ing what kinds of reference data is difficult to generate, and
in cases where task-relevant issues occurred, but we found the results un- . . . . . .
informative and this aspect is omitted from discussion. what form of guidelines can be givento judges. Atthis point
we can recommend (based on our experiences) that guide-
lines with several examples would be helpful, especially if
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the examples illustrate instances where task-relevant issues[2]
might not be anticipated by the judges (e.g., the casz-ef

like destructors written il in Cook).

Is inter-rater reliability a problem?  Inter-rater reliabil- 3]
ity is a potentially serious issue for many reengineering-
related reference data sets. Given our experiences, a sin-[4]
gle judge cannot be trusted to give unbiased answers. This
raises red flags about past reports of relevance and precision
for clone detectors. It seems clear that inter-rater reliability
measures should be calculated for human-generated refer- (5]
ence data. In addition, after running this study, one sugges-
tion we wish to make is that tool evaluations based on rel-
evance and precision measurements might be modified to
relate detector results to classification decisions from mul- [6]
tiple judges. For instance, f@NS we have the results of

four different judges. Recall of clones for which all four
judges agree might be weighted more than for candidates [7]
where only two can agree. A similar modification can be
made for precision. Another way of viewing this sugges-

tion is that instead of recall and precision, a clone detec-

tor might instead be evaluated according to its specific and (8]
overall reliability in reference to a collection of judges.

What is the role of practice effects? Our data does not [9]
support the idea that practice in classifying clones has a
greater effect than the guidelines which are given to the
judges. From our experience we can still recommend prac-
tice runs as a substitute for including many examples in [10]
the judges’ instructions. We found it especially helpful to
discuss disagreements. Thus one recommendation for tool
evaluators is that, when generating reference sets, it might[ll
be helpful to have the experimenter pace the judges through
their disagreements after a practice session.

Do system specifics make a difference?System [12]
specifics appear to have a serious impact on inter-judge
reliability. The warnings relating to the second research
guestion also apply to system-specific factors. [13]

In closing, the study helped us understand some of the
open questions regarding reference set generation and interf14]
rater reliability. Some of these results we found surprising.
It would be helpful to employ follow-up studies using sim-
ilar techniques. All experimental materials and results will
be placed in a public and easily accessible benchmark and
results archive [12].

[15]
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