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Abstract 1. benchmark testing for fully automatic techniques
Experimental evaluation of clustering techniques for 2. ri,%?ggggd experiments for manual and semi-automatic

component recovery is necessary in order to analyze their . )
strengths and weaknesses in comparison to other tech- O benchmark testing of fully automatic component re-
niques. For comparable evaluations of automatic cluster- COVery techniques, a benchmark is needed that offers two
ing techniques, a common reference corpus of freely things:
available systems is needed for which the actual compo-* @ set of expected results for diverse systems (reference
nents are known. The reference corpus is used to measure corpora); the techniques are applied to these systems
recall and precision of automatic techniques. For this  and propose their candidates
measurement, a standard scheme for comparing the com= a standard test by which the candidates proposed by the
ponents recovered by a clustering technique to compo- automatic technique are compared to the components of
nents in the reference corpus is required. This paper the reference corpora; the test measures recall and pre-
describes both the process of setting up reference corpora cision with respect to the reference corpus
and ways of measuring recall and precision of automatic ~ This paper discusses both aspects and describes a quan-
clustering techniques. titative comparison we have developed over three years
For methods with human intervention, controlled exper- and successfully used to evaluate diverse techniques [14].
iments should be conducted. This paper additionally pro-  For the evaluation of methods that involve human inter-
poses a controlled experiment as a standard for evaluating vention, controlled experiments should be conducted. Con-
manual and semi-automatic component recovery methodsrolled experiments have the advantage over case studies to

that can be conducted cost-effectively. yield more comparable results because the influence fac-
tors are controlled. On the other hand, controlled experi-
1. Introduction ments are usually more expensive and many computer

scientists are not familiar with experiments involving hu-

Research in the field of component recovery has yielded Mans. This paper describes a scheme for experiments to
many techniques to detect modules and subsystems autofV&luate component recovery methods. The proposed ex-
matically or semi-automatically and their number is still Periments require a low number of experimental subjects
growing [1, 2, 3,4, 5, 6,7, 8,9, 10, 11, 17, 18, 21, 22, 23, and are, hence, cost—effecpve. Begause of the smaller sam-
25, 28, 29, 30, 32, 34]; see [14] and [15] for an overview of PI€S, the ANOVA (analysis of variance) tests commonly
existing techniques. However, many of these published used for experiments are not adequate in s_uc;h situations
techniques are only qualitatively evaluated based on a sin-and therefore one has_ to use less known statistical tests, so-
gle case study. Others that do provide quantitative resultsC/l€d non-parameterized tests. .
cannot really be compared to other techniques because the We have successfully used the experimental layout and
new technique is applied to a system different from those itS sFatlst|caI tests described in this paper to evaluate a
used for the existing techniques and/or the way of evalua-Semi-automatic method [14].
tion differs. Consequently, the effectiveness and the )
strengths and weaknesses of the techniques in comparisof-1. Terminology

to other techniques are not clear. . This section defines the terminology used throughout
In order to obtain comparable results, a standardizedihis paper. Acomponentis a set of related entities. There
way of evaluation is needed. Because there are basicallyyre two different kinds of componentatomic compo-
three different categories of component recovery methods,nents that do not further contain other components (also
namely, manual, semi-automatic, and fully automatic, of ¢alledlogical moduleg andsubsystemshat may be hier-
which two categories involve human intervention, two dif- grchical, i.e., may contain other components. An atomic

ferent ways of evaluation are needed: component consists of base entitiBase entitiesare rou-



tines, global variables, and types.
A reference corpusis a set of components, calleeif-

erence component®r simply references that are identi- where element¥) denotes the set of base entitiesxof
fied by a software engineer and part of the benchmark. A t1a measure of congruenge,summarizes the difference

candidate component or simply candidate, is a compo- i, gimilarities of the elements and the degree of overlap as
nent that is proposed by an automatic technique. follows:

The result of many component recovery techniques is a
set of flat candidates. Mat candidate is a set of base en- 1(C, R) = A(C, R) x overlagC, R) . )

tities without any further structure. Hierarchical clustering Equati 5 b dt the similarity b
techniques yield so-called dendrogramsleadrogram is quation (2) can be used to measure 1€ simifarity be-
een two components. However, Lakhotia and Gravely

a tree whose leaves are the entities to be grouped and i i how t s of ts should b
whose inner nodes represent a subset of closer related ent?° "0 specify how two sets of components should be com-

ties. Each inner nodes is associated with a similarity value pared using this equation which is necessary if one wants

that summarizes the similarity among the entities in the to compare a_II candidates o_fatechnlque to a reference cor-
subtrees (see Figure 1). pus. For obvious reasons, it would not make sense to use

the average congruence between all pairs of candidates and
references because then non-corresponding components
would be compared.

Another objection to the comparison is that a definition
of A based on a simple difference between base entities is
not appropriate for at least two reasons:

e The similarity of base entities in the two dendrograms
to be compared may in fact differ as long as the struc-
ture is the same (see Figure 1) because one cannot nec-
essarily expect identical similarity values, in particular,
with respect to reference components that have been
The rest of this paper is organized as follows. Section 2 manually identified by a human.

summarizes related research. Section 3 describes the me# Using differences between similarity values would only

ric used to compare components. Section 4 handles issues be appropriate if similarity were on an interval scale.

related to conducting controlled experiments to evaluate However, when a human assigns similarity values to

manual and semi-automatic methods. Section 5 discusses base entities, the interval scale can hardly be justified. A

lelement$C) n element$R)| L

overlaf(C, R) = lelement$C) O element$R)|

Figure 1: Two example dendrograms.

1.2. Overview

how to obtain a standard benchmark suite. human may be able to state that one pair of elements is
more similar than another pair, but the exact difference
2. Related Research between the respective similarities is rather arbitrary.

Because the similarity assigned by a human is rather on

The need for benchmark testing for component recovery an qrd_inal scale, a comparison based on rgnking the pairs
techniques was already stated in 1995 by Lakhotia andOf_Slmllar elem_ents would be more appropriate. However,
Gravely [16], but even today, after five years, little has this would require a software engineer not only to group re-
been achieved toward the goal of an accepted benchmarﬁl‘;ﬂed elements together when setting up a reference corpus

Neither are reference corpora available nor do we have a |Ut alsot tol_rlanln(n tlh)/z psurs for el_ach_ cotrhnponent with :
accepted standard test, elements. Hence, though appealing in theory, comparing
. . . components based on similarities even using only ranking
Lakhotia and Gravely proposed an evaluation metric to . C S .
) information is not feasible in practice.
compare a candidate to a reference based on dendrograms . . .
We independently developed an evaluation metric (see

[16]. The metric consists of two parts. One part measures ) .
the difference A, between the similarities of elements of Section 3) t'hat is only based on the.degree Of overlap of
the candidate and the elements of the reference; Lakhotiacorrespondlng co.mpor!ents, 1.€., using equgtlon 1) gnd
and Gravely list three different ways of measuring the dif- variants, and applied this metric to compare nine clustering
ference based on the maximal difference, the average dif_technlques (8, 14]). , . i

ference, or the standard deviation without laying down _ '2€rpos and Holt define an alternative comparison met-
which one should actually be used. The other part measurediC that ignores the similarity values, too [31]. Their metric

the degree of overlap between the candidatend the ref- yields an aggregated overall similarity measure based on
erenceR: the minimal number of modifications to transform one



clustering into the other one. To establish this transforma- that are only similar to a part of another component, the fol-
tion, a heuristic is used to compute the result in a reason-lowing partial subset relationship U, is useful:

able time. Consequently, the metric value is only an
approximation whereas our metric can be computed effi-
ciently and exactly. Another disadvantage of their ap-
proach is the inability of identifying the nearly equal
candidates and references.

ntéS) n element$T)|
|element§S)|

: - |leleme
SO, Tif and only |f‘ >p (4)
where 0.5 p< 1.0 is a tolerance paramefethat needs
to be specified for the comparison. If set to 1S0nust be
Contributions completely contained ifi. A more pragmatic adjustment is
p=0.7,i.e., at least 70 percent of the elementS afust

This paper takeg up again the goal of Lakhoga and also be inT. This number is motivated by the assumption
Gravely of establl|sh|ng an accepted benqhmark sunq and. hat at least three elements of a four-element component
standard evaluation method. The evaluation method |dent|—must also be in the other component to be an acceptable

fies corresponding components, including subcomponents
o . 'match.
false positives based on their degree of overlap, and mea- This definition still considers a component with ele-
sures different aspects of this correspondence that go be- ; P
. . ments f, b, c, ¢ at least a partial subset of a component
yond the data considered by Lakhotia and Gravely. The . .
. . ; e .~ with elements &, b, d, e, fwhen p = 0.7 thoughc is not
metric presented here is a slight modification of the metric resent in the latter set of elements
we have used to compare nine different clustering tech—IO : S .
niques Note that the partial subset relationship is not transitive for
' . . . p#z 1. Forexample,§ b, c} Ogg{a b, d} O b, d, €},
The paper also describes a controlled experiment mE b P bég } Hosd } Hosd }
which the evaluation metric is used to measure and com-2Yt {a,b,c} Ao e{b, d, €}.

pare the findings of software engineers who used either o
manual or semi-automatic methods. 3.2. Classification of Matches

] ) Based on the approximate matching criterion, the
3. Comparison of Candidates and References matches of references and candidates are classified into the
following categories according to the kind of correspon-

The comparison of candidates and references compriseglence:

the following steps: « Good when the match between a candiddie,and a
1. establishing the corresponding candidates and refer- referenceR,is close, i.e.C =, R. This case is denoted
ences 1~1 Matches of this type require a quick verification in
2. classifying the match of corresponding components order to identify the few elements which should be
3. measuring different aspects of the correspondence removed or added to the candidate component.
+ Ok when thel], relationship holds for a candidate€,
3.1. Correspondence of Components and a reference, i.e.,C O, RorR [, C, but not

Candidate components and reference components are C=R.
compared using an approximate matching to accommodate If C 0, R, then the candidate tso detailed This case
the fact that the distribution of functions, global variables, is denoted ag~1. If R Dp C, then the candidate i®o

and types into components is sometimes subjective and, |arge. This case is denoted asn. OK matches require
pragmatically, we have to cope with matches of candidates  mgre attention to combine or refine a component. The

and references that are incomplete, yet “good enough” to  genotationn~1 and 1+ reflects the fact that multiple
be useful. “Good enough” means that candidate and refer- - ok matches may exist for a giveor C.

ence overlap to a large extent and only few elements are
missing. More precisely, we treat one compon8rds a
match of another componenif SandT overlap to a large

degree (denoted b=, T) according to the following def-
inition of anaffinity relationship =:

Altogether, we have thredasses of matched~1, 1,
andn~1 where the latter two are both considered OKk.

Difference to our previous versionln a previous version
of the classification (jointly developed with Jean-Francois
Girard and Georg Schied and used in [7, 8, 14]), we consid-
R ] eredRandC a good match iR U, C JC [, R. However,
S=pTifand only if overlag(S, )2 p ®) for this premiseR andC could correspond more roughly
whereoverlapis defined by equation (1). In order to than one would intuitively expect. For exampleRitindC
identify corresponding subcomponents, i.e., componentsboth have 100 elements and 70 elementR afe inC and



70 elements of are inR, thenR I, C LI C [, R holds. dates should additionally be ascertained because this

However, the overlap d andC is only 70/130% 0.54 <p number correlates with the time it takes to sieve false
= 0.7. For a good match, one would rather expect the over-  POSitives during human validation.

lap to be above 0.7. The newly proposed definitiorgfs . Numbe_r of true negatives_The number of references
stricter because that neither match a candidate nor are matched by any

- candidate, i.e., references that are not even partially
R P CO RO,COCH,R detected. Technically speaking, these are references that
but not necessarily are neither involved in a 1~1, h-norn~1 match. This

RO,COCO,RO R=,C. number should be 0.

Examp|e_COnsider the examp|e in Figurte ande are . Granularity of matches: Are the candidates at the

a good match. Because only partial matches are required, "9t level of granularity? Technically speaking, there
there can be another refererRg(with R, n Ry = ) that should only be good matches and no Ok matches.

is a partial subset &€ (of C; \ Ry, more precisely)C, is < Precision of matches The degree of correspondence

an Ok match withR,, and s0 i, Cy, Ca, andRy constitute between candidates and reference matches. This is dis-

i - i cussed in the following in more detail. The precision
ann~1 match. That is, the technique has produced finer- should approach 1.0.
grained candidates than what was expected. Note that we

The number of false positives determines the precision
cannot conclude thal, C3 andR, are a good match be- . 1o ms of information retrieval whereas the other aspects

causeR, could be much bigger tha@, 0C3. Ry andC, measure recall.

constitute a 1r match, where no other reference tHagn Since the partial subset relationship is used to establish
can be matched wit@,. C5 andRg do not match at all. a match, the matching candidates and references need not
candidates references be equal. That is, there may be elements of the candidate
C ! R not in the reference and vice ver€aR # 00 andR\C # .
| In other words, there may be a flaw in a good match; even
:—/CZ g R2 more so for Ok matches because of Rdte a reference and
Ci be candidates for whid; [J, R holds):
- .
O R RO ;
S G R 1 RO, 0
— > | 4 Accuracy for two matching componentsin order to in-
Figure 2: Example correspondences of candidates and dicate the quality of imperfect matches of candidate and
references. reference components, an accuracy factor is associated

o o . with each match. The similarity between two components,
As the example indicates, it is not enough just to count and thus the accuracy of a candidate vis-a-vis a reference
technique. For exampld; is a partial subset o€, and,
therefore, considered at least an Ok match. HoweQgr, accuracyA, B)= overlag A, B) (5)
could be huge and the match just be coincidence. The next |5 1y andn~1 matches] and sometimes even in 1~1

section proposes a measurement for detection quality baseghatched] several components may match with one other
on multiple aspects that accommodates this imprecision. component. The accuracy as defined above, however, in-

) ] volves only two single components. Therefore, the defini-
3.3. Detection Quality tion is extended for sets of components as follows.

There are several aspects in a comparison of a set of canAccuracy for two sets of componentsThe overlap for
didates with a set of references to consider when the matchtwo matching components can be used to ascertain the ac-
es have been established as described in the last section:curacy of sets of components:

* Number of false positives The number of candidates
that neither match a reference nor are matched by any accuracy{ A, ..., A}, {By, ..., By}) =
reference, i.e., candidates that cannot be associated with (6)
any reference. Technically speaking, these are candi- overlar(i =9“a eI'5'r71'3'r“:5'§\i)'i:9_.b‘a"e”“e”wBi))
dates that are neither involved in a 1~1nlaor n~1
match. This number should be 0. For the false positives, Accuracy for classes of matched'he accuracy for two
the average number of elements of false positive candi-sets of components is used to establish the accuracy for a



whole class of matches W'here the two se!{g,{..,Aa} and ' 0.0 (matchinggr), {r})| 0
{By,...,Bg} are corresponding components ina match with- ~ nU1 = Ematchingm #0 00(c)c 0,0 (1 =pC)H
in a given class of matches.

. . : OK = 10n0On01 (8)
More precisely, let the matching components of a candi-
date or reference, be defined as follows: Then, the accuracy for a whole class of matches is de-
fined as the average in accuracy of the members of the class
matchinggX) = {Y| YDp X} @) (let M be a class of 1~1, by-orn~1 matches):
Using thematching components/e can specify the de-
gree of agreement for the diverse classes of matches: ( gm accuracya, b)
— (a8 M
¢ 1~1 match:accuracy matching€), matching¢R)) accuracyM) = M| ©)
* n~1 match:accuracy matching®), { R}) Overall recall rate. The detection quality of a technique is
» 1~n match:accuracy{ C}, matching¢C)) described by a vector of the number of false positives and

To put it in words: The accuracy is ascertained based ontrué negatives and the average accuracies of 1+, dnel
the united matching components. The way of handling 1~1 "~1 matches according to (9) along with their respective
matches may first be astonishing, but is motivated by the absolute number and average size to indicate the level of
fact that a 1~1 match does not necessarily mean that theregranula.nty. These figures prowde a detailed picture f'o'r the
is no other component that is a partial subset of one of theComparison of the techniques. However, an additional
components in the 1~1 match. This was already touched inSUmmarizing value is useful for a quick comparison. The
the example of Figure 2 whe@, andR; are a 1~1 match  following equation characterizes the overall recall rate

andRy is still a partial subset of,. If there is no such ad- (GOODandOK are defined above):

ditional 1~n or n~1 match, then:
Recall =

gc accuracya, b) + % accuracya, b) (10)
(a, b) 00D (a, ) TTOK
|GOOD + | OK + |true negativds

accuracy matching<C), matching¢R)) = accuracyR, C)

That is, we subsume an additionalrler n~1 match in
a 1~1 match. This is justified because there is a clear 1~1
relationship in the first place and the additionahlof n~1 To illustrate the definition of the recall rate, consider the
match can only be comparatively small. example in Figure 4, in which the matching components of
Such overlapping matches can also exist for pure 1~ each candidate and reference component of Figure 2 have
and n~1 matches as the example in Figure 3 illustrates. heen merged for the comparison. There are®omatch-
However, the overlap of I-andn~1 matches is ignored  es and ongoodmatch.Rs is not matched at all and, there-

since there is no dominating correspondence as in the cas¢yre considered a true negative; likewisg; is a false
of overlaps with 1~1 matches. That is, the two overlapping

matches in Figure 3 are handled as two distinct matghes (
=0.7).

positive because it does not correspond to any reference.
The example also illustrates that the denominator of (10)
cannot simply be the number of the original references be-
cause not only candidates but also references can be united
for the comparison, which reduces the number of referenc-

|
|
b,c,d, e f,gnh,i |
|

Up es actually used for the comparison.
—>
candidates Goos references
Figure 3: Overlapping 1~n and n~1 matches. {
_ (C,0C, OK » R, )
Now that we have the means to establish the accuracy of OK !
. . . Cs, )4 Rs3 )
a single match with respect to its class (1~1p,Jn~1), we \
can extend the accuracy to the whole class of matches. The ‘
. . O =
classes of matches are defined as follows: p ‘ —
O(matchinggc), matchinggr))| O Figure 4: Example merged correspondences of
GOOD=101=Qg candidates and references.
0 overlagc, r) = p 0
. The recall rate (10) abstracts from the level of granular-
. ({c}, matchinggc))| 0  The (10) granulz
10n ity — sincegoodandOK matches are treated equally by this

= . _ .0
datchinggc) # 0 00()r Opcl =(c=pn)G definition — and ignores false positives. The number of



false positives is a different aspect and is not captured bystandard textbooks (see for example, [33], [12]). However,
this definition because — depending on the task at hand — anost of these textbooks only describe ANOVA tests — but
higher number of false positives in favor of a higher recall these tests presume larger samples; they are not valid for

rate may be acceptable. experiments with, say, 10 participants. For experiments
with small samples, non-parameterized tests are the only
3.4. Hierarchical Clustering Techniques appropriate tests.

. . . This section briefly describes the layout and evaluation
The comparison of components as described above is . .
. . . .~of a small-scale experiment for comparing component re-
suitable for comparing flat components. When a hierarchi- . .
. . . covery methods. The design of the experiment has been
cal clustering technique is used, flat components need to be ; i
. successfully used to evaluate our incremental semi-auto-
derived from the result dendrogram. The components can e method for component recover [14]
be derived using different thresholds to cut subtrees of P y '
closely related elements from the dendrogram. Only then,4 1. Validit
equation (2) and likewise the metrics of Lakhotia and " y
Gravely [16] and Tzerpos and Holt [31] can be used to  If the experimental subjects are students, the number of
compare flat components. However, the number and qual-experimental subjects is low, and/or only few systems are
ity of the components derived from the dendrogram may analyzed in the experiment, one should refrain from gener-
vary with the chosen threshold. In this case, one has to de-alizing the results too far. The general objective of small-
cide upon a suitable threshold. One alternative is to use dif-scale experiments is not to yield a definite empirical proof
ferent thresholds and accept the one that yields the besfor the usefulness of a method for all kinds of systems and
results. This would measure the best result one could getsettings but to learn about the strengths and weaknesses of
with the technique. In practice, one could have worse re- a method and to investigate where further research should
sults if the appropriate threshold is not known in advance. be directed.
Another alternative is to let the user select subtrees man-
ually that are to be considered candidates, hence, using dif4.2. Hypotheses
ferent thresholds for different subtrees. However, then the
technique would no longer be fully automatic and would

have an advantage over the other techniques. : .
ponents than other methods in the same amount of time.

For re-modularization techniques, we do not expect ref- .
: . : The other methods can be purely manual or semi-automat-
erences to be hierarchical. An analyst will rarely make an .

. o 2 ic, too. By manual search, we mean that only common
effort to establish the similarities within a module. Hence, .
i . : cross-reference and textual pattern matching tools, such as
the candidates will generally be compared to non-hierar-

: . rep, are used, whereas for the semi-automatic methods,
chical references. However, if subsystems are to be com9'eP

pared, a hierarchical correspondence should be established ¢ atjvanced automajuc support is available. ,
We have recently extended our definition of correspon- The independent variable is therefore the selection of

dence to hierarchical components [14] and are currently"’“/""'l"’1ble methods and the dependent variable is the

working on defining congruence based on this hierarchical achieved detection quality. ) . .
correspondence. The null hypothesis and the two-sided and single-sided

alternative hypotheses are as follows:

* Null hypothesis Hg: There is no difference in the
detection quality among the methods.

Alternative hypothesisH : The detection qualities dif-

The general hypothesis of an experiment to evaluate a
new semi-automatic methad is thatM yields more com-

4. Controlled Experiments

For evaluating component recovery methods that in-
volve human intervention, controlled experiments should ~fer (for two-sided tests).
be used. The goal of an experiment is to show that the newes Alternative hypothesis H,: The detection quality of
technique indeed supports a maintainer or to show thatthe methodM is greater than of all other methods (single-
new technique is superior to other techniques. In order to  sided tests).
get meaningful results, one would like to have as many ex-
perimental subjects as possible. On the other hand, to con4 3, Experimental Materials

duct the experiment in a cost-effective way, one would . ] ]
prefer smaller samples, and in practice, itis also difficultto 1 ne task of the experimental subjects is to recover the

find enough participants in the first place. Many research- cOmponents for the same system or set of systems. If the
ers will, therefore, use smaller samples. Descriptions on COmponent detection is repeated for a set of systems, ap-
how to conduct and evaluate experiments can be found inPropriate statistical tests must be applied that take learning



effects due to repetition into account (see [19]). If only one posed components of each subject are compared by the
system is analyzed, the statistics outlined in Section 4.6 canmethod presented in Section 3. Hence, the dependent vari-
be used. able can be measured as the recall rate defined in equation
For large systems, a researcher may reduced the possibl€L0) with respect to the joined reference corpus.

search space for components to a size that can be handled Because IAR does not require validation of the individ-
within the given time frame in order to obtain comparable ual results, false positives cannot be measured for IAR.
results, i.e., all experimental subjects should be able to lookFurthermore, IAR also relies more heavily on the will of
at all source files within the available time. The degree of the experimental subjects to co-operate. An experimental
familiarity with the subject system should be the same for subject who simply compiles a high number of larger com-
all experimental subjects. If this is not the case, a block de- ponents without really looking at these components more

sign can be used (see [12]). closely, will distort the results. On the other hand, if not ev-
ery participant reviews the whole reference corpus, it may
4.4. Experimental Design happen that people would not agree to certain parts. That is

. . . . why both RCR as well as IAR should be evaluated.
In a simple design, the experimental subjects are ran-

domly assigned to groups that differ in the tools available

to the search for components, i.e., members of giGup

may use metholl;. Other designs can be found in [12]. The common way to evaluate statistical data of con-
In order to avoid too much variance in the set of experi- rolled experiments is to apply analysis of variansélQ-

mental subjects, all experimental subjects should be jointly VA). Thel_: statistic; for example, may be used to test the
trained. hypothesis that the population means for the two groups are

. equal [33]. However, thé& statisticsand other statistical
If the number of components for a system is not known S T
: S L tests of ANOVA assume a certain distribution of the popu-
in advance, a termination criterion for the search for com- T
. . L lation or themselves approach a normal distribution only

ponents does not exist. In that case, a time limit can be set L

o . : . for large samples. However, normal distribution cannot be
Limiting the available time makes the experiment even . )

L . . . : assumed for experiment in component recovery methods

more realistic since in an industrial setting, one can gener-

. . because too little is known about the programmer popula-
ally not afford to spend unrestricted time on a problem. . . . .
tion. Furthermore, if the size of the sample is small, one

cannot evaluate it with the F statistics.
There are other statistics, so-calledn-parameterized
Two distinct ways of measuring the dependent variable statistics that do not assume any distribution and are appli-

4.6. Statistical Analysis

4.5. Measurement of the Dependent Variable

should be chosen: cable to small samples. The power of these tests is general-
1. using the absolute number of clustered elements forly better than the power of parameterized tests. According
each subjectifdividual absolute recalishort IAR) to Lienert [19], there are basically two kinds of statistics

2. comparing the components of each individual to the @PPropriate for a simple completely randomized design
joint set of components of all individualseference with non-repeated measurement (there are variants of these

corpus recall short RCR) tests for more complex designs) and small samples:

The first alternative does not require agreement among® Theexact U-test by Mann and Whitn@p] and
the experimental subjects, hence measures only how many the exact Fisher-Pitman randomization teftr two
elements were clustered in a given time by eachindividual.  independent samples [26].

For the second alternative, the individual results are to  These two methods differ in the leveraged scaling infor-
be joined and the result of each individual is judged with mation of the data. The exact U-test assumes data at an or-
respect to the joined result. The joined list of components dinal scale, i.e., the data can only be compared in terms of
should be individually reviewed by the experimental sub- a greater/lesser relationship, whereas the exact Fisher-Pit-
jects. The review work should be distributed among the man test is based on interval information. Since the recall
subjects so that each component is at least reviewed by twoate is actually at an interval scale, Fisher-Pitman test
persons. In order to reduce the effort for the experimental seems to be the appropriate test. However, it assumes that
subjects to review the reference corpus, each subject neethe samples are an exact image of the whole population
only review a part of the reference corpus. The reviewing which cannot really be justified when only students partic-
subjects can accept components as a whole or in parts agate.
well as add elements to the components, but should discuss
their changes with the original analyst. The set of accepted
components form the reference corpus to which the pro-



5. Setting up a Benchmark nents separately detected by each individual (if people
worked separately) have to be merged and then validated
by at least two participants. Only those components should

quality of the automatic recovery techniques, software en- be accepted for which a consensus can be reached.Validat-

gineers have to manually compile a list of reference com- I"g the Reference Components . _
ponents for diverse systems. These reference components 1Ne fact that the references used as comparison point are
cannot only be used for evaluating automatic and semi-au-Produced by people raises the question whether others

tomatic recovery techniques but also for other purposes,Would identify the same components. In order to answer
like statistical analyses or for calibrating parameters of di- this question, Girard conducted two studies whose scheme

verse metrics. can be used to investigate new reference corpora as well

In order to establish a comparison point for the detection

This section summarizes briefly how our reference cor- [8]. ) ) _ )
pora were obtained and validated and how this may be done N order to investigate whether multiple software engi-

There are several aspects that have to be considered foP€formed an experiment on a subset of a system. The
obtaining references: source files of this subset were distributed along with a

cross-reference table indicating the relation among types,
global variables, and functions. Four software engineers
were given the task of identifying the components present.
. . Then a description of the procedure they followed along
within a given subset of a system. . :

with their results were collected. In cases where they

* People How many people analyzed the system? What geemed to have broken their own procedures, the software
characteristics do these people have (age, experiencegngineers were asked to refine either their procedure or

training)? Are they authors of the system? If there were yqir resyits. Girard also revisited with them those compo-
several people, did they analyze separately or jointly? ot where a comment indicated that they were unsure or
* Validity. Were measures for quality assurance in place, something was unclear and corrected their results accord-
i.e., were the results reviewed by others? ing to their conclusions. Finally, the separate results of the
¢ Available time. How much time was available? analysts were quantitatively compared. For these software
« System characteristicsWhat is the size, programming €ngineers, the average agreement was 0.75 (the exact de-

|anguage7 age, and app"caﬂon domain of the System?tails of this comparison can be found in [8]) These agree-
What is the number of user defined types, global vari- ments lead us to believe that the reference components are

ables, and routines? a suitable comparison point.

In order to get the most reliable reference corpora, teams  In order to assess if these experiment results from a sys-
should exhaustively investigate a realistic system in suffi- tem subset can be generalized to a complete system, one
cient time and the results should be reviewed. However, Software engineer identified components in the whole sys-
this can often not be achieved in practice. Hence, the exactem. The components he identified were compared to those
characteristics of any new reference corpus have to beOf the reference components gained by a different group
gathered as a quality attribute of the corpus. (those obtained by consensus). A quantitative evaluation of

This section describes our experiences with setting up athe degree of agreement showed that the agreement gained
reference corpus. We briefly show how the references weren @ smaller subset could indeed be generalized to the rest
established and why they provide a reasonable basis for &f the system [8].
comparison, and conclude with a general framework for The above schemes can be used for new reference cor-
jointly setting up a larger benchmark suite. pora as well in order to validate that the references are a

suitable oracle.

» Partial vs. exhaustive search An exhaustive search
strives to find all references of the whole system
whereas a partial search tries to identify references

5.1. Obtaining the Reference Components

The software engineers have to be provided with the 5.2. Gathering Candidates for the Benchmark

source code of each system, a summary of connections be- The systems to be selected for the benchmark suite
tween global variables, types, and functions, and standardshould satisfy the three requirements for a reference corpus
guidelines on the task to be done. Standard guidelines arestated by Lakhotia and Gravely [16]:

important in order to get comparable results. It goes with- « The programs should be representative real-world pro-

out saying that the guidelines should not be biased toward = grams.

a specific approach.

_ _ _ » They should be available for researchers.
To obtain a common basis of comparison, the compo-



« The set of references need to be known in order to con-We have recently extended our definition of correspon-
stitute an oracle for a comparison with candidate com- dence to hierarchical components [14] and are currently
ponents. working on defining congruence based on this hierarchical
We have reference corpora for four C systems, namely, correspondence.

Aero, Bash, CVS, and Mosaic (excluding the user interface  Moreover, we discussed issues to be considered in con-
of Mosaic), with altogether 120 KLOC. We want to make trolled experiments to evaluate manual and semi-automatic
these reference corpora available on the web as part of thenethods that involve human intervention. In particular,
Reverse Engineering Infrastructure Initiative [27]. A pre- non-parameterized tests are the only appropriate tests for
requisite for obtaining our benchmark will be to give feed- small-scale experiments. We described how a benchmark
back on the quality of our references and/or to submit new can be obtained, what information should be gathered, and
reference corpora. For each new reference corpus, the fighow quality of the benchmark can be assured. The bench-
ures described in the beginning of this section need to bemark may also be useful for other purposes, like statistic
gathered. We also plan to make the tools for the automaticanalyses, metric evaluation, or calibration of clustering pa-
comparison available. In order to exchange references, aameters.

simple ASCIl-based exchange format will be specified as  Itis our hope in proposing our evaluation method and in

part of the initiative for a common exchange format for the offering evaluation tools and reference corpora to get feed-

reverse engineering community. Information on the refer- back from the clustering community that will finally lead
ence corpora and the evaluation tools is available at to a standard test for all new re-modularization techniques.

http://www.informatik.uni-stuttgart.de/ifi/ps/clustering
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