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1 Introdu
tionCon
ept analysis is a useful te
hnique for identifying feature implementations in an obje
t-orientedprogram. The task of reading and understanding someone else's 
ode 
an be arduous and time-
onsuming, parti
ularly when do
umentation is s
ar
e and the author adhered to unfamiliar 
oding
onventions. It be
omes worse when a program has undergone revisions by multiple authors whose
onventions are not identi
al. Even in the best 
ase, the job 
an be diÆ
ult simply be
ause therelationships between obje
ts in the program are 
omplex, and di�eren
es in exe
ution may arisefrom nuan
es of the run-time environment. To 
ombat these diÆ
ulties, programmers seek ways ofboth writing \more readable" 
ode and equipping themselves with more powerful tools for readingprograms. The readability approa
h tries to a
hieve a universal programming idiom, but largely fails,be
ause programming languages are 
exible by design. There is nearly always more than one way totell the 
omputer to do something. If the 
ompiler or interpreter doesn't 
onstrain the programmerto use 
ertain 
oding 
onventions, then the 
onventions are probably not enfor
ed throughout theentire software produ
tion pro
ess. In addition, on
e a program is \�nished", there is little in
entiveto expend time and labor bringing it up to future 
oding standards, even if the program is still inuse. Thus, the software engineering 
ommunity 
ontinues to seek better tools and te
hniques forunderstanding programs at the sour
e level and above.One of the dire
tions this sear
h has taken is to seek better ways of tying together the design,implementation, testing, and do
umentation of a program. The rationale behind this approa
h isthat during the design phase of a proje
t, the team is engaged in determining exa
tly what theprogram must do, and how it should do it; the \
orre
tness" of the following implementation ismeasured by how well the program a
tually performs these tasks. During ea
h of these phases, thefo
us is on units of fun
tionality, or features. To borrow a de�nition from Turner et al. [TFLW99℄,a feature is \a 
oherent and identi�able bundle of system fun
tionality that helps 
hara
terize thesystem from the user perspe
tive." A feature implementation is the set of program fragments that,taken together, 
omprise the fun
tionality of the feature. Better software development managementresults from keeping artifa
ts from the design, implementation, and testing phases of developmentlinked together. Hen
e, the software industry needs feature-oriented te
hniques, and tools that are
ognizant of the unifying role features have in the software development 
y
le.The diÆ
ulty in identifying features in an existing body of sour
e 
ode is that they are veryrarely 
on�ned to just one fun
tion, data stru
ture, or �le. Features 
ross-
ut programs, and evenin simple systems, they may depend on other features. The problem be
omes more 
ompli
atedwhen the entire lifespan of a program is taken into a

ount; from a bird's-eye view, the pro
ess ofdesign-implementation-testing-deployment is 
y
li
al. On
e the software has been put into use, it
ontinues to evolve under two 
on
i
ting pressures. To satisfy more requirements, it expands, andto be
ome more reusable, it must be refa
tored and thus 
onsolidated. In fa
t, Foote [Foo93℄ hasargued that the 
omplexity is a
tually fra
tal: expansion and 
onsolidation are repeated at everylevel of the 
ode, from the individual 
lasses and modules all the way up to the level of relatedappli
ations.The 
omplexity of software evolution and refa
toring ne
essitates the development of methodi
al,general-purpose te
hniques for analyzing and understanding existing software systems. Several linesof inquiry have begun to 
onverge on feature-oriented tools and on analyses whi
h examine thebehavior of �ne-grained system 
omponents. In parti
ular, program sli
ing te
hniques emerged asan aid to understanding system behavior [Tip95℄ and as a 
omplement to traditional system design[Pre97℄.Other investigators have used various 
lustering te
hniques to attempt to identify 
ross-
utting
hara
teristi
s of software systems (e.g. bugs that manifest in multiple pla
es). Mehta and Heineman[MH02℄ adopted a dynami
 program sli
ing te
hnique for feature dete
tion by pro�ling the sour
e
ode as it performed under a set of unit tests. Presumably, a program's unit tests will test di�erentfeatures by design, so that when one test fails, one or at most a few feature implementations be
ome1



suspe
t. However, the disadvantages of this approa
h stem from its relian
e on the unit tests. Ifthe tests don't exer
ise the entire program, or if they are not 
learly separated into independentfeature tests, the data produ
ed by the analysis will be 
onfounded; a more a

urate te
hnique mustbe able to identify the smaller building blo
ks that make up interdependent features. Worse, ifunit tests aren't available at all, then the analysis is unusable. Dynami
 program sli
ing te
hniquesshould be augmented by stati
 te
hniques, to 
orre
t for this dependen
y on artifa
ts that aren'tpart of the 
ode itself. Thus, I introdu
e a new appli
ation of an existing stati
 te
hnique | 
on
eptanalysis | whi
h previously has been applied to the related problem of refa
toring. By applying a
on
ept analysis algorithm dire
tly to sour
e 
ode, it is possible to derive a set of 
andidate featureimplementations from the organization of the resulting 
on
ept latti
e.2 Methods2.1 Formal Con
ept AnalysisFormal 
on
ept analysis is based on mathemati
al order theory. The 
lassi
al representation wasintrodu
ed by Garrett Birkho� [Bir40℄, who proved that a binary relation (a boolean table) 
an betransformed into a latti
e (and ba
k) without losing any of the properties of either. The latti
eview presents the data more 
ompa
tly than the relation, and for large datasets, this representationoften 
onveys more information to the human viewer than a boolean table would. Ganter and Wille[GW99℄ adopted the original transformation and formalized the notion of a 
on
ept, and began touse them for 
on
eptual data analysis.A binary relation R on two sets O and A is a subset of O�A. In 
on
ept analysis, the sets O andA are sets of obje
ts and attributes, respe
tively. The formal 
ontext of the analysis is de�ned as thetriple (O;A;R). Table 1 
ontains the boolean table for an example relation. In this example 
ontext,O = Cities =f\Boston", \Providen
e", \New York", \Philadelphia", \Seattle"g, and A = Trivia =f\has population greater than one million", \has an NHL team", \has a subway", \established in aBritish 
olony", \is in New England", \is in the Mid-Atlanti
 region", \is in the Pa
i�
 Northwest"g.Pop1M NHL Subway BritCol NewEngland MidAtlanti
 Pa
i�
NWBoston � � � �Providen
e � �New York � � � �Philadelphia � � � �Seattle �Table 1: The binary relation T .Con
ept analysis provides a way to organize this information by paying parti
ular attention tothe grouping of obje
ts1 with 
ommon attributes. For a set J � O of obje
ts, let AJ � fa 2 A j 8 o 2J; (o; a) 2 Rg. Likewise, for a set K � A of attributes, de�ne OK � fo 2 O j 8 a 2 K; (o; a) 2 Rg.AJ is the maximal set of all attributes 
ommon to the obje
ts in J , and OK is the maximal set ofall obje
ts whi
h have ea
h of the attributes in K. A pair of sets, mutually related in this way, is
alled a 
on
ept:A formal 
on
ept of the 
ontext (O;A;R) is a pair (J;K) with J � O; K � A; AJ = K andOK = J .C(O;A;R) denotes the set of all 
on
epts of the 
ontext (O;A;R). Table 2 lists the 
on
epts ofour example 
ontext.By de�ning an order relation on the set of 
on
epts, Ganter and Wille were able to apply latti
etheory to 
on
ept analysis. If (O1; A1) and (O2; A2) are 
on
epts of a 
ontext, and O1 � O2 (whi
h1Throughout this do
ument, I have used the word \obje
t" to refer to the term as used in formal 
on
ept analysis,and expli
itly avoided using it to refer to Java \obje
ts", ex
ept where written as Obje
t.2



C0 O0 = fgA0 = fNHL, BritCol, MidAtlanti
, NewEngland, Pa
i�
NW, Pop1M, SubwaygC1 O1 = fSeattlegA1 = fPa
i�
NWgC2 O2 = fPhiladelphiagA2 = fNHL, BritCol, MidAtlanti
, SubwaygC3 O3 = fNew YorkgA2 = fNHL, MidAtlanti
, Pop1M, SubwaygC4 O4 = fNewYork, PhiladelphiagA4 = fNHL, MidAtlanti
, SubwaygC5 O5 = fBostongA5 = fNHL, BritCol, NewEngland, SubwaygC6 O6 = fBoston, Providen
egA6 = fBritCol, NewEnglandgC7 O7 = fBoston, PhiladelphiagA7 = fNHL, BritCol, SubwaygC8 O8 = fBoston, Philadelphia, Providen
egA8 = fBritColgC9 O9 = fBoston, NewYork, PhiladelphiagA9 = fNHL, SubwaygC10 O10 = fBoston, NewYork, Philadelphia, Providen
e, SeattlegA10 = fg Table 2: The set of 
on
epts C(Cities; T rivia; T )is equivalent to the 
ondition that A2 � A1), then (O1; A1) is 
alled a sub
on
ept of (O2; A2) and(O2; A2) is 
alled a super
on
ept of (O1; A1). When C(O;A;R) is partially ordered under the �relation, it is 
alled the 
on
ept latti
e of the 
ontext. The line diagram, or Hasse diagram, of thepartially ordered set of 
on
epts for (Cities; T rivia; T ) is shown in Figure 1.There are two spe
ial nodes in any latti
e, 
alled top (>) and bottom (?). > has O as its setof obje
ts (its extent), and its attributes are only those enjoyed by all other 
on
epts, fa : 8 o 2O; (o; a) 2 Rg. Be
ause our A does not 
ontain any 
hara
teristi
s 
ommon to all the 
ities in O,>'s set of attributes (its intent) is empty. Likewise, ? has A as its intent, and its extent 
ontainsonly those obje
ts whi
h o

ur in all other 
on
epts: fo : 8 a 2 A; (o; a) 2 Rg. A subset of anordered set (M;�) in whi
h any two elements are 
omparable is 
alled a 
hain; an anti
hain is asubset in whi
h any two elements are in
omparable. In our example, there are exa
tly eight maximal
hains, running all the way from > to ?. One of the anti
hains is the subset fC4; C5; C7g. Thesubset f>; C8; C9; C6; C7; C4; C5; C2; C3;?g is neither a 
hain nor an anti
hain. However, it may bespoken of as a sublatti
e of the entire 
on
ept latti
e, as may the 
hain f>; C1;?g. Be
ause 
on
eptC1 has no obje
ts or attributes in 
ommon with the other 
on
epts in the latti
e, it appears in adi�erent sublatti
e.The dire
tional arrows in the diagram are a
tually only half the pi
ture, so to speak. To traversethe latti
e from > to ?, in the dire
tion of the arrows, is to 
olle
t new attributes and shed obje
ts,while to travel in the opposite dire
tion is to 
olle
t obje
ts and shed attributes. This duality is nota

idental. The inverse relation � of an order relation � is also an order relation, 
alled the dualorder of �.2.2 Prede
essors' AnalysesBe
ause 
on
ept analysis is a purely mathemati
al way of organizing information, the usefulness ofthe te
hnique depends on how 
arefully the sets of obje
ts and attributes are 
hosen. For sour
e 
odeanalysis, the obje
ts are usually some subset of program elements, su
h as fun
tions, methods, �elds,and so forth. The de�nition of attributes depends on how the set of obje
ts is de�ned. I 
onsideredtwo di�erent appli
ations of 
on
ept analysis and sele
ted one of them as more appropriate for thetask of identifying features in obje
t-oriented sour
e 
ode.3
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Figure 1: For legibility, only the newly introdu
ed obje
ts and attributes are shown for ea
h 
on
ept. > = C10 and? = C0.The analysis suggested by Si� and Reps [SR97℄ was originally intended for identifying modulesin lega
y C 
ode. The set of obje
ts was de�ned as the set of fun
tions in the program, and theirattributes were any sort of properties of those fun
tions (the authors suggested attributes su
h as\has return type �1", \has argument type �2", \a

esses �elds of stru
t �1"). This analysis is lessuseful for feature dete
tion, be
ause it tends to group together fun
tions that have the same argumentor return types by 
oin
iden
e rather than by design. Results 
ould be improved by ignoring void,int, and other primitive types in the data 
olle
tion phase, but this would produ
e varying levelsof improvement for di�erent programs, and would have to be tuned by hand for ea
h appli
ation.The analysis proposed by Snelting and Tip [ST00℄ produ
es a 
on
ept latti
e whi
h \re
e
t[s℄the a

ess and subtype relationships between variables, obje
ts, and 
lass members". They suggestthat the latti
e should be interpreted as a refa
tored 
lass hierar
hy. My intuition was that afeature's presen
e in a program is spread a
ross the organizational 
omponents of the program(methods, 
lasses, modules), and that the obje
ts and attributes should be �ne-grained enough toavoid misleading agglomeration. I de
ided to use the Snelting-Tip analysis and interpret 
lustering ina latti
e representation of a program as an indi
ation of intera
ting \
liques" of program fragments.Be
ause their method was developed for use with C++ 
ode, I made some minor adjustments for
ompiling Java programs.In the Snelting-Tip analysis and my implementation, P denotes a program (or 
orpus 
ontainingseveral related programs) that 
ontains a 
lass hierar
hy.2 The set of obje
ts 
ontains programvariables, whi
h may be variables of a 
lass type de�ned in P (a \PType"), or instan
es of 
lass typesde�ned in P . Attributes are de
larations and de�nitions of 
lass members (�elds and methods). Anasso
iation is made between an obje
t and an attribute a

ording to a parti
ular algorithm des
ribedbelow.2Every Java program 
ontains a 
lass hierar
hy, be
ause all Java 
lasses are sub
lasses of the 
lass Obje
t.
4



2.3 The Con
ept CompilerThe 
on
ept 
ompiler traverses the abstra
t syntax tree (AST) of the input program several times,
olle
ting information about relevant program fragments. A summary of 
olle
ted fragment setsappears in Figure 2.PTypes All 
lass types de�ned in P .Instan
es All 
lass instan
es 
reated in P (through the new instantiation 
onstru
t).DataMembers All data members (�elds) of 
lasses de�ned in P .ClassMembers All members (�elds and methods) of 
lasses de�ned in P .Lo
alV ariables All lexi
ally s
oped variables in P . This spe
i�
ally in
ludes method argu-ments and ex
ludes data members.ThisPointers All impli
itly or expli
itly de
lared this referen
es to the 
lass instan
ethrough whi
h a method is invoked. The type of a this-pointer is the typeof the 
lass in whi
h the method was de�ned. There is one element of the setThisPointers for ea
h non-stati
 method and ea
h 
onstru
tor de�ned inP .Figure 2: The program fragments from whi
h the 
on
ept 
ompiler 
reates the boolean table.First, the 
ompiler dis
overs all types de�ned in P (the set PTypes) and their subtype relation-ships (in
luding those Java-supplied 
lasses of whi
h they may be subtypes). In Java, the subtyperelationship between 
lasses has two impli
ations: �rst, that the sub
lass may inherit methods and�elds from its immediate parent and less immediate super
lasses; se
ond, that an instan
e of thesub
lass may be substituted wherever an instan
e of one of its parent types is required. Afterde
orating the tree with 
ertain information, the 
ompiler 
olle
ts the identity of all variables andmethods de
lared or de�ned in the program.Next, the 
ompiler re
ords the relationships between program fragments. In the Snelting-Tipanalysis, the set ClassV ars is made up of all C++ \referen
e" (not pointer) variables in P . Be-
ause Java does not distinguish between pointers and \referen
es" in the sense that C++ does, Iapproximated the set ClassV ars with the set of all instan
es of 
lasses de�ned in P .i 2 Instan
es i : � � 2 PTypesi 2 ClassV arsThe set ClassP trV ars is 
omprised of all lo
al variables, 
lass members, and this-pointers3, whosetypes are 
lass types de�ned in P .v 2 Lo
alV ariables v : � � 2 PTypesv 2 ClassP trV arsm 2 DataMembers v : � � 2 PTypesm 2 ClassP trV arsp 2 ThisPointers v : � � 2 PTypesp 2 ClassP trV arsThe set ClassV ars [ ClassP trV ars is the set of obje
ts for the 
on
ept analysis algorithm.Before 
omputing the set of attributes, the 
ompiler 
reates a PointsTo map, whi
h maps amember of ClassP trV ars to the members of ClassV ars to whi
h it may refer. In order for variablex to refer to instan
e y, y's type must be equal to or a subtype of x's type. Thus, this 
omputationrelies solely on the type hierar
hy and not on any kind of pointer 
ow analysis.p 2 ClassP trV ars v 2 ClassV ars p : �1 v : �2 �2 <: �1hp; vi 2 PointsTo3In Java, 
onstru
tors do have this-pointers and may 
ontain \virtual" method 
alls. This pra
ti
e is not advisedin C++, the language for whi
h Snelting and Tip originally developed their analysis.5



The PointsTo rule operates under one additional 
ondition: if p is a this-pointer of a virtual(non-stati
) method, no overriding de�nitions of the method are visible in �2.Next, the 
ompiler traverses the AST examining method a

esses and variable uses, and re
ord-ing information about whi
h members are a

essed through whi
h variables (and types). Thisin
ludes a

esses made through the impli
it this, and a

esses whi
h 
ross multiple levels of the
lass hierar
hy. The MemberA

ess map stores this information.p.m o

urs in P m is a 
lass member p 2 ClassP trV arshp;mi 2MemberA

essp.m() o

urs in P m is a non-stati
 method hp; yi 2 PointsTohy;mi 2MemberA

essDuring the �nal data 
olle
tion step, the 
ompiler gathers a list of all variable assignments.Members of the Assignments set have the later e�e
t of 
onne
ting program variables that refer tothe same obje
t. x = y appears in P x 2 ClassP trV arsy 2 ClassP trV ars or y 2 ClassV ars(x; y) 2 Assignments:There are 
ertain kinds of information the 
on
ept 
ompiler does not 
olle
t. For instan
e,
onsider the following program fragment:if (false) fVendor pete = new Vendor();Shipment tru
k1 = new Shipment("trombones", 76);pete.log(tru
k1);g Although this blo
k of 
ode would never exe
ute, the lo
al variables pete and tru
k1 wouldenter ClassP trV ars, an instan
e of Shipment would be added to ClassV ars, and the a

ess of themethod log(Shipment) through the Vendor variable pete would still be re
orded.After all data 
olle
tion steps, the 
ompiler 
reates the boolean table. An element of the tablea
quires a truth for the obje
t and attribute pair (x; y) under the following rules.The entries derived from member a

esses may introdu
e both de
l and def attributes. Infor-mally, an entry (y; de
l(X:m)) 2 T means that the 
lass hierar
hy must allow the referen
e y tohave knowledge of the de
laration, if not the de�nition, of member m through type X . An entry(y; def(X:m)) 2 T means that the referen
e y must also have knowledge of the de�nition of mthrough X , su
h as when m is a stati
 method or a data member. This approa
h preserves thea

ess relationships in P .To a

urately model the virtual lookup of non-stati
 methods in Java, I retained Snelting andTip's use of a \stati
-lookup" algorithm. When a method m is a

essed through a parti
ular Obje
ty, the run-time type of y determines whi
h de�nition of m a
tually exe
utes. At 
ompile time,however, the 
ompiler must make the best inferen
e it 
an, based on the stati
 type of y. Thestati
-lookup algorithm takes a 
lass C and a member m and returns the base 
lass B 
ontaining m;B is either C or a transitive base 
lass of C. With this stati
-lookup algorithm, the 
ompiler addsfour kinds of member-a

ess entries to the table:hy;mi 2MemA

ess m is a data memberX � stati
-lookup(TypeOf(P; y);m)(y; de
l(X:m)) 2 Thy;mi 2MemA

ess m is a stati
 methodX � stati
-lookup(TypeOf(P; y);m)(y; def(X:m)) 2 T6



hy;mi 2MemA

ess m is a non-stati
 methody 2 ClassP trV ars X � stati
-lookup(TypeOf(P; y);m)(y; de
l(X:m)) 2 Thy;mi 2MemA

ess m is a non-stati
 methody 2 ClassV ars X � stati
-lookup(TypeOf(P; y);m)(y; def(X:m)) 2 TThe boolean table also a
quires entries due to the requirement that the this-pointer for a methodmust be of the same type as the 
lass that de�nes the method. These this-pointer entries followone rule: (y1; def(X:m)) 2 T y2 � this-ptr(X:m)(y2; def(X:m)) 2 TThe member-a

ess and this-pointer table entries are the input for two kinds of impli
ations,whi
h add entries to preserve typing relationships from P . While my analysis does not have, as anultimate goal, the produ
tion of a refa
tored 
lass hierar
hy, the dominan
e/hiding and assignmentimpli
ations from the Snelting-Tip analysis do re
ord intera
tions between program fragments; thus,I retained them in the implementation. The impli
ations for assignments in P 
opy elements fromone row of the table to another. The notation x! y reads \if (x; a) 2 T , then (y; a) 2 T ."(o1; o2) 2 Assignmentso1 ! o2The impli
ations for preserving dominan
e and hiding in P 
opy elements from one 
olumn of thetable to another. Be
ause in P 's 
lass hierar
hy, a 
lass type may 
ontain more than one member withthe same name, there are o

asions when member a

esses in P rely on the order of the memberlookup de�ned in the Java Language Spe
i�
ation [GJS00℄. Snelting and Tip used impli
ationsbetween attributes to preserve the dominan
e and hiding relationships in a C++ program, and myimplementation follows theirs 
losely. They gave four impli
ation rules for attributes:(x; de
l(A:m)) 2 T (x; de
l(B:m)) 2 T A is a transitive base 
lass of Bde
l(B:m)! de
l(A:m)(x; de
l(A:m)) 2 T (x; def(B:m)) 2 T A = B orA is a transitive base 
lass of Bdef(B:m)! de
l(A:m)(x; def(A:m)) 2 T (x; def(B:m)) 2 T A is a transitive base 
lass of Bdef(B:m)! def(A:m)(x; def(A:m)) 2 T (x; de
l(B:m)) 2 T A is a transitive base 
lass of Bde
l(B:m)! def(A:m)Be
ause an impli
ation a
ross obje
ts may introdu
e new impli
ations a
ross attributes, andvi
e versa, the 
ompiler must apply impli
ations to the boolean table iteratively until it rea
hes a�x-point. When all impli
ations have propagated to the point of exhaustion, the 
ompiler is �nished.It produ
es the table as a text �le, whi
h be
omes input for the latti
e generation step. The Colibriprogram [Lin00℄ takes the table and produ
es a 
on
ept latti
e (in dot format). To layout, view,and manipulate the latti
es, I used the dot family of digraph tools [Lab℄.
7



2.4 Strengths, Weaknesses, CompromisesThe reason Snelting and Tip's algorithm is appropriate for feature dete
tion, and the reason I sele
tedit for use, is that it re
ords the member a

ess and subtyping relationships in a program. In orderto preserve these relationships in a refa
tored 
lass hierar
hy, it stores exa
tly the relationships thatare a
tually present in P , ignoring relationships that were initially 
onsidered but removed from thedesign, and in
orporating relationships that emerged as the program evolved. Type information isrelevant, but the member a

esses are foremost in the analysis, in 
ontrast to the [SR97℄ approa
h.This makes the analysis more sensitive to 
ode di�eren
es at the level of individual statements andexpressions, below the level of the 
lass hierar
hy, and more useful for feature dete
tion.One short
oming of this analysis is that it does not 
olle
t quite all of the stati
 information it
ould 
olle
t. It is possible to make 
ertain inferen
es about 
lass a

esses based on the stati
 type ofobje
ts a
tually returned from methods (in addition to the information gathered about the de
laredreturn type of the method). Also, I did not 
onsider an extension of Snelting and Tip's analysis thatwould take a

ess modi�ers (publi
/private/prote
ted) of 
lass members into a

ount, althoughthat information is fully available at 
ompile time. Be
ause the Java 
ompiler enfor
es the 
orre
tuse of publi
, private, and prote
ted members, there seems to be no extra information we 
ouldglean from the de
larations of these attributes, when what we really 
are about is how they are used.In the interest of time, the 
ompiler's 
urrent form retains one 
ompromise. In a prepro
essingstep, I removed all arrays from the input programs and repla
ed them with obje
ts of type Array,whi
h has a

essor and modi�er methods, and was treated by the 
on
ept 
ompiler as a built-in
lass type. In theory, this 
ould have 
aused the 
ompiler to miss a few member a

esses, but inpra
ti
e the input programs only used arrays to store built-in types (e.g. String[℄), and thus nomember a

esses were lost to this devi
e.2.5 Interpreting the OutputAs des
ribed in [ST00℄, the 
on
ept latti
e is a refa
tored 
lass hierar
hy that re
e
ts and preservesthe a

ess and subtype relationships between program elements. The truth table expresses individualrelationships between the types of variables, �elds, and methods, su
h as \the type of x must bea base 
lass of the type of y", and \member m must o

ur in a base 
lass of the type of variablex", while the 
on
ept latti
e aggregates variables or members based on the information they havein 
ommon. The latti
e nodes (i.e., 
on
epts) may be viewed as 
lasses of a restru
tured 
lasshierar
hy that re
e
ts the usage of the original 
lass hierar
hy by the 
lient programs. Thus, if onewere to analyze a library of related 
lasses, �rst in 
onjun
tion with a 
lient program A, and then in
onjun
tion with a 
lient program B, the resulting latti
es might re
e
t quite di�erent \refa
toredhierar
hies" if the patterns of usage in programs A and B were signi�
antly di�erent.In a stri
tly obje
t-oriented framework, temporarily leaving aside language-spe
i�
 
onstraints,one may interpret the latti
e as a 
lass hierar
hy by 
alling ea
h 
on
ept an individual 
lass. A

ord-ing to [ST00℄, the partial ordering of 
on
epts translates into a hierar
hy of inheritan
e relationshipsamong 
lasses. A variable v would have type C if v appears at 
on
ept C in the latti
e, and wouldinherit the types of the 
on
epts above C. A 
lass member m would o

ur in 
lass C if m appearsin 
on
ept C.In a Java world, treating the latti
e as a proposed 
lass hierar
hy is problemati
. The algorithmmay produ
e a latti
e in whi
h 
ertain 
on
epts have an in-degree greater than one, indi
atingmultiple inheritan
e. However, Java does not allow C++-style multiple inheritan
e. A 
lass mayinherit from multiple interfa
es, and a 
lass type may be a subtype of many di�erent and unrelatedtypes, but a 
lass may not inherit the implementation of methods from more than one 
lass (evenif the method signatures do not 
ollide) [GJS00℄. Thus, I have avoided interpreting latti
es as 
lasshierar
hies altogether, and instead used the latti
es to guide the task of feature extra
tion. If thelatti
e organizes the program elements into 
liques, based on the a

ess and subtype relationships,8



then one reasonably might use the 
lusters as a �rst approximation of program sli
es for individualfeatures.2.6 A Con
ept Latti
e Is Not a Dependen
y GraphWhile it might be tempting to interpret a 
on
ept latti
e produ
ed by one of these analyses asa UML-style dependen
y graph, or an intera
tion diagram showing the 
ow of requests betweenobje
ts, this is a
tually misleading.The 
onne
ting lines in the latti
e do not represent \is-a" or \has-a" relationships. If a parti
ular
on
ept in a diagram is labeled with the method foo(), and there is an edge leading out to another
on
ept labeled with the method bar(), it does not ne
essarily mean that foo() 
alls bar() inevery situation. The 
onne
tion between the 
on
epts might, in fa
t, be due to an entirely di�erentrelationship between the types of the 
lasses that \own" foo() and bar(), respe
tively. It is unwiseto look at only 
ertain obje
ts and attributes in a parti
ular 
on
ept and ignore the others; theentire latti
e 
ould be di�erent if some obje
ts or attributes were removed from only some of the
on
epts.2.7 Predi
tionsA latti
e is a reorganization of the information 
ontained in a boolean table. A broad, short latti
e(many sublatti
es of short length) is a representation of a table with many dis
rete \
lumps" oftrue-values. The arrangement of 
on
epts into many independent sublatti
es re
e
ts the partitionof the rows and 
olumns of the table into many nonoverlapping maximal re
tangles. A 
on
eptlatti
e in whi
h there are only a few 
hains, and the 
oupling of the 
hains is high, represents a truthtable in whi
h the maximal re
tangles are not easily partitioned, but 
an be organized into super-and sub-re
tangles.Before performing the analysis, we suspe
ted that the latti
e for a program would be more or lesseasily separable into independent program sli
es, and that 
onne
tions between sublatti
es or 
hainswould indi
ate the 
omposition of smaller feature-groups (perhaps modules or individual 
lasses)into a larger programmati
 whole.3 Experimental Programs3.1 Chara
teristi
s of the Input ProgramsI tested the 
on
ept 
ompiler with several di�erent Java programs ranging in size from 20 LOC /1 
lass (for testing spe
i�
 stages of the 
ompiler, observing line-by-line exe
ution) to 15.3 kLOC /154 
lasses. When the 
ompiler was 
omplete, I 
ompiled a set of student programs to latti
es andexamined them with an eye towards feature dete
tion. The programs were from two assignments, atext-based S
heme interpreter (ttys
heme) and the same interpreter extended with a GUI interfa
e(guis
heme). Three students' programs were analyzed. Be
ause the guis
heme assignment wasa dire
t outgrowth of the ttys
heme assignment, it was easy to identify ahead of time the set ofttys
heme features that should be present in both assignments and the set of guis
heme featuresthat should only be present in the se
ond assignment.Of 
ourse, the number of lines in ea
h program is a poor indi
ator of how mu
h fun
tionality ea
hprogram had. For instan
e, programs A, B, and C ea
h had roughly the same implementation of aS
heme interpreter, yet program A is signi�
antly larger than the others. Programs A', B', and C'di�er more in fun
tionality be
ause students were en
ouraged to expand on the basi
 spe
i�
ation,and add features they thought would be useful to a S
heme programmer. So, though ea
h programimplements 
ertain basi
 debugging tools, they di�er signi�
antly in that program B has a moreelaborate editor and allows the user to evaluate 
ode in multiple windows at on
e, while program C9



Program A: 1546 LOC, 22 
lasses, 190 
on
eptsProgram B: 832 LOC, 25 
lasses, 157 
on
eptsProgram C: 953 LOC, 21 
lasses, 171 
on
eptsProgram A': 1983 LOC, 28 
lasses, 222 
on
eptsProgram B': 1457 LOC, 33 
lasses, 244 
on
eptsProgram C': 1723 LOC, 35 
lasses, 280 
on
eptsTable 3: Chara
teristi
s of the interpreter programs.adds support for graphi
al primitives and line drawing to the language. Thus, when 
omparing theresults of the 
on
ept analysis a
ross programs, I will fo
us on two kinds of 
omparison: that of thethree base programs (A, B, and C) to ea
h other, and 
omparisons of ea
h program to its extendedversion (X to X').3.2 Identi�
ation of Program Fragments By CategoryThe appendix 
ontains a broad overview of the ttys
heme and guis
heme features. For detailedinformation on the S
heme programming language, see [KCR98℄. The high-level feature 
ategoriesin Table 4 serve to di�erentiate between programs A, B, and C. As a preliminary pass at asso
iatingthe 
andidate feature implementations in a latti
e with a
tual user-level features, I assigned ea
hfeature 
ategory a 
olor, and 
olored the nodes of the latti
e a

ording to the role their obje
ts and/orattributes play in the program. For instan
e, the 
on
ept 
ontaining defhS
heme:readInput()i was
olored red, be
ause this parti
ular method 
ontains the read-eval-print loop (REPL) and 
at
hesex
eptions arising from parsing and interpretation errors, and be
ause the 
on
ept did not 
ontainany obje
ts or attributes that belonged to a di�erent feature 
ategory. Overall, there were very few
on
epts (about 5 in ea
h program's latti
e) that 
ontained obje
ts and attributes from di�erentfeature 
ategories, and those were 
olored bla
k to indi
ate a 
on
i
t.A A' B B' C C' High-level features� � � � � � (A) S
heme language� � � � � � (B1) Infrastru
ture: I/O and parsing� � � � � � (B2) Infrastru
ture: Sta
k frames� � � � � � (C1) Debugging: Sta
k ba
ktra
e� � � � � � (C2) Debugging: break� � � � � � (C3) Debugging: tra
e-all and untra
e-all� � � (D) Inspe
tor� � (E1) Debugging: Sta
k frame browser� � (E2) Debugging: Environment browser� � (E3) Debugging: Se
ondary REPL� (F) Bu�er editor� (G) Graphi
al primitivesTable 4: The high-level feature 
ategories present in ea
h input program. Parenthesized labels refer to the notes inAppendix A.4 Results4.1 Clustering in the Latti
esThe 
on
ept latti
es turned out to be very broad and 
at, with depth no greater than 3 or 4 nodes.There were many 
hains of length 3 (in
luding > and ?), whi
h is due to the fa
t that nearly all10



the methods in the programs are virtual,4 and thus the de
l entries remain separated from the defentries in the boolean table and in the 
on
ept latti
e. In addition, in ea
h latti
e there were manyindependent 
lusters of nodes, made up of small disjoint sets of 
on
epts. The 
olor-by-featurestep made two kinds of observations very straightforward. First, it indi
ated whi
h 
lusters wereinvolved with multiple feature implementations | perhaps indi
ating dependent features | by thepresen
e of more than one 
olor in a 
luster, or by the presen
e of bla
k (
on
i
ting) nodes in aparti
ular 
luster. Se
ond, it indi
ated whi
h sublatti
es made up a 
omplete (high-level) featureimplementation when taken together, by the presen
e of multiple 
lusters all of the same 
olor.
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Figure 3: The 
lusters asso
iated with infrastru
ture and 
ore program fun
tionality in program B. For spa
e
onsiderations, I have left out > and ? in the �gures. Any node with an indegree of zero is impli
itly an immediatesub
on
ept of >, and any node with an outdegree of zero is impli
itly an immediate super
on
ept of ?.For instan
e, the two 
lusters in Figure 3 are both asso
iated with the data members, meth-ods, and instan
es of the S
heme and S
hemeReader 
lasses that make up the infrastru
ture of theprogram. In the left-hand 
luster, these in
lude the methods S
heme.
hangeReadLo
ation() andS
heme.readInput(), the de
ls and defs for these methods, and an instan
e of the S
heme 
lassthat was 
reated in the program's main() method. In the right-hand 
luster, there are the meth-ods S
hemeReader.
onfigureTokenizer(), S
hemeReader.read(), S
hemeReader.parseSExp(),and S
hemeReader.parseSExpListTail(); the methods' defs and de
ls; and two S
hemeReaderinstan
es 
reated in S
heme.
hangeReadLo
ation(). The ttys
heme program uses delegation toadd I/O fun
tionality to the main REPL of the program. While the stru
ture of the 
on
ept latti
edoes not expli
itly suggest the use of the delegation pattern, it does 
olle
t the relevant programfragments together into 
lusters.4Java methods are \virtual" by default and must be expli
itly de
lared as stati
 to avoid a runtime lookup in thevtable. 11



As the green and bla
k nodes in the left-hand 
luster indi
ate, the algorithm has also asso
iatedsome \rogue" program fragments with the fragments that implement I/O and the REPL. The bla
knode (
on
ept-001) 
ontains two S
heme instan
es as obje
ts: one 
reated in main(), and one 
reated,as it turns out, in the SLoadPro
edure.apply()method and assigned to the sr variable. The greennode (
on
ept-010) 
ontains the obje
t SLoadPro
edure.apply().if.blo
k.reader, whi
h turnsout to be a S
hemeReader variable in the implementation of the S
heme load pro
edure. Thispro
edure takes a �le name as an argument and returns an unde�ned value; as a side e�e
t, it opensthe �le by that name and evaluates the 
ontents of the �le as S
heme expressions. To do this, it mustuse a S
heme instan
e and a

ess the 
hangeReadLo
ation() and readInput() methods througha S
heme variable. Thus, the load feature depends on 
ore program fun
tionality, and the presen
eof the green and bla
k 
on
epts in a primarily red 
luster is a 
lue to the programmer that thosetwo features intera
t in some way and should be investigated more 
losely.
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Figure 4: Clusters asso
iated with infrastru
ture and 
ore program fun
tionality in program C.In program C, the student did not implement the REPL in a separate method of the S
heme
lass, but instead implemented it dire
tly in main. Thus, the 
luster on the left side of Figure 3does not appear in the 
on
ept latti
e for program C (Figure 4), as the main() method simplyinstantiates a S
hemeReader and invokes its methods. However, be
ause programs A and B sharethe same S
hemeReader 
lass design, the right-hand 
luster also appears in program C's latti
e.In program C (Figure 4), the load pro
edure turns up in another 
luster as well, indi
ating afeature intera
tion. The red node, 
ontaining the method SSpe
ialPro
edure.loadPro
() and itsdef, appears in the midst of several blue-
olored 
on
epts, whi
h we asso
iated with the \S
hemelanguage" feature 
ategory. Closer inspe
tion reveals that these 
on
epts ea
h 
ontain anothermethod and def from SSpe
ialPro
edure, whi
h implement the S
heme pro
edures quote, lambda,define, and other spe
ial forms. The 
on
ept at the bottom of this fan-shaped 
luster 
ontainsan SSpe
ialPro
edure instan
e and two defs: defhSSpe
ialP ro
edure; SPro
edure:apply()i anddefhSSpe
ialP ro
edure; SExp:eval()i. As it turns out, the student implemented appli
ation ofspe
ial forms by multiplexing within the apply()method (see Figure 5), and 
alling the loadPro
()\helper" method when the load pro
edure is invoked. In fa
t, this fan-shaped 
luster is repeatedelsewhere in program C's latti
e (see Figure 6), and 
an be interpreted as an indi
ator of themultiplexing 
all pattern.There are two other signi�
ant things a programmer should noti
e be
ause of the fan-shaped
lusters. First, the presen
e of the red or purple 
on
epts in the midst of 
on
epts 
omprisedof S
heme-language program fragments should tell us that the load and tra
e-all/untra
e-allfeatures are presented to the S
heme programmer through the S
heme language, not through a buttonor pull-down menu, and not through a key 
ommand that is 
aptured by the interpreter. In this12



publi
 
lass SSpe
ialPro
edure extends SPro
edurefprivate String name;. . .publi
 SExp apply(SFrame f) f/* Call the appropriate handler */if (name.equals("load")) freturn loadPro
(f); 10g else if (name.equals("quote")) freturn quotePro
(f);g else if (name.equals("if")) freturn ifPro
(f);g else if (name.equals("define")) freturn de�nePro
(f);g else if (name.equals("lambda")) freturn lambdaPro
(f);g else fthrow new S
hemeInternalError("Unimplemented Spe
ial: " 20+ name);gg/* Loads in the provided �le (�lename is in a symbol) */private Sexp loadPro
(SFrame f) f . . . gg Figure 5: Program C's implementation of spe
ial forms in the S
heme language.
ase, this happens by design and not by a

ident. However, the se
ond thing the programmer shouldnoti
e is that the load 
on
ept appears in the wrong fan-
luster! The load pro
edure is not, in fa
t,a spe
ial form, but an ordinary pro
edure.5 In order to �nd this bug without the 
on
ept 
ompiler,a programmer would have to either noti
e it while reading the 
ode | and the 
omments left bythe student make the pla
ement of load's implementation seem quite deliberate | or test the loadpro
edure with an expression that required evaluation in order to be meaningful as a �lepath.4.2 Eviden
e of Implementation Di�eren
es In the Latti
esThere were some subtle and some obvious di�eren
es among the 
on
ept 
ompiler's output for thestudent programs. Programs A and B produ
ed fairly similar latti
es, with 
ertain 
lusters showingup in both programs. One 
luster, in parti
ular, exhibited a ni
e symmetri
al shape and was presentin both programs A and B (Figure 7). This 
luster is part of the feature implementation for the
ar and 
dr pro
edures in the S
heme language. In S
heme, nonempty lists have two parts: the�rst item in the list ( the 
ar) and the rest of the list (the 
dr). If the list 
ontains only one item,the \rest" of the list is an empty list. In the students' implementations, lists 
an be either empty5In S
heme, the di�eren
e between pro
edures and spe
ial forms is that the arguments of a pro
edure are evaluatedbefore the pro
edure is applied to them; spe
ial forms are \spe
ial" be
ause their arguments are not evaulatedbefore the form is applied. To appre
iate the ne
essity of this 
onvention, 
onsider the evaluation of the expression(if #t 'a (quit)). 13
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Figure 6: Another multiplexing 
luster in program C. In this 
luster, the purple 
on
epts are part of thetra
e-all/untra
e-all implementation.(SNil) or nonempty (SCons, so named for the list 
onstru
tor 
ons). (See Figure 8.) The SCons
lass has two data members: a S
heme expression, SExp 
ar, and the rest of the list, SList 
dr.The symmetry in the 
luster re
e
ts the �rst-rest symmetry of lists in S
heme, and I expe
ted tosee an identi
al symmetri
al stru
ture in ea
h of the students' programs.
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Figure 7: The 
ar/
dr 
lusters from programs A, B, and C.Programs A and B did in fa
t 
ontain identi
al 
lusters for the 
ar/
dr data members, a

essormethods, and mutator methods. However, at �rst glan
e it appeared to be missing from program C.A 
loser examination revealed the symmetri
al sublatti
e did, in fa
t, exist in program C's 
on
eptlatti
e. The simple stru
ture was obs
ured be
ause it was embedded within a larger 
luster, 
om-prised of additional a

essor methods for the same 
ar and 
dr �elds. At �rst I thought this wasan error, but when I pulled up the implementation of the SCons 
lass, I found the following 
omment:// A bit redundant, but hey.publi
 SExp 
ar() freturn getCar();g The 
on
ept analysis te
hnique delivered stru
turally similar, yet still noti
eably di�erent, 
lus-ters for two similar but signi�
antly di�erent feature implementations. This suggests that 
on
eptanalysis is a very promising te
hnique for dete
ting 
hanges in the implementation of spe
i�
 fea-tures as a 
orpus of 
ode evolves over time, and that it should be used, like regression testing, as a14



Figure 8: The basi
 implementation of S
heme lists in ttys
heme and guis
heme.means of tra
king the evolution of a program from a high-level and feature-oriented perspe
tive.The idea of using the 
on
ept 
ompiler as a way to follow the evolution of a program is furthersupported by one of the 
hanges it revealed between programs B and B'. In Figure 9, the di�er-en
es between the 
lusters for sta
k ba
ktra
e printing (orange) are striking. As it turns out, thestudent 
hanged his implementation of the sta
k ba
ktra
e feature between the two versions of theinterpreter in non-super�
ial ways. He modi�ed the re
ursive method SFrame.printBa
ktra
e(),renaming it ba
ktra
eString() and removing a 
all to the method SFrame.printCurrent() fromthe SFrame 
onstru
tor. This had the e�e
t of 
ollapsing the yellow W-shaped 
onne
tions intoa single line. Even more noti
eable is the 
hange whi
h aggregates several unatta
hed yellowand grey nodes into one 
luster. The grey 
on
epts 
ontain program fragments of the Interpreta-tionEx
eption, whi
h is thrown whenever an interpretation error o

urs; the yellow 
on
epts 
ontainInterpretationEx
eption.getBa
ktra
e() and InterpretationEx
eption.printBa
ktra
e()methods and defs. In program B', the student 
onverted the printBa
ktra
e() method into agetBa
ktra
e()method, but left the original husk in the 
ode (a mistake); this is why there are twoyellow nodes instead of one. He also added the method InterpretationEx
eption.showEnvBrowser(),whi
h is a guis
heme debugging feature. Finally, ea
h of these additional methods a

esses theSFrame variable sif, whi
h is a member of 
on
ept-032. Where in program B, only one methoda

essed sif, three methods a

ess it in program B', and the latti
e for program B' re
e
ts thein
reased dependen
y on this parti
ular program fragment.5 Comparison to Dynami
 Te
hniquesSin
e the 
on
ept 
ompiler shows promising use as a feature-oriented te
hnique, but at the momentdepends heavily on the user's own knowledge of the software she wants to analyze, it would be handyif the feature identi�
ation step 
ould be automated. Augmenting the stati
 te
hnique with infor-mation derived from another program-sli
ing analysis might provide the additional boost ne
essaryto 
olor the latti
e automati
ally. To this end, I followed up the 
on
ept analysis of the students'S
heme interpreters with a sli
ing te
hnique styled after [MH02℄. Mehta and Heineman performeddynami
 sli
ing, based on feature-separated regression tests, to identify where features are imple-mented in the program. This approa
h was 
onvenient partly be
ause we already had a test suite15
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e implementation in program B.
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(b) Ba
ktra
e implementation in Program B'.Figure 9: The implementation 
hanges between programs B and B', for the ba
ktra
e feature.for the interpreters, and partly be
ause their de�nition of a \
andidate feature implementation" isvery similar to ours. By pro�ling the 
ode that is exe
uted by ea
h test in the test suite, one 
an
olle
t the set of all statements whi
h �re when a parti
ular feature or group of features is exer
ised.In [MH02℄, this is a \feature implementation"; for our purposes, this data may determine to whi
hfeature implementation a parti
ular 
on
ept belongs.I performed a unit test analysis (after [MH02℄), using an in-house pro�ler and the JUnit/JFCUnitlibraries as the regression test harness [BG98, CWA℄. The pro�ling data was summarized in a tableof the per
entage of lines exer
ised in ea
h method by ea
h test 
ase. A portion of program A'stable is shown in Figure 5.Mehta and Heineman used the standard deviation, applied a
ross ea
h row of the table, to groupthe methods into 
andidate feature implementations. I suggest using the standard deviation as a�rst step towards de
iding how to 
olor a parti
ular 
on
ept. Assuming that the user has separatedthe tests into feature groups, and assigned a 
olor to ea
h group, my algorithm for 
oloring the latti
ewould iterate over the 
on
epts in the latti
e and determine the 
olor of the node based on 
ertainproperties of the methods it 
ontains.6 The 
riti
al information for ea
h method is 
ontained in asingle row of the table. If the standard deviation a
ross the method's row is 0, this indi
ates that themethod is exer
ised by every test 
ase, and the algorithm assigns it a spe
ial \
ore 
olor" to showthat it is probably part of the program infrastru
ture (su
h as main(), or a 
ommon 
onstru
torlike SExp()). If the standard deviation is greater than 0, then the algorithm attempts to determine6The pro�ler we used did not tra
k the use of data members; any 
on
epts that did not 
ontain at least one method,def, or de
l would be 
olored grey to indi
ate that they 
ould not be assigned the 
olor of a feature group.16



Car Cdr CarErr3 False SymbolIf IfFalse SymbolUndef STDEVSExp.<init>() 1 1 1 1 1 1 1 0S
hemeReader.read() 1 1 1 1 1 1 1 0S
hemeReader.parseSExp() 0.16 0.16 0.16 0.16 0.16 0.16 0.16 0SPrimitivePro
edure.
drPro
() 0 0.05 0 0 0 0 0 0.02SPrimitivePro
edure.
arPro
() 0.05 0 0.05 0 0 0 0 0.03SSpe
ialPro
edure.ifPro
() 0 0 0 0 0 0.09 0 0.03InterpretationEx
eption.<init>() 0 0 0 0 0 0 1 0.38InterpretationEx
eption.<init>() 0 0 1 0 0 0 0 0.38SFrame.getEnvironment() 1 1 1 0 0 1 0 0.53SList.<init>() 1 1 1 0 0 1 0 0.53Table 5: Methods and fra
tion 
overage per test 
ase.whi
h group of tests exer
ised the fun
tion by further examining the data in that method's row. Ifexa
tly three tests exer
ised, say, 67% of the fun
tion, and the user had identi�ed these three testsas belonging to the same feature group, then the method would be assigned the 
olor for that featuregroup.The problem gets \interesting" when a 
on
ept 
ontains methods exer
ised by di�erent featuregroups. The node should be assigned a meaningful 
olor, yet the algorithm has no way of knowingwhi
h feature group is most important to the user (if any is). A simple solution would be tohave a 
on
i
ting node 
y
le through the 
olors of ea
h of the 
ompeting feature groups. Thiswould 
ertainly draw the user's attention to that area of the latti
e, whi
h is the point. Experien
esuggests that feature groups are not likely to be 
ompletely independent of ea
h other, and infa
t, some unit tests will ne
essarily test basi
 program fun
tionality ea
h time they test dependentfeatures. The unit tests for the ttys
heme and guis
heme interpreters exhibited this behaviorespe
ially strongly, be
ause in order to evaluate the S
heme expression (+ 3 7) | a simple testof the addition pro
edure | the interpreter also had to evaluate two numbers, a symbol, and alist. Therefore, the addition test exer
ised a superset of the fun
tions the number-evaluation test,symbol-evaulation test, and list-evaluation test exer
ised. To deal with highly dependent featuregroups, an advan
ed 
on
ept analysis tool might o�er several 
oloring algorithms, ea
h tuned fordi�erent levels of feature interdependen
e, and would allow the user to examine the obje
ts andattributes of a 
on
ept and override the automati
 
oloring as he or she saw �t.In pra
ti
e, there was a high degree of 
orrelation between 
lusters I would identify as imple-menting a parti
ular feature, and the fun
tions the pro�ling algorithm identi�ed as exer
ised bya parti
ular feature. This is not surprising, be
ause the Snelting-Tip analysis adds entries to theboolean table when 
lass members are (potentially) a

essed through data members or variables,and the Mehta-Heineman analysis re
ords whi
h methods are a

essed when the program is a
tuallyrun. Some divergen
e is to be expe
ted, be
ause the 
on
ept analysis doesn't dis
riminate between
ode that might be run and 
ode that de�nitely will or will not be run, and be
ause the regressiontest analysis only 
aptures 
omplete information when features are thoroughly exer
ised, and allpossible inputs or intera
tions are handled.6 Improving the AlgorithmTo make the 
on
ept analysis algorithm better at 
lustering feature-related program fragments, Iwould add more information to the binary relation (boolean table) before 
omputing the latti
e.One must be 
areful to avoid asso
iating program fragments simply be
ause they are de�ned in thesame 
lass, be
ause as a program evolves, several unrelated or minimally related features may endup in the same 
lass de�nition. A di�erent idea is to make use of stati
 information about methods'return values. The analysis 
urrently interprets the assignment \foo = bar;" as an indi
ation thatmembers a

essed through the foo variable and members a

essed through the bar variable are,17



at some point in the program, a
tually a

essed through the same obje
t. Likewise, the statement\foo = baz();", taken in 
onjun
tion with the method de�nitionpubli
 Something baz() fSomething s = new Something();. . .return s;gindi
ates that any a

esses made through foo are also made through s. Taking this logi
 one stepfarther, an asso
iation should be made between the this-pointer of a 
onstru
tor and all instan
esof that type. x = new Y(...) appears in Px 2 ClassP trV ars Y 2 PTypesy � this-ptr(Y 
onstru
tor)(x; y) 2 AssignmentsThis would have the e�e
t of unifying several outlying 
lusters, parti
ularly the isolated defs of\virtual" methods, with the larger 
lusters 
ontaining the de
ls of the same methods.One of the drawba
ks of the stati
 analysis is that it does not take into a

ount the relativeorder of program statements. Without a
tually running the program, it is usually impossible to tellwhether 
ertain statements are ever exe
uted, and therefore the 
on
ept analysis might be 
olle
tinginformation about assignments and method returns that never a
tually take pla
e. Therefore, whileit is tempting to look for more and more possible inferen
es about program exe
ution, espe
iallythose an experien
ed programmer will make automati
ally and (usually) 
orre
tly while debugging,it is best to pro
eed with 
aution.7 Using Con
ept Analysis in Software DevelopmentThe 
on
ept 
ompiler produ
es a useful, but in
omplete, representation of the input program. To�ll out the pi
ture, a 
on
ept analysis tool would also tell the user whi
h program fragments didnot end up in the latti
e (unused variables or �elds, for instan
e). If the 
ompiler is 
ombined witha pro�ling analysis, the tool should show two other signi�
ant sets of program fragments: thosethat show up in the 
on
ept latti
e but were not exer
ised by the unit tests, and those whi
h wereexer
ised by the unit tests but did not appear in the latti
e. Having this information at the user's�ngertips would dire
t him towards \problem" areas of the 
ode more qui
kly, saving him the stepof dedu
ing this information from the latti
e and pro�ling statisti
s ea
h time.A typi
al s
enario of how someone would use the 
on
ept 
ompiler is as follows. First, generatethe 
on
ept latti
e and run the unit tests to 
olle
t 
overage data. Then, the user would have togroup the unit tests and, if desired, suggest 
olors for ea
h group. The tool would then 
omputewhi
h 
on
epts are related to whi
h unit tests, and 
olor them automati
ally. Finally, the userwould employ a \latti
e browser" to navigate between the augmented latti
e, the sour
e 
ode, andperhaps the pro�ling data. For instan
e, the user might begin with a bird's-eye view of the latti
e,noti
ing 
lusters of similar 
olors and the shapes and 
onne
tedness of those 
lusters. His attentionwould be drawn to interdependent feature implementations by the visual 
lash of di�erent 
olorsor 
hanging 
olors. To view a parti
ular region in more detail, he 
ould zoom in on a region ofthe latti
e or sele
t a parti
ular node to investigate. An advan
ed tool would allow the user tosele
t one or many 
on
epts, obje
ts, or attributes, and display the a
tual sour
e 
ode with thoseprogram fragments highlighted. It would be able to hide sele
ted 
on
epts or edges, on demand ora

ording to 
ertain 
riteria, and be able to sear
h the 
on
ept latti
e and highlight nodes or programfragments a

ording to the user's wishes (for instan
e, highlighting all program fragments de�nedin a parti
ular 
lass). Although the 
on
ept latti
e organizes and presents the boolean relation in a18




ompa
t and useful manner, it is still easy to lose tra
k of details when fa
ed with the entire latti
e.Augmenting the 
on
ept 
ompiler with a full-featured navigation tool would do mu
h to promoteits use in the software development 
ommunity.This kind of tool, built around the 
on
ept 
ompiler, will have several overlapping uses. First,it 
an speed up the pro
ess of familiarizing a programmer with novel 
ode. A user 
an navigatea software system by examining the program sli
es of related 
ode, instead of being for
ed to pi
ka starting �le and wade through the 
ode more or less linearly. The 
on
ept latti
e provides as
a�olding for the programmer to build an understanding of how the program fragments intera
t.Se
ond, be
ause the 
on
ept analysis algorithm is sensitive to program 
hanges at the level ofindividual statements and expressions, it provides an ex
ellent way of 
apturing a \snapshot" of asoftware system at a given point in time. Su

essive 
ompilations of the system, taken at di�erentpoints in its development, provide a development team with a new, feature-oriented way of tra
king
hanges in the system.8 Related WorkSi� and Reps [SR97℄ des
ribed a general te
hnique for applying 
on
ept analysis to sour
e 
ode.Snelting and Tip [ST00℄ presented a means of refa
toring C++ 
lass hierar
hies, using 
on
eptanalysis. The resulting 
lass hierar
hy is 
losely tied to the 
urrent state of the implementation,however, and su

essive refa
torings may a
tually dis
ourage programmers from using the analysis,be
ause of the 
omplexity of large programs' latti
es. Additionally, the algorithm is not quite generalenough to be applied to other obje
t-oriented languages without 
areful 
onsideration.While te
hniques exist for identifying program sli
es at runtime, they interpose a layer of in-dire
tion between the a
tual 
ode and the set of 
andidate feature implementations. Mehta andHeineman [MH02℄ developed a feature-oriented method for reengineering software systems, whi
huses unit tests and a pro�ling analysis to identify feature implementations. Dynami
 te
hniques su
has this should be used in 
onjun
tion with stati
 analyses su
h as mine to redu
e this dependen
yon the runtime environment.9 Con
lusion And Future WorkThe 
on
ept analysis algorithm of [ST00℄ is an appropriate and useful program sli
ing te
hniquefor identifying feature implementations in obje
t-oriented sour
e 
ode. The algorithm is 
exibleenough to apply to di�erent kinds of software systems, and it should be re�ned with additional,
arefully 
hosen, rules for adding obje
ts and attributes. Although a 
on
ept latti
e is not anisomorph of the sour
e 
ode | you 
an't reverse-engineer a program from its latti
e representation| its stru
ture and shape 
onvey important information, 
on
isely and 
onsistently. As a stati
te
hnique, it 
omplements the dynami
 program sli
ing approa
h of [MH02℄; it o�ers new feature-oriented methods for understanding and managing the development of sour
e 
ode.
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A Input Program Features� ttys
heme Features:(A) S
heme language features[KCR98℄{ If a 
orre
t S
heme expression is given as input, must print out the 
orre
t value ofthat expression.{ Handle the types number, boolean, symbol, list, pro
edure.{ Handle the primitives pro
edures +, *, =, 
ar, 
dr, 
ons, null?, eq?, quit.{ Handle the spe
ial forms quote, if, define, lambda, load.{ Dete
t interpretation errors (
ommonly, wrong number or type of arguments arepassed to a fun
tion).{ Dete
t parsing errors, e.g. \))".(B) Program Infrastru
ture{ Provide a read-eval-print loop (REPL) for user input.{ Ability to read input from a �le or from the user.{ Parsing and interpretation errors must be handled by generating a message and warn-ing the user, not by terminating the program.{ Perform pro
edure appli
ation based on the sta
k frame model: ea
h pending appli-
ation is represented internally as a (
urrent pro
edure, 
urrent environment,parent frame) triple; to apply a pro
edure to its arguments, you extend the birthenvironment of the pro
edure with the bindings for its arguments, and then evaluatethe body of the pro
edure in that extended environment. The referen
e to the parentframe is used for the sta
k ba
ktra
e feature des
ribed below.(C) Debugging{ Sta
k Ba
ktra
e: ability to print out the sta
k of 
urrently pending pro
edure invo-
ations, upon an error, before returning 
ontrol to the REPL.{ When break is invoked, print out the sta
k ba
ktra
e before returning 
ontrol to theREPL.{ Tra
ing: tra
e-all and untra
e-all 
ause the printing of tra
e information onevery pro
edure appli
ation's arguments and return value.� guis
heme Features:(D) Inspe
tor(a) (inspe
t arg) returns the value of its single argument, and as a side e�e
t, displaysa representation of its argument.(b) Elements of a list must be sele
table and inspe
table.(E1) Sta
k Frame Browser | Upon an error, display a window that allows the user to navigatethrough the 
all sta
k and see the pro
edure that was being evaluated at ea
h sta
kframe; provide a view of the 
urrent environment in ea
h sta
k frame. (This is just thesta
k ba
ktra
e, but presented intera
tively | perhaps as a 
ollapsible tree | and withenvironment information.)(E2) Environment Browser | Upon an error, display a window that shows the user all thebindings in the environment of the pro
edure invo
ation in whi
h the error o

urred;provide a way of a

essing and intera
ting with the parent environment.21



(E3) Se
ondary REPL | Upon an error, display a new intera
tion window that allows theuser to exe
ute 
ode in the environment in whi
h the error o

urred. The user mustbe able to exe
ute 
ode in either the new or original REPL at will (requires a tou
h ofmultithreading).(F) Bu�er Editor with open, save, exe
ute buttons. These operations do not extend thelanguage, but make the development environment more useful.(G) Graphi
al Primitives: ar
, 
ir
le, line, oval, re
tangle, string; 
olor-from-name,
olor-from-rgb, set
olor, get
olor; draw, 
lear. These operations extend thelanguage and must be available from within normal S
heme expressions (su
h as pro-
edure de�nitions). They should have the side e�e
t of drawing to a window on thes
reen.
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