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ABSTRACT

According to Parnas's information hiding principle and @&in
and Clark's design rule theory, the key step to decomposisygsa
tem into modules is to determine the design rules (or in RB&na
terms, interfaces) that decouple otherwise coupled dekEgisions
and to hide decisions that are likely to change in indepetnahexal-
ules. Given a modular design, it is often dif cult to deternei
whether and how its implementation realizes the designetliac
ity. Manually comparing code with abstract design is tediand
error-prone. We present an automated approach to checlothe ¢
formance of implemented modularity to designed modulani$ing
design structure matricess a uniform representation for both. Our
experiments suggest that our approach has the potentiaridest
the decoupling effects afesign rulesn code, and to detect mod-
ularity deviation caused by implementation faults. We abow
that design and implementation models together providena co
prehensive view of modular structure that makes certairliaihp
dependencies within code explicit.

Categories and Subject DescriptorsD.2.11 [Software Engineer-
ing]: Software Architecture

General Terms: Design.
Keywords: Modularity, Conformance Checking

1. INTRODUCTION

Modularity in design is immensely important for softwaressy
tems [20, 22]. Modularity decay caused by unanticipatedgba
and dependencies hinders software evolution and mainteriag).
According to Parnas's information hiding principle [20]caBald-
win and Clark's design rule theory [1], the key step to decosiipg
a system into modules is to determine tesign ruleggeneralized
interfaces) that decouple otherwise coupled design aessind to
hide decisions that are likely to change in independeodules

However, design rules and modules can be different at the de-
sign and implementation levels, making it dif cult to ditcmap
design rules into source code. Some design-level desigs nan
be explicitly mapped to program leviglterfaces such as abstract
classes and function signatures. In many cases, howestraeb
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design rules are implicit in code; an example is the agreémen
the data structure to be shared among modules [20]. Desigs ru
are also often crosscutting, such as naming conventiorrenaain

as informal agreement among the designers. Design-levdl mo
ules are also different from modules at source code levelircgo
code modules are usually mapped to classes, packages,raod di
tory structures. A module at design level is an independenofs
decisions, which may cross the boundary of program units.

Given the different perspectives of design and implemértan
terms of design rules and modules, it can be dif cult to detiere
if source code faithfully implements designed modularignex-
pected dependencies can be introduced between modulegyduri
the implementation; the existence of design rules is oftarrédxd,;
and the decoupling effects of design rules to create indigren
modules are dif cult to discern. These dif culties make ifd to
both understand the relation between design and implem@mta
and to detect and prevent modularity decay.

Checking the conformance between design and implementatio
has been explored. The Re exion model of Murphy et al. [18] is
a representative work in this area. The Re exion model uges s
tactic box-and-line style representations as the desigteimand
requires a mapping from the design model to source code model
De ning these mappings could be dif cult when the user does n
have suf cient knowledge about how the system is implemgnte
For example, design rules could be data structures, putitiés-i
faces, etc. For a user to specify in detail which concretatidas
correspond to these design rules may not be easy. On the other
hand, design rules often crosscut multiple modules. Thainiel
nating roles and decoupling effects are often revealedigirdheir
dependency structure.

In this paper, we present an approach to automatically match
the implemented modular structure, that is, the desigrsrated
modules in source code, to the designed modular structndetoa
check the conformance between them. To check the confoemanc
we want to rst ensure the design rules in the source do notiép
on non-design-rule elements, and second to nd any deviatio
the dependency structure: speci cally, extraneous or imjsde-
pendencies between modules.

We rst uniformly represent the design and source code struc
tures usinglesign structure matricg®SM) [23, 6, 1, 24, 21]; sec-
ond, cluster the design-level DSM into a desired modulaviiyv;
third, develop an algorithm to automatically cluster therse code
DSM to match the clustered design-level DSM; and fourth khec
the conformance between the two.

We have developed atool, called Glusta (genetic-algoritased
clustering), that implements our algorithm. Using Glusta,eval-
uated our approach using both a small canonical exampleaand
real project. Our experiments show that our approach hapdhe



tential to manifest the decoupling effects of design rulesaurce
code, to identify modularity deviations caused by incarieple-
mentations, and to provide integrated and comprehensawesvof
design and implementation modularity, making implicit eegen-
cies caused by design-level decisions explicit.

The rest of this paper is arranged as follows. Section 2 uses
a canonical example to explain our overall approach. Se@io
describes our algorithm and implementation. Section 4emtss
our experiment on a real project. Section 5 discusses celabek
and Section 6 discusses related issues. Section 7 concludes

2. OVERVIEW—A CANONICAL EXAMPLE

In this section, we use a small, but canonical, example to il-
lustrate our conformance checking approach. Parnas Hesdtie
canonicalKeyword in ContextKWIC) system [20] as follows:

“The KWIC index system accepts an ordered set of lines; each
line is an ordered set of words, and each word is an orderedfet
characters. Each line is circularly shifted by repeatediynoving
the rst word and appending it at the end of the line. The KWIC
index system outputs a listing of all circular shifts of afids in
alphabetical order”

In his seminal paper [20], Parnas presented two KWIC designs
a traditional sequential design (SQ) based on the stepsnveds
ing input to output, and one based on information hiding (IBYIr
previous papers [24, 3] have presentibign structure matrices
(DSMs) for both the SQ and IH KWIC system. We have previ-
ously shown that DSMs can precisely reveal the modular sireic
of KWIC designs, represent hodesign rulesdecouple a system
into modules, and capture Parnas's information hidingedon
(Section 2.1).

KWIC has been implemented by many people. We arbitrarily
selected a well implemented KWIC implementation developed
the Institute for Information Processing and Computer $utepl
New Media (IICM), Graz University of Technolodyor our exper-
iments. In the next subsections, we use the KWIC design g
in our previous work and the IICM KWIC implementation to gk
trate the concept of DSM and our approach.

2.1 Design Structure Matrices

Figure 1 shows a design structure matrix representing théd&<W
SQ design. A DSM is a square matrix, in which the rows and
columns are labeled wittlesign variableseach representing a de-
sign decision or an environmental condition. A cell is marke
and only if the decision on the row depends on the decisioen t
column.Modulesare represented as blocks along the diagonal.

For example, in Figure 1, the rst module consists of the four
environmental conditions Parnas mentioned in his papeg:irth
put format eénvr_input_format input size énvr_input_sizg core
size envr_core_size and alphabetizing policyefivr_alph_policy.
The following four blocks model the four functions in the S&-d
sign, input, circular shift, alphabetizing andoutput Each func-
tion consists of three decisions: function signature (egdvith
“_sig”), data structure (ending with “_ds”), and implematidbn
(ending with “_impl”). The marked cell in row 6, column 2, for
example, shows that the choice of input data structure dipen
the input size. This DSM model is developed fully according t
Parnas's design description [20].

A DSM precisely captures the following concepts that areess
tial to the modular structure of a system.

http://coronet.iicm.edu/sa/swp_how.htm

Figure 1: KWIC SQ Design DSM

Modularization. A DSM models modules as blocks of inter-
dependent variables along the diagonal. The same systelimecan
modularized in different ways, each captured by a diffevexyt the
columns and rows am@ustered Figure 1 and Figure 2 are two ways
the KWIC SQ design can be modularized. In Figure 1, function-
ally similar decisions are clustered together. For examgllehe
variables starting with “input_" are clustered togethey.d®ntrast,
in Figure 2, all the data structure variables (ending wittis”) are
clustered together. These two DSMs model exactly the same de
pendency relation, but present different modular strestul_ater
in the paper we show that our approach can automaticallyeslus
the same source code in different ways according to thetselec
design-level DSM.

Design Rules.According to Baldwin and Clark [1Hesign rules
are the decisions made before other subordinate decidiahare
intended to decouple otherwise coupled subsequent desigin d
sions. In the KWIC SQ design, according to Parnas, the design
speci es the data structures rst so that the functions damtbe
implemented independently. As a result, the data strustwithin
each module (the variables ending with “_ds”) are the degitgs
in the SQ design. That being said, there is nothing in thecgour
code to indicate that these data structures constituteeyénker-
faces between the functional modules.

De ning design rules is the key step to decomposing a system
into modules. In a DSM, design rules can be modeled as design
variables clustered into the rst block of the DSM, after awi-
ronmental conditions. For example, the DSM shown in Figure 2
captures Parnas's vision that early agreement on the datdses
decouple otherwise coupled function designs. After all daga
structures are aggregated into a design rules module (oharke
the system idruly modularizedin that there are no off-diagonal
dependencies among the four hidden modules [24], namegetho
implementing the functions that use the data structure.

Information Hiding Modularity. Given the environment mod-
ule, design rules module, and subordinate hidden moduleS§N
can precisely capture Parnas's information hiding ciitef24, 3]:

a system is information-hiding-modularized if the desigtes do
not depend on the environment modules, and there are ndawfk-b
dependencies among the hidden modules. Accordingly, thédKW
SQ is not an information hiding design because the desigs dé-
pend on environmental factors. We have previously showtiliga
KWIC IH design indeed is information-hiding-modularizezfl] 3].



Figure 2: KWIC SQ DR Design DSM

2.2 Framework Overview

Figure 3 shows the overview of our approach. Our conformance
checking framework uses DSMs to uniformly represent desigd-
ular structure (Model DSM) and source code modular strectur
(Sample DSM), and automatically clusters the Sample DSM; ge
erating a Conformance DSM that matches the Model DSM. In a
design level DSM, the variables generally represent dedegi-
sions; in a source code DSM, the variables represent progoam
structs. Manually constructing either kind of DSMs is tediand
error-prone so we use existing tools to derive both DSMsmaate
ically. The framework thus consists of the following maimgmo-
nents: the model DSM generator, the sample DSM generatdr, an
the conformance checker.

Figure 3: The overview of our approach

Model DSM Generator. The model DSM generator derives a
model DSM from a software design represented byAagmented
Constraint Networ{ACN), developed in our recent work [3, 2,
4]. In an ACN, design decisions and their dependencies act mo
eled in a formal logicakonstraint network The concept of de-
sign rules is formalized as a binadpminance relation Cluster-
ing is formalized as a tree-structuretlisteringrelation. We use
the termdesign DSMto refer to a design-level DSM that has not

linestorage_impl = orig =>
linestorage_ADT = orig &&
linestorage_ds = core4;

2: input_impl = orig => input_ ADT = orig;
3: circ_impl = orig =>

circ_ADT = orig && circ_ds = index;
4: alph_impl = orig =>

alph_ADT = orig && alph_ds = orig;
5: output_impl = orig =>

output_ ADT = orig && output_ds = orig;
6: alph_impl = orig =>

circ_ADT = orig && linestorage_ADT = orig;
7: circ_impl = orig => linestorage_ADT = orig;
8: input_impl = orig => linestorage_ADT = orig;
9: output_impl = orig =>

linestorage_ ADT = orig && alph_ADT = orig;
10: linestorage_ds = core4 =>

envr_input_size = medium ||

envr_input_size = small;

11: linestorage_ds = core0 =>
envr_input_size = small &&
envr_core_size = large;

12: linestorage_ds = disk =>
envr_input_size = large;

13: circ_ds = copy =>
envr_input_size = small

|| envr_core_size = large;

14: alph_ds = orig => envr_alph_policy = once;
15: input_impl = orig => envr_input_format = orig;
16: alph_impl = orig => envr_alph_policy = once;

Figure 4: The Constraint Network of the KWIC IH Design

been clustered andodel DSMto refer to a design-level DSM that
has been clustered. Figure 4 shows the logical expressiets u
to model the KWIC IH design. For example, Line 12 indicates
that the decision to use disk for storage assumes that tie sige

is large. As another example illustrating the dominancatieh,
(circ_impl; linestorage _ADT ) indicates that the decision about
how to implement the circular shift model should not affdt tle-
cision about the abstract interface of the line storage heodeor
the sake of space, we do not show the full dominance relation.

The ACN framework provides a precise de nition of tpair-
wise dependence relatiof?WDR): x depends ory, means that
there is some change yrfor whichx is involved in one of the ways
to compensate for the changeyf{2]. Given the derived PWDR
and a clustering, a DSM can be automatically derived using Ca
and Sullivan's Simon [3]. All the design DSMs in this papee ar
generated by Simon.

Generating design-level DSMs or ACNs is not straightfoichtar
anyone unaccustomed to the process. The designer needskio th
of a design in terms of decisions and constraints. The deS@
modeling also requires the ability to model dependencidsgis
cal expressions. Our experience showed that once a degjgtser
used to the modeling technique, generating DSMs and ACNs us-
ing Simon becomes easier. To further ease the procedurelawe p
to explore approaches to automatically generate ACN mdotais
prevailing design models, such as UML.

Sample DSM Generator. The sample DSM generator module
takes source code as input, uses a reverse engineering gmilthe
dependency structure of the source code, and outputs thelesam
DSM. There are a number of existing reverse engineering thak
can automatically extract dependency relations from souaatle,
such as Bunch [16], Lattix [11], and Dependency Finder [E&jc
this paper, we use Lattix to convert source code into impteae
tion DSMs.



Figure 6 (A) shows the source code KWIC sequential DSM de-
rived using Lattix. Since Lattix DSMs put dependents on tble ¢
umn, while Simon DSMs put dependents on the row, all the sourc
code DSM presented in this paper are transposed from thiealrig
Lattix DSM. In a source code DSM, the variables are the clsse
functions, and variables, and the dependencies are the,usag
heritance, and invocation relations among these construthe
variables are originally arbitrarily ordered.

By default, Lattix uses classes and packages as units, dod au
matically derives a DSM from a source code repository. Thex us
can con gure Lattix to show lower level program units, likari#
ables and functions. How to choose appropriate units depend
concrete scenarios. For example, in the KWIC example, we use
variables and functions as units for detailed analysishénHyper-
Cast study discussed later in this paper, using classesMuDits
is suf cient.

Conformance Checker. The conformance checker clusters the
sample DSM according to the model DSM automatically.

For example, our design level KWIC DSMs re ect Parnas's vi-
sion about how the KWIC systems should be modularized. Given
an implementation of KWIC, we need to check whether and how
the source code implements the designed modular structinat.
is, we need to understand how the design rules are manifested
the source code, how the modules are implemented, and whethe
the modules are truly independent.

The idea is that, given a clustered model DSM representiag th
designer's view of a modular structure, the conformanceckoie
automatically clusters the sample DSM, and tries to nd a bem
morphism from the source DSM to the model DSM.

We rst derive a model DSM by clustering the automatically
generated design DSM. In a model DSM, each variable repiesen
a module. Figure 5 is a model DSM derived from Figure 2 (the
design DSM). If there are dependencies between two vasaifle
different clusters in the design DSM, there is a dependeatyden
the two corresponding cluster variables in the model DSMaBse
the source code does not contain any environmental infasmat
the environmental variables in the design DSM are not iregdic
the model DSM.

Figure 5: KWIC SQ Model DSM

Our current system uses a genetic algorithm to automatiagh
gregate the sample DSM into clusters to match the structfire o
the model DSM. Given a clustered sample DSM, we take each
source code cluster as a variable, and deriverdormance DSMf
the source code conforms to the design perfectly, the coreoce
DSM will be isomorphic to the model DSM. If there are discnepa
cies between the model DSM and conformance DSM, we analyze
the causes of the differences. The next subsection reartsoin-
formance checking results for the KWIC SQ and IH systems.

2.3 Results

We use Simon to derive the model DSMs of KWIC SQ and
IH, and Lattix to derive the sample DSMs from the selectedMIC
KWIC implementations. We then check the conformance betwee
Parnas's design and the IICM implementations.

KWIC SQ. Glusta takes as input the model DSM shown in Fig-
ure 5 and the sample DSM shown in Figure 6 (A), and automati-
cally clusters the sample DSM into the DSM shown in Figure s (B
The conformance DSM generated by Glusta is exactly the same a
the model DSM shown in Figure 5. Accordingly, we can conclude
that under our model, the selected implementation confoortize
designed modularity.

(A) Before clustering (B) After clustering

Figure 6: KWIC SQ Source Code Reclustered

In addition, by comparing the model DSM (Figure 5) and the
clustered sample DSM (Figure 6 (B)) together, we can easlly t
how the source code is modularized.

Design Rules.The modulem], the design rule module, in the
model DSM corresponds tmlin the sample DSM, indicating that
in the source code, the data structuckars,, line_index, circu-
lar_shifts_, andalphabetized, are the design rules crosscutting and
governing the other functions. The code conforms to Pasrues'
sign in that the data structures serve as design rules.

Modules. The modulesm2to m5in Figure 5 correspond tm2
to m5in the clustered sample DSM, showing how the modules are
implemented. For example, the input module is mapped tinthe
put(java.lang.Stringfunction in the source code. From the DSM,
we can see that indeed these modules are independent.

KWIC IH. We did the same experiment on the KWIC IH design.
In the KWIC IH design, Parnas splits the line storage funcfrom
theinputand gives each its own interface. Hence the IH design has
one more moduleLineStorage According to Parnas, the design
rules in the IH design are the abstract data type interfaéég-
ure 7 shows the design DSM derived and clustered using Simon,
in which all the variables ending with “_ADT” model the alestt
interface of each module and are clustered together irtteségn
rule module. Figure 10 (A) shows the corresponding model DSM.

Figure 7: KWIC IH Design DSM



If the source code implements the interfaces of each module a
abstract class or Java interface, then it is possible taatptne in-
terfaces of each module from their implementations and stata-
tures. However, itis not the case in the implementation wexsed.

In this source code, each module is a class with public anateri
functions, and there is no simple way to separate a pubkcfate

de nition from an implementation in the sample DSM. If alleth
public members of each class were clustered into one DR raodul
in the sample DSM, the conformance DSM would be exactly the

Comparing the model DSM (Figure 10 (A)) and conformance
DSM (Figure 10 (B)), we nd two discrepancies: namely, thetw
dependencies that exist in the model DSM, marked in gra cell
that are not in the conformance DSM. According to Parnas's de
sign, bothAlphabetizerandOutputdepend orLineStorage mean-
ing that the design DSM is correct. We inspected the sourde co
to see why these dependencies were not shown in the confoeman
DSM. We found that th€ircularShifterclass usetineStorageas
a memberAlphabetizeuses &CircularShifteras a member, and in

same as the model DSM. This is obvious because in OO programs,turn, Outputuses &lphabetizelas member. As a result, tiidpha-

the private members of a class are not accessible, ensuraagp-e
sulation from the level of the programming language.

In the KWIC IH example, we explored two different clustering
methods because the implementation we selected does negpise
arate abstract interfaces as required by the model DSM ictwhi
the design rules are put together. In general, if some Vasatan
belong to more than one clusters and each way provides adtiffe
view of the system, a designer might want to explore multjhls-
tering methods. For example, the interface variable “inAMT”
can belong to either the design rule cluster or the functiciuater.

We can cluster the design DSM differently to produce a differ
ent view, and automatically recluster the sample DSM. Eduis
reclustered from Figure 7. Instead of putting all the “_ADVri-
ables together, we put these variables back in the functmtutes.

In this case, the modules are no longer independent of e&aeh, ot
but communicate through each other's interface. For exanpé
can see that the line storage interfaldegstorage_ADTis domi-
nating: all other modules depend on it, a structure thataroms to
Parnas's description.

We use Glusta to automatically cluster the sample DSM aecord
ing to this model. The sample DSM has 46 arbitrarily ordered
variables. Given the model DSM, Glusta automatically foand
solution that clusters the sample DSM as shown in Figure @ Th
conformance DSM that is produced is presented in Figure 10 (B

Figure 8: KWIC IH Design DSM

(A) Model DSM (B) Conformance DSM

Figure 10: KWIC Information Hiding Design and Implemen-
tation

betizerclass calls the interface @ineStoragendirectly. The lack

of syntactic reference betweeZircularShifter Alphabetizerand
LineStorageresults in the lack of dependencies in the code-based
model.

However, theCircularShifters functions called byAlphabetizer
and theAlphabetizes functions called by th®utputare all de ned
in LineStorage If the de nition of these functions changeslime-
Storage all the other functions have to be changed. Accordingly,
both functions indeed depend on theeStoragemodule.

We tried using DSMs that re ect not just direct dependencies
but also transitive dependencies to see if these impligedden-
cies could be made explicit, and found that these tranitalesed
DSMs include large number of redundant and undesired depend
cies. For example, these DSMs would show thaQgputmodule
depends on th€ircularShiftmodule, but it is not the case in either
the design or implementation.

In summary, we can conclude that the implementation corgéorm
to the designed modularity. Additionally, we observe thatwing
the model DSM and conformance DSM together reveals a more
comprehensive dependence structure (both direct andeaidie-
pendencies can be modeled and distinguished) since depresle
at source level have many facets and perspectives, butriensies
of a dependency in an ACN is precise and exact.

3. ALGORITHMAND IMPLEMENTATION

Mathematically, we represent the model DSM and sample DSM
as directed graphkt andS, respectively, where the vertices of
the graphs are labeled by the variables of the DSM. Edgeseth
graphs represent the dependencies from the DSM. Usingithetbe
ematical structures, we view our problem as nding a homoemor
phism from the sample graph to the model graph; in doing so we
create an intermediate conformance graphhat is isomorphic to
the model graph. Each vertex Gf represents a clustered group of
variables fromS. With this representation, we formulate a genetic
algorithm [9] whose goal is to nd the projection : V(S) !

V (C) from vertices ofS to vertices ofC to nd a C such thatC
and M are isomorphic. If a homomorphism fro® to M does
not exist, then we want to nd a projection that is as closede h
momorphic as possible. It is known that the graph homomemhi
problem is NP-Complete [7], hence there are no known saistio
that are ef cient for the general case. We use a nondetestigni
approach by employing a genetic algorithm.

In a genetic algorithm, potential solutions to the probleman-
sidered as organisms with genetic material, similar to DMAhis
paper, we refer to these potential solutions as projectjonbne
with the mathematical de nition). Each projectionis a sequence
h 1; 2;::1; mi of mappings for each vertex of the sample graph
to a vertex of the conformance graph. Eaghis a mapping from
j-th vertex inV (S) to V (C). The algorithm rst creates an initial

Each projection is judged on how accurate its solution to the
problem is, called itstness. We more precisely de ne this mea-



Figure 9: Clustered Sample KWIC IH DSM

sure of accuracy below. Pairs of projections are randonigcsed,
with bias towards tness, fobreedingto produce new projections.
These new projections are created by combining the mappiogs
their parentprojections. Only the projections with the highest t-
ness values survive long enough to breed and propagaterthpir
pings. The algorithm breeds these projections, one itarat a
time, until a satisfactory solution is found or until a maxim it-
eration count is reached. We call the selected clustered B&M
conformance DSM.

We con gure the tness function to control how the sample DSM
should be clustered. For our current approach, the tnesaoh
projection is calculated based on the following factors.

Edit Distance. The graph edit distance measures the topological
differences between the two graphs. If the graph edit distas
zero, the conformance graph and model graph are isomorphic.
many cases, we cannot expect the source code structuredertie i
cal to design structure. Accordingly, our approach doeseupiire
the graph edit distance to be zero for the algorithm to teatein
Instead, our algorithm tries to nd the solutions that maizenthis
isomorphism.

Empty Mapping. In this paper, we assume that all the design di-

Directory Grouping. It is often the case that in large software
systems, source code components belonging to the sameehigh |
design component are grouped into the same le system dingct
or package. Accordingly, our approach allows the user taipe
the directory groupings of source code components. We uge a d
similarity metric to calculate how separated componermsfeach
directory grouping are. Depending on this measure, thessnef
the projection is proportionally reduced.

Name Patternin many cases, name patterns exist in source code
representing commonalities between different comporj&fis Ac-
cordingly, our approach allows the user to specify regukpres-
sion patterns as part of the tness function such that samph
vertices matching the pattern should be clustered and ndajope
a particular model graph vertex. If a sample graph verteellab
matches the pattern but is not correctly mapped to the madphg
vertex then the tness of the projection is reduced.

4. PRELIMINARY EVALUATION

This section presents our experience of applying our approa
to test the feasibility of our technique on a real project. pely

mensions modeled in a model DSM are implemented in the source Cast [13, 14] is Liebeherr's scalable, self-organizingrtase sys-

code. Based on this assumption, we augment the tness famcti
with a penalty for projections in which the model DSM varigbl
have no mappings (i.e. the conformance graph vertices amigimo
graph vertices do not have a one-to-one mapping).

tem developed using Java, a system with roughly 50 KLOC. Its
key abstraction is the socket supporting point-to-poird amul-
ticast communication in overlay networks. HyperCast irdégs
overlay sockets, viewed as nodes, into networks in a dealez®d

Although a homomorphism between the sample and model graphsnanner. It also offers network services including namiegjable

is our primary concern, using the graph edit distance fortthess
function may not be suf cient for nding the exact desiredust
tering. Our initial experiments showed that there may betiplal

ways to cluster the sample DSM that create the same depgndenc

structure. We thus added the two optional componeditsctory
groupingsand name patternsto the tness function to provide
ner differentiation between projections with the samemgiraedit
distance.

transport and network management. We previously used Hyper
Cast and DSMs in a study on modularity and design rules incaspe
oriented programming [25].

Key dimensions in the HyperCast design include the follgwyin
Sockefthe overlay socket APIsProtocol(the protocols for main-
taining various network topologied)lonitor (a network manage-
ment capability) Servicg(provides services such as end-to-end ser-
vice, naming service, etcdapter(a layer that virtualizes under-



lying networks),Logging (a mechanism to record selected event,
logging of informational messages, of raised exceptiond,af er-
rors that do not raise exceptiong&yents(implicit invocation that
several HyperCast modules use to notify clients of key esjent

The system was originally implemented using object-ogdnt
(O0) paradigm. Later, Sullivan et al. [25] used aspectrueid
(AO) techniques to reimplement the crosscuttieggingandEvent
Handlingparts by moving scattered code into aspects of the system.
To address the problem that the AO design introduced too mech
pendencies between the base code and aspects, Sullivaraatal
Griswold et al. [25, 8] introduced the crosscut programniimgr-
face (XPI) as a kind of design rule for re-establishing infation
hiding modularity in aspect-oriented programming. Thessigh
rules constrain the execution phenomena that must be eXpese
join points, how they are exposed (e.g. naming conventigmas,
stack shapes, etc.), and the behavior across join poirgs fee-
and post-conditions for the execution of advice compas#)¢25].

Sullivan et al. [25] presented a comparative analysis gBiBMs, Figure 11: HyperCast DR Design DSM
of the three HyperCast designs: the actual OO designbhawious
AO design, and a design rule (DR) design based on information
hiding interfaces. The source code was refactored acaptdithe
DR design by the researchers from the University of Virginia

To test the applicability of our approach to real projectg® w
checked the conformance between the DR design and the refac
tored DR implementation to answer the following questions:

1. Does the refactored DR source code conform to the new de-
sign in that the design rules are dominating the modules, and
there are no unanticipated dependencies among the modules

2. If not, can the conformance checking help us gure out the
causes of the discrepancies?

3. Can the combination of the design and source code DSM
model provide a richer view of the dependency structureiwith
the system?

4.1 Experimental Process

We applied our approach to the HyperCast design DSM gener-
ated by Simon and the refactored DR implementation.

Design DSM.We remodeled the DR design and generated the
DSM as shown in Figure 11. This DSM xed a number of prob-
lems in the manually-constructed DSM presented our previiau
per [24]. The DSM derived by Simon contained 33 variablesjmo Figure 12: HyperCast Clustered Sample DSM
eling speci cations, abstract design rules, and impleraigons (Fig-
ure 11). The DSM showed that there are no dependencies betwee

the basic function variables and aspect variables. Insteay both were close to the design DSM. This suggested that the impiete

depend on the abstract design rules. modular structure deviated from the designed modular sirec
Source Code DSM.In the refactoring procedure, most of the In order to improve the tness function, we worked with th&th

design rules were implemented in the form of Java interfasqmart ~ author, Song, who initially refactored HyperCast to the A€3idn

of the HyperCast APIs. The original code was refactored éotis to specify nine simple naming patterns. For example, a Hygst

new design rules, and fragments from the original code wereesh ~ API should be a Java interface starting with “I_".

to aspects. The refactored source code has 256 classesaraf te We ran Glusta on HyperCast several times. Each trial weotiir

thousands line of code. 300 iterations of the algorithm, taking approximately vértes.
Conformance Checking.Given the DR DSM with 33 variables, ~ Figure 12 presents the resulting DSM. Due to the size of thkIDS

we took the non-environmental subset, clustered it into dutes, (256 variables), the gure only shows how the modules cqoesl

and derived a model DSM as shown in Figure 13 (A) Given the to the model DSM. Each block in Figure 12 maps to a variable

source code, we converted the extracted dependenciessatoe with the same name in the model DSM shown in Figure 13 (A).

DSM generated by Lattix. In the sample DSM, there were 256 Figure 13 (B) presents the generated conformance DSM. Te al

variables, each representing a class or an aspect. rithm ConSiStently produced the same homomorphism. Wedoun
The rst two authors attempted to run Glusta on HyperCast, & number of discrepancies between the DSMs, and asked Song to

without any knowledge of its implementation and using thi ed €Xplain the differences, as described below.

distance as the only tness criteria. However, Glusta ditlgen-

erate reasonable results: the sample DSM was clusteredrimadr

ically different ways with the same edit distance, but nohégnem



4.2 Results

We explain our results from Baldwin and Clark's modular gnal
sis perspective, showing how the implementation has d=viabm
the designed modularity.

Design Rules.All the design rules, implemented as Java inter-
faces, are clustered together. However, we found that thigmle
rules do not dominate other modules: the question marks @n th
rst rows of the conformance DSM indicates that the desigesu
depend on other non-design rule classes. This is a mogudkavi-
ation that would not be allowed in a strictly IH design.

We con rmed that these source code dependencies are caysed b
incorrect or imperfect implementation. The discrepanaesked
by “?” in row 1 of Figure 13 (B) are caused by implementers' im-
properly using other components that are not interfacebenn-
terface module. For example, thdnterceptionCallbacknterface
uses theOL_Messageclass in its de nition when it should have
used thd_Messagenterface instead.

Dependencies Among ModulesThe dependencies among mod-
ules in the sample DSM appear to be different from the designe
dependencies, mainly due to implicit dependencies andriecb
implementations:

Implicit DependenciesThe “x” marks in the dark cells of the
model DSM indicate that the Monitor module depends orRte
tocol, Service andAdapter but these dependencies are not shown
in the conformance graph. This is because the Monitor maelle
changes data with these other modules through external XieH,
which can not be captured by the reverse engineering toolreve a
using.

The “?” marks in column 7 of the conformance graph show
that the functional modules depend on the aspect modules Thi
is caused by AspectJ dynamic weaving. After the aspect code i
weaved into Java classes, the reverse engineering toolsewesa
ing reveal that the classes depends on the aspects. Froragigad
level, these dependencies are already removed due totctiod
of the seven design rules.

Incorrect Implementations he other two “?” marks in column 3
of Figure 13 (B) were caused by redundant code: during tlae+ef
toring procedure, an implementer wrote some experimeoidd.c
These code should have been removed but was not.

(A) Model DSM (B) Conformance DSM

Figure 13: HyperCast Conformance Checking

With the results of our experiments, we can answer the quresti
we posed at the beginning of this section.

1. As we can see in the conformance DSM produced by Glusta
(Figure 13 (B)), implementation faults created dependenci
between design ruleserfacesmodule) and non-design rule
modules. Therefore the design rules are not always dominat-
ing. The conformance DSM also shows extraneous depen-
dencies between modules, unanticipated by the design.

. The conformance checking helped identify the speci aseu

helped us work with Song in guring out the causes of the
discrepancies.

. A combination of both the design and source code DSMs
provides a richer view of the dependencies within the system
by identifying not only the implementation discrepancies,
but also identifying external dependencies (to XML les)
that our reverse engineering tool could not detect.

In summary, by checking the modularity conformance autémat
cally, we were able to discover modularity deviations cdusgin-
correct or imperfect implementations that could later eamainte-
nance problems. Viewing the model DSM and conformance DSM
together makes implicit dependencies explicit, providanghore
comprehensive view of the overall dependence structure.

5. RELATED WORK

DSMs were created by Steward [23], developed by Eppinger [6]
and has been applied to other engineering disciplines [6 B28d-
win and Clark have sketched a novel theory of design progidin
new insights into the connections between design struanoteco-
nomic value DSM modeling [1]. Sullivan et al. [24, 25] and lesp
et al. [15] have shown that DSM modeling is valuable for safisv
design. For example, a DSM can capture Parnas's informatebn
ing criterion precisely [24]. Our work is similar to the Reien
model, Lattix, and clustering approaches.

5.1 Re exion Model

Our work is similar to the Re exion model work of Murphy et
al. [18] in that our approach also checks the conformanceieceo
code model with a high level model. Our approach does nofmrequ
intimate knowledge of the source code to de ne detailed vy
Although our approach also allows specifying regular eggpi@ns
for mappings from the source code to the design level, tkEip st
is optional and mainly serves to differentiate amongst ipts$o-
momorphic mappings. The difference between user speci ag-m
pings in Glusta and Re exion is that Glusta does not requiee t
mappings to be always be valid. Since Glusta uses a heuristic
approach, the best result it nds may contradict some majpin
For example, if a mapping is speci ed that source elementsseh
name starts with “I” be mapped to an “interfaces” modulenthe
the Re exion model would mapll classes whose name matches
the pattern to that module. However, Glusta would only masé¢h
classes that match the name pattern but do not violate thei-mod
larity structure to that module. This allows for classes séhname
coincidentally matches the pattern, but does not belorugtionhod-
ule, to be ltered without the user manually determiningthlbse
exceptions.

Also unlike the Re exion model, our work leverages the power
of DSMs, supporting auto-clustering and multi-clusterif@SMs
are scalable to allow users to easily visualize the modylalis-
crepancies of even large systems. By employing DSMs, our ap-
proach has the potential to link source code structure wegigh
structure and environment conditions, so that we can exBahd-
win and Clark's net option value analysis [1] and Parnadsrima-
tion hiding analysis [20] to the level of source code.

One use of our auto-clustering technique is the automagiatie
cation of speci ¢ source code elements that comprise thsigie
rules. To identify the design rules using the Re exion modzle
needs to develop an intimate understanding of the source twod
specify the mappings. With our approach, the we only need to
specify the model DSM and Glusta then automatically ideti

code components causing the extraneous dependencies anthe design rules, based on the source code modularity steuct



To obtain a different view of the design, we can simply re@us
the model DSM and automatically get a different clusterihthe
source code. In the Re exion model, to view the design in a dif
ferent way, the user needs to build a new box-and-line maul a
recreate detailed mappings for the source code.

5.2 Lattix

Our approach is related to Lattix [11] in that Lattix also sise
DSMs to represent both the design and source code of softwhre
though Lattix can automatically cluster source code elémigno
modules, it can only automatically produce one view of theigie
primarily based on source code packages/namespaces eWalik
tix, our approach allows the user to specify the exact viewhef
design he/she desires, and the source code is automatieelilys-
tered to conform to that view. Because of this, our approdloiva
users to automatically nd the corresponding source codmehts
in multiple design views.

Lattix also allows users to manually recluster the DSM big th
process can be tedious, error-prone, and time consumingriye
software systems. Our approach allows the user to sped@ftath
get model DSM for automatic reclustering so manual rectirgje
is not needed.

Another difference between our approach and Lattix is tleat d
sign rules are automatically identi ed in our approach.tbatoes
not identify the source code elements of design rules s usast
manually discover the elements using other means and mamk th
in Lattix [21].

5.3 Other Clustering Work

Several other automated software design clustering appesa
such as Christl et al. [5] and Mitchell et al. [16], exist. larfic-
ular, Christl et al. present a incremental, semi-automatester-
ing technique [5] based on the Re exion model [18]. Christp-
proach uses coupling and cohesion metrics derived fromatines
code to assist users in determining the clustering for utiadre-
exion model. Our approach differs from Christl's in that va®
not require user interaction during the clustering proceather
than providing mapping suggestions to the user, Glusta thees
initial input to create the best mapping it can nd to confororthe
modularity structure.

Our approach is similar to Bunch of Mitchell et al. [16] in tha
we both use genetic algorithms to automatically clustercmoode
derived modules. The difference is that Bunch clusters ddutes
based on coupling and cohesion metrics between source oote ¢
ponents, in the absences of the design, while we use a modél DS
as a target for the heuristics-based search. We combineighe h
level design and the source code. Bunch only considers tireeso
code.

6. DISCUSSION

Our approach use an existing reverse engineering toolx| st
generate sample DSMs. As result, the quality of the code DSM
depends on the granularity and capability of the tool. If aerad-
vanced reverse engineering tool can detect dependencisschy
external les, these dependencies will become explicitia $am-
ple DSM. However, such advanced reverse engineering tgebsi
would not be able to remove the dependencies caused by éatorr
implementation.

The design-level DSM is general enough to model a wide range
of design decisions. In our current implementation, the gam

Our approach is based on the assumption that the impler@ntat
does not deviate from the design modularity structure dtaady.

To one extreme, if the design and implementation are for tifro d
ferent systems, the output of Glusta will not be meaninghihen
the clusterings produced by Glusta are not the ones degired,
con guring the tness function should improve the convenge.
Currently, the ways to improve the tness function in our eggrh
are to add more name patterns and directory groupings.

Glustais in the prototype stage, and its performance artallitga
can be still improved. Currently, the HyperCast experintakes
Glusta ve minutes to run, slower than the Re exion model ;18
due to the tradeoff for not requiring detailed informati@yard-
ing the source code. The more mapping information provided t
Glusta, the faster it will converge to the solution.

We are currently exploring a number of ways to improve the per
formance of Glusta. In a work by Murphy et al. [19], it saysuleg
expression matching is a large portion of the Re exion Madel
performance. As Glusta also uses regular expressions viigen t
user needs to specify additional tness factors (as in thpeti@ast
experiment), we will investigate optimizations for our uégy ex-
pression matching also.

Another plan for future work is to investigate different alg
rithms to create more diverse populations of potential temts.
As described in Section 3, new potential solutions are eteedtn-
domly, with bias towards tness, by combining current sauos.
Producing more diverse populations has better probasldf quick-
ly converging to and producing the desired solution.

We are also experimenting with running the genetic algorith
for shorter amounts of time and running a hill climbing algon
afterward. The hill climbing algorithm would take the best-p
tential solution generated by the genetic algorithm andifpag
by moving elements between different clusterings, unél thess
cannot be improved any further. We would investigate whetfie
improves the total running time of Glusta.

In addition to performance improvement, we also seek to inte
grate this approach into software development proceskjatedts
applicability in real-world settings, and assess its duifitg using
large-scale software systems.

7. CONCLUSION

A well modularized design does not always guarantee a well
modularized implementation, yet it is hard to manually ¢heee
conformance between a design modular structure and a scadlee
modular structure. We presented an approach to automwpiitaick
the consistency between source code structure and degigtuse.
Our approach makes use of design structure matrices asananif
representation, uses existing tools to automaticallyvdediesign
level and implementation level DSMs, creates a geneticrilgo
to cluster DSMs, checks the consistency by nding best maggi

We have applied our approach to both a small, but canorkiegd,
word in contexsoftware system and a real project, HyperCast. Our
tool, Glusta, automatically clusters the larger DSMs aretkh the
consistency between design and implementation DSMs. The co
formance checking has shown the potential to manifest thewde
pling effects of design rules in code, to identify unexpdalepen-
dencies that may indicate implementation faults, and tdlena
maintainer to understand the design and implementatioe ieor
ciently and accurately.

DSM generator only processes Java programs. How to model and

analyze distributed systems and multi-language systempartsof
our future work.
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