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Abstract legacy DB applications hee eolved oer seeral

generations of programmers and lack diceht technical
documentation. Still, the maintain a @st amount of
valuable lisiness data and their functionality is often
critical for the mission of the enterprise. Consequeiatly
complete replacement of these systems is virtually
impossible or at least implies a significant risk.

Emeging key tedinolagies like the Wirld Wide Wb,
object-orientation, and distrited computing enable we
applications, e., in the aea of elecinic commege
management information systems, and decision support
systems.dday many companies face theoptem that the
have to eengineer xisting database (DB) applications to
take advantge of these tdmologies. \rious computer In order to sole this problem, during the recent decade
aided eengineering tools have beervelped to @duce  there has been increasindgoef to develop methods and
the complgity of the eengineering task. Hower most of  tools toreverse engineetegacy DBs. The general goal of
these appraches pesume complete structlr and DB reverse engineering (DBRE) adties is to recver a
semantical information about the DBhema and @vide  conceptual design for an implemented DB schema. Such a
onlyllittle ;upport for Qarlier analysig a_ctivities that gim to conceptual design pvies a high teel of abstraction that
obtain this information. Stc activities ae mainly s prerequisite to achie a \ariety of assessment and
performed manually with the aid of very smdte_nsely- maintenance adfities. The DBRE process mainly consists
coupled tools for tdual seach or data analysis. The of two subsequent phases, namsthiema analysisand

reengineer has to judg and combine many ﬂ?fent conceptuatchema tanslation(cf. Figurel). In the schema
semantic indicata from various soues of information to

recoser a complete DB Bema. In this papewe pesent a

flexible tool that aims to support theemgineer in these extension migration federation integration distribution
. . ey . A

reverse engineering activities. Unék other tools, our

appmoad does not fare the eengineer to follow a strict 00 model:

i i ; conceptual design ; :
process or to enter only consistent information. On the - objects,
contrary, our tool adopts the mental model of its user and :gaz?gﬁ?onnss,
deals with imperfect information (uncertainty and - inheritance,...

schema

contradiction) eplicitly. danslation

1. Intr oduction

Today's information technology (IT) undees dramatic
mass banges [1] due to ugent requirements l& the
coming of the ne millennium (Year-2000-poblen) [2],
the European curremc union [3], and emeing
technologies lik the World Wde Weh Electronic domain expert
Commece is about to become one of theykbusiness developer
technologies for the médecade. While ve compay start-
ups are able to purchase modern database (DB) technoloc
to deselop information systems that meet thesew ne

obsolete
documentation
requirements, longer established enterprise® ha deal

with pre-eisting DB applications. In mancases, such Figure 1. Database re verse engineering pr ocess
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analysis phase, the reengineer aims to reconstruct a logidahguages based on abstract specifications, nxasting
schema that is structurally complete and semanticallLARE tools still emplg general-purpose programming
enriched [4]. In case of a relational DB the reengineer aimenguages to implement DBRE heuristics and analysis

to identify and classify édy and foreign ky dependencies, processes. As a consequence, these heuristics and processes
not-null  constraints, optimization structures, andcan hardly be customized for changing application ctsite
denormalizations. ypically, some important structural and
semantical information is not representeglieitly in the
schema catalog of mgnlegacy DBs. Havever, implicit
indicators for such information might be found infeliént
parts of the lgacy application, including its schema catalog,
data, procedural code, and (obsolete) documentation. T
reengineer has to find and combine these indicators to yie
the desired logical schemaorFlager systems this is a
complex and laborious task that requires a lotxgfexience.
Once, the logical schema of gdey DB has been revered

it can be translated into a conceptual data model, e.g.,

object-oriented (OO) onx¢ended entity-relationship (EER)
model [5]. The rest of this paper is structured as fo#o In

Section2, we describe the customizable, semi-automatic

o schema analysis process that is supported by our tool in
tools hae been aeeloped in industry and academy to more detail. In Sectio8, we &emplify the customization

SUpR{Of; ttT1e DBRE prOCﬁss, :ghza 9’10‘4’1}112]' St'nih and application of our tool with a sample scenario that has
most of these approachesvadnelr primary focus on e ,oq, takn from one of our industrial case studies. Seation

second phase (conceptual schema translation), i.ey, th‘ga]ives some insight in the architecture and internal realization

presume thexastence of a cor_npletg ngical schema. Only Bof the \arlet Analyst Finally, in Sectiorb we discuss related
few tool-based approaches pie (limited) support for the work and gve concluding remarks about theperiences
actvity of legacy schema analysis, e.g., [10, 12]. The reason wh our approach

for this unbalanced situation is that conceptual schema

translation deals with canonical operations that can b2. Customizable tool supportér legacy schema
formalized based on the webqdored theories, e.g., analysis

transformation systems [13, 6, 10, 11]. On the opposite,

legacy schema analysis is a cognitiactvity. CARE tools  Our approach to a customizable, semi-automatic schema
that are of practical use in this adty have to ofer solutions  analysis process is presented as a data diagram in

for two inherent problems, nametyperfect knowledgand  Figure2. Activities that belong to theustomization grcess
variety of application conigs are displayed with a gyebackground. In this process, the

The first problem addresses tlaetfthat schema analysis reengineer ivesticates the lgacy DB in order to determine
employs various heuristics andague concepts that dedr  the specific application conteof the Varlet Analyst The
uncertain and partial contradicting analysis resultsresult of thisdomain analysisactvity is a set of technical
Moreover, humans (e.g., reengineersyvelepers, domain and non-technical characteristics, e.g., properties of the
experts) hae uncertain assumptions about the internabmpioed softvare platform, the size of thegery system,
realization of lgacy systems. A suitable CARE tool has to 5 applied coding or naming a@mtions. Based on these

represent, propag. e, and indicate such |mperfgct characteristics the reenginegpecifiesor adapts domain-
knowledge and guide the user to a complete and consistent ... . . . . .
result. specific heuristics and analysis operations which will be

_ o applied in the schema analysis process. Thisvledge and

The second problem gviety of application con#s)  process is formally represented by a GFRN specification.
reflects the dct that lgacy DB applications comprise ) )
idiosyncratic coding styles and naming entions. After theVarlet Analysthas been customized with respect
Furthermore, theare based on wrse hard- and sofare 0 its current application conteit can be emplged to
platforms, data models, etc. Lack of customizability haguPport the reengineer in analyzing the schema ofgae/le
been recognized &the single most common limiting factor DB. This analysis aatity is performed in a semi-automatic
in using tools for softwar analysis and &nsformation”  Process. Atfirst, automatic analysis operations are applied to
mechanisms to generate parsers fdedsht programming Schema catalog, procedural code, and va#able data. The

In [15], we hae proposed concepts tuascome the te
aforementioned limitations of current DBRE tools: we
introducedGeneric Fuzzy Reasoning NéSFRN) as an
abstract formalism to specify and customize DBRE
knowledge and analysis processes. Furthermore, we ha

ployed possibility theory to delop an inference engine

at xecutes GFRN specifications and manages imperfect
DBRE knawledge [16]. This paper describes a DBRE tool
(the \arlet Analys} that implements these concepts and

uides the reengineer in ampéoratory and eolutionary
hema analysis process.

Various computer aided averse engineering(CARE)
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Figure 2. Customizab le, semi-automatic sc hema anal ysis pr ocess

result of thisnitial automatic analysiss a set of (situation- 4efinite ficts about the tmy DB. Subsequentlythe
specific) &cts about the ¢gy DB (cf. Figure2). g omatic inference is resumed, i.e.wnknowledge is

Subsequentlythese dcts are tadn as indicators which are inferred and (goal-dven) analysis operations might be

combined with domain-specific heuristics specified in the . . .
GFRN to infer ner situation-specific kneledge about the performed to alidate lypotheses. The described semi-

legagy DB. This situation-specific kmdedge might automatic schema analysis process is iterated until the

comprise definitedcts as well as uncertain and inconsistenfnformation about the logical schema is consistent (and
hypotheses. Agin, some of theseypotheses might be Ccomplete). In the ne section, we gie an application-
refutable using automatic analysis operations.dall such ~ driven illustration of the described process with eerse
analysis operationgoal-drivenbecause theare performed engineering xample scenario. Detailed information on the
“on-demand” to support or refute intermediate assumptionghe theory behind the described GFRN formalism and the
Again, the GFRN specification determines which goalimplementation of its inference engine are out of the scope
driven analysis operations areadable and when tlyeare  of this paper and ka been published in [15, 16, 18].
performed. L .
3. Tool application scenario
The output _Of th|§ automatlc mference .step '_s’ a logical In this section, we use a sample scenario to present a tool
schema which might still partially be inconsistent ande\prlet Analysy, that implements the approach described
incomplete. This schema is presented to the reengineer infhe preious section. The sample scenario deals with a
dialog process that pwdes interactie query &cilities o |egagy product and document information systé®DIS) of
indicate the sources of such imperfect kiemige. The an international enterprise that produces a graagty of
reengineer might discuss contevsial information with  drugs and other chemical goodsaditionally, this system
application &perts (e.g., deelopers or operators) and do has been used by members of the central hotline at the
further manual ivestications. As a result of these manual compary headquarter Recently the IT department has
actiities the reengineer will enter additionaipotheses or decided to emplp Internet-technology to establish a



distributed Web-basednarketing information systefMIS)  framawvork of possibilistic logic and fuzzy set theory [17].
as an rtension of thexdsting PDIS. The aim of this project We refer to [18] for their formal definition. The
is to reduce costs and increase thailability of current  customization mechanisms of tklrlet Analystare based
product data (24 hours a day). In order toedlep the data on the GFRN approachoFthis purpose, our tool praes
access layer that implements the gnégion of the gisting  a dedicated user intade called the&Customization Font-
PDIS with the Véb-serer the lgacy DB schema has to be End (cf. Figure3). This user intedice &cilitates
well understood. Unfortunately important structural specification and adaption of DBRE heuristics in form of a
information like referential intgrity constraints and graphical netwrk of predicates(represented asvals) and
alternatve key dependencies are not specifiegleitly in implications (represented as bes). Predicates and
the plysical schema of PDIS. Furthermore, the schema isnplications are connected by arcs which are labelled by
hardly documented and the responsibleetigpers hee left  variable namesAn arc with a black arw head represents a
the compayn Thus, PDIS has to banalyzedto obtain a logical neyation. Each implication has a header with a
structurally and semantically complete logical schema thainique implication identifieri{-i8 in Figure3) and tvo
is a prerequisite for the desired igutation. In the ng two  numbers between 0 and 100 which are separated by a slash.
sections, we>xemplify thecustomizatior(Section3.1) and  The first number is calletbnfidencand specifies a measure
application (Section3.2) of the Varlet Analystto this  for the certainty that the corresponding implication is true.
schema analysis problem, i.e., the detection andhe second number is calldresholdand determines the
classification of foreign and alternagikeys in PDIS. minimal amount of certainty that is required for thet$ in

‘s the premise of an implication. In addition, an implication
3.1 Customizing theVarlet Analyst might contain a set @onstaintsover the ariables of its in-

In [15], we introducedGeneric Fuzzy Reasoning Nets and outgoing arcs.

(GFRN) as an abstract, graphical language to specify

o : Let us start to illustrate these concepts with implicaton
heuristics and analysis processes for DBRE tools. Thﬁm Fiqure3. This implication represents amaanole for a
semantics of GFRN specifications is defined in th 9 ' P P P

eneuristic to detect & constraints by a simple naming
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Figure 3. The Varlet Analyst, Customization Fr ont-End



convention. It specifies thexpectation of the reengineer that
in the contgt of PDIS column names which are similar to
their table names with the $xf“id” are credible indicators
for key candidates. Anxample for such a situation is
columnusridin tableUSERIn Figure4.

Indeed, this xample also shes that heuristics which
employ naming cowentions rather deal withague than

with crisp concepts, because the name of our sample colurfl

is not exactly equal to the name of the table withfisufid”.

In the GFRN approach this kwtedge is represented by
vague predicates, i.e., predicates that can be fulfille
partially. Figure5 shavs that string similarity measuresdik
the Levenshteindistance[19] can be used to define the
degrees of fulfilment for predicateColNamels@b-
Name&ID. Figure5 also &plains the déct of the threshold:
all indicators with a lver degyree of fulfillment than 20 are
not considered within implicatioi2.

create table USER(
usrid CHAR(10),
addr CHAR(40),

create table PRODGRP(
grpname CHAR(18),

sname CHAR(18), pg INTEGER,
dpt CHAR(18), manager CHAR(40),
telo CHAR(18), cg INTEGER)

telp CHAR(18),
name CHAR(50))

Figure 4. Excerpt of PDIS sc hema catalog

If a column fulfills predicat€olNamels@bName&IDto
a dgree higher than the threshold of implicati@n it is
bound to ariablea in the premise of2. In this case, the
constraint k=set(a)” restricts ariablek in the conclusion of
i2 to be a set with just one element, namely thkles of
variablea. This cowersion is necessatyecause, in general,
key constraints are defineder setsof columns.

10
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100% - F[atar( Levenshtein(xuseri d))D
40
threshold
20k - oo
i
0 0 0 o o | «
USI’IId ad(;r sn:!lme d[l)t t(lelo t(lelo nalme
Figure 5. Fulfillment of predicate ColNamels-
TabName&ID for attrib utes of tab le USER.

IsTabName&IDfor all columns of a lgacy DB schema. In

the GFRN language such automatic analysis operations can
be assigned to predicates. Depending on the point of time
when these operations shall be performed, the
corresponding predicates are classified as ai@rdriven

or goal-driven Operations assigned to dataven
predicates are performed at theyinning of the inference
Ifcess to deler initial information about a tgcoy DB,
whereas operations assigned to goalairipredicates are
executedduring the analysis process to support or refute
'wtermediate Wpotheses. In Figurg, data-dwen predicates

are represented asats with a solid, gne border (e.g.,
ColNamelsdbName&lD, while goal-diwven predicates
have a dashed, gyeborder All remaining predicates (e.g.,
key) are calleddependen(black border).

A goal-driven predicatev@alidKey) is used in the premise
of implication i6, which specifies the definite kntedge
that a lypothetical ley constraint has to be refuted if it is not
valid in the aailable data of the oy DB. This means that
if the data contains at leastdwdentical entries for this
hypothetical ley, then this ipotheses has to be refuted. This
is modelled by the confidence of 100 for implicati®rand
the black arrev heads (which representsgaéion).On the
other hand, implicatioib specifies that if aypothetical ley
constraint is fulfilled for a lgge amount of data, thigdt
supports the ypothesis. In this case, we cannot proof (with
a confidence of 100) thexkbecause a meentry could lead
to refutation.Figure6 shavs a simplified implementation
for the goal-dwen analysis operationalidKey in pseudo
code.

algorithm validKey(T[X4,..,X,]): integer

If empty( “select * from T t; where
exists (select * from T t, where
tl-Xlth-Xl and ... and tl'Xk:tZ'Xk and
not( ty.Xy+1=to.Xk+1 @nd ... and tq.xp=t5.X,))")
then |T|="select count(*) from T" /* number of entries in T */
return 200/tt*atan(|T|/100)
else return -100

Figure 6. Goal-driven anal ysis operation validKey

The input of the algorithm consists of thgpbthetical
key in form of k key columnsxy,...% of a tableT with
columns xq,..,.%,..%. The output of the algorithm is an
integer \alue between 0 and 100 that depends on the total
number of entrie$T| in tableT if the key constraint holds
(cf. Figure7). Hawever, if a counterexample can be found
then the algorithm returns -100.

In practice, analysis operations are implementelawa
The Varlet Analyst facilitates this task by performing
consisteng checks and generating code frames from

Obviously, an automatic analysis operation can be used t@orresponding predicates in the GFRN whiclvendeen

compute the dgees of fulfillment of predicat€olName-



classified as data- or goalan (cf. the tet windows in  corresponding columns in thedvparticipating tables.g.,
Figure3). Furthermore, the tool prmles a library of {(PRODUCT.pg, PRODREFpQ); (PFODUCT.cg, PRODREFcQ);
procedures which are frequently used in analysis operation®RODUCT.no, PRODREFprod)}. The two constraints in
implication i7 at-a-time restrict the first and the second
100, elements of all such pairs that might constitute an IND to

90 belong to the same table. At thisl andpi2 represent the

80 relational projection operation [5] on the first and the second
70 element of each pair inavable i, e.g., pil({...}) =

60 200, {1 O (PRODUCT.pg, PRODUCT.cg, PRODUCT.n0). The

50 n 00 boolean functiorsame@ble evaluates to true if and only if

its aguments belong to the same table. Vadet Analyst
provides the reengineer with a list of predefined boolean and
relational functions that can be used to formulate constraints
for implications (cf. boxFunctionList in Figure3). In
analogy to the inggration of n& analysis operations, this
list can easily bex@éended by generatingava code frames

for additional functions and using the pided libraries to
implement their bodies.

40
30
20
10

0 7

200 400 600 800 1000

Figure 7. Result of validkey for the case of no
counter -examples

In analogy to implication6, implicationi4 specifies the
Another \aluable source of information about @dey  definite knavledge that anypothetical IND has to bealid
DB schema is the corresponding procedural code. In [20]n the aailable data. Implication8 andi3 sene to classify
Andersson proposes to search the code for stereotypid®Ds: i3 represents the heuristic that an IND thakeg-
code patternghat sere as semantic indicators for schemabased and inversely lky-basedindicates an inheritance
dependencies. The GFRN in Fig@®eincludes tw relationship (cf. [4]) , whilé8 specifies that thexestence of
implications {1 andi7) that deal with such code patterns. an IND that ikey-basedndicates a foreigndy. Finally, the
Implication i1 in Figure3 represents a heuristic with a shadev behind the box that represents implicatiiéh
confidence that highly depends on the ceinté a specific  represents a definite implication in the opposite direction.
DBRE project. It specifies that an occurrence of a so-calle@his is shavn in Figure9 by implicationi9. A key-based
select-distinctcode pattern is an indicator agst a ey IND is a necessary condition for avgh foreign lky, in other
constraint. The lefthand side of Figur8 shavs an instance words the ristence of a foreign& implies the gistence of
of such a pattern. This query selects entries in tdBIER  a key and a (ky-based) IND.
according to their alues in columnsnameanddpt The

e |
purpose of the SQLegword distinctis to remee duplicate . o R
tuples in the result set of the quenyt such duplicate tuples .24l | piz (i) m

can only occur if columnsnameanddpt do not represent a

key of tableUSER Still, by investicating some code samples

during the domain analysis, the reengineer notices that tt —i_t:’
developers of PDIS frequently (mis)used the distinct ) S

keyword in their queries ven if it is not needed. Figure 9. Opposite direction implication

Consequentlythe reengineer assigns wloonfidence tdl.
3.2 Applying the Varlet Analyst to exploratory

select distinct * into :pers-rec select name, dpr, addr, telo schema analysis
from USER from PRODGRP g, USER u . . . .
where sname = :SN and dpt = :DEP| Where g.cg = :COMG In the preious section, wex>emplified the actity of
and g.manager = u.sname customizing thé/arlet Analystfor detecting and classifying
key and foreign ky dependencies in the schema of PDIS. In
Figure 8. Instances of stereotypical code patterns this section, we demonstrate the application of\taget

Analystin the actual schema analysis process. The first
Implicationi7 specifies the heuristic that a join between@nalysis step consists of an automatitraztion of the

two tables might indicate ainclusion dependencgND) ~ Physical schema catalog from the used DB management

[5]. The left-hand side of Figu@ shavs an instance for a System (DBMS). This weals the structure of the

join between tableBRODGRPandUSER In the GFRN (cf. participating tables including their column names and types
Figure3), a join is represented as a set of pairs ofind their primary &s or indees (if thg are specified



explicitly). If the employed DBMS is modern enough to situation-specific kneledge in terms ofdcts or lypotheses
monitor referential intgrity constraints between tables (and with an associated confidencalwe. for our application
this functionality vas used by the deloper of the lgacy  scenario, let us assume that the reengineer entars tw
DB application) this catalogx&action mightalso rereal  hypotheses:

[j":chetr Sttr?clt.ira! mformatl:)n abogt ﬂ:orelgn eylf int » From a cowersation with a hotline operator the reengineer
nfortunately like in our sample scenario, these constraints |, .\« that PDIS users \le a unique short name.

are not_representedqmjicitly in _qlde_r systems. Liamise, Consequentlythe reengineer adds thgpotheses that
alternativekeys are rarely specified in the schema catalog. snameis an alternaée key of table USER (with an

Therefore, the ne step in the analysis process is to assigned confidence of 70).
invoke the data-dven analysis operations thatveabeen | Furthermore, (s)he enters his/her subjectissumption

specified in the GFRN during the customization process in that columrpg represents ag of tablePRODGRP(with
order to detect indicators for such constraints. This step isa confidence of 50)

performed automatically after xeacting the schema
catalog. The GFRN in Figure 3 contains three datzedri ~ Adain, the inference enginexexutes specified goal-
analysis operations (hameBoINamels@bName&ID join,  driven analysis operations talsify or support these ne
selDis), which, applied to PDIS, debr a set of indicators. hypotheses and the results are praped to the current

The inference engine of thérlet Analystcombines these representation of the logical schema. Figure 10vsha
indicators with the GFRN in Figure 3 to dexinev  Screenshot of the so-callédalysis Font-Endwhich is used
hypotheses (e.gkey or IND) and eecute goal-diien as the dialog component in the described semi-automatic
analysis operationsvdlidkey, validIND) accordingly (cf. ~schema analysis process. The logical schema is represented
Figure 2). (V¢ refer to [15] for details about its internal graphically in this dialog, where each box represents a table
realization.) Subsequentljthe result of this automatic and INDs are visualized by lines. In order to cope withear
analysis step is presented to the reengineer who might agghemas, the reengineer can choose frarous leels of

Hle Edit View Options Commands Help Ethreshold:SD - vwiew inconsistent I
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Figure 10. The Varlet Analyst, Analysis Fr ont-End



abstraction and create separatevgieon the same logical Now, it is up to the reengineer to visticate the

data structure. ¢ example, in Figure 10, most INDs are intermediate results displayed by the agenda in order to
represented as single lines between tablgghk reengineer confirm or refute them. If (s)he selects one of the entries
selected a detailed representation of the IND between tablésted, the corresponding schema elements are highlighted in
PRODUCT and PRODREE In this representation, the graphical representation. In Figure 10, the reengineer has
correspondences between pairs of participating columns aselected the foreignelx from PRODGRPto USER After
marked by numbers. investicating the form-based user intack of PDIS (s)he
confirms that the inferred foreigrekin fact represents a
reference between product groups and product managers
eqstored in table&USER. In accordance to the GFRN, the
tmference engine propates this confirmation automatically

tfo the necessary preconditions, namely tag ¢onstraint

over snameand the IND fronPRODGRPto USER Hence,

this single confirmation causes three entriesy (k
USER.snamend and foreign&y from PRODGRPmanayer

to USER.snameto disappear from the xeupdate of the
Analysts Agenda

A central issue that has to be tackled in a tool thygibés
imperfect knavledge in DBRE is to find an adequataywo
communicate such imperfect information to the reengine
and guide him/her to a consistent analysis resul
incrementally For this purpose, we ka deeloped a
dedicated dialog called th@nalysts Agenda which is
shawn in the bottom-right corner of Figure 10. TAalysts
Agenda presents a list of uncertain or contradicting
constraints about the currentwief the logical schemaofF
each constraint a posié and a ngative confidence is
displayed. TheAnalysts Agendaprovides the functionality The entire schema analysis process consistsvefrale
to sort the list items according taanous criterions in iterations of such intertwined automatic and manual analysis
ascending or descending orderg., positie confidence, actiities until a consistent result is obtained. The inference
negative confidence, dgee of contradiction (absolute engine thatis parameterized by a GFRN mainlyesethrree
difference of both confidences). Figure 10vehithat in our  purposes: (1) it infers me hypotheses, (2) it checks the
sample scenario thénalysts Agenda starts with tvo  consisteng of user added ypotheses with thexesting
uncertain ky constraints. The firstelg (usrid) has been knowledge about the ¢moy DB, and (3) it ®ecutes
inferred according to the heuristic specified in the GFRMNutomatic analysis operations w@idate user input.
implication i2 (cf. Figure 3), which xpresses string
similarity betweerusrid andUSER(ID)(cf. Figure 5). The
second ky (snamgis listed due to the information added by
the user Both key hypotheses could not bel$ified by

We would like to emphasize that the displayed puositi
and n@ative confidencealues daot have the semantics of
probab|I|t|es ot they representelative measures for the

: : . _ ) compatibility or incompatibility of propositions with
executing the automatic goal-den operatiorvalidKey (cf. predicates [17]. Their sole purpose is to focus the

Figure 6). On the contrarine lypothesis thagnames a ley reenginees attention, bt it is not necessary for the

could even be supported by the automatic data analysis. Th‘%en ; ; -
. : ) gineer to understand the theory behind their inference.
is because tabl&JSERhas more than 200 entries which This theory is described in [15] and [16].

according to the definition of operatiwalidKey results in a
positive confidence of 70 (cf. Figure 7). On the other hand4. Architecture and implementation
the analysis operation assigned to the datsedrpredicate
selDisthas detected an instance adedect-distincipattern
that contradicts to thise¢ assumption (cf. Figure 8). This
results in a ngative confidence alue of 30 because in our
sample GFRN the confidence of implicatidnis limited to
this value.

The architecture of th&arlet Analystis outlined in
Figurell. The entire tool comprises approximately 30
thousand lines of code. The part that deals with the internal
GFRN representation and inference is writtedama The
implementation of the inference engine is based on the
Fuzzy Rtri Net(FPN) model which is described in detail in

In addition, theAnalysts Agndashavs an IND from [15]. All boolean and relational functions that can be used in
table PRODGRPmanayer to tableUSER.snam&hich has constraints of GFRN implications are implemented in
been inferred due to a detected instancej@hgoattern (cf. moduleConstaint Functions This module can bexeended
Figure 8) by implicatioti7. Together with the @pothetical)  during the tool customization process if additional functions
key constraint for columsnamethis IND is classified as a are needed (cf. Secti@il). A predefinedJava class
foreign ley (by implicationi8). Note, that the subjeg  Relationwhich basically implements amtended ersion of
assumption of the reengineer (the thirdy kconstraint the relational algebra€ilitates suchxensions. Likwise,
PRODGRPpg listed in the agenda) has beaisffied by the new analysis operations can be added to modDlas-
automatic data analysis operatigalidKey. This eplains  Driven Opeations and Goal-Driven Opeations
the ngative confidencealue of 100, the posite confidence Modifications to other modules are not required whem ne
value of 50 is reengineer assumption. analysis operations or constraint functions are added,
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Figure 11. Architecture of the Varlet Analyst

because we ka implemented a generic methosldnation  the Customization Font-End and theAnalysis Font-End
mechanism that is based on dagareflection AP[21]. The  have been deeloped iniTcl/Tk [24]. Internally the logical
Varlet Analys uses this API to check alailable operations schema is represented by an abstract syntax graph that is
and functions at run-time and reports to the user in case ofitially constructed by an SQL parser implemented with
inconsistencies with the specified GFRN (cf. the consigtendex&yacc[25].

reportin Figure 3). 5. Conclusions and elated work

Analysis operations use basic functionality ided by
modulesCode Rittern Extaction Extension Ex#ction and
Sdhema Extaction Module Code Rttern Extaction
implements customizable detection mechanism
stereotypical code patterns. Code patterns are specified o

high level of abstraction usindayerd gaph gammas
9 lon usingay gaph 9 DB queries. W agree that DBRE is a human-inteesand

(LGG) [22]. The are stored in a pattern library that can lorat ity 4 | | led tools lack th
easily be rtended. The actual pattern recognition aIgorithmeXF_)_ma1 ory actily. HOwever, l00s€ly coupied tools fack the
bility to control, propaate, and indicating inconsistencies.

is implemented in the graphical programming Ianguagéj1 S
Progres [23]. Module Sdema Extaction provides Qur approach \Ercomes this Ilmltathn and als _to
functionality to etract information about the meta data of mtegrafce such tp ols in Ferms of datawen and goal-dven
the legacy DB, while moduleExtension Extctionallows to analysls operations. Stil, therlet Ana_lystd_oes_ not cut the
access thevailable lgjacy data. V¥ use an abstractintade ~ '©€nginees freedom to makmanual ivestigations or use

to facilitate the adaption of thérlet Analysto different DB non-intgrated t.OOIS.' m.'t provides a basis to combine the
platforms. results of such irestigations.

In [26], Premerlani and Blaha emphasize that xilfle,
interactve approach to DBRE is moredily to succeed than
fopatch-oriented compilers. As a consequence, pnepose a
set of simple, loosely coupled tools foxtigal search and
data analysis, e.ggrep, awk-scripts [25], and predefined

In [12], Signore et. al. present an approach that uses

The two userinterface components of tharlet Analyst . .
Prolog rules to infer schema constraints from detected

9
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