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Abstract express abstract modelling concepts like inheritance,
aggregation and n-ary associations. However, indicators for
such modelling concepts are scattered over all parts of an
LDA, i.e. its procedural code, its database schema
definition, its data, its obsolete documentation, etc.

Industrial database applications often evolve over three
or more generations of developers, cover several hundrec
thousand lines of code and maintain a vast amount of data
A rapidly growing number of companies face the problem . o
that they have to adapt or modernise such existing IegaC)Fur.thermore, schemas' of LDAs often comprise optimi-
database applications (LDA) in order to keep up with sation structures that might not be easy to recognize. An RE

emerging requirements. The documentation of such LDAs i¢00! should find and weigh all these uncertain (and partially
often obsolete as they have been developed over severcontradicting) indicators according to .the|r credibility in
generations of programmers. This paper presents anorder to reconstruct an up-to-d.ate design. Moreover, users
application of possibilistic reasoning to infer the semantic and developers should be considered as a valuable source of
information that is necessary to recover the conceptualinformation due to their domain knowledge. Existing
design of an LDA. A dedicated, graphical language (called approaches do not support this kind of analysis process.
Generic Fuzzy Reasoning Nets) is introduced to specify an(Those few approaches, e.g. [2,1,6,5,7], which provide
customise the applied reverse engineering process. Thimeans for design recovery of LDAS are not able to deal with
actual reasoning process is performed by a nonmonotonicuncertainty and contradicting assumptions. Furthermore, in
inference engine based on fuzzy petri nets which supportmost available DRE tools the employed reverse engineering
lazy execution of expensive analysis operations. process can hardly be customised or extended, because it is

1. Introduction hard-coded.

In our approach, we use possibilistic reasoning [11,12] to
perform the analysis process. The DRE knowledge is
specified in a dedicated high-level language cdlederic
Fuzzy Reasoning NéGFRN) and, thus, it can easily be
customised. The actual inference process is performed by
evaluating afuzzy petri net(FPN)[10] which has been
generated from the GFRN specification.

Industrial database applications often evolve over three
or more generations of developers, cover several hundre:
thousand lines of code and maintain a vast amount of date
A rapidly growing number of companies face the problem
that they have to adapt or modernise such existigacy
database applications (LDA) in order to keep up with
emerging requirements. These requirements may compris
the integration/federation of an LDA with other information =~ The remainder of this section describes a small reverse
systems (e.g. to allow for data mining) or the migration to €ngineering sample scenario in order to take a closer look at
new technologies like object-oriented databases orthe problem domain. Section 2 introduces the GFRN
programming languages. A typical problem that formalism and exemplifies its use to specify DRE
complicates such a maintenance task is that theknowledge. Section 3 sketches how a GFRN specification is
documentation of an LDA has become obsolete and theexecuted based on an FPN. Finally, Section 4 closes with
developers who are familiar with the application have left Some concluding remarks.

the project A reverse engineering sample scenario
The research area alatabase reverse engineering In the following, we assume that the reader is familiar

(D?]E)d fIOCL.JseS grl tlhet (_Jlevelopmhent of tSCthu;S’With the basic concepts of relational database design[13].
methodologies and tools o Improve human understan IngFigure 1 shows an example LDA including small details of

.Of complex legacy database applications. A major DRE t‘?‘Skits procedural code, its database schema and the stored data.
is to recover the conceptual data structure of an LDA which

might be implemented on t f a relational datab D The recovered conceptual schema in EER-notation is
ght be implemented on top of a relational database. uedepicted in Figure 2, while the semantic information which
to its simplicity, the relational data model cannot directly
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has to be deduced in order to reobtain this abstraction -
shown in Figure 3.

select * from Tenant x,y create table Tenant(

where (x.house=y.house) name varchar(50),

and not (x.name=y.name) house varchar(50),

ap integer, _

select distinct house from Tengint | rent numeric, | MainTenan} N [ SubTenang

where name=#N mtenant varchar(50)) 1 @ |

. {create table ApHouse( Figure 2.: Conceptual Schema in EER-Notation

B PR house_id varchar(20),

Code  .-° .- flats smallint, In order to detect foreign keys between tables one can
| street varchar(80), search the application code fimin clichés, like the first
P\O . DB SChem‘ city varchar(40)) query in Figure 1. Further indications for a possible foreign
OLDA key might be retrieved by checking the similarity of column
L names with other column names (e.g. coluimmsse and
Data ~  Ttteeal. . house_id ) or table names (e.g. colunmtenant and

Tonant l ApHouse Lablet(?:‘(;]ant. )I. Obvioysly, (;]olulrcr;n;, whicE are supposed t'(:)
name house ap rent mtenait |house id flats street cit ave Identical meaning shou aye the same type. For
Smith FA 22 550 NULL BS 99 5thAve NY example columnbouse andhouse_id both are of type

Good PAD 13 NULLKing PAD 130 FAlley WC varchar but with a different length. However, as this
Moon LOP 12 NULL Miller FA 25 GStreetkV occurs frequently even for columns with identical meaning,
Bolt BS 6 820 NULL | [LOP 6 MBIivd AT their types should be considered as compatible to a certain

King PAD 13 760 NULL degree. Like before, possible foreign keys should be

checked against the available data.

Figure 1. Details of a Legacy Database Application

Keys:
Often, the schema definition of an LDA does not contair Tenant(name)
- L . . ApHouse(house_id)
explicit definitions for foreign keys or candidate keys [13]. Equivalence Classes:
This is because of the limited functionality of antiquated {Tenant.mtenant,Te-nant.name}
database management systems. Possible keys can be fo {Tenant.house, ApHouse.house_id}
by searching the code of the LDA for special pattern: Foreign Keys

Tenant.mtenaneferencesTenant.name
Tenant.houseeferencesApHouse.house_id
Variants:

(sometimes callecclichéy. Examples for instances of
clichés are the two SQL queries in the upper left part o

F|gure 1 The fII’St CI|Ché |S Ca”erﬁC“C JOIn [1] It Se|ECtS Tenant: MainTenant(name'house’ap’rent)
two entries in tabléenant  with the same value in column SubTenant(name,house,ap,mtenant)
house but with different values in columname. This Figure 3. Deduced Semantic Information

cliché serves as an indicator that tenants might bc

distinguishable by their name. On the other hand, the secondA further examination of the contents of také@ant

query is an indicator against the assumption tleahe  shows that there seem to be two different variants of tenants:
might be a key of tableenant : the columnhouse of a  Each row in tablegenant has either a NULL-value in
tenant with a givename is selected, but the query contains column rent  or in columnmtenant . This reveals a

the keyworddistinct , which is used to avoid multiple hidden inheritance hierarchy. Again, the credibility of this
elements with the same value in the result of a queryndicator depends on the extent of the available data in table
However, experience shows that the first cliché deservest@nant

higher. credibility than thg second one. The assumption. th% Generic Fuzzy Reasoning Nets

name is a key might be disproved or supported by examining

the data in tabléenant . If there are two rows with the =~ The scenario given above exemplifies the role of
same value in colummame the assumption must be refuted. heuristics in the DRE domain in order to find and weigh
On the other hand, if all rows have distinct values in columrcontradicting) indicators for semantically higher modelling
name, the assumed key could gain a greater credibilitconcepts in LDAs. The set of heuristics, respectively the
depending on the extent of the provided data in tablweight of indicators which are used to analyse different
tenant , e.g. if there are six hundred tenants with uniqud-DAs, depends on technical parameters, like the database
names there should be greater confidence that tiystems or the programming languages which are used.

assumption is true than if there are only six tenants. However, they might as well depend on non-technical
parameters, like the personal programming style of



developers. For example it might be that a conscientiou

developer uses theelect_distinct keyword only -
when she expects duplicate tuples in the result set of a que -\
Thus, aselect_distinct indicator found in her legacy m

code deserves a rather high credibility. This is in contrast t
the credibility of such an indicator in the code written by &
more relaxed’ developer, who tends to use this keyword i
her queries as default, even if it is not necessary. This shou
that flexibility in terms of customisability and extensibility
is a crucial requirement for the applicability of DRE tools.
To meet this requirement we have developed a dedicate
high-level formalism to specify and customize DRE
knowledge, so-calledGeneric Fuzzy Reasoning Nets
(GFRN). This allows us to develop a generic DRE
environment that is parameterisable by GFRN specificatior ~ _ ¥ _
and executes the specified analysis process [4,3]. (\ZalidKez :)

iz 0.6
sameTablag;(v4))
sameTableat(v4))
V3lvy, Vo=swap(y)

A GFRN is a graphical network of fuzzy predicates (with
oval shape) and weighted implications (represented ¢
boxes) which are connected by arcs. We employ necessit PR
valued possibilistic logic[12], i.e. each weight represents th @ (.IEOL“B.)
necessity that the corresponding implication is valid. Figure 4.: Generic Fuzzy Reasoning Net
Negations are represented by arcs with black arrow heac , ,

Arcs can be labelled with formal parameters that can be used A9ain, the available data has to be checked whether or not
to specify constraints for implications. Before we give alh® Supposed INDs can be disproved (Implicatigg).
formal definition we will illustrate the proposed formalism Mplication ig specifies that the validation of an assumed
through an application example: Figure 4 shows a detail of 2D over a huge amount of available data may further
GFRN specification which aims to detect possible foreigrfUPPOrt this assumption. Finally, the presence of a foreign
keys in LDAs: Implicatiori; specifies the before mentioned K€Y can be deduced from the existence of an IND over pairs
heuristic that ayclic joincliché is a rather credible indicator ©f columns, where the second element of each pair must
for a possible key candidate. On the other hand, implicatioRonstitute a key candidate (Implicatigj

i, models our experience thaselect-distinctliché over a Some fuzzy propositions can be determined by automatic
set of columns; serves as a negative indicator that subsetanalysis operations, e.g. checking for similar column names,
of v; might be keys. Implication specifies that an assumed comparing column types, validating assumptions against the
key candidate may only be valid if there exists noavailable data, searching the code for clichés, etc. In the
counterexample in the data of the LDA. GFRN formalism, a fuzzy predicate can be bound to an

A frequently used heuristic to detect relationshipsau_tomatic analysis operation. Such predic_ates are ca_dled
between tables, i.e. to detect equivalent columns in differef@xiomsand are represented by bold ovals in the graphical

tables, is to check column names for similarities. Obviouslyotation. Axioms provide the initial amount of information
it is necessary that columns which have identical meaninﬁ‘at is used in the inference process to deduce further fuzzy

are type compatible. This heuristic is modelled withPropositions. However, itis important for the applicability of

Implicationsig andig. Implicationi is an example that even @n analysis tool that expensive analysis operations are
complex rules can be expressed in GFRN specifications. Rérformed only on demand, i.e. when the information they
specifies that pairs of equivalent columns in two differenProvide is really needed. Thus, we distinguish between
tables are an indicator for an inclusion dependency (IND§irong axiom&nddeferred axiomsAnalysis operations that
over these columns in either direction. At tssmeTable are bound to strong axioms are performed, before the actual
is defined to be a boolean function that returas iff all ~ Inference process starts. As an example, the strong axiom

columns in its argument are in the same table. Functipns NSimilar is bound to an operation that compares the
andr, represent the relational projection on the first and théa@mes of different columns according to a possibility
second element of a pais, respectively. Parametes, is funct!on as a measure of similarity. Such a po_ss_lbll!ty
constrained to be a set of paiks Finally, functionswap is function could for example be based on string similarity

defined to exchange the order of each pair in a set of paifd€lrics like the Levenshtein-distance[8]. In contrast to
This reflects the possibility of INDs in both directions. strong axioms, the analysis operation of a deferred axiom is
performed on demand while the inference process is in




progress. The validation of an IND via the available datavaluation and nonmonotonic reasoning [10]. Generally, a
(validIND ) is an example for an expensive operation thapetri net [9] is a directed, bipartite graph with active and
should only be performed for already indicated INDs. Inpassive elements. The particular FPN model used in our
Section 3 we will explain in detail how and when analysisapproach is an extension of the FPN model described in
operations of deferred axioms are executed. [10]. The major difference compared to the original FPN

Formally, a GFRN is defined by a tupBl|,E cfA§Ad) model is that our approach supports inconsistent analysis
Where P:{E)l 0, o is a set ofpré;ji(,:at’es, ana results, i.e. for every propositioth, there are two fuzzy

F={f UL ,u2 £9% is a set ofunctionswith arity ug 0N values: the first fuzzy value represents the necessity that
I={i 11 iz' 2 h1} is a set ofmplications each implication.is fulfilled, while the second value represents the necessity that

S : P T e dis not fulfilled Formally, a FPN is a tupl=(PI,T,A,D,m,
a tupleig=(14,Vy, Kg), with a uniquemplication identifien g, _ -
b,c, th,s)with a set of placeBl, a set of transition and a
a set oparameters ¥={vy Vp.... t}, andkg=tky k... ke, finite se{N:)f arcA U I?PI x T)O(T x PI) Eellcl:h lace is
set of constraintsover Vg, with ke=(w,Lf5, (W, wo,..., W) ' P

iated to a propositiah) JD by a bijective function
wherew,w,...,w,0V,, r0{0,0,5} and fOF, Furthermore, 2SSOCI& ] _
E={eq, e2Wl e,}%nDI?\l is a set ofircs Each arc is a tuple b:PI_ﬁD. The f_uzzy marking functiom:PI - [0,1]x[0,1]

&=l g S dy0lg), With alocation ky:(pg,(1,V,K)D(P x 1), a assigns a pair of real values to each place, where

—(nt M) i ; ;
sign g{+,-}, adirection ¢, {antecedent, consequenghd m(p)=(n",n) is cglled tr_lefuzzy belief markln_gFBM) of
an actualization parameter aglV. The confidence place p, wheren®and " represent the positive and the

association cfl.]0,1] associates real values to negative fuzzy belief thdi(p,) is true or fa_Ise, respectively.
implications.A%={a%;, &, ..., &} is a set of strong axioms, Furthermore, a thresholth and a c.ertalnty factoc are
each strong axiom is a tu;m“h (Pg Qq), with pyLIP and a a.35|gned to each_ tran_s,|t|on:,th.T_> [0,1]. F_mally,_
function O ._>T(U”q)><[0 1]x[0, 1] ng OIN. At this, s:A- {+,-} is a function which labels each arc with a sign.
AU, denotes the power setmd-tupels of elements of a The FPN is evaluated by iteratively executing the
setU. In our formal model, constant functiél, represents  following two steps illustrated in Figure 5: the first step
an analysis operation that is performed before the inferenggenerates nefuzzy truth token§~TT) at the outgoing arcs
process starts. It delivers a set of fuzzy propositions, whemf each transition, while subsequently the second step
the semantics of each propositi@n’,n) is thatn® andn™  computes new FBMs at each place in the FPN.
express the necessities that prediggtis or is not fulfilled
for the constant set oﬁq-tupelsc over the universe of Step 1 t, [P Step 2
discoursd). Finally, A%={a%;,a%,..., d\} is a set of deferred s(Puty) tq FTT“l(tlg}
axioms, each deferred axiom is a tup%j—(p (), With FTTea(ty) . !
. @ My 1(py) =
(", M1
ty FTTa(t)
S(twP)

PP and a functionwy: AU - [0,1]x[0,1]. Funcuoncoq
represents an anaIyS|s operation that is performed c
demand for a given constantand it delivers necessity p,
degrees thay(c) is true or false.

The semantics of GFRN implications is formally defined Figure 5. Calculation of Fuzzy Beliefs
by a translation in a set of closed, weighted formulas in first
order logic, whereby all formal parameters are |mpI|C|tny0I
universal quantified. For example implicatigris translated
to a formula (Ov;)(Ov,0v )(sel_disty ;)0 —key(,))
with weight 0.3. The reader should note that this semantlcas
is unlike the semantics of most fuzzy rule based systems.

The FTT at transitioty and iteratiort+1 is obtained as
lows: at first, according to the sign of the connecting arc
the absolute fuzzy beliefAFB) of each placep, with
markingmy(p)=(n*;, ny) in the antecedent ¢f is computed

+ -+ -
The difference is that usually rule based systems do not %ﬂt pif ng >ngand g, ty) = +
consider the contraposition of a rule, i.e. in such systems QFB

+ 1(pz’t ) = ET‘ —n, ,if * and = -
rule if A then Bdoes not imply the rulé not B then not A t nt ,if n;>n; and  p, ty =
In the GFRN approach contrapositions of implications are EO else (eq. 1)

considered as this enables nonmonotonic reasoning.
Nonmonotonic reasoning is needed for an semi-interactive The transitiorty is enabled i. e. it may fire with an FTT

reasoning process and to defer costly analysis operations.greater than zero if the minimum AFBRB™" in the
antecedent df, is greater than its threshdld,. In this case,

3. The fuzzy inference engine the new FTT of,, is obtained by taking the minimum of the

We decided to use a fuzzy petri net (FPN) as the inferendertainty faCtOqu and AFB™" as shown in the following

engine of a GFRN specification as it allows for efficientequations, where the fuzzy-AND operator s defined by
the minimum function:



min

min Expansion and evaluation of an FPN based on
"9 (eq.2) a GFRN

_ As our approach allows for lazy execution of (expensive)

with AFB™" = O{AFB, ,(p, ty)} (eq.3) analysis operations according to intermediate deduction

Lszs k+ i . results, the proposed inference process consists of an

. The new FBm”l.(pi):(n t+1: 1) at each place is iteration of expansion and evaluation steps in an FPN based
given by two equations: on a given GFRN specification. Figure 7 gives an overview

c(t,) DAFB™", if AFB
ft, 1(ty) = O (ty

LD, else

. _% _ FTTtJ,l(tz)‘if Oi<isu:s(t,p)=+  on the proposed inference algorithm: the inference process
N =0 20 (L ul [s(t pp)=+} (eq. 4) Starts by executing all analysis operations which are
E n; , else assigned to strong axioms in the GFRN. For each fuzzy

0 if Csi<u:s(t, p)=- proposition t_hat is in the result set qf such an operation a new
=320 S, p)= _}FTTt+l(tz)' SISt FPN place is created. The following steps are performed
ity e (€d.5) jteratively, until no further knowledge can be deduced. At

g n , else first, the reengineer is allowed to add new assumptions about

The two iteration steps are repeated sttlady-statés  the LDA, interactively. Then, based on this initial
reached, i.e. no further changes to the FB of any place c&mowledge and the defined GFRN implications the FPN is
be obtained. As our inference mechanism deals witlextended by new places.
nonmonotonic reasoning, cycles may occur in the FPN,
which possibly lead to infinite periodic oscillations of FB
values, so-calledimitcycles[10]. If limitcycles exist in a
FPN steady-state cannot be reached. Due to the lack of space
we cannot discuss this problem in detail. However, in [10]

algorithm inference
begin
create empty FPN;
create new places according to results of analysis
operations which are assigned to strong axioms;

the authors present an algorithm for detecting and Repeat
eliminating limitcycles in their FPN model that can be create new places according to weak axioms
applied to our approach with only minor changes. (interactively added assumptions);

expand FPN places forward according to Fig. 8;

expand FPN places backward according to Fig. 8;

perform analysis operations of deferred axioms that are
assigned to predicates of newly created places;

When the FPN is in steady-state the analysis results are
presented to the reengineer for further investigation. One
might want to further examine propositions with a low or

inconsistent FBM. As a measure of inconsistency, we have expand FPN transitions according to Fig. 9;
defined the functiomcons(PI)- [0,1], which is defined as Repeatevaluate FPNUntil steady state according Fig. 5;
. . Until no further change to the FPN
incons(g)=n*0n", with m(p)=(n", n). (eq. 6) end 9
This allows the reengineer to query the system for Figure 7. The Inference Algorithm

analysis results that have a greater inconsistency than a

given value or to examine further propositions with an AFB  This is done in dorward and abackwardexpansion step,

in a given interval. As soon as the reengineer gains furth&hown in Figure 8. The forward expansion step searches the
knowledge about the LDA the inference process can bEPN for fuzzy propositions which are instances of
resumed in order to gain new analysis results. In ouPredicates in the antecedemily(s,..,pl) or consequent
approach, interactively added pieces of knowledge thdPli.-.P-1) of an implicationi in the GFRN. Then, it is
represent the subjective belief of the reengineer are callédecked whether all formal parameters afe completely
weak axiomsand may be refuted or supported by thedetermined by the constant values of the found propositions.
inference engine. The reverse engineering process describédthis case, it is furthermore checked if all places in the

above is illustrated in Figure 6. antecedentmq+l,..,plz) carry anAFB>e aCCOfding to the

) _ sign of the arc that connects the corresponding predicate
o o intermediate results with implication in the GFRN. If this test succeeds, the
expert R forward expansion step creates places in the FPN for each

analysis

assumptions
results

(weak axiomg] B proposition in the consequentiofaccording to the current

parameter bindings). At this, the real numtiéj0,1] allows

o the user to define a level for the minimum AFB that has to

~fuzzy information be fulfilled such that it is worth the effort of further

m(g%rgirrl]cée expanding the FPN (and performing further deferred
analysis operations, etc.).

specification

GFRN fg
Figure 6. The Reverse Engineering Process




GFRN FPN 4. Concluding remarks

- instance of "+, .
’ @ ST : In this paper, we show how possibilistic reasoning can be
SRR O: . Q O . :O applied to design recovery of legacy database applications.
v v As opposed to existing, mostly hard-coded approaches, we
n A ply  plg1ply ply  pl

present GFRNs as a dedicated, high-level language to
forward expansion | backward expansim  specify RE processes. This approach provides the flexibility

K
Vin+ g Vi Plgs1 Pl Plyss  Ply1ply for easy customisation and extension of uncertain RE
O O'O Qq OZ knowledge. We furthermore present a framework for an
@ ‘, T - inference engine that is based on a dedicated class of fuzzy

I petri nets and allows for lazy evaluation of expensive

analysis operations. We currently develop a GFRN editor
The right side of Figure 8 illustrates the backwardand a prototype of the inference engine. Both components

expansion step. Again, it is checked whether all formawill be integrated parts of our database migration

parameters of implicationi are determined by the environment [3]. Currently, the expressiveness of the GFRN

propositions associated witlpl{,..,pL). In this case, it is formalism is validated by applying them to practical

checked if there is at least one platgin the consequent examples as part of industrial projects.

_(pll,..,plq) with an FBM m(pl)=(n", n')_ wheren*>¢ or an References
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