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Abstract

Temporal logic, in particular, interval logic has been
used to represent genome maps and to assist genome
map constructions. However, interval logic itself ap-
pears to be bruited in its expressive power because
genome mapping requires various information such as
partial order, distance and local orientation. In this
paper, we first propose an integrated formalism based
on a spatial-temporal logic where the concepts of met-
ric information, local orientation and uncertainty are
merged. Then, we present and discuss a deductive and
object-oriented data model based on this formalism for
a genetic deductive database, and the inference rules
required. The formalism supports the maintenance
of coarser knowledge of unordered, partially ordered
and completely ordered genetic data in a relational
hierarchy. We believe that this integrated formalism
also provides a formal basis for designing a declarative
query language.

Introduction
The proliferation of data from the Human Genome
Project has brought new challenges for researchers
in the database research community. At the Impe-
rial Cancer Research Fund, we are investigating how
to build a genetics database in the context of de-
ductive and object-oriented databases. More specif-
ically, our system will be developed on the IDEA
database system currently developed within the ES-
PRIT EP6333 project 1. The focus of this project is
the design and sut)port of a high-level conceptual in-
terface for a knowledge processing environment, based
on an object-oriented conceptual model, a declarative
rule language, and a procedural update language. The
resulting system will provide advanced database tech-
nologies to raise the quality of interaction with users
and applications as well as the quality and efficiency
of data management.

One of our objectives in using IDEA technology is
to provide an efficient support for storing genome map

a IDEA stands for Intelligent Database Environment for
Advanced Applications. This paper reflects the opinions of
the author and not necessarily those of the consortium.

data and for map construction. Map construction is
the use of experimental data about known loci from
physical or genetic measurements to derive their rela-
tive order and separation on a map. Interpretations of
raw data provide partial orders and distances in local
orientations which must be combined into larger maps
to describe whole chromosomes. Biological laws and
experimental techniques provide rules for inferring or-
der and distance from single experiments and for the
integration of data from different sources. The chal-
lenge of map construction is to reconcile and integrate
local information into a global map and to update this
continually. There is an urgent need to develop a well
founded formalism to support these activities in an ’in-
telligent’ knowledge-based system.

Map objects such a.s clones can be considered as in-
tervals of Allen’s temporal logic (Allen 1983, 1984).
Work on using interval logic has been reported and sur-
veyed in Letovsky and Berlyn (1992), Graves (1993),
Guidi and Roderick (1993). However, we found most 
these systems failed to incorporate the necessary infor-
mation needed in order assembly such as partial order,
metric information, orientation, uncertainty and ambi-
guity, which have been regarded as essential (also Guidi
and Roderick 1993). In addition, the lack of a formal-
ism imposes great difficulty in developing a good query
language, especially a declarative query language. This
situation could be improved by integrating and extend-
ing the formalisms developed in the spatial and tem-
poral logic community. In this paper, we will discuss
the problems which need to be addressed by such a
formalism and then propose a formalism where the
concepts of metric information, local orientation and
uncertainty are merged.

The remainder of this paper is structured as follows.
In the next section, we discuss the basic requirements
for order assembly and problems that need to be ad-
dressed in an ’intelligent’ system. Then we present the
proposed formalisna and its various extensions. A set
of inference rules based on the proposed formalism is
also described in this section. Following the discus-
sion on the data model for molecular biology based
on the proposed formalism, wc discuss t.he implemen-
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tation and its related issues, l,’inally, we conclude tile
paper with the main features of this formalism and the
further work.

Problems

Genome maps fall into several basic categories: genetic
linkage maps, cytogenetic maps and molecular-ba.sed
physical maps. Figure 1 from Ilonda, I)arrot, Smith
and Lawrence (199:1) illustrates seine typical genome
nlaps at ditferent resolutions of details from the low-
est. level of chromosome hands to the highest level of
nueleotide sequences.
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Figure 1: C, enome related maps

As can be seen fronl the tigure, these maps are ba-
sically 1-dimensional and are akin to problems dealt
with by temporal logic. Indeed, several systems based
on temporal logics have been built. Letovsky arid
Berlyn (’1992) described a point set ontology for their
constraint-based system. In their system, only one re-
lation before is used, and local ordering windows are
introduced to handle the orientation uncertainty. An
interesting set of inference rules are presented to de-
rive the global ordering. Gnidi and Roderick (1993)
planned to use Allen’s interval-like logic to repre.sent
partial ordering to cope with uncertainty in the frag-
ments of DNA sequences, but front their short surw,y
paper it is not clear how they propose to use them.
Honda et al. 11993) proposes an object-oriented data
model which is also based on the general idea of linear
ordering. One slightly different approach is reported
in Graves (1993), who developed a general knowledge-
based system based on connection graph and a single
order relation.

There are, howe.ver, sotne significant differences be-
t.ween temporal logic and genomics. We can view both
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I)NA fragments and probes as int, ervals, but their or-
ders are usually only true in some local frame of refer-
ence. Second/y, experiments are designed to produce
ow’.rlapping fragments and we normally do not know
the precise beginnings and endings of intervals. The
partial orders from experiments are often uncertain due
to exi~erimental errors. Thirdly, conflicting orders may
be reporl.ed by different experiments, which must. be
represented and stored in the database because those
conflicting results might haw: some biological expla-
nations yet to be discovered, l"urthermore, the algo-
rit.hnls for constructing orders of genetic markers use
various sources of information such as partial ordering,
distance and orientation. All this demands a formalism
n,ore expressive than Allen’s interval logic: it. nmst be
flexible enough to support the diversity of raw data re-
quired by different map construction algorithms. Some
of the key re(luireme.nts are:
Imprecise data: hnprecise information abounds in
genetics. Allen’s interval logic imposes precise infor-
mation between intervals. Although uncertainty rela-
tions can be represented by disjunctions, the compu-
tational cost is high. In recent papers, Freksa (1992)
has propose.d "conceptual neighbourhood" to encode
imprecise irfformation. It would be very appealing to
develop a formalism along this line where imprecise in-
formation can be represented in a retinelnent hierarchy.
Metric data: Metric information must be repre-
sented. (leneticists often use it. to derive new order
information. Several successful mapping syst.ems re-
quire distances between genetic markers.
Local orientation: This is missing from most of the
spatial and temporal logics, but must be supported.
Due to the nature of the experiment, the marker order-
ing information obtained is usually local to a particular
reference frame.
Relations between DNA fraglnents: Most of the
systems we are aware of support only a very limited
number of relations when in fact there are many pos-
sibilities, q’he relations between two DNA fragments
reported from experiments can be described a.s sepa-
rated, adjacent, overlapping, contained, etc. A set of
binary relations is needed to represent the coarseness of
our knowledge about two fragments or intervals. Fur-
thermore, we also need to represent data which may
be unordered, partially ordered or completely ordered.
Uncertainty: Uncertainty can come from different
sources in this context. Experimental data are usually
associated with experimental errors and ambiguous re-
sults may bc reported by different experiments. Even
if we have certain data, uncertainty may be present af-
ter one cycle of inferences (Freksa 1992). Uncertainty
management can keep a database consistent and re-
port inconsistency, h, addition, it may provide a way
to manage inconsistency in the database.
haferenee rules: A set of new inference rules is
needed to reason with the partial order, local orienta-
tion and ambiguity, etc ira this domain. Letovsky and
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Figure 2: A set of sample configurations (in 2D) modelling the defined relations.

Berlyn (1992) have shown the usefulness of these rules
in their CPROP program.
Declarative query language: The importance of
declarative query language for a genetic database has
been evidenced by tile use of Prolog in several genetic
databases (Kazic et al. 1990, Yoshida et al. 1992).
A good query language for a genome map database
will give the user great flexibility to construct complex
queries including recursive queries.

A Proposed Formalism

In a genomc database, especially a database for genome
mapping information, there is a need to represent dif-
ferent levels of information from cytogenetic through
linkage map to physical and sequence data. Although
Allen’s interval logic provides a set of base relations,
no higher level relations are defined. Recent work of
Freksa (1992) has shown how weaker spatial/temporal
relations can be defined using semi-intervals, but it is
not clear how to arrange them in a relational hierarchy.
The work of Randell et al. (1992), Cui et al. (1993) 
spatial logic has presented their binary relations in a
relational hierarchy which can be exploited in several
ways. This logic can also bc extended to define all of
the 13 nmtually exclusive interval relations of Allen’s
logic. In this section, we will start from this formal-
ism, and then move onto the extensions to handle the
problems mentioned above.

The Formalism
The basic ontological entity in this formalism is a re-
gion; note that boundaries, lines and points are not
regions. Regions are non empty. Regions in the the-
ory support either a spatial or temporal interpretation.

Informally, these regions may be thought to be poten-
tially infinite in number, and any degree of connec-
tion between them is allowed in the intended model,
from cxternM contact to identity in terms of mutually
shared parts. The formalism supports two or three di-
mensional interpretations (or higher dimensions!). 
is based upon Clarke’s (1981, 1985) calculus of indi-
viduals based on "connection" and is expres~d in the
many sorted logic LLAMA (Cohn 1987).

We have used the standard convcrltions of first order
logic. These are summarised in Table 1. Note that
the axioms in the following would be more complex
without using many sorted logic. For example, the
first axiom: VxC(x, x) would beconm Vx[R.egion(x) 

The ba.~ic part of the formalism assumes one prim-
itive dyadic relation: C(x, y) read as ’x connects with
y’. The relation C(x, y) is reflexive and symmetric, ic,
x connects with x and if x connects with y, then y
connects with x. We can give a topological model to
interpret the theory, namely that C(x, y) holds when
the topological closures of regions x and y share a com-
mon point. Two axioms are thus introduced.

(1) VxC(x,x)
(2) y) --+ c(:j,

Using C(x, y), a basic set of dyadic relations are de-
fined: ’DC(x, y)’ (’x is disconnected from y’), ’P(x, y)’
(’x is a part of y’), ’PP(x,y) (’x is a proper part 
y’), ’x = y’ (’x is identical with y’), ’O(x, y)’ (’x over-
laps y’), ’DR(x, y)’ (’x is discrete from y’) TO(x, 
(’x partially overlaps y’), ’EC(x, y)’ (’x is externally
connected with y)’, ’TPP(x,y)’ (’x is a tangential
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PO(a,b) TPP(a,b) NTPP(a,b) "l(a,bEC(a,b) DC(a,b)

Figure 3: A lattice defining tile subsumption hierarchy of the dyadic relations defined solely in terms of the primitive
relation C(x, y).

negation: -~ not

conjunction: A and

disjunction: V or

implication: ---+ if then

bi-implication: ~ if aud only if

existential quantifier: 3 there exists

universal quantifier: V for all

definition: -dcy equivalent

’Fable 1: Symbols used in the a~xiomatization

proper part of y’) and ’NTPP(x,y)’ (’x is a nontan-
gential proper part of y’). The relations: P, PP,TPP
and NTPP being non-symmetrical support inverses:
p-l, pp-t ,i, pp-1 and NTPP-1. Of the defined re-
lations, DC,EC,PO,=,TPP, NTPP and the inverses for
TPP and NTPP arc provably mutually exhaustive and

pairwise disjoint.

(3) DC(x, y) -dry ~C(x, 
(4) P(z, y) :d~I Vz[C(z, x) -~ C(z, y)]
(5) PP(x, y) ~dCf P(x, y) A -,P(y, 
(6) x = y -~d~] P(x, y) A P(y, 
(7) O(x, y) --drI 3z[P(z, x) A P(z, 
(8) eo(x, y) --d~f O(x, y) A -,e(z, y) A -,P(y, 
(9) DR(x, y) =--de! ~O(x, y)
(10) EC(x, =~ej’ C(x, y) A -~O(x, y)
(11) TPP(x,y) =--d~f PP(x,y)A

3:[EC(:, x) A EC(:, 
(12) NTPP(x,y) -~def PP(x,y)A

-~3z[EC(:, ~) A Be(:, 
(13) P-l(x,y) =--d~,! P(y,x)
(14) PP-l(x,y) --d~: PP(y,x)
(15) TPP-t(x, y) ~d~f ’rVP(y, z)
(16) NTPP-~(x, y) ---at] NTPP(y, 

A pictorial representation of the relations defined
above is given in I,’igure 2 and their relational hier-
archy in Figure 3.

The formalism has a temporal interpretation by in-
troducing another primitive relation B(x, y) .- of x be-
ing before y. The formal definitions for Allen’s inter-
val relation before (<), meets (m), overlaps (o), 
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(d), starts (s), finishes (f) and their inverses (>, 
di, si and fi) are given below

< (z, y) -----d,I DC(x, y) A B(z, 
> (z, y) =&! De(x, y) A B(y, 
m(x, y) ----de/’ EC(x, y) A B(x, 
mi(z, y) =dey EO(x, y) A B(y, 
o(x, y) --de! PO(z, y) 3z[m(z, z)A -~m(z, y)]
oi(x, y) =--clef PO(x, y) A 3z[mi(z, z) A -~mi(z, 
d(z, y) _=&! NTPP(z, 
di(x, y) =de! NTPP(y, 
s(z, y) --de! TPP(x, y) A qz[m(z, z) A re(z, 
si(z, y) =d~Y TPP(x, y) A qz[mi(z, x) A mi(z, 
f(x, y) ~d,.f DC(x, y) A 3z[mi(z, x) A mi(z, 
fi(z, y) =del DC(x, y) A 3z[m(z, z) A m(z, 

Now the leaf nodes in Figure 3 can be further refined
to include all of the Allen’s 13 interval relations just
defined when used to represent one dimensional space.

Metric extension

So far we have principally concentrated on developing
a purely qualitative calculus. However, this can never
be a replacement for metric information, but rather
should complement a metric representation. Indeed,
distance is considered to be an important source of
information in genome mapping algorithms (Letovsky
and Berlyn 1992). In CPROP, distance is used to form
several inference rules and Guidi and Roderick (1993)
show how distances alone can sometimes give precise
orders.

There is a close relationship between the metric in-
formation and the binary relations described in section
3.1 and distances when only one dimensional space is
considered. All of the 13 base relations can be defined
by using the relations between the endpoints of inter-
vals (Allen 1983, Kauts and Ladkin 1991, Freksa 1992).
The correspondence between them has been shown in
Table 2. However, we should note that endpoints are
qualitative in nature because the precise measure of
endpoints, particularly of clones, may not be available.

We should also note that the distance between in-
tervals can be used as a measure of their endpoints.
Hence, all the techniques in dealing with numbers can
be readily used together with the techniques for inter-
val reasoning. This provides a natural link between
topological relations and distances. We can use them
to develop a fast inference rule for the derivation of
new order relations. The techniques presentcd in qual-
itative simulation and spatial reasoning in databases
(Cui et al. 1992, 1993) should also be useful here.

Orientation

Due to the nature of experiments, locus order is usu-
ally only reported with reference to a local orienta-
tion and thus with an uncertainty over the global or-
der. Letovsky and Berlyn (1992) have presented 

a before b e(a) < s(b)

a = b s(a) = s(b)
e(a) = e(b)

a meets b e(a) = s(b)

a overlaps b s(a) > s(b)
e(a) < e(b)
e(a) > s(b)

a during b s(a) > s(b)
e(a) < e(b)

a starts b s(a) = s(b)
e(a) < e(b)

a finishes b s(a) > s(b)
e(a) = e(b)

Table 2: Correspondence between interval relations
and their endpoints, s(x) denotes the beginning of in-
terval z and e(x) the ending.

excellent treatment of orientation uncertainty by in-
troducing local orientation windows. This idea of local
orientation can be easily incorporated into the formal-
ism just presented since the basic formalism does not
require orientation to be specified. Hence, a special
inference layer can be introduced to handle local ori-
entation. As we associate a set of genetic markers with
a particular orientation without refcrence to the global
orientation, the derived facts within that particular set
of markers will still hold even if we move them around.
This is particularly useful in the genetic domain since
the exact position of a locus may not be fixed due to
incomplete knowledge.

The techniques for merging two local orientations
(LO) use the facts that only one base relation can hold
for a pair of markers. We can emphasise that mark-
ers occupy space by cMling them intervals. The base
relation (order relationship) between two intervals 
two separate local orientations can not be inconsistent.
Thus we can deduce the relative order of two local ori-
entations and merge their data. For example, we can
conclude that LOj is the inverse of LOi from

A before B before C, in LOi

D before C before B, in LOj

Therefore,

A before B before C before D, in LOi

We have constructed a complete composition table
for combining two local orientations for all the combi-
nations of the base relations. Not all the base relations
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give orientation information. For example, TPP and
NTPP can be true in any orientation frame. The base
relations that do fix orientation information are before,
after, meet and its inverse, overlap and its inverse. The
composition table not only provide an efficient way to
merge two local orientatious, but also can be used to
detect inconsistencies in the raw data. For example,
unlike the merging of local orientations above, infor-
mation given in two local orientations can lead to con-
tradiction no matter how we interpret the two local
orientations and further experimentation may be re-
quired.

Inference Rules

The formalism supports a new set of inference rules.
By exploiting the lattice structures presented in the
fornialism, we may be able to implelnent these infer-
ence rules effectively. For exanlple, given two relations:
RI(A, B) and R2(B, C’), the relation between A and 
can be derived. This allows us to calculate a composi-
tion table (or transitivity table) for all combinations 
the base relations. There are two composition tables in
our formalism: one for the 13 Allen’s interval relations
and one for the base relations (before the temporal ex-
tension) presented in Figure 3. Due to the space limi-
tation, we could not present the two tables here. tIow-
ever, they can be found in Allen (1984) and Randell
et al. (1992). We have also developed other inference
rules similar to CPROP’s (Letovsky and Berlyn 1992).
In CPROP, the merging of local orientation windows
was considered as an application of inference rules. In
our case, we regard this as preprocessing because we
found that to do otherwise would unnecessarily coin-
plicate our inference engine.

By expressing all the possible relations between in-
tervals, our formalism allows maximal use of available
informatiou in map asselnbly. For example, the rela-
tion ’contains’ is usually considered to be no use in the
genome mapping processing, ttowever, this informa-
tion can be used to derive orders in our representa-
tion. Figure 4 shows an example of the use of interval
logic ill automated reasoning. Suppose we have data
from three separate experiments (1, 2 and 3) concern-
ing three loci: A, B and C. Experiment 1 reveals a
partial overlap between A and C: PO(A, C), which
may have the two local orientations as shown. Experi-
ment 2 shows that locus C lies before B: B(C:, B), and
Experiment 3 detects that locus A contains locus B,
expressed as B is a proper part of A: PP(B, A). With-
out using PP(B, A), there are two possible cases shown
in Figure 4. IIowever, this alnbiguity can be resolved
by PP(B, A) because case b then becomes inconsistent
with the data.

Data Model
The integrated formalism has many properties which
could not be readily and efficiently represented and ex-
ploited by conventional databases. For exanlple, Fig-
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Figure 4: An exalnple of containment relations used in
order reasoning

]are 3 suggests that the binary relations of I)NA frag-
ments can be represented in an inheritance hierarchy,
which could not be efficiently supported in a relational
data model. In the following, our discussion is based
on a deductive and object-oriented representation.

Object-oriented modelling provides a natural means
of representing the complex, often composite struc-
tures in molecular biology by the inheritance of at-
tributes and behaviours. The deductiw, capabilities
enable us to store biological rules in the database in the
form of Prolog (Kazic et al. 1990). Although databases
based on object-oriented models have been successfully
used in several human genome projects (Yoshida et al.
1992, Honda et al. 1993), the work on deductive and
object-oriented data models (DOOD) is less advanced.
One of the difficulties is due to the lack of a suitable for-
malism to encode the biological knowledge in DOOD.
We believe that the proposed formalism may provide
a basis for representing this body of knowledge.

In our data model, we have identified the following
classes, each of which corresponds to independent en-
tities ill the domain: chronlosonle, probe, clone, gene,
YAC, cosmid, STS fragments, protein, enzyme, restric-
tion sites, etc.; some other entities are related to exper-
iments: agents, protocols, etc, and still other entities
correspond to binary relations such as orders. Most
of these entities can be straightforwardly defined as
classes with simple attributes and simple passive rules
(Ceri and Manthey 1993). For example,

class chromosome_band =
attributes

name: string,
chromosome: int,
arm: string,
length: real,
first_locus: locus,
last_locus: locus

end
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Figure 5: A screendump of our graphical interface for our prototype implementation

The binary relationships between two DNA frag-
ments are also defined as objects. However, these ob-
jects are classified according to the hierarchy in Figure
3 with the leaf nodes further split to include all 13 of
Allen’s interval relations. More specifically, we define
one class for each node in Figure 3. The top level class
(or node) includes the generic attributes such as map-
objects~, distances and local orientations. The rules
for translating metric information to topological one
are defined as passive rules (also see Ceri and Man-
they 1993, Jonker et al. 1994). The leaf classes rep-

¯ resent the precise relations between two genetic frag-
ments we know about in the database. Imprecise infor-
mation is captured by the higher level classes with the
highest level class representing completely unordered
fragments. The ambiguous orders are represented by
multiple instances in our database.

Implementation
The data model described in the previous section can
be implemented on a deductive and object-oriented
database. As we are participating the IDEA project,
we have implemented our system on the IDEA pro-
totype deductive and object-oriented database. How-

~Map objects (equivalent in function to intervals in
Allen’s logic) are object identifiers for DNA fragments, or-
dered maps, etc.

ever, the prototype has not yet provided all the func-
tionality required at this stage. Instead, we have imple-
mented our static data model and some passive rules
in the IDEA prototype database, and implemented the
inference mechanism and active behaviours in SLOT
(Cui, Fox and Hearne 1993, FIearne et al. 1994, Cui
and Fox 1994) - a specification language for build-
ing deductive and object-oriented theories, which com-
bines the advantages of both logic programming and
object-oriented programming paradigms. SLOT di-
vides an ~pplication into many subtheories. Each the-
ory has its own local database, and ways to interact
with other theories. A local database is designed in
such a way that it is described in Prolog and can
be automatically translated into deductive and object-
oriented databases. In our case, the target language
is Chimera (Ceri and Manthey 1993) - a conceptual
modeling language for the IDEA project.

We have used special SLOT theories for handling
uncertainty and ambiguity data and theories for using
inference rules. Users can interact with the system
through a graphical use interface or by issuing Prolog
form queries. Figure 5 provides a screen dump for a
particular session. More details can be found in Jonker
et al. (1994).

So far the proposed formalism has not yet been fully
implemented in our database system. We have begun
to investigate the implementation along two possible
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lines. One involves using theorem proving techniques
in which the reasoning process will take several steps.
First, metric information is translated into topological
relations. Then a special spatial logic theorem prover is
employed to derive as much as possible new topological
information in each local orientation frame. Since there
are usuMly a few intervals (DNA fragments) in each
local orientation frame, this process will be reasonably
fast. After that, we merge local orientations, and then
construct the global ordering.

~¥e can also implement the proposed formalism
along the line of qualitative simulation developed in
Cui et al. (1992). One advantage of this approach 
that distances can be directly used with the topologi-
cal relations and no translation is required. The final
results are usually a set of possible orders for the given
intervals (DNA fragments in our case).

Conclusion
In this paper, we have discussed the problems in build-
ing a large deductive and object-oriented database to
support molecular biology, especially problems related
to represent and construct genome maps. We have
described an integrated formalism based on a spatial
and temporal logic, which extends Allen’s interval logic
to include metric information and local orientation.
The binary relations form a relational hierarchy corre-
sponding to the coarseness of our knowledge about tile
relationship between two DNA fragments. For exam-
ple, unordered fragments are represented by the high-
est level relation; imprecisely ordered fragments by the
middle relations and precisely ordered fragments by the
leaf relations in the relational hierarchy.

Based on this integrated formalism, we have de-
signed a deductive and object-oriented data model for
molecular biology. We have partially implemented this
in a prototype database system offered by the IDEA
project, together with a formal object-oriented spec-
ification system SLOT (Jonker et at. 1994, Cui et
al. 1993, Cui and Fox 1994) because the prototype
database system does not yet support all the function-
alities required. Our initial experience has shown the
adequacy of our formalism for representing and rea-
soning with various source information in the context
of Human Genome project.

There are clearly several areas that need to be inves-
tigated further. Our initial database needs to be ex-
panded to include more data and this will suggest how
we can improve our data model and inference mecha-
nism. We will work on a composition table for combin-
ing local orientations in the same spirit as the transi-
tivity tables in spatial and temporal logic (Allen 1983,
Randall et al. 1992, Gooday et at. 1994). In addition,
the spatial logic we are using also supports splitting
or gapped intervals. This could be used to describe
loci that involve alternative splicing (Borderaux et M.
1990) and protein coding messages produced by splic-
ing. We also intend to extend the formalism to handle
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uncertainty and conflicting experiment data, possibly
along the line of argumentation by Fox et al. (1992).
We would also like to design a general declarative query
language for our genetic database.
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