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Abstract

Objective. In this paper, we aim at defining a general-purpose data modeland query language coping with
both “telic” and “atelic” medical data.

Background. In the area of Medical Informatics, there is an increasing realization that temporal information
plays a crucial role, so that suitable database models and query languages are needed to store and support it.
However, despite the wide range of approaches in the area, inthis paper we show that a relevant class of medical
data cannot be properly dealt with.

Methodology. We first show that data models based on the “point-based” semantics, which is (implicitly or
explicitly) assumed by the totality of temporal Database approaches, have several limitations when dealing with
“telic” data. We then propose a new model (based on the “interval-based” semantics) to cope with such data, and
extend the query language accordingly.

Results. We propose a new three-sorted model and a query language to properly deal with both “telic” and
“atelic” medical data (as well as nontemporal data). Our query language is flexible, since it allows one to switch
from “atelic” to “telic” data, and vice versa.

1 Introduction

In the area of medicine, an explicit management of the time when symptoms took place and clinical actions were
taken is needed to model the patients’ state (e.g., for diagnostic or therapeutic purposes [1]). Thus several data
models used to capture clinical data provide suitable supports to explicitly deal with time (consider, e.g., [2], [3],
[4], [5]). Over the last two decades, the database communityhas devised many different approaches to model the
validity time of data (i.e., the time when the data holds [6]). In particular, many temporal extensions to the standard
relational model were developed, and more than 2000 papers on temporal databases have been published (see the
cumulative bibliography in [7] and recent surveys [8], [9],[10], [11]). Recently, the TSQL2 approach has
consolidated many years of results into a single “consensus” approach [12], which (in revision as SQL/Temporal
[13]) has been proposed to the ISO and ANSI standardization committees. Such database approaches are domain-
independent, so that they can be profitably exploited also tomodel temporal data in medical applications. However,
recently, some papers pointed out that the lack of specific supports makes the task of managing medical temporal
data quite complex. For instance, O’Connor et al. implemented Chronus II, a temporal extension of the standard
relational model and query language with specific features to make the treatment of clinical data more natural and
efficient [14].
In this paper, we focus on temporal relational models and query languages, showing that current approaches have
some limitations, so that relevant temporal phenomena in the medical field cannot be adequately modeled. In
Section 2, we explicitly define the “point-based” semantics, and show that it is suitable to cope with a wide range
of medical temporal data. However, a model based on a point-based interpretation of temporal data has severe
expressive limitations when dealing with an important class of data, namely “telic” facts. In Section 3, we will
substantiate this claim by considering an example in the medical field. We take TSQL2 as a representative example
of data model and query language, but analogous problems arise in the other temporal relational approaches in the
DB literature (since all these approaches assume a point-based semantics). We then generalize from the example,
and settle the problem of dealing with telic (vs “atelic”) facts in a more general environment. Sections 4 and 5
describe our solution to such a general problem. In particular, in Section 4 we propose a new data model and
semantics (namely, “interval-based” semantics) to cope with telic facts, and extend the query language (TSQL2)
accordingly. In Section 5 we argue that both “standard” (i.e., based on “point-based” semantics) and “telic” (i.e.,
based on “interval-based” semantics) models are needed, and that the query language has to be extended in order
to allow flexible “casting” operations to switch from one model to the other one, and vice versa. Finally, in Section
6 we describe alternative solutions and related works, and in Section 7, we draw some conclusions. While the telic
data model has been already presented in [19], where we also proposed an extended three-sorted temporal algebra
coping with both telic and atelic relations, in this paper wehave widely explored the impact of the telic/atelic
distinction on medical data, and we have extended the TSQL2 query language to cope with it.

2 Data Models and Data Semantics

As mentioned, many different database approaches have beendevised in order to provide specific support to the
treatment of time. Although there are remarkable differences between the alternative approaches, basically all of
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them adopt the same data semantics: the data in a temporal relation is interpreted as a sequence of states indexed
by points in time (see, e.g., the discussions in [15], [16], [8], [13], [17]). We will call such a semanticspoint-
based, in accordance with the terminology adopted in artificial intelligence, linguistics and mathematical logic
(but not in the database area, where “point-based semantics” has a different interpretation [17], [18] and is often
used in relation to the semantics of thequery language[19]).
It is important to clarify that in this paper we focus on data semantics, and we sharply distinguish between se-
mantics and representation language; our distinction is analogous to the distinction between concrete and abstract
databases emphasized by [9]. For instance, in many approaches, such as SQL/Temporal, TSQL2, TSQL, HQL,
and TQuel, and Gadia’s Homogeneous Relational Model, atemporal element(a set of time intervals) is associated
with each temporal tuple (or attribute), but this is only a matter of representation language, while the semantics
they adopt is point based [17].

2.1 “Standard” point-based approaches to TDB

In this Section, we exemplify the semantics vs representation issue, and the point-based semantics, starting from
a medical example.

Definition. Point-based semantics for data: The data in a temporal relation is interpreted as a sequence of states
(with each state a conventional relation: a set of tuples) indexed by points in time. Each state is independent of
every other state.

As an example, let us consider a database representation of the following situation, involving three different
patients:
Example 1
Patient 1. Patient with chronic obstructive lung disease and hypoxemia, presenting with episodes of atrial fibril-
lation (AFI+), submitted to telemetry monitoring. At time 10:39 an episode of AFI+ is observed; after 5 minutes
the episode is still observed, and also after 10 minutes the AFI+ persists, for 5 minutes.
Patient 2. Patient with chronic ischemic hearth disease, presentingwith episodes of atrial flutter (AFL+), submit-
ted to telemetry monitoring. At time 11:00 an episode of AFL+is observed, after 5 minutes the monitor shows
sinus rhythm, and after 10 minutes a new episode of AFL+ is present, lasting 4 minutes.
Patient 3. Patient with Wolf Parkinson White disease (WPW) and recurrent episodes of paroxysmal supraventric-
ular tachycardia (PSVT+), submitted to telemetry monitoring. At time 11:15 an episode of PSVT+ is observed,
after 5 minutes the sinus rhythm is restored.
The above data can be represented by relationHRD1A in the following, using the “interval-based” encoding of
the validity time proposed by TSQL2 and taking minutes as thebasic granularity [10]:

P CODE Type VT
#1 AFI+ {[10:39-10:43], [10:44-10:48], [10:49-10:53]}
#2 AFL+ {[11:00-11:04], [11:10-11:13]}
#3 PSVT+ {[11:15-11:19]}

Figure 1: RelationHRD1A

Alternatively, if a “point-based” encoding of the validitytime is used (as, e.g., in BCDM [16], [12]), the same
data can be represented as shown in relationHRD2A.

The key point is that, if the “standard” point-based semantics is used, relationsHRD1A andHRD2A repre-
sent (in different ways) exactly the same semantic content,i.e., the one shown in Fig.3. Notice that the point-based
semantics in Fig.3 correctly cope with the temporal properties of the episodes in the example. In particular,down-
wardandupward inheritance[20] are extremely relevant in this context. Roughly speaking, a property (or fact) P
has downward inheritance if, from the fact that P holds through an interval of time I, one can correctly infer that P
holds over all time points/intervals contained I; P has upward inheritance if, given any two overlapping or meeting
time intervals I and J, the fact that P holds through I and J implies the fact it holds throughI ∪ J (i.e., the union of
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P CODE Type VT
#1 AFI+ {10:39,10:40, . . . ,10:43,10:44, . . . ,10:53}
#2 AFL+ {11:00,. . . ,11:04,11:10,. . . ,11:13}
#3 PSVT+ {[11:15,. . . ,11:19}

Figure 2: RelationHRD2A

10:39 → < #1, AFI+ >

10:40 → < #1, AFI+ >

. . . . . .
10:53 → < #1, AFI+ >

11:00 → < #2, AFL+ >

. . . . . .

Figure 3: Point-based semantics of the relationsHRD1A andHRD2A

the two intervals). For instance, it is part of the semanticsof episodes of “atrial fibrillation” that if patient #1 had
AFI+ continuously from 10:39 to 10:43, from 10:44 to 10:48, and from 10:49 to 10:53 (with no interruptions):

(i) #1 had AFI+ at time 10:40 (that is, a particular minute; thus,downward inheritance[20] holds);
(ii) #1 had a 15-minute long episode of AFI+ (thus,upward inheritance[20] holds);
(iii) X had just one episode of AFI+.
This fact clearly emerges if temporal queries about inheritance and countability are asked to relationHRD1A

(or, alternatively,HRD2A).
(1) Downward inheritance.
(Q1)Who had AFI+ at 10:40?

SELECT P.PCODE
FROMHRD1A AS P
WHERE P.Type = ’AFI+’ AND

VALID(P) OVERLAP ’10:40’
Answer 1:{< #1|{10 : 39, ...., 10 : 53} >}

(2) Upward inheritance.
(Q2)Who had one episode of AFI+ lasting more than 10 minutes?

SELECT P.PCODE
FROMHRD1A (PERIOD) AS P
WHERE P.Type = ’AFI+’ AND

CAST(VALID(P) AS INTERVAL MINUTE) > INTERVAL ’10’ MINUTE
Answer 2:{< #1|{10 : 39, ...., 10 : 53} >}

(3) Countability.
(Q3)How many episodes of AFI+ did #1 have?

SELECT COUNT(P)
FROMHRD1A (PERIOD) AS P
WHERE P.PCODE=’#1’

AND P.Type = ’AFI+’
Answer 3: 1

Abstracting from the above example (see also the discussionin subsection 3.4), facts for which the upward
and downward inheritance (roughly corresponding to “atelic facts” in Aristotle’s categorization) perfectly fit with
the standard “point-based” semantics adopted by database approaches.
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3 Limitations of Data Models Grounded on the Point-Based Semantics

In this Section, we show that “standard” database approaches based on point-based semantics are not adequate to
deal with telic (medical) facts.

3.1 Telic facts

As above, we illustrate the basic issue with an example, but we stress that the same problems arise whenever data
models using the point-based semantics are utilized to model a whole class of data (namely, Aristotle’s class of
telic data [21]; see the discussion below).
Let us consider, e.g., drug intravenous infusion (henceforth, “i.v.” for short). In some cases, the administration
event might stop suddenly (e.g., if the i.v. line falls out) and be resumed immediately. In other cases, two succes-
sive i.v. (to be distinguished) of a given drug may be prescribed to the same patient, with no time gap between
them. In both cases, the two different i.v. infusions (again, with no temporal gap between them) must be recorded,
since the process of restoring a phleboclysis requires medical staff intervention and is costly. On the other hand,
notice that the biological effect of the drug is only slightly (if at all) influenced by a short interruption of the i.v.
(except in few well-known cases). This is the reason why, at the level of granularity of minutes (that we choose
for the whole clinical sample database), we model interruptions as instantaneous events (i.e., the interruption is
simply expressed by stating that the i.v. ends on a time granule and re-starts in the next one).
From a technical point of view, if a patient X had two i.v. infusions of drug Y, one starting at 10:00 and ending at
10:50, and the other from 10:51 to 11:30 (all extremes included), we cannot say that:

(i) X had a (complete) i.v. at time 10:31 (that is, a particular minute; thus,downward inheritance[20] does
not hold);

(ii) X had a one-hour-and-a-half-long i.v. of drug X (thus,upward inheritance[20] does not hold);
(iii) X had just one i.v. (i.e., i.v. events arecountable, and must be kept distinct one from another).
Definition. In accordance with Aristotle [21] and with the linguistic literature, we termtelic facts those facts

that have andintrinsic goalor culmination, so that the three above properties donot hold, andatelic facts (e.g.,
“patient X having AFI+” facts for which all the three implications (i)-(iii) abovehold [22].

In particular notice that upward and downward inheritance holds for atelic facts, butnot for telic ones.
The importance of properly dealing with telic facts have been widely recognized in many different areas, spanning
from artificial intelligence to philosophy, from cognitivescience to linguistics [19] (see also the discussion in
subsection 3.4).

3.2 Limitations of point-based approaches

Now, let us use a standard (i.e., point-based) temporal DB model to deal with i.v. infusion. For concreteness, we
use the bitemporal conceptual data model (BCDM) [16] (whichis the model upon which TSQL2 is based [12]),
in which the validity time is denoted with sets of time points. (As an aside, even if we chose to use time intervals
in therepresentationlanguage, as in Fig. 1, the problem discussed below would still occur, due to the point-based
semantics, as we’ll discuss shortly. Hence, the use of BCDM is not restrictive: the same problem arises for any
data model that is based on the point-based semantics.)
For example, let us model the afore-mentioned patient X, whohas code #4.
Example 2
Consider the following temporal relationPHLEBOA, modeling also the facts that patient #4 had an i.v. of drug
Z from 17:05 to 17:34, that patient #5 had two i.v. infusions of Z, one from 10:40 to 10:55 and the other from
10:56 to 11:34, and finally that patient #6 had an i.v. infusions of Z from 10:53 to 11:32.

This relation captures, among other facts, the fact that drug Y was given by i.v. to patient #4 from 10:30 to
11:30. Formally, this semantics can be modeled as a functionfrom time points to the tuples holding over such
time points (see Fig. 5).

On the other hand, this relation (its semantics) does not capture other relevant information, namely, the fact that
there were two distinct i.v. infusions, one ending at 10:50 and another starting at 10:51. Such a loss of information
becomes clear and explicit if temporal queries are considered, since, needless to say, answers must be provided on
the basis of thedata semantics(and independently of thedata representation).
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P CODE Drug VT
#4 Y {10:00,10:01,. . . ,10:50,10:51,. . . ,11:30}
#4 Z {17:05,17:06,. . . ,17:34}
#5 Z {10:40,. . . ,10:55,10:56,. . . ,11:34}
#6 Z {10:53,. . . ,11:32}

Figure 4: RelationPHLEBOA

10:00 → < #4, Y >

10:01 → < #4, Y >

. . . . . .
10:50 → < #4, Y >

10:51 → < #4, Y >

. . . . . .

Figure 5: Point-based semantics of the relationPHLEBOA in Figure 1.

3.3 Making semantic limitations explicit: queries

The most important problems arise, in our opinion, in case ofqueries involvingdownwardandupward inheritance
andcountabilityof tuples. Again, we will use the TSQL2 query language, just to be concrete, but we stress that
such a choice is not restrictive.

(1) Downward inheritance trivially holds on all data models based on point-based semantics, since the se-
mantics implies the validity of tuples over each point in thevalidity time. Consider the following query over
the relationPHLEBOA in Fig.4, where a relational table based on point-based semantics (see Fig.5) is used to
model telic facts.

(Q4)Who had one i.v. of Y at 10:10?
SELECT P.PCODE
FROMPHLEBOA AS P
WHERE P.Drug = ’Y’ AND

VALID(P) OVERLAP ’10:10’
Answer 4:{< #4|{10 : 00, . . . , 11 : 30} >}

Notice, however, that although #4was havingand i.v. at time 10:10, it is not correct to infer that hehada
(complete) i.v. at that time: the i.v. started at 10:00, and ended at 10:50.

(2) Upward inheritanceholds on all data models based on point-based semantics. Since the semantics implies
the validity of tuples over each point in the validity time, it implies the validity on the whole time interval covering
all of them1. This is not correct when dealing with telic facts such as i.vinfusion.

(Q5)Who had one i.v. of Y lasting more than 60 minutes?
SELECT P.PCODE
FROMPHLEBOA (PERIOD) AS P
WHERE P.Drug = ’Y’ AND

CAST(VALID(P) AS INTERVAL MINUTE) > INTERVAL ’60’ MINUTE
Answer 5:{< #4|{10 : 00, ...., 11 : 30} >}

Since patient #4’s two i.v. infusions of Y cannot be distinguished at the semantic level, their validity time
is “merged together”, so that the above tuple is reported as output. Analogous problems arise when considering
qualitative temporal constraints between validity times,such as, e.g., the “after” predicate in (Q6).

(Q6)Who had an i.v. starting after one of the i.v. infusions of Y topatient #4?
SELECT P2.PCODE
FROMPHLEBOA (PERIOD) AS P, P2
WHERE P.PCODE=’#4’ AND P.Drug=’Y’ AND

1From the technical point of view, within temporal databasesapproaches, upward inheritance is obtained by performingtemporal coalescing
[23] over value-equivalent tuples
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VALID(P) PRECEDES VALID(P2)
Answer 6:< #4|{17 : 05, ...., 17 : 34} >

Notice that the tuples< #4|{[10 : 51, .., 11 : 30]} >, < #5|{[10 : 56, ..., 11 : 34]} > and< #6|{[10 :
53, ..., 11 : 32]} > are not reported as output, even if they follow one of the infusions of patient #4 (the one which
ended at 10:50).

(3) Countability. Since there is no way to distinguish, at the semantic level, temporally contiguous value-
equivalent tuples, contiguous telic facts are “merged together”, and one loses the correct count. Consider the
following query.

(Q7)How many i.v. did patient #4 have?
SELECT COUNT(P)
FROMPHLEBOA (PERIOD) AS P
WHERE P.PCODE=’#4’
Answer 7: 2

In fact, in the point-based semantics, the validity time of interval of the first tuple of relationPHLEBOA is
interpreted as the set of points{10:00,...,11:30}.

3.4 Generalizing the problem

It is important to notice that these problems are not relatedto the representationlanguage, but to the underly-
ing (point-based) semantics. Indeed, several alternativerepresentationsare possible, each maintaining the same
(point-based) semantics [12]. For instance, in TSQL2, an “interval-based” representation is used, as shown in
Fig.6

P CODE Drug VT
#4 Y {[10:00-10:50],[10:51-11:30]}
#4 Z {[17:05-17:34]}
#5 Z {[10:40-10:55],[10:56-11:34]}
#6 Z {[10:53-11:32]}

Figure 6: Alternativerepresentationof the relationPHLEBOA: the relationPHLEBO2A

It is worth noticing that, even in case the relationPHLEBO2A were used instead ofPHLEBOA, the same
results as above would be obtained. The same consideration also concerns the adoption of first normal form
[12], in which each timestamp is restricted to be a period, with timestamps associated with tuples. As long as
the underlying semantics is point-based,each possible representationof the (telic) event that patient #4 had two
i.v. infusions of Y, one from 10:00 to 10:50 and the other from10:51 to 11:30, is equivalent to the first tuple in
PHLEBOA, and conveys the same content shown in Fig.5, i.e., that patient #4 had an i.v. of Y in each time point
within the whole span of time starting at 10:00 and ending at 11:30.
Moreover, it is worth remarking that, although until now we have showed the impact of neglecting the telic/atelic
distinction on a specific medical example, problems such as the ones discussed above arise whenevervalue-
equivalenttuples (i.e., tuples which are equal in their data part) concerning telic data have temporal extents
that meet or intersect in time. This phenomena can occur inprimitive relations, such asPHLEBOA and
PHLEBO2A in Fig.4 and Fig.6, but also, and more frequently, inderivedrelations. For example,projection
of a relation on a subset of its attributes (e.g., projectingthe PHLEBOA relation over theP CODE attribute
only) usually generates several value-equivalent tuples,with possibly overlapping validity times. Consider, for
instance, the relation in Fig.7 (obtained by query (Q8)), and remember that, as long as point-based semantics is
used, the boundaries of meeting or overlapping validity times cannot be maintained by the semantics.

(Q8)
SELECT P.PCODE
FROMPHLEBOA AS P

Finally, notice also that removing some of the attributes isnot the only way of obtaining value-equivalent
tuples (with, possibly, overlapping validity times) in derived relations. For instance, if multiple calendars and
granularities are coped with [10], [24] switching from a finer to a coarsertemporal granularityin the validity
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P CODE VT
#4 {10:00,10:01,. . . ,10:50,10:51,. . . ,11:30,17:05,17:06,.. . ,17:34}
#5 {10:40,. . . ,10:55,10:56,. . . ,11:34,}
#6 {10:53,. . . ,11:32}

Figure 7: RelationPHLEBOA without the ”Drug” attribute

time (e.g., from minutes to hours, or days; consider, e.g., [24]) can originate temporal overlaps that where not
present in the primitive data.

3.5 An inter-disciplinary perspective of the telic/atelicdichotomy

In this subsection, we aim at looking at the telic/atelic dichotomy in a wider context, sketching some related
issues in the fields of philosophy, linguistic and artificialintelligence, in order to demonstrate the generality of the
problem. This subsection may be skipped by non-interested readers.
The distinction between “telic” and “atelic” facts dates back to Aristotle, and has been faced within different
areas. In particular the subtle interplay between the telicvs atelic dichotomy and the point-based vs interval-based
semantics has been studied in the area of linguistics and computational linguistics.
Within the linguistic community, it is commonly agreed thatnatural language sentences can be classified within
differentaktionsartclasses (e.g.,activities, accomplishment, achievements and statesin [25]; also called aspectual
classes [26]) depending on their linguistic behaviour or their semantic properties. These semantic properties
demonstrate that the semantics of the association of facts to time depends on the classes of facts being considered.
For example, [22] proposed the following semantic criteriato distinguish between states and accomplishments.

1. A sentenceϕ is stative iff it follows from the truth ofϕ at an interval I thatϕ is true at all subintervals of
I (e.g., if John was asleep from 1:00 to 2:00 PM, then he was asleep at all subintervals of this interval: be
asleep is a stative).

2. A sentenceϕ is an accomplishment/achievement (or kinesis) iff it follows from the truth ofϕ at an interval
I that ϕ is false at all subintervals of I (e.g., if John built a house in exactly the interval from September
1 until June 1, then it is false that he built a house in any subinterval of this interval: build a house is an
accomplishment/achievement) [22].

The property (a) for states has been often called downward inheritance in the TDB and AI literature (e.g., [24],
[20]). Notice that also upward inheritance holds over states: if John was asleep from 1:00 to 2:00 and from 2:00
to 3:00, then he was asleep from 1:00 to 3:00. Obviously, the aktionsart distinctions above have a deep impact
on the semantic framework one has to adopt to model the meaning of sentences and of the facts they describe.
Point-based semantics evaluate the truth of sentences overtime points (see also the subsection 2.1). This semantics
perfectly works on stative facts: “John was asleep” in item (a) above is true exactly for all time points within 1:00
and 2:00 PM. On the other hand, point-based semantics seems to be inadequate to deal with accomplishments.
For instance, given (b), there is no specific time pointp such that “John built a house” is true inp. “John built
a house” is true (or, in other words, occurred) exactly in thetime interval from September 1 to June 1. This and
analogous observations led most researcher in Linguistics, starting from the pioneering works in [27], [28], [22],
to criticize point-based semantics, which is not adequate to deal with the semantics of accomplishments (while it
works well for states and activities), for which an interval-based semantics is needed.
Different authors used different terminologies and modelsto deal with this phenomenon. For instance, [29] based
their explanation on the fact that accomplishments are telic (from the Greek: “telos” meaning “goal”) in the sense
that they are characterized by the fact that they reach a culmination (goal, or telos), while states (and activities) are
atelic (from the Greek: ’a’ as a prefix indicates negation), i.e., do not have an intrinsic culmination. However, it is
important to notice that Steedman emphasized that the aboutdistinctions are not about verbs or verb groups, nor
even about things that exist in the world, but rather about descriptions of the world [30]. Thus, these distinctions
“. . . are conceptual tools of great usefulness in the philosophy of action, the philosophy of mind, in ontology
generally, as well as in linguistics . . . ” [31]. Since “one ofthe most crucial problems in any computer system that
involves representing the world is the representation of time” [32], this issue has had a significant impact on the
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recent AI literature. In AI, many different techniques havebeen used in order to model the association of facts
to time, such as, e.g., reification (see, e.g., [33], [34] andthe criticism in [35]) episodic variables/ontological
promiscuity (see, e.g., [36], [37]) and modal temporal logics (see, e.g., the survey in [38]). For example, Schubert
and Hwang [36] introduced an episodic constant in order to represent explicitly any fact (termed episode) in the
world. For instance, in Schubert’s approach a fact such as “Xhad an i.v.” could be represented as phlebo(e1,X),
where e1 is a constant that uniquely identify the fact. Thus,in such an approach, one can easily distinguish
between facts of the same type (and with the very same description), even if they occur in meeting, overlapping or
equal intervals of time.
Coming back to the core distinction between telic and atelicfacts, it was first taken into account within the
Philosophical community, dating back to Aristotle, from whom we derived the terminology. Going forward to
recent philosophical approaches, Bach [39] pointed out that telic and atelic facts are somehow two complementary
ways of representing reality. In particular, Bach showed that the dichotomy between atelic based view and the telic
based view of the facts in the world is just a counterpart of the mass-nouns versus class-nouns dichotomy. In the
same way as one can say that an object is composed by pieces of material (in turn, each piece of material could be
conceived as a smaller object, at another level of granularity), a telic fact is composed by atelic ones.
These complementary ways of representing reality have alsohad a substantial impact on the AI community,
where there is a long and still ongoing debate on whether it isbetter to model reality as a sequence of different
states (atelic based representation)2, or as a sequence of different events (telic based representation). For instance,
McCarthy’s Situation Calculus [40] is a typical example of the state based representation, while the Event Calculus
[41] an example of the event based representation. The discussion of the relative merits of the two approaches
would lead us far away the main goals of this paper. However, it is important to notice that, also in the AI field,
many researchers have stressed the fact that the state basedand the event based ways to represent reality are
complementary, and in many cases one needs a flexible approach in which both ways can be adopted (consider,
e.g., [33], [42], [34], [43], [44]). For example, in his seminal approach, Allen [33] distinguished among
states, activities (termed processes) and accomplishments (termed events). In his first-order reified logic, Allen
introduced three different predicates to associate facts to times, and used an axiomatic approach to model the
downward inheritance property of states and the fact that accomplishments can be decomposed into activities. It is
also important to remark that, in [45], [33], the truth of facts (represented by logical predicates) is evaluated over
time intervals, and not over time points (i.e., an interval-based semantics is adopted). Following Allen’s influential
approach, many AI approaches chose to adopt time intervals as basic temporal primitives (cf., e.g., the surveys in
[32], [46]).
In [20], Shoham has identified different temporal properties of facts, including upward and downward inheritance.
It is worth noticing that the telic/atelic distinction is also present in the research about time oriented systems in
medicine since several year, even though the term “telic” isnot used and the distinction is not underlined in the
data modeling and querying, but is considered at the application level (see, e.g [47] [48] [3] [49] ).
Moreover, in the last years, the increasing need of sharing knowledge has motivated the appearance of approaches
proposing high-level domain-independent ontologies (cf., e.g., the discussion in [50]). Many of these approaches
included (at least) the above distinction between telic andatelic facts. A relevant example is the ontology devised
within the CYC project, a project at MCC in Austin and Palo Alto started in 1989, which aims at encoding “the
hundreds of millions of facts and heuristics that comprise human consensus reality” [51]. In such an ontology,
they distinguish between processes (atelic facts) and events (telic facts) and model the fact that “Process is to
Events as Stuff is to Individual Objects” [51].

4 Dealing with telic data

Despite the generality of the issue, the telic/atelic distinction has not had a specific treatment within the temporal
database field yet. In the rest of the paper we propose a solution to the problem.

2Notice that, as discussed in [16], “the natural extension ofa conventional relation to a temporal relation encodes states instead that events”.
In fact, using the point-based semantics (as in BCDM) the database collects a set of snapshots of the mini-world [16] it represents. In other
words, the mini-world has a state-based representation, since it is represented as a set of states, one for each temporalsnapshot (time point) in
the database.
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4.1 Telic data model

It is important to notice that the problems described in subsections 3.2-3.4 appear whenever a telic event (roughly
speaking: an event which behaves as described by points (i)-(iii) in subsection 3.1: it hasno downwardand
upward inheritanceproperties and it iscountable) is modeled through a DB data model and query language which
are based on thepoint-based semantics[52]. In order to deal with telic events (which respect the particular
intervals, even if adjacent), a new data model and query language are needed, based oninterval-based semantics3.

Definition. Interval-based semantics for data: each tuple in a temporal relation is associated with a set oftime
intervals, which are the temporal extents in which the fact described by the tuple occur. In this semantics the index
is a time interval. Time intervals are atomic primitive entities, in the sense that they cannot be decomposed. Note,
however, that time intervals can overlap; there is no total order on time intervals, unlike time points.

In our data model we introduce telic relations.
Definition.Telic relationA telic relation is a relation that must be interpreted usingan interval-based semantics.
As an example, the relation in Fig.8 shows a telic relationPHLEBOT modeling our i.v. example.

Notice that, from therepresentationpoint of view, the relationPHLEBOT is identical toPHLEBO2A in

P CODE Drug VT
#4 Y {[10:00-10:50],[10:51-11:30]}
#4 Z {[17:05-17:34]}
#5 Z {[10:40-10:55],[10:56-11:34]}
#6 Z {[10:53-11:32]}

Figure 8: RelationPHLEBOT

Fig.6; the difference betweenPHLEBO2A andPHLEBOT is not one of syntax, but rather one of semantics.
If an interval-based semantics is adopted, each interval isinterpreted as an atomic (indivisible) one (see Fig.9).
It is important to stress that the crucial point is not the chosenrepresentation(actually, relationsPHLEBO2A

[10 : 00 − 10 : 50] → < #4, Y >

[10 : 51 − 11 : 30] → < #4, Y >

. . . . . .

Figure 9: Interval-based semantics of the relationPHLEBOT in Figure 8.

andPHLEBOT are identical from the representation point of view), but the chosen semantics.
If a point-based semantics is used for a telic facts (such as i.v. infusion) relevant pieces of information are lost
(e.g., the distinction between the i.v. of patient #4 endingat 10:50 and the one starting at 10:51; see Fig.5) while
such information is preserved when switching to an interval-based semantics (see Fig.9, where the distinction
between the two i.v. is maintained)

4.2 Extensions to the query language

The preceding subsection focused on extensions to a temporal model to add support for telic relations. We now
show how these concepts can be added to an SQL-based temporalquery language. As we’ll see, only a few
new constructs are needed. The specifics (such as using TSQL2) are not as important; the core message is that
incorporating the distinction between telic and atelic data into a user-oriented query language is not difficult.
The first change is to support the definition of telic relations (the default is designated as atelic). This can be done
with an “AS TELIC” clause in the TSQL2 CREATE TABLE statement. For example, in our extended TSQL2, the
telic relationPHLEBOT can be defined as follows:

CREATE TABLEPHLEBOT AS TELIC(MINUTE)

3This point, risen by [27], is now generality accepted withinthe linguistic and the AI communities (see e.g. [22], and discussion in
subsection 3.5)
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where minute is the granularity desired for the timestamp.
For telic queries, we propose the keyword “TELIC”. For example, the four queries (Q4), (Q5), (Q6) and (Q7)
could all be correctly written as TELIC SELECT . . . As an example, consider (Q5’) in the following.

(Q5’) Who had one i.v. of Y lasting more than 60 minutes?
TELIC SELECT P.PCODE
FROMPHLEBOT (PERIOD) AS P
WHERE P.Drug = ’Y’ AND

CAST(VALID(P) AS INTERVAL MINUTE) > INTERVAL ’60’ MINUTE
Answer 5’:{}

SincePHLEBOT is a telic relation, an “interval-based” semantics is used.Therefore, the two i.v. infusions
of Y of patient #4 are distinguished at the semantic level (their validity time isnot “merged together”), so that no
tuple is reported in output (since no i.v. episode is more than one-hour long).
Analogously, all the “telic versions” of (Q4), (Q6) and (Q7)provide the correct results. Specifically, (Q4) would
return an empty result (since no complete i.v. episode occurred at 10:10); (Q6) would return two infusions for
patient #4, one starting at 10:51 and one starting at 17:05, as well as one i.v. for patient #5 (starting at 10:56) and
one for patient #6, starting at 10:53. (Q7) query would return a count of 3.

5 A three sorted model and its query language

While in Section 4 we have described our treatment of telic facts, in this section we describe our overall approach
considering also atelic (and non-temporal) facts.

5.1 Need for atelic data model

Unfortunately, the telic model and query language in Section 4, taken in isolation, are not powerful enough to deal
with all types of facts, and in particular, atelic facts. In Section 3, we argued that a telic data model is needed.
Here we argue the reverse, that an atelic data model is also needed. In fact, both kinds of data must be expressible
in a temporal model.
Using a solely telic model (and query language) to deal with atelic facts such as earning a given salary, owning a
house, and so on, generate exactly the dual of the problems discussed in Section 3. Both downward and upward
inheritance properties hold for atelic facts; not considering them causes loss of information. Consider, for instance,
the atelic relationHRD1A in Section 2, and suppose that the same data were representedusing a corresponding
telic relationHRD1T , i.e., through an operation of:

CREATE TABLEHRD1T AS TELIC(MINUTE)

In such a way, although the same syntax (e.g., the one used in Fig.1) can be used, an “interval-based” semantics
is applied. Notice that, for instance, it is part of the intended meaning of atrial fibrillation (“AFI+”) that stating that
patient #1 had AFI+ (without any interrupt) from 10:39 to 10:43, from 10:44 to 10:48 and from 10:49 to 10:53,
implies that #1 had a 15-minute long episode of AFI+.
Such a semantic assumption (as well as those concerning downward inheritance and non-countability) are auto-
matically captured if the data aboutHRD1 are represented by an atelic relation (i.e., by a relation based on a
point-based semantics for data). On the other hand, such assumptions do no longer hold in case a telic relation
(i.e., a relation based on interval-based semantics for data) such asHRD1T is used to represent the same data.
This loss of information becomes even more evident if we ask queries onHRD1T .
For instance, the query (Q2’) below gets no tuple in the answer, since, due to the interval-based semantics under-
lying the interpretation of telic relations (such asHRD1T ), the validity times from 10:39 to 10:43, from 10:44 to
10:48 and from 10:49 to 10:53, although continuous, cannot be merged together.

(Q2’) Who had one episode of AFI+ lasting more than 10 minutes?
TELIC SELECT P.PCODE
FROMHRD1T (PERIOD) AS P
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WHERE P.Type = ’AFI+’ AND
CAST(VALID(P) AS INTERVAL MINUTE) > INTERVAL ’10’ MINUTE

Answer 2’:{}
In summary, our data model supports bothtelic relations (to properly deal with telic facts) andatelic relations

(to properly deal with atelic facts), as well as “standard”atemporal relations (to deal with non-temporal facts).

5.2 Need for flexibility: coercion functions

Furthermore, in the queries, coercion functions are usefulin order to convent relations of the different sorts.

(Q9)Who had one (complete) i.v., while patient #4 was having an i.v. of Y?
As shown in Section 3, i.v. should be regarded as telic facts.However, when stating “while patient #4 was having
an i.v. of Y” we look inside the fact, coercing it into an atelic one. Thus, this query involves two different ways of
looking at the tuples in relationPHLEBOT . First, the i.v. infusions of patient #4 must be interpretedas atelic
facts, since we are not looking for i.v. infusions that occurred during one of patient #4’s infusions, but, more
generally,while patient #4 was having an i.v.(i.e., we are interested in i.v. infusions occurred during [10:00-
11:30] or during [17:05-17:34]). On the other hand, the i.v.infusions we are asking for must be interpreted as
telic facts, since we look foreach complete occurrenceof them which is fully contained in [10:00-11:30]. For
example, we want patient #6 in our output, since patient #6 had an i.v. from 10:40 to 10:55, regardless of the
fact that patient #6 also had another i.v. from 10:56 to 11:34. We thus need more flexibility: although each base
relation must be declared as telic or atelic, we need coercion functions (TELIC and ATELIC) to allow switch
from one interpretation to the other at query time. Thus, in our extended TSQL2 query (Q9) can be expressed as
follows:

TELIC SELECT P2.PCODE
FROMPHLEBOT (ATELIC PERIOD) AS P,

PHLEBOT AS P2
WHERE P.PCODE=’#4’ AND P.Drug=’Y’ AND

VALID(P) CONTAINS VALID(P2)
It is important to notice that, although the syntactic changes to TSQL2 are very limited, their semantic impact

is very relevant. In particular, the adoption of coercion functions, in addition to the possibility of declaring rela-
tions both as “telic” and as “atelic”, involves a flexible approach, in which one can switch from “point-based” to
“interval-based” (and vice versa) semantics at query time.4 As an example, in Fig.10 we describe how the result
is obtained, step-by-step, from the query (Q9)

5.3 Examples

In the following, we present other examples of queries, to further substantiate the need of a flexible approach
in which both telic and atelic models are used, and coercionsin the queries are used for switching between the
two at query time. Suppose we have a medical database containing, among others, the atelic relationHRD2A

in Fig.2 (orHRD1A, what has a different representation, but the same semanticcontent) and the telic relation
PHLEBOT in Fig.8.
The query (Q10) involves both a telic and an atelic relation and can be expressed in our extended TSQL2 as
follows:

(Q10)Who had an episode of AFI+ lasting more than 10 minutes, and that occurred before an i.v. of #5?
SELECT P.PCODE

4In the area of Linguistics, it is widely recognized that although sentences, in their “neutral” form, can be classified astelic or atelic, natural
languages provide different ways for switching from a telicto an atelic view of a sentence, or vice versa [53], [29]. For instance, Moens and
Steedman [29] proposed a compositional approach to determine the telic vs. atelic aktionsart of a sentence on the basis of its verb, aspect
and temporal adverbials. For example, in Moens and Steedman’s model, progressive form naturally applies to atelic facts (termed processes in
their terminology). Whenever it applies to telic ones (culminated process), it coerces them to an atelic one, by stripping out their culmination.
Thus, for instance, “Roger ran a mile” denotes a telic fact, and in “Roger was running a mile”, the progressive form coerces it into an atelic
one. Analogously, the in adverbial naturally applies to telic facts (“John ate an apple in 2 minutes”). When applied to atelic facts, it adds them
a culmination, turning them into telic ones. For instance, Moens and Steedman noticed that “John ran in four minutes” is acorrect English
sentence (denoting an accomplishment) in a context where John habitually runs a particular distance, such as a measuredmile.

11



Figure 10: How the result is obtained, step-by-step, from the query (Q9)

FROMHRD2A (PERIOD) AS P,
(TELIC SELECT P2.PCODE
FROMPHLEBOT (PERIOD) AS P2
WHERE P2.PCODE = ‘#5’) AS P1

WHERE P.Type = ‘AFI+’ AND
AND VALID(P) PRECEDES VALID(P1) AND
CAST(VALID(P) AS INTERVAL MINUTE) > INTERVAL ’10’ MINUTE

Answer 10:{< #1|{10 : 39, ...., 10 : 53} >}
This example shows the importance of having both atelic relations (in this case:HRD2A), with temporal

coercion, and telic relations (in this case:PHLEBOT ), on which temporal coercion must not be performed.
In fact, being atelic,HRD2A is interpreted using the point-based semantics, so that a unique 15-minute long
validity time is considered (from 10:39 to 10:53), as intended. Analogously, being telic, relationPHLEBOT

is interpreted through the interval-based semantics, so that the two different #5’s i.v.’s (from 10:40 to 10:55, and
from 10:56 to 11:34) are not merged together. Therefore, patient #1 is in the result, since [10:39 - 10:53] precedes
[10:56 - 11:34].

As a further example, let us consider the query (Q11):
(Q11)“Who had an episode of AFI+ during the time when patient #4 washaving an i.v.?”
SELECT P.PCODE
FROMHRD2A (PERIOD) AS P,

(SELECT P2.PCODE
FROMPHLEBOT (ATELIC PERIOD) AS P2
WHERE P2.PCODE = ‘#4’)(PERIOD) AS P1

WHERE P.Type = ‘AFI+’ AND
VALID(P) DURING VALID(P1)

Answer 11:{< #1|{10 : 39, ...., 10 : 53} >}
This query exemplifies the need of coercion from telic to atelic. In fact, we have an inner view (“was having

an i.v.” ) of a telic relation (PHLEBOT ).
The progressive form in (Q11) tell us that we are not interested in an AFI+ contained in one of the i.v. episodes, but
we want to look at i.v.’s as a “continuous” atelic facts. In other words, we do not want to maintain the distinction
between the contiguous episodes (from 10 to 10:50 and from 10:51 to 11:30), but we want to coalesce them
together. Such a coalescing is obtained through the coercion forced by theATELIC PERIODpart of the nested
query, which changes the telic tablePHLEBOT into an atelic one. As a consequence, the two consecutive i.v.
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episodes (from 10 to 10:50 and from 10:51 to 11:30) are mergedtogether by the nested query, so that the AFI+
episode of patient #1 (starting at 10:39 and ending at 10:53)is fully contained into the resulting interval, and is
reported in the output of the query.
On the other hand, if we were interested in AFI+ episodes which are duringoneof the i.v. episodes, no coercion
would be needed in the nested query; in such a case, the resultwould be empty, since AFI+ is not contained in any
of the three episodes of i.v. of patient #4 in relationPHLEBOT .
The central point is that the user needs to be aware of whethera relation is telic or atelic, and also how that data is
to be manipulated. If the query language does not support this distinction explicitly, all manner of problems arise,
as discussed in Sections 3 and 5.

6 Alternative solutions and related works

In subsection 3.5, we have sketched how the telic vs atelic dichotomy has affected the research in the area of
linguistic and Artificial Intelligence. Although, to the best of our knowledge, the problem of properly modeling
telic vs atelic (medical) data has not been specifically faced by any approach in the database area, in the following
we sketch some alternative approach, that might appear to provide at least a partial solution to the problem.
First of all, it is worth mentioning that any approach tryingto solve the problem on the basis of therepresentation
formalism (and not on thesemanticground) cannot work. For example, since most of the problemsdiscussed in
Section 3 derive from the fact that, in an atelic model, overlapping or meeting validity times are “merged” (i.e.
coalesced) together, one might try to solve the problem imposing a temporal first normal form (1NF) [15] as, e.g.,
in TSQL and in HQuel, so that just one time interval is associated with each tuple, instead of a set of intervals (i.e.,
a temporal element[15]). However, as long as one adopts the point-based semantics for data, this transformation
alone does not solve the problem, since the coalescing of validity times of value-equivalent tuples is not evident at
the representation level, but is present in the underlying semantics (and, of course, queries must be answered on
the basis of the semantics of data, not of their representation syntax).
On the other hand, approaches that use 1NF as above, and neverperform coalescing of value-equivalent tuples, as
in SQL/Temporal, exhibit the same kind of problems discussed in subsection 5.1, since upward and downward in-
heritance would never hold. Basically, any “homogeneous” approach in which upward and downward inheritance
hold on all relations (as in TSQL2), or do not hold in any relation (as in SQL/Temporal), will not be satisfactory5

Neither will approaches that have to fix a priori on which relations/attributes coalescing has to be performed and
on which not, with no possibility of changing this property at query time (cf., e.g., [24]).
Also temporal interpolation techniques, that derive information for times for which no information is stored on
the basis of related information holding at different times[16], could be useful. For example, Bettini et al. [24]
proposed to explicitly associate with each table a specification of the assumptions on the semantics of temporal
attributes (e.g., persistence of data), expressed in a formal language. At query time, such specifications are au-
tomatically merged with the user’s query in order to providethe correct results. Bettini also considered interval
assumptions, including upward and downward inheritance, which however, are only studied in the context of eval-
uating the values of attributes whose validity time is expressed at different time granularities.
Finally, Chen and Zaniolo [54] use aggregate functions, such as length and contains, to perform telic operations
on data assumed to be atelic. They also define the aggregate functioncoalesto explicitly force upward inheritance
on data assumed to be atelic.
Using temporal interpolation facilities or aggregate functions, it may be possible to deal with the telic/atelic dis-
tinction, but requires significant effort to fit this distinction into a formalism not designed with this purpose in
mind. Instead, we feel that the atelic/telic distinction isso central that it should be given first-class state in both
the data model and query language.

5For instance, an approach in which all relations are treatedas telic (so that downward/upward inheritance is not directly supported) and
queries are expressed in such a way that such inheritance is forced whenever atelic facts have to be considered (e.g., coalescing is performed,
to deal with upward inheritance) is technically feasible, but extremely complex, and user-demanding.
An illuminanting example of the additional complexity of expressing coalescing in standard SQL queries is given in [12].
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7 Conclusions

In this paper, we have argued that current database approaches have some limitations, so that an important class of
temporal medical data (i.e.,telic data) cannot be properly represented, and we have proposed anew three-sorted
model and a query language that overcome such limitations.
As regards future work, we envision the possibility of extending also the conceptual level (e.g., the entity-
relationship model) to properly cope withtelic (andatelic) facts. Moreover, we want to implement our approach
and apply in GLARE (GuideLine Acquisition, Representationand Execution), a manager of clinical guidelines
which strictly interacts with different databases [55], [56].
As matter of fact, the treatment of clinical guidelines constitutes a very interesting and challenging application for
our approach. In fact, besides descriptions of the state of patients and of diagnoses (which typically atelic facts)
clinical guidelines usually contain also a relevant numberof (therapeutic or diagnostic) actions to be performed.
In general, most of such actions are goal-oriented. Thus, they have an (explicit or implicit) goal or culmination,
so that they behave like telic facts. As a consequence, both atelic and telic facts have to be appropriately managed
by the databases supporting clinical guidelines applications.
Finally, although up to now we have only focused on the telic/atelic dichotomy, since it seems to us so prominent
in the human way of perceiving and describing reality (see again Section 3.5), we also would like to consider the
possibility of extending our approach to deal with other temporal proprieties, such as the ones pointed out by [20],
temporal persistence, and interpolation functions [24].
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