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Summary
Objective: The main aim of this paper is to propose and discuss promising directions
of research in the field of temporal representation and reasoning in medicine,
taking into account the recent scientific literature and challenging issues of current
interest as viewed from the different research perspectives of the authors of the
paper.
Background: Temporal representation and reasoning in medicine is a well-known
field of research in the medical as well as computer science community. It encompasses several topics, such as summarizing data from temporal clinical databases,
reasoning on temporal clinical data for therapeutic assessments, and modeling
uncertainty in clinical knowledge and data. It is also related to several medical
tasks, such as monitoring intensive care patients, providing treatments for chronic
patients, as well as planning and scheduling clinical routine activities within
complex healthcare organizations.
Methodology: The authors jointly identified significant research areas based on
their importance as for temporal representation and reasoning issues; the subjects
were considered to be promising topics of future activity. Every subject was
addressed in detail by one or two authors and then discussed with the entire team
to achieve a consensus about future fields of research.
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Results: We identified and focused on four research areas, namely (i) fuzzy logic,
time, and medicine, (ii) temporal reasoning and data mining, (iii) health information systems, business processes, and time, and (iv) temporal clinical databases. For
every area, we first highlighted a few basic notions that would permit any reader–—
including those who are unfamiliar with the topic–—to understand the main goals. We
then discuss interesting and promising directions of research, taking into account
the recent literature and underlining the yet unresolved medical/clinical issues that
deserve further scientific investigation. The considered research areas are by no
means disjointed, because they share common theoretical and methodological
features. Moreover, subjects of imminent interest in medicine are represented in
many of the fields considered.
Conclusions: We propose and discuss promising subjects of future research that
deserve investigation to develop software systems that will properly manage the
multifaceted temporal aspects of information and knowledge encountered by
physicians during their clinical work. As the subjects of research have resulted
from merging the different perspectives of the authors involved in this study, we
hope the paper will succeed in stimulating discussion and multidisciplinary work in
the described fields of research.
# 2006 Published by Elsevier B.V.

1. Introduction
Temporal representation and reasoning in medicine
has been investigated as a subject of research since
the end of 1980s. During the 1990s a small but
growing research community published its proposals
and results in computer science journals as well as
medical journals, and also presented them at general and specialized conferences [1—11]. Temporal
representation and reasoning in medicine and, more
generally, all research focusing on time-related
aspects and medical information have certain peculiarities that distinguish them from other research
topics in computer science applied to medicine.
Like general research on time-related topics in
computer science, this research is orthogonal with
respect to the required scientific and technical
skills. Dealing with time to manage medical information requires that scientific results from various
technical fields be shared, such as modal logic,
constraint networks, data modeling and querying,
deductive systems, real-time systems, fuzzy logic,
data mining, and others. Time and medicine lead
scientists through various technical disciplines.
A further distinguishing element common to the
general field of computer science in medicine concerns the different medical tasks that must be taken
into consideration: decision support for diagnosis,
advice on therapy, clinical data summarization,
intensive care unit (ICU) monitoring, and epidemiological studies, to mention a few.
A specific feature of this research area is that,
despite changes in the considered medical applications and research topics, the overall interest in this
area is slowly but consistently growing. In other
words, although temporal representation and rea-

soning in medicine is not a trendy research topic
that suddenly attracted the attention of a relatively
large number of scientists, it has gained fairly solid
ground. The sound state of this research is confirmed by the number of papers dealing with time
and medical information, published in journals and
conference proceedings of general and specialized
events [2,4,10].
In view of these facts, predicting relevant issues
of research in the near future is no simple task. The
approach we used was to identify a few main
research areas based on the expertise of the authors
of the paper. A preliminary report was written for
each area and the areas were then discussed with
the entire team of authors. Finally, a few basic
notions were formulated for each area. These have
been formulated in a way that even a non-specialized reader will be able to comprehend the main
features of each line of research, the relevant
recent literature on the subject, and promising
directions of research taking into consideration
the yet unresolved challenges in the medical
domain. This paper does not provide a comprehensive treatment of any aspect of research. Rather,
the overall purpose is to stimulate discussion and
multidisciplinary research in temporal representation and reasoning in medicine by merging different
perspectives and various forms of expertise.
We identified four, possibly overlapping, research
areas. The first two areas, named fuzzy logic, time,
and medicine, and temporal reasoning and data
mining, deal with a few well-known directions of
research and discuss representing and reasoning
over complex medical knowledge and data with
artificial intelligence (AI) techniques. The last two
areas, named health information systems, business
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processes, and time, and temporal clinical databases, take a closer look at the management of
temporal clinical data and activities while considering the most recently developed techniques in the
field of databases and information systems.
The paper is organized as follows. The four
research areas are discussed in the particular order,
as our purpose is to move from knowledge to data.
Thus, Section 2 discusses fuzzy logic, time, and
medicine. This is followed by Sections 3—5, dealing
with temporal reasoning and data mining; health
information systems, business processes, and time;
and temporal clinical databases. A few concluding
remarks are presented in Section 6.

2. Fuzzy logic, time, and medicine
If one follows Zadeh’s original notion of a fuzzy set
[12], one will immediately realize that temporal
concepts such as ‘‘in the last few days’’, ‘‘more
than four weeks ago’’, ‘‘at the same time’’, and
many others are fuzzy by nature. What does this
mean? According to ref. [12] (p. 339),
A fuzzy set (class) A in X is characterized by a
membership (characteristic) function f A(x) which
associates with each point in X a real number in
the interval [0,1], with the value of f A(x) at x
representing the ‘‘grade of membership’’ of x in
A. . . .When A is a set in the ordinary sense of the
term, its membership function can take on only
the two values 0 and 1, with f A(x) = 1 or 0 according as x does or does not belong to A.
Thus, if we take ‘‘in the last few days’’ as a term
in the ordinary sense by defining what we mean by
‘‘in the last few days’’–—let us assume we mean in
the last three days–—all events within the past 72 h
fulfil this term, i.e., f A(x) = 1, and all events outside
this time period do not, i.e., f A(x) = 0. What about
73, or 74, 75, . . ., 82 h? Intuitively we feel that 73,
74, 75, . . ., and even 81 h are, at least to a certain
degree, compatible with this term. This is what
fuzzy set theory allows us to do. It allows us to
formally express (and further propagate by fuzzy
logic or other fuzzy theories) the idea that 73 h are
still compatible with the term ‘‘in the last few days’’
to a degree, say, 0.9. Furthermore, 74 h are then
compatible to a degree 0.8, . . ., 81 h to a degree of
0.1, until 82 h are no longer compatible with the
term under consideration. Its degree of compatibility is then 0.
The same concept underlies the formalization of
‘‘more than four weeks ago’’. Four weeks are
exactly 28 days, but what about 29 days, 30 days,
and so on? Or ‘‘at the same time’’–—does it mean
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‘‘exactly at the same time’’, or ‘‘nearly at the same
time’’, or ‘‘more or less at the same time’’? All of
these terms are characterized by linguistic uncertainty; their semantic interpretation is not a crisp
definition but a ‘‘fuzzily’’ defined term. This argument holds for all other temporal concepts and, in
essence, for all concepts that denote classes of
objects or values taken from the real world. ‘‘The
only subsets of the universe that are not in principle
fuzzy are the constructs of classical mathematics,’’
says Kosko in ref. [13] (p. 268).
In medicine, concepts such as symptoms, signs,
interpreted results from the laboratory or from
clinical investigations, usually identified by a linguistic term, can be formalized by fuzzy sets. By
doing so one captures their inherent ‘‘fuzziness’’,
their uncertainty at the boundaries, their gradual
transition to adjacent linguistic terms. For example,
the transition from ‘‘. . . has a normal glucose level’’
to ‘‘. . . has an increased glucose level’’ is rather
graded than crisp. The two fuzzy sets ‘‘normal’’ and
‘‘increased’’ (in the same context of glucose levels)
overlap each other to a certain extent, allowing for
measured borderline glucose levels being compatible with both terms, but only to a certain degree to
each.
This is true for all aspects of a patient’s examination. For instance, ‘‘increased body temperature
(between 37 and 38 8C)’’ taken from a patient’s
history may be defined as a fuzzy set with blurred
boundaries. Similarly, ‘‘limited mobility of the
elbow joint’’, a sign observed during physical examination, or any measured laboratory test result that
is mapped onto the linguistic terms ‘‘normal’’,
‘‘increased’’, ‘‘decreased’’, or others, can be
defined by suitable fuzzy sets. Even radiographic
signs such as ‘‘narrowing of joint space’’ may be
considered to be formally represented as fuzzy sets.
Many of these medical terms that denote diagnostically and/or therapeutically relevant conditions in the patient have a temporal component.
Examples are ‘‘morning joint stiffness 30 min’’
reported by the patient during history-taking or
the physical signs ‘‘present joint swelling’’, ‘‘joint
swelling in the last three months’’, or ‘‘joint swelling three months ago (and earlier)’’ obtained from
the patient’s physical examination.
In order to directly model these linguistic expressions, fuzzy sets that allow one to assign degrees of
compatibility of what is observed in the patient to
what the term stands for may be applied. For example, if morning joint stiffness is not very explicit or if
the duration of morning joint stiffness is not definitely 30 min, this may be collectively expressed
by assigning a degree of 0.8 to the fuzzy set ‘‘morning joint stiffness 30 min’’.
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However, if we wish to express the observed
finding and its time component separately, we
may use two fuzzy sets and combine them by
‘‘and’’ to evaluate the composite term. Our example, ‘‘morning joint stiffness 30 min’’ may be
divided into ‘‘morning joint stiffness’’ and ‘‘lasting
30 min’’. Here, the simplest ‘‘and’’ operation is
performed by the minimum operator.
In ref. [14], fuzzy courses and fuzzy trend detection that depend on both measured signals and time
are proposed for these situations. The original twodimensional fuzzy graphs were extended to threedimensional surfaces. This method was applied to
derive the time of onset of toxoplasmosis infection
from serological test results provided in a chronological sequence [15,16]. A second application followed using this fuzzy course and trend concept by
defining fuzzy transitions in fuzzy automata [14]. A
fuzzy automaton for clinical monitoring of patients
with adult respiratory distress syndrome in ICUs was
developed and tested. It models terms such as
‘‘adequate oxygenation’’, ‘‘hypoxemia’’, and similar concepts as three-dimensional fuzzy sets [17—
19]. They all consist of a signal and a temporal
component. These fuzzy trend templates for matching temporal patterns were also applied in ref. [20]
and used to develop an intelligent anaesthesia
monitor [21]. In a comparison of trend detection
algorithms published in ref. [22], this fuzzy course
approach to trend detection was deemed highly
suitable for detecting temporal trends in real physiological signals due to its ability to identify underlying trends during high fluctuations in a signal and
also in the presence of noisy information.
Pure temporal concepts such as ‘‘two to four
weeks later’’ can be nicely defined as fuzzy sets.
A knowledge-based system for interpretive analysis
of toxoplasmosis serology test results was developed
[23,24] that uses this type of fuzzy sets. In this
system, the minimal temporal distance between
antibody tests is thus expressed. If the necessary
temporal distance between the tests is not fully
provided the generated interpretive text is ‘‘softened’’. For example, a possible acute toxoplasmosis infection is indicated instead of a confirmed
infection.
If we again follow Zadeh’s conviction, which is
best expressed in the following terms [25] (p. vii),
. . ., it is important to recognize that any crisp
theory X can be fuzzified — and hence generalized
to fuzzy X — by replacing the concept of a crisp
set in X by that of a fuzzy set. . . . What is gained
through fuzzification is greater generality, higher
expressive power, an enhanced ability to model
real world problems and a methodology for
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exploiting the tolerance for imprecision and
uncertainty to achieve tractability, robustness
and low solution cost.
we shall see methodological attempts to fuzzify
crisp formal concepts of temporal reasoning.
In this spirit, an attempt to extend and thus
enhance a given crisp formal framework for medical
knowledge representation by fuzziness was successfully made by developing FuzzyArden [26]. The
Arden Syntax for Medical Logic Modules (MLMs) is
a language for encoding medical knowledge–—or
parts of it–—for computerized processing [27]. Each
MLM contains rule-like medical knowledge (among
other information) that is triggered by some clinical
event to generate useful alerts and reminders, diagnostic interpretations, therapy proposals, as well as
provide clinical research and administrative support. The Arden Syntax is a programming language
that contains standard language elements such as
operators (arithmetic, comparison, etc.), statements (assignment, if-then, loop, read, etc.), and
others. It also includes several medically important
constructs that involve time. Examples are ‘‘Now’’,
‘‘Is [Not] Within the Same Day As’’, ‘‘Occurs [Not]
Before’’, and ‘‘A Time Delay After an Event’’ [28]. In
FuzzyArden, all possible constructs that allow fuzzification were modified and extended. Fuzzy truth
values, degrees of presence, and degrees of applicability that all take values between unity (completely true, present, applicable) and zero (completely
false, not present, not applicable) were introduced
to be able to work with graded data and knowledge.
All Arden constructs involving time were also fuzzified. For example, the syntax statement for ‘‘is
within the same day as’’ reads in FuzzyArden
<n:fuzzy>: = <n:time> is within the same day as
<n:date> [fuzzified by <n:duration>]. If the argument (<n:time>) does not fall exactly on the same
day <n:date> but is within the ‘‘fuzzified by’’
argument (<n:duration>, e.g., 12 h) the evaluation
assigns to <n:fuzzy> a truth value larger than zero
(instead of zero as in common Arden). This value can
be processed further and yields additional useful
information. So far, FuzzyArden has been applied to
the knowledge base of CADIAG-II [26] and to glaucoma monitoring [29]. Less systematically than in
FuzzyArden, yet of the same nature, is the application of fuzzy relational operators in a hospital-information-system-oriented expert system shell for the
representation and processing of temporal propositions about time series [30]. These fuzzy relational
operators are internally represented as fuzzy sets.
For intervals, either clear (crisp) or fuzzy boundaries are allowed. Of special interest in this report is
a formula for a fuzzy count of occurrences.
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Kiseliova and Wagner [31] show the process of
generalizing a two-valued temporal logic to a multivalued, fuzzy temporal logic. They even define a
generalized time quantifier and a generalized compositional rule of inference suitable for approximate
reasoning in temporal settings.
An early approach to fuzzy temporal reasoning was
proposed by Kahn and Gorry [32]. They show a way in
which knowledge over time can be incorporated into
problem-solving programs. A time specialist program
understands temporal specifications. They introduced a fuzzy expression that describes the uncertainty as to exactly when an event occurred, not the
uncertainty of the event having occurred at all.
An extended formal attempt to represent and
process fuzzy temporal knowledge was made by
Dubois and Prade [33]. Zadeh’s possibility theory
[34] was used as a general framework for modeling
temporal knowledge pervaded with imprecision or
uncertainty, poorly known data, time intervals with
fuzzy boundaries, fuzzy durations, and uncertain
precedence relations between events.
In Dutta’s event-based fuzzy temporal logic [35],
uncertain events are represented as fuzzy sets, with
the membership function giving the possibility of
occurrence of the event in a given interval of time.
This system was adapted in ref. [36] to develop a
temporal model based on fuzzy set theory for determining temporal relationships.
Barro et al. [37] present a more complex model
for the representation and handling of fuzzy temporal references. The concepts of date, time
extent, and interval are defined again according
to the formalism of possibility theory. Relations
between the temporal entities, dates, and intervals
are interpreted as constraints on the distance
between dates, and mapped onto a fuzzy temporal
constraint satisfaction network.
In ref. [38], Innocent and John show how fuzzy
cognitive maps can encode fuzzy causal structures.
Fuzzy temporal reasoning and constraints are then
applied to support diagnostic decision-making.
A recent attempt to provide an algebraic framework for qualitative fuzzy temporal reasoning is
given in ref. [39]. Fuzzy constraint satisfaction is
applied to extend Allen’s well-known [40] intervalbased temporal framework.
Moreover, another approach to model the inherent linguistic uncertainty of temporal concepts and
represent them in a fuzzy temporal knowledge base
was done in Bugarı́n et al. [41]. As a formal descriptive tool a fuzzy Petri-net approach was used.
In summary, the following may be concluded.
Although data and text mining in medicine is an
upcoming research area and is generating useful
practical results, explicit medical knowledge
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representation and processing are still required
and depend very much on the acquisition of knowledge from medical experts. If–—for a certain medical field or purpose–—no theory or model is
available in medical textbooks or in the minds of
physicians, the first step is to develop a crisp theory
or model. This will be extremely useful. If this crisp
theory or model has been proven correct or at least
applicable, the theory or model can be fuzzified and
rendered more intuitive and, in many instances,
provide a better mapping of the actual situation.
However, in some instances a fuzzy model may be
the only way to map entities and relationships
between them from reality into a formal framework
because it might not be possible to establish a crisp
model at all; it would be too simplistic from the very
start.

3. Temporal reasoning and data mining
Temporal reasoning in AI addresses the problem of
inferring the state of a system at various points in
time as it changes in response to events [42]. In the
case of medical temporal reasoning, the states of
interest are patient states and the events causing
state changes are associated with disorder processes, therapeutic interventions, environmental/
contextual factors, or even spontaneous/random
events.
Time-based decision support in healthcare
[10,43] addresses the tasks of diagnosis, treatment,
prognosis, and monitoring of patients. The physiology and pathophysiology of human beings are complex processes, with many unknown aspects. The
gaps in our knowledge increase as we proceed into
the deeper genomic and molecular levels. For serious, life-threatening disorders, for which no treatment is yet known, such as various forms of cancer
or degenerative disorders, this deep knowledge may
be the only way to effective treatment. For example, discovering the relevant disorder mechanisms
at the genomic level may lead to the discovery of
appropriate drugs and treatments [44,45]. Even for
disorders with known treatments, such deeper
knowledge and understanding may lead to better
and individualized treatments without adverse
effects for the specific patient [44].
Given the fact that there may be several interacting processes–—related to disease as well as therapy–—in a patient, medical reasoning is complex by
nature. The interactions in the specific situation
(additive, subtractive, etc.), and the events causing
them, need to be dynamically determined. Understanding and reasoning explicitly with time provides
a more accurate representation of reality and may
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help to filter out impossible scenarios. In particular,
the rate of evolution of disorders and the effects of
treatment might differ between patients. One challenge would be to develop medical models that
effectively combine causal, temporal and action
knowledge, and enable the dynamic (contextual)
derivation of different forms of interactions and
the rates of evolution of the various operative
processes.
Medical reasoning is inherently uncertain. The
uncertainty is often modeled probabilistically
[46,47]. Many researchers consider Bayesian networks particularly suited for capturing and reasoning with uncertainty. Prognostic Bayesian networks
are a relatively recent development with applications in oncology and infectious diseases [47]. Even
if temporal knowledge is not represented explicitly,
prognostic Bayesian networks have a clear general
temporal structure. When temporal reasoning
comes into play, a new dimension of uncertainty
is added. This dimension concerns uncertainty with
regard to the occurrence of states, events, etc.
Atemporal uncertainty deals with the uncertainty
of state variables (What value does a state variable
attain?) and their dependencies. When information
about time is added, multiple temporal instantiations of state variables may occur. Temporal and
atemporal uncertainty would therefore need to be
combined and reasoned with. Mixing different time
granularities is one way of controlling temporal
uncertainties by reasoning at a temporal context
that is conceptually appropriate for the entities
involved [48]. Formalizing the different forms of
uncertainty in medical reasoning and dealing with
them through the effective combination of temporal-probabilistic-fuzzy knowledge for a specific
medical task is another area of further research.
Clinical guidelines and protocols are (skeletal)
temporal plans of actions giving different treatment
options that need to be evaluated for a particular
patient so that the ‘‘best’’ option is selected and
appropriately instantiated before putting it into
action. The application of the chosen regimen needs
to be dynamically monitored (cf., intensive care
patients) and, if necessary, modified. A plan may
include choice points, and the selection of a particular choice may be based on the evolving reality.
Representation and reasoning with clinical guidelines and protocols and explicit temporal constraints
is a very active area of research offering a number of
yet unresolved challenges [43]. The task of monitoring is also a key task in healthcare, particularly in
ICUs. The purpose of monitoring is to observe how
closely the evolved reality matches the projected
evolution of patient states. If there is no projected
evolution the task of monitoring is concerned with
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observing changes with respect to the patient’s
current state and to qualify these changes appropriately (steady, worsening, or improving situation),
thus raising alarms. Bestowing medical systems,
giving advice on therapy and/or monitoring
patients, with the ability to change a temporal plan
of action dynamically and in a timely manner by
responding to relevant sensors, still needs to be fully
addressed.
Temporal abstraction is a central functionality in
medical temporal reasoning of relevance to all
medical tasks, as it aims to close the (conceptual)
gap between the knowledge level of process models
(physiological processes, disorders, therapeutic
processes, etc.) and the data level of patient-specific information [43]. For many medical problems,
regardless of whether the data is sparse or voluminous, the gap is large. Unless the relevant temporal
abstraction mechanisms are applied (vertical
abstraction, horizontal abstraction, interpolation,
etc.), it will not be possible to match data against
knowledge–—which is an essential step to make
accurate suggestions and conclusions. Temporal
data abstraction is not a widely encountered process
in general AI work on temporal reasoning. In medical
temporal reasoning it is of paramount importance. It
is also a key process in temporal data mining for the
discovery of temporal patterns and dependencies
leading to new knowledge, as discussed, for example, in ref. [49].
Temporal data management and temporal data
abstraction capabilities may be encapsulated in an
intermediate mediator that is independent both of
the application and the database [43]. The concept
of such a data mediator facilitates the incorporation
of different ontologies in different applications,
which is a challenging subject [50].
Temporal reasoning may involve the solution of
(temporal) constraint problems. The constraints are
of different types (persistence, causal, synchronous, etc.) and temporal semantics (metric, relative, mixed, multiple granularities, etc.). Problems
that need to be addressed are related to checking
the consistency of a set of constraints and deciding
about the satisfiability of some constraint with
respect to a set of constraints that are assumed
to be mutually consistent [51]. The complexity of
these problems increases when mixed constraints
and multiple granularities are used; this is another
area of future study.
Data mining (DM) in general, and temporal data
mining in particular, are acquiring increasing importance as fields of research with a considerable
potential for the future. In medicine the increasing
importance of the field is evidenced by the publication of special journal issues [45] and the allocation
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of major sessions to this subject at recent research
conferences [52]. Top information technology companies are predicting that, by the turn of the present decade, information-based medicine will
constitute the basis of personalized healthcare
[44]. The term ‘‘information-based medicine’’ is
coined to denote the deployment of artificial expert
system technology and, in particular DM technology,
for understanding several major diseases at the
molecular level as a means of discovering drugs that
can be effectively applied at a personalized level.
This certainly is a fruitful and challenging field of
research.
Genome-wide expression profiling of thousands
of genes provides rich data sets that can be mined to
extract information on the genes that best characterize the disease state. Identifying interactions
between genes, based on experimentally obtained
expression data in microarrays, is one of many significant research topics. The analysis of temporal
patterns may reveal how the variables interact as a
function over time–—allowing observations and test
results to be correlated, and permitting the
researcher to detect previously unidentified patterns associated with disease. This will lead to a
better understanding of disease mechanisms. Bayesian networks are used for the analysis of such
biological time series. In general, the growing
wealth of information and the advances in biology
call for the development of approaches to discover
new knowledge and predict drug effectiveness,
which will enduringly change the methods used
for prevention, diagnosis, and therapy.

4. Health information systems,
business processes, and time
Business processes consist of the coordinated activities of an organization to achieve a goal which,
possibly, is mission-critical for that organization.
Clinical business processes deal with processes
related to medical care and may be viewed from
different perspectives. Indeed, clinical protocols
and guidelines support physicians in their daily
activities; guidelines and protocols help physicians
to improve patient care and health outcomes for
their patients by providing recommendations based
on scientific evidence and expert clinical opinion.
Guidelines and protocols usually consist of documents (e.g., available as pdf files) containing suggestions about actions and decisions (i.e., diagnosis
and therapy) to be taken when dealing with patients
who have specific problems. Such recommendations, even though provided in an informal and
semi-structured way in the form of unstructured
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text, figures, lists of items, steps, etc. may be
regarded as a description of a clinical business
process the specific health organization has to execute in a specific situation. Protocols and guidelines
have been considered in recent times. Several proposals have been made to support physicians and
nurses in their execution and exchange, and to
express them in a formal and sound way [53—60].
Moreover, from the organizational point of view,
business processes in health organization have
become a subject of major interest, being one of
the issues to manage health budgets and to monitor
the quality of services related to health [61—65].
Time is an important and underestimated aspect
of modeling and managing processes within health
information systems. A promising research area
concerns the adoption, extension, and application
of studies focusing on time-related aspects of business process modeling and workflow management to
the challenging medical scenario.
Workflows are activities involving the coordinated execution of single atomic activities (named
tasks), assigned and executed by processing entities
(named agents) to achieve a common goal. Business
processes can be modeled by workflows and enacted
by suitable software systems, namely workflow
management systems (WfMSs). WfMSs assign tasks
to executing agents. The latter may be a human or
an automatic executor such as a software system, or
a combination of both, according to predefined
policies. Most WfMSs use a database management
system (DBMS) generally based on the relational
model.
Activities are described by means of conceptual
models (also named schemas) capturing the behavior of the process, and provide a formal process
model. Instances of a schema are known as cases.
Several types of conceptual models have been
defined in the literature. We refer here to refs.
[66—68]. Any WfMS in the market proposes its
own model. Despite the efforts of the workflow
management coalition (WfMC) [67], no widely
accepted standard has yet been established for
the definition of process models. Interoperable process models applicable to commercial WfMSs from
different vendors are still far from being a reality.
WfMSs are suitable tools to organize long-standing activities that may be critical for the organization where the activity is enacted. In most of these
activities, time management is not critical. However, when WfMSs are applied to health processes,
temporal semantics cannot be neglected. This
widens a new frontier for research over temporal
data management and workflow systems. Indeed,
health processes are processes whose temporal
deadlines must be matched. Any deadline mismatch
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may lead to unacceptable consequences, as those
we have observed in a nuclear plant management or
a military defense system. As an example of a health
(sub) process, let us consider (a part of) the guideline related to diabetes diagnosis [69]. There are
some administrative tasks (such as making appointments for visits to nutritionists or for an eye examination) which can be executed in parallel. When
the related clinical activities (the visits) are executed, a synchronization point is needed before one
continues and makes an appointment with the diabetes specialist. Some deadlines and constraints
must be managed, such as limiting the maximum
delay between a reservation and the corresponding
visit, or limiting the duration of the overall process.
Without strict control over temporal constraints and
deadlines for the completion of tasks, a WfMS could
hardly manage health business processes.
Abnormal delays may occur during the enactment
of cases within a WfMS, thus reducing the global
performance of the managed business process. If no
temporal information can be defined, this exceptional situation is hardly detected or requires that a
complex software system has to be bundled into the
WfMS [70]. The definition and management of temporal information of processes will improve the
management of processes by a WfMS and widen
the applicability of WfMSs to many different clinical
areas, including, but not limited to, ICU process
management, administrative health process management, clinical protocols support, and clinical
guidelines support. In particular, some of the temporal aspects that can be considered are aimed at
defining constraints over data specific to the process
being managed by the WfMS (e.g., dates of visits for
diabetic patients), over data of the workflow itself,
and related to starting and ending time-stamps of
tasks, and over data about agents involved in the
processes.
The management of some temporal aspects is
defined at the conceptual model level, e.g., when
defining deadlines and temporal constraints
between clinical tasks [71]. Moreover, histories of
process schemas need to be managed: for instance,
changes defined over a schema affect both cases
that still have to be started, and cases that have
started already but have not yet been completed
[72,73]. The management of certain other temporal
aspects is defined at runtime; for instance, workload
balancing among agents can be performed only
during case enactment. In general, considerable
advantages may be achieved by the adoption of a
temporal architecture for the WfMS [74]. Due to the
absence of high-performance and reliable temporal
database systems, no WfMS relies on a temporal
DBMS. Besides those typical of the management of
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standard data, the main advantages of adopting a
temporal DBMS within a WfMS are related to the
execution of temporal queries as in schema version
management [73], to the selection of the executing
agent with load balancing over time, to exception
management, and to temporal data warehouse analysis, to mention just a few.
With regard to these temporal aspects, the adoption of a temporal DBMS based on a data model
where time and time dimensions are suitably represented and managed [75] could greatly facilitate the
development of a system devoted to the automatic
management of clinical workflows.

5. Temporal clinical databases
The developers of the earliest database system for
clinical users realized the importance of maintaining and querying the temporal dimensions of clinical
data [76]. This system used the time-oriented database (TOD), the first published temporal model for a
database [77], which represents clinical data as a
data cube with time-stamped visits as one axis.
Significant efforts have been undertaken during
the subsequent three decades to create database
models that can capture the rich semantics of time
needed for temporal querying and temporal reasoning in clinical decision support [10,78,79]. Past work
[78—80] has shown that the many types of clinical
data should be represented or queried as having
persistence, using start and end time-stamps or a
duration value. Previous research [81—83] has also
taken note of the fact that the actual timing of
clinical data is not exactly known; it is measured
either by an interval during which the event
occurred or by the use of varying time units, or
granularities, for a time-stamp. Despite these
advances in understanding how to effectively model
the rich semantics of time within databases, we still
are faced with several challenges when devising
temporal database methods and techniques to be
adopted by decision support, data mining, and
workflow systems. The rapid growth of clinical data
repositories and integration with other data types
have resulted in computing applications that require
new approaches for temporal representation and
querying in database systems.
Although querying time-stamped data are necessary for many clinical decision support applications
and other temporal reasoning applications, we lack
standardized or widely available temporal database
methods for such application developers to use.
Many developers, in fact, adopt relational database
systems–—based on the relational data model, the
most common data model in use for commercial
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database systems [84]–—to store and manage timeoriented clinical data. The limitations of relational
database systems in supporting the semantics of
time was first noted 25 years ago [85]. Although
relational database systems can readily store time
values as attributes, they have two primary limitations in managing time values. First, the relational
data model cannot specifically consider the semantics of time as a data element, since the relational
model treats all columns equally. Second, query
languages for relational databases, such as the
widely used standard structured query language
(SQL), have very few constructs to manipulate time
values. Expressing complex temporal queries in SQL
can thus be very difficult for users [86]. A decade
ago the temporal database community made considerable efforts to achieve a consensus with regard
to a temporal relational model and a related query
language (the TSQL2 model and language) to resolve
this problem [87]. Subsequently, efforts were made
to involve national and international standards
organizations: a new part for SQL3 (the more recent
ISO standard version of the SQL language), named
SQL/Temporal, was proposed and formally approved
in July 1995 as part of the SQL3 draft standard [88].
Although extensions to SQL3 to manage temporal
data were suggested, SQL/Temporal was withdrawn
for a number of reasons [89]. As a matter of fact,
most commercial relational database systems simply provide a few extensions to the relational model
to represent times and dates through suitable data
types, and a few extensions to SQL that allow
manipulation of stored time values. However, these
specifications have not been fully standardized
across vendors.
As a result, developers of clinical systems are
faced with difficulties when using relational database systems to manage time-oriented clinical data.
First, since relational database systems provide no
consistent mechanism to associate time values with
non-temporal data in a table, joining multiple
tables results in multiple time values in each row
of the resultant table with no correspondence of
time values and non-temporal data. Second, relational databases lack a standard approach to maintain the granularity of time values. This information
is either lost or becomes implicit when time values
are stored in a relational database. However, the
exact granularity is needed to make accurate comparisons among research data that involve temporal
ordering. Finally, relational database systems do not
provide operations to coalesce rows of data in which
non-temporal data are identical and time periods
are overlapping or adjacent; these features may be
needed to maintain the integrity of data as well as
provide correct results about the duration of time
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periods. Several temporal querying methods for
clinical relational databases [82,90—92] have been
set up to resolve these problems in specific systems.
However, the methods are not portable across systems.
Given the importance of querying time for clinical applications and the lack of standard temporal
features in SQL, the specification of a standard, rich
temporal relational model of clinical data still poses
a challenge. Such work could start by evaluating the
expressivity of TSQL2, and of extensions related to
the SQL3/Temporal project, for clinical applications, and by adopting or extending the most suitable features. Such community-wide efforts may
relieve future developers of the effort of writing
customized software to provide proper storage and
retrieval of time values, and thus avoid duplication
of work undertaken by past researchers. Future
work could also reference the semantics of a standard temporal relational model with a comprehensive temporal ontology, such as that proposed by
[48]. If developers also used the latter knowledge
representation to inform the time model in the
clinical application, they would experience the
additional benefit of not having to resolve temporal
model heterogeneity within decision support systems.
Reference ontologies of time for databases may
help users to manage the variety, volume, and scope
of temporal data now being collected in biomedical
data repositories through activities that range from
ICU monitoring [93] to genomic studies [94]. Users
of such repositories frequently find it difficult to
compare or combine data represented with different temporal semantics. For example, the typical
database of a clinical information system incorporates disparate sets of data from medical narratives, laboratory test results, and administrative
codes [95]. These data must be merged together in
clinical applications that present to healthcare
providers the course and outcomes of a single
patient’s care. Such integration is necessarily time
oriented, and thus requires an understanding of the
temporal semantics of constituent data. Medical
narratives, on the one hand, record clinical information as relative time references, such as ‘‘the
patient was admitted to the hospital for angina
(chest pain) that occurred four hours before a visit
to the emergency room’’. Recent research [96]
indicates that the ordering of most clinical events
(e.g., angina or emergency room visit) in such text
can be modeled as a directed acyclic graph (simple
temporal problem). Time references associated
with related administrative or diagnostic data,
on the other hand, may consist of series of timestamped calendar date values. New database
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methods are needed to allow comparison of relative
time references with fixed time-stamped values.
This would result in anchoring a constraint-based
graph to a calendar date timeline, as well as providing a more specific order to the time-stamped
data. Such temporal integration can also determine
whether conflicting temporal information exists
between the narrative report of events and the
database sequence of events.
Biomedical data repositories provide other
research challenges for temporal database
researchers. A lot of previous work on temporal
querying has focused on matching patterns for an
individual patient’s record. Using data repositories
for clinical research, in contrast, requires population-based analyses, such as finding the average rate
of change in a clinical parameter during a time
window for a defined population of patients.
Although such patterns may be handled by a temporal abstraction method, running such an algorithm to query thousands of cases may neither be
feasible nor as optimal as it is when performed
through database techniques. Large-scale data analysis is permissible in relational databases, but the
standard SQL query language again is limited, as it
only provides a small number of aggregate functions, such as sum, count, minimum, and maximum.
Prior database research [97,98] has focused on efficient algorithms to compute aggregate functions
over temporal groups, using one of two approaches:
span aggregation or instant aggregation. In span
aggregation, the aggregate value is computed for
fixed intervals of time (such as month or year).
Instant aggregation, in contrast, defines temporal
groups based on computing from the temporal attribute values the intervals of time during which the
aggregate value is constant. These methods are not
sufficiently adequate to compute user-defined
aggregate functions over clinically relevant temporal groups. For example, determining the average
blood pressure measurement during periods of antihypertensive treatment cannot be determined by
instant or span aggregation alone. The extended
multi-feature (EMF) syntax for SQL [99] allows an
arbitrarily complex aggregation to be directly specified into a database query. This method has been
deemed useful to find temporal sequences of events
within clinical databases that use an entity-attribute-value representation [100], as well as query a
range of statistical aggregations over clinical data in
a time window [101]. Further work is needed to
determine and investigate the needs of clinical
researchers working with large sets of temporal
data, and to create efficient methods for statistical
analysis with temporal representation and reasoning approaches.
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6. Concluding remarks
In this position paper we have proposed and discussed a few promising subjects of future research
on the issues that arise when one is faced with the
task of managing the multifaceted temporal aspects
of information and knowledge physicians encounter
during their clinical activities. We identified four
general research areas, presented basic features of
each, discussed some related literature on the subject, and introduced research problems that are
either unresolved or relatively new. Although the
report does not profess to be comprehensive in
terms of the cited literature or the challenging
directions of research, we have tried to discuss
several directions of research and merge different
perspectives. We hope this report will stimulate
discussion and multidisciplinary approaches in doing
research on temporal representation and reasoning
in medicine.
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