
Abstract 
Temporal constraints play a fundamental role in 
clinical guidelines. For example, temporal indeter-
minacy, constraints about duration, delays between 
actions, and periodic repetitions of actions are es-
sential in order to cope with clinical therapies. In 
this paper, we propose a computer-based approach 
to represent temporal constraints in clinical guide-
lines and reason (i.e., perform inferences in the 
form of constraint propagation) with them. We first 
propose a temporal representation formalism and 
two constraint propagation algorithms operating on 
it, and then we show how they can be exploited in 
order to provide clinical guideline systems with 
different temporal facilities. Our approach offers 
several advantages: for example, during the guide-
line acquisition phase, it enables to represent tem-
poral constraints, and to check their consistency; 
during the execution phase, it allows to check the 
consistency between action execution-times and 
the constraints in the guidelines, and to provide 
query-answering and temporal constraint propaga-
tion facilities (e.g., when choosing among alterna-
tive paths in a guideline). 

1 Introduction 
Clinical guidelines are a means for specifying the “best” 
clinical procedures and for standardizing them. In recent 
years, the medical community has started to recognize that 
computer-based systems dealing with clinical guidelines 
provide relevant advantages, since, e.g., they can be used  to 
support  physicians in the diagnosis and treatment of dis-
eases, or for education, critical review and evaluation aims 
[Gordon & Christensen, 95]. Thus, many different ap-
proaches and projects have been developed in recent years 
to create domain-independent computer-assisted tools for 
managing clinical guidelines (see e.g., Asbru [Shahar et al., 
98], DILEMMA and PRESTIGE [Gordon et al., 96], EON 
[Musen et al., 96], GEM [Shiffman et al., 00], GLIF [Ohno-
Machado et al., 98; Peleg et al., 00], GUIDE [Quaglini et 
al., 98, 00], ONCOCIN [Tu et al., 89], PROforma [Fox et 
al., 98], T-HELPER [Musen et al., 92], and also [Gordon & 
Christensen, 95; JAMIA, 98; Tu et al., 99; JAMIA, 01]). 

Most of these approaches distinguish between an acquisition 
phase, in which expert-physicians (usually in cooperation 
with knowledge engineers) introduce clinical guidelines into 
the computer-based system, and an execution phase, when 
user-physicians execute a given guideline on a specific pa-
tient (i.e., on the basis of the patient’s data). Moreover, re-
cently, several approaches have started to focus also on the 
treatment of temporal aspects [Keravnou, 96; Shahar & 
Musen, 96; Shahar, 98; Duftschmid et al., 02]. As a matter 
of fact, in most therapies, actions have to be performed ac-
cording to a set of temporal constraints concerning their 
relative order, their duration, and the delays between them. 
Additionally, in many cases, actions must be repeated at 
regular (i.e., periodic) times. Furthermore, it is also neces-
sary to carefully take into account the (implicit) temporal 
constraints derived from the hierarchical decomposition of 
actions into their components and from the control-flow of 
actions in the guideline. 
A complete automatic treatment of temporal constraints 
involves, besides the design of an expressive representation 
formalism, also the development of suitable temporal rea-
soning algorithms operating on them, to be applied both at 
acquisition and at execution time. However, subtle issues 
such as the trade-off between the expressiveness of the rep-
resentation formalism and the tractability of correct and 
complete temporal reasoning algorithms have to be faced in 
order to deal with temporal constraints in a principled and 
well-founded way; few works in the area of computerized 
guidelines have deeply analyzed this topic so far. 
In section 2 we discuss the advantages of a principled ap-
proach and provide an overview of the state of the art. In 
section 3 we introduce our formalism, and in section 4 we 
provide two tractable, correct and complete algorithms to 
perform temporal reasoning in the acquisition and in the 
execution phase respectively. In section 5 we describe how 
to exploit our formalism and algorithms to provide clinical 
guidelines systems with temporal reasoning facilities. Fi-
nally, we address comparisons and conclusions. 
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2 Representing and Reasoning with Tempo-
ral Constraints in Clinical Guidelines 

2.1 State of the art 
Many AI approaches focused their attention to the defini-

tion of suitable formalisms to represent time-related phe-
nomena and to reason with them. Besides “logical” ap-
proaches (e.g., temporal or non-monotonic logics), aiming 
to cover a wide range of temporal phenomena (e.g., model-
ling the internal structure of actions and events occurring 
over the world, and determining how the world changes in 
response to such actions), starting from the early 80’s, many 
AI researchers have recognized the importance of designing 
and implementing specialized approaches in order to per-
form temporal reasoning on different types of temporal con-
straints [Vila, 94]. Such approaches are mostly concerned to 
define domain-independent knowledge servers which tem-
poral reasoning, in the form of propagation of temporal 
constraints, can be delegated to, and which can be coupled 
with other modules (e.g., a planner, or a system which man-
ages guidelines) to solve complex problems. 
The aim towards specialization led these approaches to 
focus on specific classes of constraints (e.g., qualitative 
constraints such as “A before B”, quantitative constraints 
such as dates, delays and durations) [Vila, 94], or to devote 
great attention to granularities and/or periodic/repeated con-
straints [Terenziani, 97; Bettini et al., 02; Combi et al., 04]) 
or to the integration of different sorts of constraints (e.g., 
qualitative and quantitative constraints [Meiri, 91]). 
In the area of clinical guidelines several interesting ap-
proaches have been devised to represent temporal con-
straints. For instance, GLIF [Ohno-Machado et al., 98; 
Peleg et al., 00]  deals both with temporal constraints on 
patient data elements and with duration constraints on ac-
tions and decisions. In PROforma [Fox et al., 98], guide-
lines are modelled as plans, and each plan may define con-
straints on the accomplishment of tasks, as well as task dur-
ation and delays between tasks. Moreover, temporal con-
structs can also be used in order to specify the preconditions 
of actions. DILEMMA and PRESTIGE [Gordon et al., 96] 
model temporal constraints within conditions. EON [Musen 
et al., 96] uses temporal expressions to allow the scheduling 
of guideline steps, and deals with duration constraints about 
activities. Moreover, by incorporating the RESUME system, 
it provides a powerful approach to cope with temporal ab-
straction. In EON, the Arden Syntax allows the representa-
tion of delays between the triggering event and the activa-
tion of a Medical Logic Module (MDL), and between 
MDLs [Sherman et al., 95]. 
Despite the large amount of work devoted to the representa-
tion of temporal constraints, little attention has been paid to 
temporal reasoning. Notable exceptions are represented by 
the approaches by Shahar [Shahar, 98] and by Duftschmid 
et al.  [Duftschmid et al., 02]. 

In Shahar’s approach, the goal of temporal reasoning is not 
to deal with temporal constraints (e.g., to check their consis-
tency), but to find out proper temporal abstractions to data 
and properties. Therefore, temporal reasoning is not based 
on constraint propagation techniques, in fact, e.g., interpola-
tion-based techniques and knowledge-based reasoning are 
used. 
Miksch et al. have proposed a comprehensive approach 
based on the notion of temporal constraint propagation 
[Shahar et al., 98; Duftschmid et al., 02]. In particular, in 
Miksch et al.’s approach, different types of temporal con-
straints – deriving from the scheduling constraints in the 
guideline, from the hierarchical decomposition of actions 
into their components and from the control-flow of actions 
in the guideline – are mapped onto an STP framework 
[Dechter et al., 91]. Temporal constraint propagation is used 
in order to (1) detect inconsistencies, and to (2) provide the 
minimal constraints between actions. In [Duftschmid et al., 
02], there is also the claim that (3) such a method can be 
used by the guideline interpreter in order to assemble feas-
ible time intervals for the execution of each guideline ac-
tivity. Moreover, advanced visualization techniques are used 
in order to show users the results of temporal reasoning 
[Kosara & Miksch, 2001]. 

1.2 Dealing with temporal constraints in clinical 
guidelines: new challenges and open problems 

Despite the large amount of valuable works, there still 
seems to be a gap between the range of phenomena covered 
by current AI temporal reasoning approaches and the needs 
arising from clinical guidelines management. In particular, 
in clinical guidelines,  
(1) qualitative and quantitative constraints, as well as re-

peated/periodic events need to be considered at the 
same time; all types of constraints may be imprecise 
and/or partially defined; 

(2) a structured representation of complex events (in terms 
of part-of relations) must be supported, to deal with 
structured descriptions of the domain knowledge; 

(3) the distinction between classes of actions (e.g. an ac-
tion in a general guideline) and instances of such ac-
tions (e.g., the specific execution of an action in a 
guideline) has to be supported; 

(4) the consistency of the temporal constraints between 
classes and instances must be supported. This involves 
dealing with the inheritance of constraints (from 
classes to instances) and with the predictive role of 
constraints between classes1. 

Obviously, the interplay between issues (1)-(4) needs to be 
dealt with, too. For example, the interaction between com-
posite and periodic events might be complex to represent 

                                                 
1 For example, given a guideline stating that action A2 must be 

executed between one and two days after A1, and given an execu-
tion of the action A1 on a given patient at day d1, one expects to 
have an instance of A2 within day d1+1 and day d1+2. 



and manage. In fact, in the case of a composite periodic 
event, the temporal pattern regards the components, which 
may, recursively, be composite and/or periodic events. For 
instance, consider Ex.1. In Ex. 1, the instances of the mel-
phalan treatment must respect the temporal pattern “twice a 
day, for 5 days”, but such a pattern must be repeated for six 
cycles, each one followed by a delay of 23 days, since the 
melphalan treatment is part of the general therapy for multi-
ple mieloma. 
(Ex. 1) The therapy for multiple mieloma is made by six 
cycles of 5-day treatment, each one followed by a delay of 
23 days (for a total time of 24 weeks). Within each cycle of 5 
days, 2 inner cycles can be distinguished: the melphalan 
treatment, to be provided twice a day, for each of the 5 
days, and the prednisone treatment, to be provided once a 
day, for each of the 5 days. These two treatments must be 
performed in parallel. 
Unfortunately, no current approach in the AI and in the 
guideline literature proposes a comprehensive approach in 
which all the above phenomena can be represented, and 
correct, complete and tractable temporal reasoning can be 
performed. In this paper, we introduce an approach address-
ing all the above-mentioned issues.  

3 Representing temporal constraints in clini-
cal guidelines 

Regarding the temporal constraints concerning “standard” 
(i.e., non repeated) actions in the guidelines, we have chosen 
to model them using a well-known and widely-used AI 
framework, namely STP [Dechter et al., 91]. 
In STP, a set of constraints is modeled as a conjunction of 
bounds on differences of the form c  ≤  x – y  ≤  d, which 
have an intuitive temporal interpretation, namely that the 
temporal distance between the time points x and y is be-
tween c (minimum distance) and d (maximum distance). In 
STP the correct and complete propagation of the constraints 
(e.g., for consistency checking) can be performed in a time 
cubic in the number of time points, and can provide the 
minimal network of the constraints as output (i.e., the mini-
mum and maximum distance between each pair of points) 
[Dechter et al., 91]. The minimal network can be computed 
by an “all-to-all shortest paths” algorithm such as the Floyd-
Warshall’s one, and can also be used for efficient query 
answering [Brusoni et al., 95]. 
The STP framework can be used to model precise or impre-
cise temporal locations (dates), durations, delays between 
points, and different forms of qualitative temporal con-
straints between time points and/or time intervals (see [Bru-
soni et al., 97; Meiri, 91]).  Moreover, also the constraint 
that the temporal extent of a composite action contains the 
extents of its components can be trivially modelled in STP 
(so that, it can easily deal with the temporal constraints in-
volved by the hierarchical representation of  guideline ac-
tions – i.e., issue (2) in section 2.3; see also [Duftschmid et 
al., 02]). 

Nevertheless, constraints about repeated actions cannot be 
easily captured by the STP framework. A simple-minded 
approach would adopt an extensional representation of peri-
odic actions (i.e., it would explicitly represent all the repeti-
tions of each action). However, this approach has two fun-
damental flaws. First, in the clinical domain (especially in 
the therapeutic context), actions can be repeated a relevant 
number of time, so that an explicit representation of all repe-
titions could lead to a very high number of actions. Second, 
it does not support for cases where the number of repetitions 
has not been fixed a-priori, but it depends on certain condi-
tions verifiable at execution time only (e.g., in “perform 
action A  until a given condition C is satisfied”), so that one 
cannot explicit the repetitions beforehand. Thus, an inten-
sional approach is needed in order to represent periodic ac-
tions, extending the STP-based approach discussed until 
now. Let us introduce first the constructs to model the repe-
tition/periodicity constraints. 
In our approach, the constraints on repetitions and peri-
odicities are temporal constraints of the form 

Repetition(A, RepSpec), 
where A is a (possibly composite) action repeated according 
to the parameter RepSpec. 
RepSpec is a recursive structure of arbitrary depth of the 
form 

RepSpec = <R1, R2, …, Rn>, 
where each level Ri states that the actions described in the 
next level (i.e., Ri+1, or – by convention – the action A, if 
i=n) must be repeated a certain number of times in a certain 
time span. To be more specific, any basic element Ri con-
sists of a quadruple  
Ri = <nRepetitionsi, I-Timei, repConstraintsi, condition-

si>, 
where the first term represents the number of times that Ri+1 
must be repeated, the second one represents the time span in 
which the repetitions must be included, the third one may 
impose a pattern that the repetitions must follow, and the 
last one allows to express conditions that must hold so that 
the repetition can take place. Informally, we can roughly 
describe the semantics of a quadruple Ri as the natural lan-
guage sentence “repeat Ri+1 nRepetitionsi times in exactly I-
Timei, if conditionsi hold”. 
repConstraintsi is a (possibly empty) set of pattern con-
straints, representing possibly imprecise repetition patterns. 
Pattern constraints may be of type: 
- fromStart(min, max), representing a (possibly imprecise) 
delay between the start of the I-Time and the beginning of 
the first repetition; 
- toEnd(min, max), representing a (possibly imprecise) 
delay between the end of the last repetition and the end of 
the I-Time; 
- inBetweenAll(min, max) representing the (possibly im-
precise) delay between the end of each repetition and the 
start of the subsequent one; 
- inBetween((min1, max1), …, (minnRepetitionsi-1, maxnRepeti-

tionsi-1)), representing the (possibly imprecise) delays be-



tween each repetition and the subsequent one. Note that any 
couple (minj, maxj) may be missing, to indicate that we do 
not give any temporal constraint between the jth repetition 
and the (j+1)th one. 
Let us see an example to illustrate the use of repConstraints: 
(Ex. 2) Intrathecal methotrexate must be administered 7 
times during 88 weeks, never less than 10 weeks apart or 
more then 14 weeks apart. 
Ex. 2 may be represented with a simple one-level specifica-
tion: 
Repetition(Intrathecal_methotrexate, < <7,88wk, {inBe-
tweenAll(10wk, 14wk)}, ∅>>). 
It is worth noting that repConstraintsi, nRepetitionsi and 
conditionsi are not mandatory. 
conditionsi is a (possibly empty) set of conditions that in-
fluence the repetitions. The conditions may be of type: 

- while(B), where B is a Boolean predicate. It states that, 
as soon as B becomes false, a break from the repeti-
tions is forced, i.e., the repetitions must immediately 
interrupt. As an example, we may consider the follow-
ing:  

(Ex. 3) Give acetaminophen twice a day until the fever has 
gone. 

   This may be represented as: 
   Repetition(acetaminophen, < <_, _, ∅,  

{while(fever)}>, <2, 1d, ∅, ∅> >. 
- onlyIf(B), where B is a Boolean predicate. It states 

that, if B is true, the repetition may be performed and, 
if B is false, the repetition must not be performed and 
we can pass to the next repetition. This construct al-
lows to skip single repetitions. As an example, we may 
consider the following: 

(Ex. 4) Give acetylsalicylic acid twice a day for a maxi-
mum of 15 days, only if there is migraine. 

   This may be represented as: 
   Repetition(acetylsalicylic_acid, <<_, 15d, ∅, 

∅>, <2, 1, ∅, onlyIf(Migraine)>>. 
The formalism we are introducing allows one to manage 
different kinds of imprecision; in fact, dealing with impre-
cise temporal constraints is very important for the practical 
applicability of the approach: 

- there may be arbitrary delays between the repetitions; 
- the (min, max) specifications in repConstraintsi make 

it possible to specify variable delays between the 
repetitions. 

However, since we aim at designing tractable algorithms in 
order to deal with correct and complete consistency check-
ing, we have to impose that I-Times must be specified in an 
exact way. 
The repetitions may be nested at arbitrary depth, represent-
ing simple cases with fewer levels as in Ex. 2 and more 
complex cases with more levels as in Ex. 5, an excerpt from 
a clinical guideline for the treatment of Childhood Acute 
Lymphoblastic Leukaemia: 

(Ex. 5) The therapy lasts 88 weeks and it is repeated twice in 
four years. In the therapy, cotrimoxazole must be given 
twice daily on two consecutive days every week. 
Ex. 5 may be represented in the following way: 
Repetition(Cotrimoxazole, < <2, 4y, ∅, ∅>,  <_, 88wk, ∅, 
∅>, <2, 1wk, {inBetweenAll(0,0)}, ∅>, <2, 1d, ∅, ∅>>), 
where the pattern constraint inBetweenAll(0,0) in the third 
triple imposes that the days must be consecutive. 
In order to make our approach to temporal constraints more 
user-friendly, a (possibly graphical) interface could be used 
to acquire and represent temporal constraints (concerning 
both (i) dates, durations, delays and qualitative relations 
between non-repeated events and (ii) repetition/periodicity 
constraints) [Combi et al., 99; Chittaro, 01; Kosara & 
Miksch, 2001, 2002]. 

4 Reasoning with temporal constraints in 
clinical guidelines 

4.1 Data structures for temporal constraints about 
repeated actions 

In order to devise tractable, correct and complete temporal 
reasoning algorithms, an important step is the definition of 
suitable data structures to model a set of temporal con-
straints. STP provides suitable data structures for bounds on 
differences, which can be modeled as graphs on which the 
well-known Floyd-Warshall’s algorithm operates to check 
consistency. However, the STP framework is not expressive 
enough to cope with repeated/periodic actions. In fact, for 
the reasons given in section 3, an extensional representation 
is not feasible. On the other hand, an intensional approach 
cannot be directly implemented in “classical” temporal con-
straint propagation approaches (such as, e.g., STP), which 
need an explicit (i.e., “extensional”) representation of all the 
temporal entities (time points and/or time intervals). For 
instance, the temporal constraint that the end of a repeated 
action A1 is 1 hour before the starting point of a repeated 
action A2 is actually a constraint between the end of the last 
repetition of A1 and the first repetition of A2. Furthermore, 
the components of the specification of the periodicity of 
repeated events (e.g., inBetween, inBetweenAll) are actually 
constraints on the single repetitions (rather than on the re-
peated event as a whole). But, in the intensional approach, 
one does not want an explicit representation of each single 
repetition. 
Thus, we have chosen to model the constraints regarding 
repeated actions into separate STPs, one for each repeated 
action. Thus, in our approach, the overall set of constraints 
between actions in the guideline is represented by a tree of 
STPs (STP-tree henceforth). The root of the tree (node N1 
in the example in Fig. 1) is the STP which homogeneously 
represents the constraints (including the ones derived from 
the control-flow of actions in the guideline) between all the 
actions in the guideline (e.g., in N1, the fact that the dura-
tion of the chemotherapy is 168 days), except repeated ac-



tions. Each node in the tree is an STP, and has as many 
children as the number of repeated actions it contains. Each 
edge in the tree connects a pair of endpoints in an STP (the 
starting and ending point of a repeated action) to the STP 
containing the constraints between its subactions, and is 
labeled with the list of properties describing the temporal 
constraints on the repetitions (i.e., RepSpec). For example, 
in Fig. 1, we show the STP-tree representing the temporal 
constraints involved by the example Ex. 1 in Section 2.3. 
Additionally, an independent STP must be used in order to 
represent the temporal constraints about the specific in-
stances of the actions of the guidelines, as emerging from 
executions of the guidelines on specific patients. 

4.2 Checking the consistency of a guideline 
In order to check the consistency of the STP-tree, it is not 
sufficient to check the consistency of each node separately. 
In such a case, in fact, we would neglect the repeti-
tion/periodicity information. Temporal consistency check-
ing, thus, proceeds in a top-down fashion, starting from the 
root of the STP-tree. Basically, the root contains a “stan-
dard” STP, so that the Floyd-Warshall’s algorithm can be 
applied to check its consistency. Thereafter, we proceed top 
down towards the leaves of the tree. For each node X in the 
STP-tree (except the root), we progress as shown in the al-
gorithm STPs_tree_consistency in the following. 
 
function STP_tree_consistency(X: STPNode, RepSpec = 
(R1 = <nRepetitions1, I-Time1, repConstraints1, condi-
tions1>, …, Rn = <nRepetitionsn, I-Timen, repConstraintsn, 
conditionsn>)) : STP 

1. check that the repetition/periodicity constraint is 
well-formed (i.e., that repetitions nest properly) 

2. compute Max, i.e. the maximum duration of a sin-
gle repetition of X according to RepSpec 

3. impose in X that the maximum distance between 
each pair of points is less or equals Max 

4. X  FloydWarshall(X) 
5. if X = INCONSISTENT then return 

INCONSISTENT else return X 
 
STP_tree_consistency takes in input the STP-node that must 
be checked (i.e. X) and the repetition/periodicity constraint 
(i.e., the repetition specification in the arc of the STP-tree 
entering node X), and gives as an output an inconsistency or, 
in the case of consistency, the local minimal network of the 
constraints in X considering also the repetition/periodicity 
constraints. 
In step 1 it checks whether the repetition/periodicity con-
straint is “well-formed”, i.e. if it is consistent when it is 
taken in isolation (e.g., if we have R1 = <nRepetitions1, I-
Time1, repConstraints1, conditions1> and R2 = <nRepeti-
tions2, I-Time2, repConstraints2, conditions2>, I-Time2 must 
be contained into I-Time1). In step 2 it computes the maxi-
mum duration of a single repetition. This is obtained by 
considering the time that allows to perform a repetition as-
suming that all the other repetitions have the minimum pos-
sible duration. In step 3 it adds to the STP X the constraints 
stating that the maximum “duration” of X must be the com-
puted maximum duration of a single repetition of X. Finally, 
in step 5 it checks the consistency of the “augmented” STP 
X via the Floyd-Warshall’s algorithm. 
The algorithm takes advantage also of a conversion table 
mapping each input granularity provided to the user (cur-
rently, we do not admit user-defined granularities [Bettini et 
al., 02; Combi et al., 04]) into the basic granularity adopted 
by the reasoning process, and it is trivially correct – since 
Floyd-Warshall’s algorithm is correct. 
 
Complexity. Considering that the number of nesting levels, 
in the worst case, is less than the number of classes, the al-
gorithm is dominated by step 4, that is O(C3), where C is the 
number of actions in the guideline. 
 

Fig. 
1   . STP-tree for the multiple mieloma chemotherapy guideline in Ex. 1. Thin lines and arcs 

between nodes in a STP represent bound on differences constraints. Arcs from a pair of 
nodes to a child STP represent repetitions. Arcs between any two nodes X and Y in a 
STP of the STP-tree are labeled by a pair [n,m] representing the minimum and maxi-
mum distance between X and Y. Sch, Ech, Smc, Emc, Spc, Epc, Sm, Em, Sp and Ep 
stand for the starting (S) and ending (E) points of chemotherapy, melphalan cycle, 
prednisone cycle, melphalan treatment and prednisone treatment, respectively. 
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Property 1. The top-down visit of the STP-tree is complete 
as regards consistency checking of the constraints in the 
STP-tree. 
Proof (sketch). The all-shortest-paths algorithm is complete 
for STP frameworks.  The only constraints relating actions 
(or, better, time points) in different STPs in the tree are lo-
cated on the arcs of the tree, and, by definition, the STP-tree 
does not allow loops between STPs. Since I-Time’s (if any) 
must be provided in a precise (exact) way, they cannot be 
further “restricted” by constraint propagation. Thus, there is 
no need to propagate forward and backward the constraints 
along the tree, and a top-down visit of the tree is sufficient2. 

4.3 Reasoning with the executions of the guideline  
In Fig. 3 it is reported an algorithm for checking the consis-
tency of the execution of a guideline with respect to its re-
lated guideline. In our work, as in most approaches to clini-
cal guidelines, we suppose that one has full observability of 
instances (i.e., all the instances of actions which have been 
executed have been observed and inserted into the knowl-
edge base), and that, for each instance, one knows the corre-
sponding class of actions and/or repetition in the guidelines. 
The procedure integratedConsistency accepts three parame-
ters: T – the STP-tree that describes the constraints about 
classes of actions in the guideline –, E – the STP that de-
scribes the temporal constraints between the instances of 
actions (i.e., the actions that have been executed on specific 
patients) –, and NOW – that corresponds to the time of the 
present. 
For the sake of brevity and clarity, in the following we only 
show a high-level view of the algorithm,. 
 
function integratedConsistency(T : STP-tree, E : execu-
tionSTP, NOW) : STP 

a. check that in the executionSTP there are all and only 
the instances that the STP-tree predicts to be. 

Possible missing instances are hypothesized because 
they may happen in the future;   
// this step deals with the predictive role of the temporal 
constraints about classes (see section 2.2); 
b.  inherit the repetition/periodicity constraints and the 

temporal (non-periodic) constraints from the 
classes to the instances;  
//this step “copies” all temporal constraints (also 
the implicit ones) to the executionSTP; 

c.  propagate the temporal constraints on the execu-
tionSTP, thus obtaining the minimal network; 

d.  check whether the hypothesized instances expected 
in the future may actually start in the future (i.e., 
after NOW)  

 

                                                 
2 Notice, however, that the above reasoning mechanism does 

not provide the minimal network between all the actions in the 
STP-tree. 

Complexity3. Let us denote with C the number of classes in 
the STP-tree and with I the number of instances in the ex-
ecutionSTP. The complexity of integratedConsistency pro-
cedure is O(max{C3, I3}). 
 
Property 2. The integratedConsistency procedure is correct 
and complete as regards consistency checking of the con-
straints in the executionSTP and in the STP-tree.  
Proof (sketch). The proof is based on the fact that all and 
only the temporal constraints specified in the STP-tree are 
inherited on the instances, that the semantics of the temporal 
constraints (including the repetition/periodicity constraints) 
is met, and that correct and complete temporal constraint 
propagation is performed via the all-pairs shortest paths 
algorithm. 

5 Exploiting temporal reasoning within 
Clinical Guidelines systems 

In sections 3 and 4 we have proposed a principled approach 
coping with issues (1)-(4) in section 2.3. The adoption of 
our approach can provide computer-based guideline systems 
with crucial advances. In the following, we discuss several 
facilities that can be designed on the basis of our representa-
tion formalism (see section 3) and constraint propagation 
algorithms (section 4), both during guideline acquisition and 
execution. Although the approach we propose is system-
independent, in some cases we will exemplify it by sketch-
ing how we are planning to implement it in GLARE 
(GuideLine Acquisition, Representation and Execution) 
[Terenziani et al., 01, 02, 03]. GLARE is a prototypical sys-
tem to acquire and execute clinical guidelines, developed by 
the Computer Science Department of the Università del 
Piemonte Orientale of Alessandria (Italy) in cooperation 
with Azienda Ospedaliera S. Giovanni Battista of Torino 
(the second hospital in Italy). 
During acquisition, expert physicians (usually with the help 
of a knowledge engineer) have to represent a clinical guide-
line in a computer-based formalism, considering also the 
temporal constraints it contains. As discussed in section 2.1, 
an automated consistency-checking facility is required to 
grant the temporal consistency of the guideline in a princi-
pled way. Such a facility can be provided through a call to 
the algorithm in Fig. 2, which can be advocated at any stage 
during the acquisition of a clinical guideline, so that incre-
mental consistency checking is also possible. By default, 
consistency checking can also be executed at the end of 
each acquisition working session. 
During execution, a given guideline (e.g., the guideline for 
asthma) is applied to a specific patient (i.e., specific in-

                                                 
3 Please note that we assume a suitable implementation of the 

data in STP-tree and in executionSTP. In particular, we assume 
that, given a class, it is possible to access in constant time to the 
list of its instances and that, given an instance, it is possible to 
access in constant time to its class. 



stances of the classes of actions in the guideline are exe-
cuted). Our algorithm in Fig. 3 can be exploited as the core 
of a user-oriented approach providing several crucial tempo-
ral facilities to user-physicians. Several of these facilities 
rely on the fact that our algorithm, besides checking consis-
tency, also provides the minimal network of the constraints 
between instances (considering also the constraints inherited 
from the guideline). 
 (a) First of all, for scheduling purposes, it is important 
to provide a facility to assess when the next actions have to 
be performed, given the constraints in the whole guideline 
and given the time when the last actions in the guideline 
have been executed. The execution time of the next ac-
tion(s) can be obtained through the steps 1-3:  

1. retrieve the set of candidate next actions through a 
navigation of the control-flow relations in the 
guideline;  

2. apply the algorithm in Fig. 3 to obtain the minimal 
network of temporal constraints; 

3. retrieve the actions’ possible execution-times from 
the minimal network (in the form of distances from 
the last-executed action, or from the origin of 
time). 

By combining this facility with the query answering one 
(see facility (c) below), temporal reasoning can also be used 
in an interactive way to determine schedules which are con-
sistent with the temporal constraints. For example, given a 
pattern A1, …, An of actions in a guideline, temporal reason-
ing can be used in order to answer queries such as “If I per-
form action A1 today at 12 o’clock, when will I have to per-
form A2, …,An?”, or “Is it OK if I perform A1 today at 12, A2 
at 18 and A3 at 20, and, if so, when will I have to perform 
A4?”; 
(b) From the point of view of quality evalua-
tion/assessment, it is important to provide a facility  to 
check whether the temporal constraints in the guideline have 
been respected or not by the instances of actions that have 

been executed (considering also partial – i.e., ongoing—
executions).  Such a facility is directly provided by our algo-
rithm in Fig. 3; 
 (c) One of the main goals of guideline computer-based 
systems is to support decision making. In such a context, 
providing a (temporal) query-answering facility is a crucial 
task. Such a facility can be efficiently implemented on the 
basis of the minimal network provided by our algorithm in 
Fig. 3 (along the lines discussed in  [Brusoni et al., 97], and 
using the locality properties proven in [Brusoni et al., 95] to 
enhance efficiency), both to answer yes/no queries (e.g., “is 
it correct to execute action A now, and action B within next 
two hours?”) and/or to have in output the minimal distance 
between the instances of actions; 
 (d)  Still considering decision making, temporal reason-
ing can be profitably coupled with “simulation” computer-
based facilities to see the temporal consequences of choos-
ing among different alternative paths in a guideline. In par-
ticular, GLARE provides the “what if?” facility allowing 
physicians to discriminate among different alternatives of a 
decision by simulating the consequences of each choice, i.e., 
by visiting the paths in the guideline stemming from each 
one of the alternatives (see, e.g., [Terenziani et al., 02]). 
Taking advantage of the algorithm in Fig. 3, such a facility 
can be extended in order to provide physicians with a way 
of comparing paths from the temporal point of view  (i.e., in 
order to find the maximal and minimal temporal duration of 
each path). This facility can be provided as follows: 

1. For each path Pi to be compared 
2.  Hypothesize the existence of an instance of each 

action in Pi which has not been executed yet 
3.   Apply the algorithm in Fig. 3 to the (exe-

cuted and hypothesized) actions in Pi, to 
determine the minimal network MNi 

4.  Retrieve the minimal and maximal duration of Pi 
from MNi 

 



In our opinion, in order to enhance the generality of the 
temporal reasoning approach, such facilities can be better 
provided by a modular approach, in which a layered Tempo-
ral Server (TS) is loosely coupled with a guideline system 
(see Fig. 4). The clinical guideline system delegates tempo-
ral-related problems to the TS module. The core of TS is the 
temporal reasoner (TR), that consists of the implementation 
of the two temporal reasoning algorithms in Fig. 2 and Fig. 
3, and of the related data structures. The facilities layer uses 
the two consistency-checking algorithms in order to provide 
the facilities (a)-(d) along the lines described above. Moreo-
ver, for acquiring and representing temporal information the 
interface layer may make use of advanced visualization 
techniques such as the ones described in [Combi et al., 99; 
Chittaro, 01; Kosara & Miksch, 2001, 2002]. 

6 Comparisons and conclusions 
In this paper, we propose a principled domain-and-system-
independent approach to the treatment of temporal con-
straints in clinical guidelines. We first motivate the intro-
duction of a new and principled approach to the different 
types of temporal constraints involved in clinical guideline 
management. We then propose a new representation for-
malism, coping with both qualitative and quantitative tem-
poral constraints, and constraints about (possibly periodic) 
repeated events. We also introduce two correct, complete 
and tractable algorithms to perform temporal reasoning  on 
our formalism. Finally, we show how they can be used to 
implement different types of temporal reasoning facilities 
in a clinical guideline system. The formalism and the algor-
ithms in this paper are an integration and an extension of 
our preliminary work in [Terenziani et al., 03; Anselma, 
04]. 
The approach by Miksch et al. [Duftschmid et al., 02] is the 
closest one to ours in the literature. With respect to such an 
approach, we propose an extended language to deal with 
repetitions (e.g., we cope with conditioned repetitions, 

through the ‘while’ and ‘onlyIf’ constructs). Moreover, in 
order to grant the completeness of the constraint-based tem-
poral reasoning process, we had to extend the basic STP 
framework, via the definition of the STP-tree and of the 
related constraint propagation algorithms. Finally, from the 
point of view of end-users, we also provide, besides the fa-
cilities in Miksch’s approach (except temporal constraint 
visualization), the (a) – (d) facilities discussed in section 5. 
In particular, the treatment of the “a-posteriori” consistency 
between the temporal constraints in the guideline and of the 
execution times requires several extensions both from the 
representation point of view (since a separate STP needs to 
be used) and from the algorithmic point of view (since new 
constraint-propagation-based temporal reasoning algorithms 
have to be devised – see sections 4.2 and 4.3). 
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