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1. Introduction 

A crucial feature of computerized clinical guidelines (CGs) lies in the fact that they 
may be used not just as conventional documents (as if they were just free text) 
describing general procedures that users have to follow. In fact, computerized CGs, 
thanks to a description in some semiformal representation language, can also take 
advantage from Computer Science methods and Information Technology 
infrastructures and techniques. In other words, CGs are also executable documents, in 
the sense that they may support clinical decision making and optimize therapeutic 
actions that are to be performed. 

This chapter is organized in two parts: the first part discusses planning in Artificial 
Intelligence (AI), the second part specifically deals with the execution of CGs. 

The area of planning in AI has been considerably developed during the last few 
years, and it is closely related to the topic of execution of CGs. In the first part of this 
chapter, a description of the state of the art of planning in AI, the issues that have been 
already addressed and how they were managed is provided. In fact, although – as 
discussed in this section – AI researchers will probably need to engage in further 
investigation in order to provide planning techniques directly applicable to the 
execution of CGs, it may be useful to have an overview of the approaches devised by 
AI planning community. 

After illustrating the peculiarity the CG domain and its impact on the definition of 
a planning activity, the second part of the chapter provides the description of different 
CG approaches. This section is organized according to the specific tasks that have to be 
performed at CG execution time; specifically, we deal with plan modification, plan 
execution in the strict sense, plan critiquing and plan visualization. 

2. Planning in Artificial Intelligence 

2.1. Introduction 

The goal of this section is to introduce planning approaches in AI, as well as 
problems they engender and solutions, either already achieved or currently explored. 
This section is not meant to be exhaustive, but rather to address central issues related to 
planning in AI. Therefore, an accessible presentation of the area of planning in AI is 
provided, focusing on the general ideas in the area of research on planning, rather than 
on specific features provided by specific planners. The interested reader may refer, for 



example to [Cesta & Milani 2006] for a rapid survey of the area of planning, while an 
in-depth treatment may be found in [Nau et al. 2004]. Please note that, in accordance to 
the nature of this book, we introduce planning at a high level suitable to readers not 
expert in AI, and we neglect technical details. 

Planning is a decision making activity regarding the actions to be taken to reach a 
goal. Traditionally, planning in AI focuses on autonomous agents, such as robots and 
unmanned vehicles. Such agents must be able to act within an environment in an 
autonomous way, i.e., without human intervention. In order to reach such an aim, an 
agent must modify the environment to achieve the desired situation or goal. Therefore, 
it must be provided with a representation of the environment where it operates and 
must be capable to reason in order to devise a sequence of actions enabling it to reach 
its goal. 

Planning has a long tradition in AI. Its very first origin dates back to the 1960s 
[Newell & Simon 1963]. The most influential approach in planning is surely that of 
STRIPS (Stanford Research Institute Problem Solver), the first major planning system, 
developed by Richard Fikes and Nils Nilsson in the early 1970s [Fikes & Nilsson 
1971]. The language proposed for STRIPS still provides the basis of most languages 
used to date for expressing planning problems. 

Key terms in planning are world, action, goal and – obviously – plan. The world is 
the environment which we take into consideration: it is composed by all the entities 
that affect our system. A world state is a “snapshot” of the world, i.e., the description 
of the entities and the properties of the world at a particular moment. An action 
changes the world, i.e., turns a state of the world into another state by changing some 
entities or some properties of the world. A goal is the particular state of the world that 
we desire to reach. A plan is a sequence of actions required to bring the world into a 
goal state starting from a given initial state. 

Note that we consider first classical planning, that is, we assume that the world is 
fully observable (i.e., everything that happens in the world is known to the system), 
deterministic (i.e., an action performed in a state uniquely determines the resulting 
state; actions cannot fail during execution and always produce the expected effects) and 
static (the world cannot change due to events not in control of the system). Then, we 
briefly describe some approaches addressing scenarios in which some of these 
assumptions do not hold. 

More formally, in classical planning, actions and the world are described by means 
of propositional logic. 

A classical planning problem can be characterized by a set of state variables, the 
initial state, the schemata of actions and the goal states. 

More specifically, the parameters that define a planning problem are: 
• a finite set of state variables, i.e., Boolean propositions that characterize a 

state of the world. State variables represent the features by means of which the 
world is described. They are literals in propositional logic; 

• the initial state, described using the state variables; 
• a finite set of the possible actions that can be performed. An action is a 

function that transforms a state of the world into another state. The states can 
be succinctly described by means of propositions over state variables. 
Therefore, actions can be described in terms of two components: 
o the precondition, that is a logical formula over state variables, which 

specifies the set of states in which the action can be performed; and  



o the effect, which describes the resulting states after the execution of the 
action in terms of the changes imposed on the value of the state variables; 

• a finite set of goal states, represented by means of a propositional formula 
over the state variables. 

A plan is a sequence of actions. The solution of a classical planning problem is a 
plan which transforms the initial state in a goal state. 

 
As an example, we adopt a very simple toy problem from [Russell & Norvig 2003], 

the “have cake and eat cake too” problem. This problem is described by means of two 
state variables: Have(Cake) and Eaten(Cake). The initial state consists in having a 
cake (i.e., the state variable Have(Cake) is true). The goal is to have eaten the cake and 
have a cake too (i.e., both Eaten(Cake) and Have(Cake) are true). There are two actions 
available: eat a cake and bake a cake. The action Eat(Cake) has as precondition 
Have(Cake) and as effects ¬Have(Cake) and Eaten(Cake). The action Bake(Cake) has 
as precondition ¬Have(Cake) and as effect Have(Cake). 

The solution of such a planning problem is the plan Eat(Cake), Bake(Cake). 

2.2. Planning with state-space search 

In order to solve a planning problem, one could devise a simple-minded algorithm: (i) 
systematically generate a transition graph with all possible states given by all possible 
sequences of actions, and (ii) find a path starting from the initial state and ending in a 
goal state. Since a path corresponds to a sequence of actions, such path found by the 
algorithm corresponds to a plan. The problem of such a simple approach lies in its 
inefficiency: with as little as 30 state variables, there are 230 = 1,073,741,824 ≈ 109 
possible states (in fact, each variable can be evaluated to be either true or false). 
Therefore, since such a simple-minded approach is unfeasible in practice, it is 
necessary to devise an approach which, for example, does not explicitly generate all 
states beforehand. 

In fact, because of the combinatorial nature of most planning problems, especially 
when dealing with real-world scenarios, a great amount of work in the planning area 
has been devoted to improve the efficiency of planning algorithms. 

2.2.1. Progression planning 

In progression planning, the search for a plan starts from the initial state. At each step, 
the new successor state is generated.  

Progression means computing the successor state of a (current) state with regard to 
an action. By considering the precondition component of the actions, it possible to 
determine which actions are applicable in the current state: they are the actions whose 
precondition formula is satisfied in the current state. By considering the effect 
component of the actions, it is possible to determine the new states resulting from the 
application of the actions by modifying the current state according to the effects: the 
successor state is obtained by adding the positive effect variables and by deleting the 
negative effect variables. 

As soon as a goal state is found (i.e., a state s which satisfies the formula G), the 
search process stops: the solution is the sequence of actions applied in order to reach 
the goal state starting from the initial state. 



In the toy example, it is possible to apply the action Eat(Cake) to the initial state. 
In fact the precondition is satisfied. The successor state is obtained by means of the 
effect component, resulting in Eaten(Cake). 

It is possible to employ classical search algorithms, such as depth-first search or 
breadth-first search.  

2.2.2. Regression planning 

In regression planning, differently from what happens with progression planning, the 
search for a plan starts from the set of goal states. The starting point is the formula 
which describes the goal states. At each step, given a formula representing a set of 
states, an action is selected and the regression operation is applied. Regression consists 
in computing a formula representing the predecessor states of the states represented by 
another formula. Considering the precondition/effect components of the action, the 
predecessor state is obtained by deleting the positive effects from the current state and 
adding the preconditions. As soon as a set of states is found such that it contains the 
initial state, the search process stops. 

It is important to take into account the fact that, while it is possible to select any 
action, it is convenient to guide the backward search by considering the current state. In 
fact, for the sake of efficiency, only actions which actively contribute in reaching the 
initial state are considered. Considering their effect component, these are the actions 
which achieve some literals in the current state and which do not negate any desired 
literals. 

Since, at each step, sets of states are considered, regression planning is potentially 
more efficient (but more complicated to implement) than progression planning, which 
considers only one state at a time. 

In the toy example, it is possible to regress the goal state (i.e., Eaten(Cake) and 
Have(Cake)) with the action Bake(Cake). The regressed state is obtained by means of 
the precondition component, resulting in a state with ¬Have(Cake) and Eaten(Cake). 
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Figure 1. A representation of search space for progression planning (above) and 
regression planning (below). 



Classical search algorithms can be employed also when dealing for regression 
planning. 

In Figure 1 state spaces are represented for both progression planning and 
regression planning. 

2.2.3. Heuristics 

Unfortunately, both progression planning and regression planning perform poorly in 
the domains involving a large number of state variables and actions. 

Therefore, it is necessary to increase the efficiency of the search process by 
avoiding to systematically search the entire search space. This is done by exploiting 
problem-specific knowledge by means of heuristics. In fact, the role of heuristics is that 
of guiding the search process, focusing on those actions which seem more “promising” 
(compared to the others). For example, a heuristics can be an estimate of the distance 
between the current state and the goal states, and focus on actions that decrease such a 
distance. An example of distance is the number of actions to be performed to reach a 
goal state from the current state in progression planning. Thanks to heuristics, planners 
can handle real-sized problems. 

The computation of the exact distance is actually impractical, because such a task 
is as hard as planning itself. Therefore, only estimates (i.e., approximations) are 
feasible. Such heuristics are employed with some well-known search algorithms 
exploiting heuristics estimates are, for example, A* [Hart et al. 1968] and IDA* [Korf 
1985]. 

Most heuristics in search-based planners are based on a particular data structure 
called planning graph [Blum & Furst 1997], which proved to be very effective. A 
planning graph is an approximation of the transition graph and it has some useful 
properties: specifically, it can be constructed very efficiently and it enables to 
accurately estimate the cost of planning from a source state to a destination state. 
Considering progression planning, the destination state is a goal state and the source 
state – at first – is the initial state. As search progresses, new planning graphs are 
constructed, where the source state is the current state. 

A planning graph is composed by a sequence of levels. Each level corresponds to 
a step in the plan (i.e., the first level corresponds to the initial state, the second level to 
the state after the execution of the first action, etc.) and it is composed by two layers: 
one layer containing state variables and another layer containing actions. 

The state-variable layer contains the state variables that could be true in the 
corresponding step. More precisely, it contains the state variables that are true after the 
execution of an action in the action layer in the preceding level. Specifically, these are 
the positive state variables in the effect component of the action. Also inaction is taken 
into account, so a state-variable layer contains also the same state variables of the 
preceding level. The state-variable layer of the first level contains the positive state 
variables in the source state. 

The action layer contains the actions that could be executed in the corresponding 
step of the plan. More precisely, it contains the actions which are applicable according 
to the state variables in the state-variable layer (i.e., the actions whose precondition 
component is satisfied). 

In other words, an action in an action layer has its preconditions in the previous 
layer and its effects in the next layer. 



 
In Fig. 2 the initial planning graph for the “have cake and eat cake too” problem is 

represented. 
Various heuristics are based on planning graphs. As an example of heuristics, we 

consider the set-level heuristics [Nguyen & Kambhampati 2000], which estimates the 
cost of reaching the destination state as the number of levels required to reach the level 
containing all the state variables. For example, in Fig. 2, the goal state “Have(Cake) 
and Eaten(Cake)” has cost 2, because it is at level 2. 

A planning graph is different from a transition graph, because the edges of the 
planning graph are state variables, whereas the edges of a transition graph are entire 
states. Therefore, roughly speaking, planning graphs represent problems which are less 
complicated compared to the original planning problem, because they ignore the 
interactions between and within effects of actions. As a consequence, estimates based 
on planning graphs are “optimistic” estimates, i.e., the estimated cost of a plan is less 
than the actual cost. 

In order to partly limit this optimistic attitude, the planning graph is refined with 
information on mutual exclusion. To illustrate this, two actions mutually exclude each 
other if they cannot be executed in parallel (because, e.g., one negates the effects of the 
other). Similarly, two state variables mutually exclude each other if they cannot be 
achieved at the same step (because, e.g., the two actions achieving the state variables 
are in mutual exclusion). For example, in Fig. 2, the state variables Have(Cake) and 
Eaten(Cake) are in mutual exclusion, because they cannot be achieved in step 1, after 
the Eat(Cake) action. 

By taking into account such mutual exclusion annotations, the set-level heuristics 
can be restated considering the cost as the number of levels required to reach the level 
that contains all the state variables such that no pair of them are in mutual exclusion. 

2.3. Partial-order planning 

Both progression and regression planning generate totally ordered plans, i.e., plans 
where actions are linearly ordered. On the other hand, a partial-order planner [Weld 
1994] does not commit in choosing the exact sequence of every action, but it rather 
“underspecifies” the generated plan, leaving some actions partially ordered, i.e., not for 
each pair of actions is specified which must be executed first. There are some 
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Figure 2. Planning graph for the “have cake and eat cake too” problem up to 
second level. Dotted lines represent “inaction”, i.e., persistence of state variables. 
(Picture adapted from [Russell & Norvig 2004]) 



advantages in partial-order planning: partial-order plans are more flexible and it is 
easier to adapt them to some possible execution failure; such flexibility is useful also 
when combining smaller plans into larger plans, because possible conflicts can be 
avoided by reordering some actions. 

Partial-order planning is based on the least-commitment principle, i.e., never make 
a choice unless required to do so. In other words, a planner must make a choice only if 
it is relevant to solving the current part of the problem. For example, if two actions 
must not necessarily be sequential, they must be left unordered. 

While in progression and regression planning the search is performed in the space 
of states, partial-order planning can be implemented as a search in the space of 
incomplete plans. In this space, a node is an incomplete plan; the starting node is the 
empty plan (usually represented with two dummy actions, Start and Finish). An arc is a 
refinement of an incomplete plan. The final node is a complete partial-order plan which 
represents a solution of the planning problem. While in state-space search incomplete 
plans are extended by adding actions and generating new states, in plan-space search, 
incomplete plans are extended, for example, by adding a new step to the plan and by 
ordering two actions. 

An incomplete plan can be characterized by its open preconditions, i.e., those 
preconditions (or goals) which are not achieved by any action in the plan. Planners 
consider the open preconditions and try to achieve them by refining the incomplete 
plan, until there are no more open preconditions. The refined plan must avoid threats. 
There is a threat if an action, executed at the wrong time, may undo some preconditions 
needed by another action. In other words, there is a threat when an action A achieves an 
effect which is a precondition of another action B and some other action C negates such 
an effect. Therefore, to avoid threats it is important to order the three actions and 
execute action C before A or after B. 

More precisely, a partial-order planner (i) chooses an open precondition, (ii) 
generates a refined plan by adding to the plan an action that achieves the open 
precondition, and (iii) it resolves threats by adding ordering constraints to the plan. If 
the set of open preconditions is empty, then the planner has found a complete partial-
order plan which is a solution of the original planning problem. 

2.4. Planning as satisfiability 

Because of recent advances in propositional-formulae satisfiability testing programs 
(SAT solvers), researchers took interest in studying the reduction of planning problems 
to propositional satisfiability problems (SAT) [Kautz & Selman 1996]. 

A SAT solver is provided with a propositional formula (i.e., a formula consisting 
of two-values variables – true and false – related through the operator of negation, 
disjunction and conjunction). Then the SAT solver determines whether such a formula 
is satisfiable, and which assignments to the variables make it satisfied. 

The basic idea of planning as satisfiability consists in using SAT solvers instead of 
specialized algorithms for solving planning problems. In fact, SAT planners: 

(i) first encode the planning problem in a propositional formula,  
(ii) then exploit general inference mechanisms to solve the propositional 

formula, i.e., to find a truth assignment to propositions such that the formula 
is satisfied,  

(iii) finally, transform the assignment back into a plan. 



Actually, a sequence of propositional formulae F0, F1, …, Fn are iteratively 
generated, where each Fk corresponds to a plan of length k (i.e., composed by k 
actions). The formulae are tested until a formula Fk can be satisfied. At this point such a 
formula is translated into a plan of length k. 

Each formula encodes an entire plan; therefore it contains propositions that 
represent the initial state, the goal states and all the executable actions, with their 
preconditions and effects. According to the truth values assigned to propositions 
corresponding to the possible actions, it is possible to infer which actions are part of a 
plan. 

There are many possible ways to encode a plan in a propositional formula [Kautz 
et al. 1996], different syntactically, but equivalent from the point of view of their 
“semantics”. Some encodings are more compact than others with regard to the number 
of variables and/or to the size of the formulae; moreover different encodings may result 
in quite distinct computational profiles. 

An encoding which has proved to be efficient is based on planning graphs [Kautz 
& Selman 1999] (see section 2.2), with the idea of having a different proposition for 
each instance of an action or of a state variable at each time step. A planner in this case 
is composed by a series of phases: 

1) construct a planning graph of length k; 
2) translate the planning graph to a propositional formula,  
3) run a SAT solver to find a truth assignment for the formula; 
4) if the formula is unsatisfiable, increment k and repeat from phase 1); 
5) if the formula is satisfied, translate back the solution of the SAT problem to a 

solution of the original planning problem. 
A main disadvantage of SAT planners lies in the encoding size; in fact, the number 

of variables and the size of the formulae can be very large and require huge amounts of 
memory. Hence, the importance of having compact encodings. 

2.5. Hierarchical Task Networks 

Hierarchical Task Networks (HTN) [Erol et al. 1994] are based on the idea of 
decomposing a planning problem in a number of smaller (and simpler) planning 
subproblems. 

HTN planning can be viewed as top-down planning. It captures the hierarchical 
structure of a domain: the basic idea is to start from an abstract plan and to reduce it to 
a more concrete plan, by expanding progressively each abstract action into a more 
concrete plan. 

HTN planning is useful when a domain expert can identify standard operating 
procedures to solve parts of a planning problem. 

For example, an abstract action Travel can be reduced to two more concrete but 
still abstract actions: TravelByTaxi or TravelByBus. TravelByBus, for example, can be 
refined to a plan where one first gets the ticket, then travels; in its turn, the action 
GetTicket can be viewed as an abstract action which can be refined to a plan where one 
first checks the ride schedules, then goes to the ticket office and finally buys the ticket.  

Methods define how to reduce an abstract action into more concrete actions (a 
“task network”) which may have some preconditions (for example, the method 
corresponding to TravelByTaxi may have as precondition NotLongDistance). In fact, 
preconditions and effects can include also logical inferences, numeric computations 



and interactions with software packages. Task networks may involve also constraints, 
restricting, for example, the order in which the actions are to be performed. 

A solution of the planning problem is generated by recursively applying methods  
in order to replace abstract actions with actions which are directly executable. 

The definition of HTN is a way to encode user intent, i.e., capture expert advice 
about how to derive desirable solutions. In fact methods can be seen as “recipes”, i.e., 
standard ways, about how to implement abstract plans. Therefore, differently from 
what happens in classical planning, in HTN planning, plans are not generated from first 
principles every time the planning problem has to be solved. 

HTN planners provide several benefits compared with classical planning 
approaches: specifically, they are more expressive and allow to represent some 
problems which could not be represented with classical planning [Erol et al. 1994b]; 
moreover, they are usually much more efficient. This is the reason why many planning 
systems used in real-world domains rely on HTN planning. The disadvantages of HTN 
planners lie in the fact that their definition actually embodies search control knowledge 
about how to derive a solution. As a consequence, it is much more complicated writing 
(and maintain) a knowledge base than writing (and maintaining) classical operators. 
Moreover, they are less flexible, because they cannot handle problems that are not 
explicitly anticipated by domain experts. 

2.6. Extensions to classical planning 

Research in classical planning – active since the early 1970s – achieved thorough 
results. At the beginning it involved essentially toy problems (such as blocks world 
problems), which are quite different from real-world problem. Then, research has 
evolved along two lines. 

The first line of research – active since the beginning and ongoing today – consists 
in dealing with real-sized problem, involving huge numbers of variables and states, 
striving for gaining more efficiency in solving planning problems. As briefly discussed 
in the previous section, in the last few years there has been a significant scale-up in the 
size of the plans that can be synthesized by planners, thanks to both new heuristics 
based on planning graphs and reduction to SAT problems. 

The second line consists in realizing that the assumptions on which classical 
planning relies seldom match with real-world problems. 

Assumptions in classical planning are: 
• the actions are instantaneous, or, in general, have the same duration; 
• resources are described completely by Boolean values, while in real world 

they can have also integer or real values; 
• the environment is completely static: the planner can synthesize a plan before-

hand and then execute it “blindly”, because the world does not evolve 
independently from the actions of the planner; as a consequence, the planner 
does not have to “sense” the environment; 

• the actions are deterministic: if an action is performed in a state, it surely 
results in a specific state; 

• the environment is completely observable: every state of the environment is 
completely known. 

Since this second line is more recent, there is no comprehensive approach that can 
deal with planning problems by releasing all the preceding assumptions, but there is a 
wide variety of approaches addressing only some issues. Since it is not possible to 



cover every significant approach here, only the basic ideas related to such approaches 
will be mentioned. 

2.6.1. Planning with time and resource constraints 

In the previous sections we have described some techniques to solve classical planning 
problem. As stated above, in classical planning we consider what actions are to be 
executed, and not when they will be executed or for how much time their execution 
will require. In other words, in classical planning it is assumed that actions are 
instantaneous and always executable, disregarding time. Moreover, we do not consider 
the case where the actions require resources (e.g., money, equipment, technicians) to be 
executed and how these resources have to be allocated. Traditionally, these two aspects 
of problem solving have been treated as two separate issues, the first one (what actions 
to be executed) in the area of planning, the last one (given a set of actions, when to 
execute each of them in order to obey the temporal and resource restrictions) in the area 
of scheduling. Moreover, scheduling approaches usually consider cost functions, in 
order to have an optimal scheduling as regards to, e.g., total execution time, resource 
consumption, etc. 

One could resolve a problem with time and resource constraints in two phases: in 
the first phase, s/he solves a planning problem, determining a set of possibly partially 
ordered actions that meet the goals of the problem; in the second phase, s/he solves a 
scheduling problem in which temporal and resource constraints are added to the 
solution of the planning problem. However, this approach is not much satisfactory 
since in real world it is possible to have problems in which there are complex 
interactions between the choice of the actions and the temporal and resource constraints. 
For these reasons, in the last years the distinction between planning and scheduling is 
gradually fading and research in planning and scheduling areas has started to merge, in 
order to combine the efforts of the two communities for solving such problems in an 
integrated way. 

A complete account of scheduling techniques and of integration of planning and 
scheduling is outside the scope of this section. Moreover, this is an active area for 
further research in order to fully integrate the results obtained separately in the two 
areas. Therefore, here we limit ourselves to shortly present two different ways of 
approaching the problem. 

Today, the first is the most popular way of approaching the problem. It is also the 
most conservative, since it consists in extending current specialized planning 
approaches for dealing with time, resources and costs. 

These approaches (e.g., SAPA [Do & Kambhampati 2003]) adopt progression or 
regression planning usually coupled with heuristics based on an extension of planning 
graphs called temporal planning graphs. Each action has a duration, a starting time and 
an ending time and may consume or produce resources so that actions have resource-
related preconditions and effects. State variables can assume integer and real values. 
States are augmented with the set of currently executing actions and their starting times. 

In temporal planning graphs, levels are not represented explicitly as in planning 
graphs, but they are represented implicitly, since durative actions span their duration. 

These approaches make it possible to exploit results achieved in the area of 
planning so far, but they lack in expressivity and in completeness of reasoning 
mechanisms [Cushing et al. 2007]. 



The second way makes it possible to have more expressive approaches and is 
based on constraint satisfaction techniques, successfully exploited for scheduling 
problem. 

A Constraints Satisfaction Problem (CSP) [Dechter 2003] is defined by a finite set 
of variables – where each variable is associated with a domain – and a set of constraints 
over a subset of variables, restricting the possible combinations of values that the 
participating variables may assume. A solution of a CSP is obtained by assigning to 
each variable a value that is consistent with the constraints. 

Such framework can express complex temporal and resource constraints and 
supports specialized reasoning schemes, for example for the management of temporal 
constraint networks (STP and DTP [Dechter et al. 1991]). 

There is a wide variety of approaches in planning and CSP with different degrees 
of integration between the conventional planning component and the CSP component. 

For example, Constraint-Based Interval (CBI) planners [Smith et al. 2000] 
represent actions and propositions as intervals and they rely on constraint-based 
techniques to manage the relations between the intervals. Such planners are coupled 
with a CSP component that can act as an add-on, for example, to check whether 
numerical relations such as temporal and resource constraints are satisfied. The main 
drawback of such approaches lies in a lack of efficiency, because the CSP framework 
does not scale well. 

HTN planning is particularly suitable for planning with constraints. In fact – as we 
have seen when we have introduced HTN planning – it is possible to define specific 
constraints for planning subproblems at each level of decomposition (with the 
constraints associated with task networks). Such constraints may impose a wide range 
of restrictions, such as temporal, resource, cost restrictions etc. The decomposition 
derived from the hierarchically structured description of the planning problem allows to 
efficiently propagate the constraints. 

2.6.2. Planning with uncertainty, nondeterminism and incomplete information 

In real-world settings, it is not possible to know a priori the result of executing an 
action. For example, the action may fail during execution, or the agent may have 
incomplete information about the current state which does not allow to foresee what the 
exact outcome of the action will be. 

As in [Russell & Norvig 2003], we consider separately the case of bounded 
indeterminacy, where, for example, it is not possible to anticipate the exact outcome of 
an action, but it is possible to list all the possible outcomes, and the case of unbounded 
indeterminacy, where, on the other hand, there can be completely unanticipated 
outcomes. 

2.6.2.1. Bounded indeterminacy 
Regarding bounded indeterminacy, two different approaches have been proposed 

to deal with these problems: nondeterministic planning and probabilistic planning. 
As regards nondeterministic planning, it is possible to devise two planning 

methods: conformant planning and conditional planning. 
In conformant planning [Goldman & Boddy 1996] planners do not rely on 

observations in order to adjust the plan: in fact the goal of conformant planning is to 
find non-sensing plans that work in all possible environments starting from a (partially) 
unknown initial state. In other words, conformant plans are composed by a sequence of 
actions that reach the goal for all possible contingencies, i.e., for any actual initial state 



and for any nondeterministic effect of the actions. For example, if the goal is to clear a 
desk, a possible conformant plan could be to sweep a bar across the desk, no matter 
what objects are actually on it; if the goal is to paint a chair and a table the same color, 
a conformant plan would prescribe to paint both the chair and the table even if would 
be less expensive to paint only one of them (or none, if they are already the same color). 
In many cases, conformant plans are costly or do not exist at all.  

Nondeterminism and incompleteness in conformant planning can be avoided by 
moving into the space of belief states. Thus, conformant planning problems can be 
formulated as classical planning problems [Bonet & Geffner 2000], with belief-state-
space search. Belief states are sets of states deemed possible by the agent. This way, a 
conformant planning problem can be cast as the problem of constructing a plan from an 
initial belief state to a set of final belief states. An action is applicable to a belief state if 
it is safely applicable to any state in the belief state. As a result, actions 
deterministically map one belief state to another and classical algorithms and heuristics 
can be easily adapted to solve conformant planning problems. Despite these results, 
conformant planning is harder than classical planning, because the number of belief 
states is significantly higher than the number of state in the original problem. In fact, 
given P propositional state variables, belief states can be up to 2P. A number of 
different approaches have been investigated in order to deal with efficiency, such as 
symbolic model checking [Cimatti et al. 2004] and compilation to SAT [Castellini et al. 
2003] [Hoffmann & Brafman 2006]. 

In conditional planning (or contingent planning) [Weld et al. 1998], we assume the 
capability of the agent to sense the environment during execution, so there may be 
observations affecting the selection of the next actions. The goal of conditional 
planning is to generate plans that apply different actions depending on the 
contingencies arisen during the plan execution. For example, in order to paint a table 
and a chair the same color, it is possible for the agent first to sense their colors and, if 
the color is already the same, the goal has been already achieved; otherwise, the agent 
senses the color of one piece of furniture and paint the other one the same color. The 
plan does not vary during execution, but the planner, at planning time, builds into the 
plan some “sensing steps”. At execution time, the agent senses the world at such steps 
and decides to follow a specific branch depending on what it has observed. Usually 
observations are modeled as a particular type of actions, i.e., sensing actions. The 
approach of conditional planning is pursuable if the actions have unpredictable effects, 
but it is possible to have a set of the possible effects. 

In conditional planning, observability can be either complete or partial. With 
complete observability, the agent always knows the current state (even if, because of 
nondeterminism, it is not able to predict the outcome of its actions). With partial 
observability, the agent does not know every aspect of the current state or, in other 
words, cannot uniquely determine what the current state of the world is. 

The case with complete observability is the simplest case. It is possible to model 
the problem as an And-Or search problem. This can be represented as a graph where 
the edges are in disjunction if they correspond to the different actions between which 
the planner can choose, and in conjunction if they correspond to the various outcomes 
of a sensing action. This results from the fact that in a conditional plan the planner must 
choose which “normal” action has to be performed, but it has to take into account all 
the possible outcomes of the sensing actions. 

The case of conditional planning with partial observability shares some similarities 
with conformant planning, which can be considered as a special case where no 



observation at all is possible. Therefore, the problem can be formulated as a search 
problem in the space of belief states [Bonet & Geffner 2000], as for conformant 
planning. In conditional planning with partial observability, however, the search space 
is an And-Or graph, as described above. 

Since the search space can be huge, a blind search is infeasible and it is necessary 
to use heuristic functions with some heuristic search algorithm for And-Or search 
spaces and compact encodings of the search space [Bonet & Geffner 2000] [Hoffmann 
& Brafman 2005] [Bertoli et al. 1997] 

 
As regards probabilistic approaches, uncertainty is dealt with by means of 

probabilistic models. While in nondeterministic approaches an action may have more 
than one outcome without “preferences” between them, in probabilistic approaches the 
outcomes of an action have an associated probability distribution, i.e., the possible 
outcomes are labeled with their respective probabilities.  

The probabilistic frameworks are very different from the approaches described so 
far. They are based on Markov Decision Processes (MDPs) and their extensions 
[Boutilier et al. 1999]. The solution of an MDP problem is not an actual plan, but a 
policy, which contains a mapping from any state to the action that should be taken in 
that state. Partially Observable Markov Decision Processes (POMDPs) [Kaelbling et al. 
1998] are an extension of MDPs which can deal with the case of partial observability. 

The MDP framework is highly expressive in handling stochastic dynamics and 
uncertainty, and it is possible to specify a variety of objective functions and 
optimization goals. However, it has some major drawbacks. In fact, it provides an 
inadequate representation of time (it is usually assumed to be atomic), and it is highly 
expensive from a computational point of view: it is prohibitive to represent real-sized 
planning problems. Moreover, such frameworks need accurate estimates of distribution 
probabilities, which are difficult to acquire. However, recently some smooth transitions 
between pure nondeterministic approaches and probabilistic approaches are being 
investigated, in order to unify both approaches in a unique framework with imprecise 
or qualitative estimates (see, e.g., [Trevizan et al. 2007]). 

2.6.2.2. Unbounded indeterminacy 
Unbounded indeterminacy is a more realistic assumption for CG application: actions 
can fail in unexpected ways, the goals or even the environment itself may change 
during the execution of the plan. Moreover, it may be infeasible, or costly, to explicitly 
represent such great amount of information. In this setting, it is not possible to build 
into a plan a branch for every possible contingency, as in conditional planning, and it is 
necessary to perform some form of planning during execution, when some unexpected 
event occurs. 

This line of research has not much been explored at date. As far as we know, it 
includes few applicative works and even fewer methodological works. 

With unbounded indeterminacy, plan execution requires more than blind 
adherence to the previously generated plan, and the agent should be monitoring the 
environment and the actual effects of its actions [Myers 1999]. When an unanticipated 
event is detected, the agent has to make a decision at runtime in order to formulate a 
new plan (replanning) or to adapt the current plan (repairing) [Fox et al. 2006]. In 
devising the new plan, the agent may have to be conservative, because, for example, 
the part of the plan already executed has made some commitments with some external 
agents and they cannot be disrespected. 



As examples of unanticipated events there may be failures in the execution of 
some actions and changes in the environment state so that some needed information is 
no longer available or the preconditions of the remaining steps in the plan are no longer 
valid. 

2.7. Beyond planning in Artificial Intelligence 

Traditionally, planning community has almost exclusively stressed the aspect of 
planning related to the automatic generation of plans from the domain theory and the 
problem specification. We have provided a rapid survey on the general ideas at the 
basis of planning in AI. We started with describing the main approaches in classical 
planning, which exhibits well-established results but it relies on many limiting 
assumptions, that prevent it from being directly applicable to the domain of CGs. Then 
we moved to describe some extensions to the classical planning paradigm that relax 
some assumptions. In this case, the research is on going and – as far as we know – 
there is not yet a comprehensive approach that deals with all the features needed in 
CGs, which require to support at the same time at least resources, costs, temporal 
information, partial observability and unbounded indeterminacy [Miksch 1999]. 

Moreover, research in planning under-addressed other very important related 
topics. In fact, beyond synthesis, the plans may also be acquired from experts, or 
automatically learnt. For example, as described in the next section, in CGs skeletal 
plans are used, which cannot be directly executed but have to be “refined” beforehand. 

Plans have to be considered in a more general context, where the generation of the 
plan is only the beginning, and the whole plan lifecycle management has to be 
considered (see, e.g., [Miksh 1999] for the medical domain and [Srivastava et al. 2005] 
for IT systems). 

Another under-addressed problem consists in supporting some level of interaction 
with users, such as mixed-initiative problem solving, where there is some form of 
collaboration between humans and computers. Planning systems would be not 
completely automatic but would assist humans, for example, in verifying plans and 
control resources, so humans could exploit their expertise and intuition in order to 
exercise some level of control.  

3. Planning in the clinical guidelines context 

3.1. Introduction 

Differently from planning in non-medical contexts, planning in medicine, and in the 
clinical guidelines management domain in particular, does not require to edit a general 
procedure from scratch, since such a procedure typically already exists. Actually, CGs 
are exactly a set of suggested actions, to be followed in a suggested order,  provided by 
a committee of experts.  Nevertheless, the form in which CGs are issued may often be 
imprecise or at least not completely constrained, or may include different uncertainty 
elements. As a matter of fact, CGs can be seen as skeletal plans [Friedland 1985], i.e. 
schemes which capture the main lines of a procedure, but leave space for execution 
time adjustments and selections among alternatives, both in the actions to be completed, 
and in the actions flow. 



In order to better examine the characteristics of planning in the CG management 
domain, we first need to clarify what we mean for state, action and state transition 
[Montani 2006] in the process modeled by the CG itself. 

It is straightforward to define the concept of state as the set of patient’s parameters 
that are measured for taking decisions and for assessing therapy outcomes. Each 
parameter is a state variable. In particular, the state variables should enumerate all the 
patient’s parameters useful to describe her or his health status. Nevertheless, a 
particular CG will require only a subset of them; moreover, when a CG is applied to a 
specific patient, the set of required parameters can be further reduced, basically because, 
when instantiating the CG on that patient, some CG paths will not be followed (because 
they do not fit the patient’s features). Anyway, some required state variables might still 
be missing in practice. 

State transitions are changes in the patient’s state variables, due to the effect of an 
action. In particular, we can consider the state transition between time t and time t+1 as 
due to all the work actions (i.e. the medical procedures actually executed on the patient) 
between the two time instants. Actually, this is a simplification, since patient’s 
parameters can vary due to exogenous reasons (by exogenous, we mean “not due to any 
action described in the CG”). Typically, some state variables can change because the 
patient becomes older, or because s/he catches another disease. To explicitly represent 
all these possibilities, one should be provided with a whole model of the patient’s 
behavior and of all the stochastic variables that could influence it. This kind of 
information is normally not explicitly available in clinical practice. However, the 
probability that a set of actions (typically implementing a therapy) produces a certain 
effect on a patient (i.e. the probability of a certain state transition) is a number 
introduced in the CG as provided by the medical literature: this number is obtained by 
drawing statistics on real cases, and real cases cannot separate the effect of the therapy 
from the exogenous effect.  

The same action might have a different duration, or uncertain effects when applied 
to different patients, due to the single persons’ peculiar characteristics. In case of 
problems, actions can also be suspended or substituted with others. 

Given these clarifications, we can now summarize the most relevant characteristics 
of planning in the CG management domain - see also [Miksch 1999]: 

• information about the patient state may be incomplete; 
• state variables could change due to exogenous reasons, whose effect cannot 

always be easily distinguished from the one of intended (therapeutic) actions; 
• effects of actions on the patient states may be non-deterministic; 
• an action duration might change, due to various (and maybe unpredictable) 

reasons; 
• actions might have vanishing or delayed effects; 
• plans might need to be suspended. 
These features, along with the observation that a CG can be considered just as a 

skeletal plan, render the management of uncertainty and of temporal issues very 
relevant in our domain, and lead us to say that planning in the CG context can be more 
properly interpreted as a problem of optimized execution: actually, a significant support 
to CG execution and to environment and patient peculiarities adaptation needs to be 
provided to physicians. 

More specifically, four main tasks need to be accomplished at execution time 
[Miksch 1999]: 



1. plan modification (in order to change/adapt a skeletal plan to the actual and 
current patient and hospital local needs); 

2. plan execution (in order to perform the –possibly modified – activity flow); 
3. plan critiquing (in order to analyze the CG as it was executed in the past, with 

the aim of ameliorating performances in its future adoptions); 
4. plan visualization (in order to provide proper representation and 

communication facilities to users who execute the CG in clinical practice). 
In the rest of the chapter, we will therefore analyze the recent contributions by the 

main groups of researchers working on systems for the computerized management of 
CGs, according with this categorization. Links to other chapters of the book, treating in 
greater detail some of the cited aspects, will be provided where appropriate.   

3.2. Plan modification 

Plan modification probably represents the largest and most interesting task among the 
ones listed in section 3.1; as a matter of fact, in their conventional, paper-based form, 
CGs often present population-oriented recommendations, and are usually far from 
being point-of-care facilities [Peleg 2003]. Several approaches to deal with the issue of 
CG change and tuning, involving different methodologies, have thus been proposed in 
the literature.  

Schematically, they can be subdivided as follows: 
• approaches that deal with CG adaptation; 
• approaches that deal with non-compliance management. 
In the rest of this section, we will provide some examples of contributions falling 

in each of the two categories outlined above. 

3.2.1. CG adaptation 

It has been observed that CG dissemination and integration into clinical practice should 
recognize the multiplicity of working settings and information system environments, 
within which the CGs themselves are meant to be implemented [Boxwala 2002].  

In particular, CGs management systems, to make CGs really usable in practice, 
need to deal with two types of adaptation: (i) local adaptation, i.e., adaptation to local 
constraints (see also [Cabana 1999]) in local settings (e.g., hospital resources 
availability, available practitioners’ skills), and (ii) cultural adaptation, i.e., the 
adaptation related to the fact that different countries and/or cultural settings may have 
different degrees of acceptance of specific clinical procedures, and/or local best 
practices. Moreover, a closely related problem is what we call (iii) upgrade adaptation, 
i.e., the fact that, periodically, CGs have to be updated in order to include relevant 
novelties in the clinical field (e.g., new therapies) and, possibly, to remove obsolete 
choices.  

Different computer-based approaches to local adaptation have been proposed in 
the literature.   

[Terenziani 2004] proposes to extend the CG representation formalism to take into 
account the resource requirements associated with each action (and, therefore, to each 
alternative path in the CG): only those actions (paths) whose resource requirements can 
be satisfied in the given context (e.g., hospital) can be executed. The approach provides 
an algorithm that takes in input a “general” CG, and a list of all the locally available 



resources, and gives in output a new CG, in which all the paths containing non locally 
executable actions have been pruned away.  

[Peleg 2006] deals with the double problem of local adaptation and of integration 
with the patient’s electronic medical record, and tests the approach on a real-world CG. 
The authors observe that the two issues at hand have significant affects on the encoding 
of the CGs, including change of algorithm design, definition of decision criteria, and 
specification of data items that are referenced by the decision criteria themselves. 
Therefore, CG adaptation and integration with the medical record should be considered  
as early as possible, as they also have major impacts on the CG final format. 

Always as concerns the adaptation based on resources availability, one abstract 
solution which has been proposed is to have a high-level description of the CG 
intentions, in order to ensure the adaptability of the procedure to different contexts still 
preserving the CG intentional objectives [Shahar 1996]. Such an approach has been 
followed in CAMINO [Fridsma 1996], a tool that provides a user-friendly interface to 
modify (e.g., by adding/removing/changing actions) a CG, using additional information 
about the hospital. 

[Boxwala 2002] suggested an approach in which the dependencies between actions 
in a CG can be explicitly described, and where users’ modifications to a general CG 
must respect these dependencies.   

The above solutions provide facilities to help physicians modifying CGs 
(consistently with the CG intentions and/or functional dependencies), but basically deal 
just with local adaptation. 

A more recent contribution [Terenziani 2007], on the other hand,  focuses on an 
integrated treatment of cultural and upgrade adaptation, by supporting cooperative 
work in the domain of CGs’ definition and maintenance,  by (i) distinguishing between 
different levels of authors and by (ii) maintaining the history of the updates of the CGs. 
To this end, the authors introduce a three-layered architecture, in which the cooperative 
work  facility, available trough an interface layer, is based on a query language and on 
a data model layer. Such an approach proceeds by properly extending classical 
Temporal Databases semantics in order to cope with the issues introduced by 
cooperative work. This methodological contribution will soon be implemented within 
the system GLARE [Terenziani 2001].  

The interested reader will find additional aspects on CGs adaptation in chapter 8. 

3.2.2. Non-compliance management 

Despite the efforts to facilitate CGs’ adoption and integration in real-world 
environments, provided by the tools for computerized management of CGs, and more 
specifically by the adaptation facilities described in the previous section, physicians 
may decide to not follow the CG indications.  

Basically, these non-compliance episodes may emerge due to two categories of 
reasons: 

1. the physician has to face a somehow unpredicted situation, which was not 
(properly) considered when the CG was issued; 

2. her or his professional opinion is different from the one expressed in the CG, 
and s/he does not completely trust the CG itself. 

Keeping track of such deviations from the default CG execution, and documenting 
the physician’s motivations, is clearly an added value. Moreover, repeated alterations 
of CG tasks (or flow) may indicate an improper or weak initial CG definition, and 



might be used as a starting point for suggesting a formal CG revision to a committee of 
expert physicians.  

Non-compliance with CGs are treated in GUIDE [Quaglini 2001]. The system 
allows a user to redirect, delay, or be non-compliant with a CG task. Non-compliance 
may lead to the execution of a different task, still chosen among the ones described in 
the CG (e.g. by altering the control flow), or to the definition of a new task: in this case, 
the operator has to select it from the SNOMED taxonomy. The requirement is that the 
intention of the CG is still reached, even if by means of a different procedure. 
Intentions allow to verify whether the physician is still compliant with the CG at a high 
level (i.e. s/he still shares the CG goals), even when an exception is generated at the 
low level (because s/he has changed some tasks or execution flows).  

A formal description of intentions is provided in EON [Musen 1996], PROforma 
[Fox 1998] and Asbru [Shahar 1998, Duftschmid 2001]. In Asbru, in particular, any 
CG modification is released only after its high-level compliance with the CG intentions 
has been verified by means of a rule-based system. Asbru verification facility also 
allows to discover anomalies (such as non-satisfiable conditions) that were originally 
introduced in the CG during the acquisition phase.  

Other works address the issue of CG verification, e.g. by means of model checking 
[Baumler 2006, Giordano 2006] or theorem proving [tenTejie 2006] techniques. 
However, the principal aim of these works is to discover logical inconsistencies in the 
CG or to prove particular properties it exhibits, while in this section we are basically 
interested in keeping track of non-compliances (typically to a well-formed CG) due to 
reasons of type 1 and 2 presented above. Chapter 4 of this book treats verification 
issues.  

Finally, the work in [Montani 2007] proposes an approach for managing non-
compliance with CGs, based on the Case-based Reasoning (CBR) methodology. In 
front of a new non-compliance case, the tool allows the physician to retrieve past 
situations similar to the current one, and to decide whether to re-apply the same CG 
modifications adopted in them. Moreover, the tool is able to learn indications from the 
ground non-compliance cases, that can be deployed to suggest CG revisions. This 
CBR-based management of non-compliance is more “lazy” with respect to the 
discussed literature approaches, since it does not aim at checking on-the-fly the 
adherence of a modification to the original CG intentions, thus it does not model goals 
or verification rules, whose elicitation might be extremely hard and time consuming. It 
simply supports physician’s revisions by showing past non-formalized examples that 
match the current context, and leaves her/him the responsibility of the final decision. 
Keeping track of such cases requires a very limited knowledge acquisition effort (since 
just the instances of CGs as they were edited and executed in the past have to be stored), 
and small memory requirements (since non-compliances are expected to be infrequent). 
Then, when some cases related to the same context have been acquired, the approach  
tries to learn some more general suggestions for CG revisions from them, thus 
preparing a structured proposal supported by a set of concrete implementations.  

In the literature, CBR has often been resorted to in order to maintain knowledge 
about exceptional situations (see, e.g., [d’Aquin 2006, Marling 2001] as applications in 
the medical domain). In particular, in [d’Aquin 2006], a CBR approach has been 
devised to support the physician in adapting a specific therapeutic protocol to an usual 
situation (we could say: in defining a non-compliant version of the protocol; the 
protocols at hand can be seen as skeletal plans). Nevertheless, only temporary 



variations of the protocol, for a particular patient, are considered. Long-term protocol 
changes, obtained from frequently performed adaptations, are not dealt with.  

In particular, the issue of reorganizing the case base in order to learn well-defined 
suggestions for supporting CG revision, which is a significant need [Bates 2003] in 
practice, appears to be a relevant and original contribution of the approach in [Montani 
2007]. 

3.3. Plan execution 

After a possible modification phase, carried out along the lines described in the 
previous section, CGs need to be executed, i.e. applied to a real patient in a real 
environment. 

In order to support physicians in this task, a large number of the computer-based 
systems for CGs management proposed in the literature have integrated “execution” 
facilities [Peleg 2003].  

However, existing execution engines are mainly proprietary developments by the 
authors of the models, showing peculiar choices and a somehow limited generalization 
capability.  

A few exceptions to this statement exist, represented by systems in which: 
• the authors have made the effort of operatively integrating the CG process 

with the organizational environment characteristics and needs, basically taking 
advantage of workflow management systems concepts; 

• the authors have enhanced the system functionality by means of decision 
support methodologies, basically meant to help physicians in taking non-
trivial (therapeutic) decisions (i.e. decisions in which no alternative is actually 
better than the others, from a strictly clinical viewpoint). 

These two types of contributions will be discussed in the next subsections. 

3.3.1. Integration with the organizational environment 

The system GUIDE [Quaglini 2001], which has been built on top of enterprise 
workflow standards and tools, is probably the most representative system able to 
integrate CGs with the organizational environment in which they are meant to be 
applied. 

Workflow management systems integrate domain and organizational knowledge to 
support business processes. When applied to the medical environment, and in the 
domain of CG implementation in particular, they may be used to manage care delivery 
by enhancing co-operation among healthcare professionals.  

Despite the fact that most of the written CGs implicitly define a workflow process, 
healthcare organizations are very different from industrial or commercial companies. 
Their main goal is not profit, but maintaining and improving the health of the public: 
therefore, outcomes are difficult to measure; moreover, physicians are quite 
independent decision-makers; finally, patients themselves may be involved in choosing 
treatment options. For these reasons, the standard functionality of typical workflow 
management systems needs to be strongly enhanced in order to cope with healthcare 
delivery needs.  

In particular, the Patient Workflow Management System developed in GUIDE is 
based on a detailed model of both the medical work process (i.e., the CG) and the 
organizational structure. The authors have also developed a mechanism for translating 



the CGs into a computational formalism, precisely a Petri Net, which takes into account 
the specific organization characteristics and allows allocating resources for managing a 
specific patient in daily practice [Dazzi 1997]. 

Also Peleg’s group has started working on the topic; they have mapped instances 
of the GLIF ontology to the reference model of the Workflow Management Coalition 
using Protégé ontology mapping rules [Peleg 2004]. This model can be mapped further 
on Petri Nets for verification of structural properties and for studying the system 
behavior. 

The authors of GLIF have also investigated an approach of Guideline Execution by 
Semantic Decomposition of Representation (GESDOR) [Wang 2003]: while 
developing a common standard for CG modeling seems to be impractical, the various 
models share common tasks and elements on an implementation level in an execution 
engine. By mapping these primitive tasks - such as data collection, decision making, 
branching, and synchronization as well as auxiliary tasks such as criterion evaluation 
and event management - GLIF and PROforma models have been successfully executed 
by the GESDOR engine. Ultimately, GESDOR might become a universal execution 
engine for CG models [Wang 2003]. However, while GESDOR is a generalization 
from concrete CG execution engines, it is still not based on or compatible with 
industrial workflow engines and the question whether these generalized tasks can be 
mapped to workflow standards like XPDL or BPEL remains open. 

3.3.2. Decision support for CG execution 

Several techniques for supporting decisions in CG execution have been proposed in the 
literature. Some of them are rather simple approaches, in which, e.g., a first-order 
language is adopted to represent rules aimed at selecting among (therapeutic) 
alternatives in the CG [Peleg 2003].  

More complex approaches may be distinguished in two main categories: (i) 
probabilistic frameworks, and (ii) temporal frameworks. 

Among the approaches in category (i), we need to cite the GLARE system 
[Montani 2006, Montani 2007b], which embeds decision theory concepts to support 
therapy selection. The authors start from the observation that in several situations no 
alternative is really “better” than the others, from a strictly clinical viewpoint, and CGs, 
being skeletal plans, are only meant to present all the range of choices, leaving to the 
user the responsibility of selecting the “right” one. Even when resorting to a computer-
based system for CGs management, just “local” information, describing the decision at 
hand, are normally shown to the user. On the other hand, the possibility of obtaining a 
complete scenario of the decision consequences (in terms of the probability of the 
different therapy outcomes, of therapy utilities, and of money, time and resources spent 
following the different paths), would be clearly an added value for physicians. In 
clinical practice, various selection parameters (such as the costs and effectiveness of 
the different procedures) are sometimes available when executing a CG, but the task of 
comparing and balancing them is typically left to the physician. Decision theory seems 
a natural candidate as a methodology for affording this analysis: the authors thus 
propose a mapping between CG primitives and decision theory concepts, on which they 
are building the implementation of a tool able to automate the different alternatives 
comparison and to provide quantitative results. 

Always in category (i), we find the contribution of GUIDE [Quaglini 2000]. As 
anticipated in section 3.3.1, in GUIDE, before being executed, a CG is translated into a 



high-level Petri Net, a rigorous formalism for modeling concurrent processes. The 
resources, necessary for performing CG-based activities, are also represented by means 
of an organizational model. This allows the execution of the Petri Net for simulating 
the implementation of the CGs in the clinical setting. The purpose of the simulation is 
to validate the model and to suggest the optimal resource allocation before the system 
is installed (see also [Peleg 2004]). Finally, the workflow management technology is 
applied in GUIDE in order to support CGs execution; the domain needs required to 
augment the typical workflow management systems with the flexibility and the 
uncertainty management, typical of the health-care processes. In particular, the authors 
have chosen to resort to decision trees and influence diagrams in order to select among 
alternatives, in the case of non-trivial choices, as the ones illustrated in the case of 
GLARE. 

Approaches in category (ii) offer support for representing and/or reasoning with 
temporal information. Temporal information can consist in constraints about duration 
of actions, delays between actions and periodic repetitions of actions. In this category, 
several approaches should be cited. 

GLIF [Ohno-Machado et al. 1998; Peleg et al. 2000] deals both with temporal 
constraints on patient data elements and with duration constraints on actions and 
decisions. 

In PROforma [Fox et al., 98], it is possible to define constraints on the 
accomplishment of tasks, as well as task duration and delays between tasks. Moreover, 
temporal constructs can also be used in order to specify the preconditions of actions. 

DILEMMA and its successor PRESTIGE [Gordon et al. 1996] model temporal 
constraints within conditions. 

EON [Musen 1996] 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 
abstraction. In EON, the Arden Syntax allows the representation of delays between the 
triggering event and the activation of a Medical Logic Module (MDL), and between 
MDLs [Sherman et al. 1995]. 

While the above-mentioned approaches stress the representation aspect of temporal 
information, other approaches deal also with the reasoning aspect, i.e., drawing 
inferences on the basis of temporal information. Some examples are represented by the 
approaches of the Asgaard/Asbru project [Shahar, 98] [Duftschmid et al., 02] and of 
GLARE project [Anselma et al. 2006]. 

In [Shahar 1998b], the goal of temporal reasoning is to find out proper temporal 
abstractions to data and properties. Interpolation-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 1998; Duftschmid et al., 02]. In particular, in 
Miksch et al.’s approach, different types of temporal constraints – 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 a Simple Temporal Problem (STP) framework [Dechter et al. 1991]. 
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 feasible time intervals for the execution of each guideline activity. 



Moreover, advanced visualization techniques are used in order to show users the results 
of temporal reasoning [Kosara 2001]. 

In [Anselma et al. 2006] the authors provide a temporal representation formalism 
for temporal constraints including periodic constraints and reasoning mechanisms 
(performing inferences in the form of constraint propagation). They devise a Temporal 
Server loosely coupled with a CG system; they describe an implementation in GLARE, 
but the approach is system independent. The CG system delegates temporal-related 
problems to the Temporal Server. The authors show how the Temporal Server can be 
exploited in order to provide CG systems with different temporal facilities. Specifically, 
during the CG acquisition phase, it enables to represent temporal constraints and to 
check their consistency. During the execution phase, it allows the physician to check 
the consistency between action execution times and the constraints in the CGs, and to 
provide query-answering and temporal simulation facilities (e.g., when choosing 
among alternative paths in a CG). 

A good general introduction to temporal reasoning in medicine can be found in 
[Augusto 2005]. The topic of temporal abstraction is further investigated in chapter 5. 

3.4. Plan critiquing 

Expert critiquing systems were introduced since the 1980s, with the aim of supporting 
medical decision making, and operated by providing critique on a physician’s decisions, 
rather than telling him/her exactly what to do [Miller 1986, van der Lei 1991]. The 
expert critiquing system paradigm can be fruitfully adopted in medical CGs as well, 
and allows an analysis of possible non-compliance episodes with the CG itself (see also 
section 3.2.2). Nevertheless, two major limitations with “classical” critiquing systems, 
which make them hardly acceptable in practice, can be recognized: (i) the fact that 
these systems do not cope with deviations from the underlying model, and (ii) the fact 
that these systems are not able to deal with the question why a physician was 
performing an action (which is clearly essential to provide a grounded critique) [Sips 
2006].  

To address both limitations, [Shahar 1997] and [Advani 1998, Advani 2002] have 
recently suggested to perform critiquing by assessing the compliance of a physician’s 
intentions with the intentions behind a CG.  

Asbru, EON, GUIDE and PROforma can support critiquing, since their languages 
formally specify intentions [Peleg 2003], with Asbru having the most extensive 
intention-modeling capacity [Peleg 2002] (see section 3.2.2). In detail, a critiquing 
system must determine to what extent a CG has been followed by the physician in 
order to provide adequate critique. Hence, starting from a general high-level intention, 
the critiquing system must search through the possible execution of the CG, to see if it 
was correctly matched. In [Sips 2006], in particular, a framework for intention-based 
matching of physicians’ actions is reported. In particular, the distance between the 
prescribed CG actions and the practically implemented ones  is calculated, after having 
generalized the CG details (e.g. by substituting specific drugs with the drug group to 
which they belong – like, for instance, quick response insulin). This approach is 
currently being tested within the Asbru project, in which the CG skeletal plan is 
defined, while the single sub-plans to be selected to reach the CG target are not. Instead, 
these plans are found basically by matching their intentions with those demanded by 
the skeletal plan.  



Similar critiquing efforts might be rather easily integrated in EON, GUIDE and 
PROforma; we also direct the reader to section 3.2.2 for a more comprehensive 
treatment of non-compliances in the state-of-the-art literature. 

3.5. Plan visualization 

Paper-based CGs are typically represented using flowcharts, decision tables, or plain 
text. These representations are badly suited for complex medical procedures. 
Formalized languages for representing CGs, such as the ones adopted in the CGs 
management systems described in the literature [Peleg 2003], are able to solve these 
limitations, but they incorporate many concepts from Computer Science, and are not 
very usable for physicians as well. Visualization enhancements and user-friendly 
graphical interfaces are therefore needed in practice. 

The most significant contribution in this direction is provided by the system 
Asgaard/Asbru. In Asbru, the authors use graphical metaphors to make the underlying 
concepts easier to grasp, employ glyphs to communicate complex temporal information, 
and colors to make it possible to understand the connection between the topological 
view and the temporal view available in the system [Kosara 2001]. 

Moreover, they are developing CareVis – an interactive visualization method to 
integrate and combine classical data visualization with the visualization of treatment 
information in terms of logic and temporal aspects [Aigner 2004]. Through CareVis, 
Asbru provides multiple simultaneous views to cover different aspects of a complex 
underlying data structure of treatment plans and patient data. These tightly coupled 
views exploit visualization methods well-known to domain experts and are designed to 
facilitate users’ tasks. Complex effects borrowed from photography and 
cinematography are resorted to as well [Kosara 2002]. The user-centered development 
approach applied for these interactive visualization methods has been guided by user 
input gathered via a user study, design reviews, and prototype evaluations. 

For a more detailed description of facilities for CG visualization, we suggest the 
reader to refer to chapter 9. 

4. Conclusions 

We have discussed the topic of planning from the different perspectives of Artificial 
Intelligence and of Medical Informatics. 

As regards planning in AI, we have described classical planning approaches and 
some heuristic techniques. Moreover, we have observed the differences between the 
area of planning in AI and that of planning in Medical Informatics, most of which are 
due to the specific features of the field of medicine. Then, we have illustrated some 
recent extensions to the classical planning paradigm, addressing temporal and resource 
information support, as well as uncertainty and incomplete information support. We 
concluded that, in the light of recent developments of planning in AI, the difference 
between planning in AI and planning in Medical Informatics is gradually becoming 
less prominent, even if a comprehensive planning system suitable for dealing with CGs 
has not been devised yet. 

Regarding planning in the CGs context, many diverse formalisms and tools for 
supporting CGs execution have been proposed, with diverse features and various strong 



points. We have described the varied approaches along four main tasks to be 
accomplished when executing. 

Plan modification regards adaptation of a skeletal plan to a specific patient and 
hospital. This issue has been addressed along two lines: (i) adaptation to local settings, 
such as hospital resources, adaptation to different countries and cultures and support for 
the evolution of CGs, and (ii) non-compliance management, addressing unpredicted 
situations and deviation from CG because of divergence of opinion among  physicians. 

Plan execution in the proper sense also has been addressed along two lines: in fact, 
it has been regarded as (i) ensuring integration with organizational and information 
system environments, exploiting, e.g., workflow management systems, and (ii) 
providing decision support during the execution and performing inferences on the 
available data (about, e.g., resources and time) in order to support physicians to 
perform fully informed choices when dealing with clinical actions to be taken. 

Plan critiquing deals with the problem of assessing the compliance of a 
physician’s intention with the intentions behind a CG, in order to provide critique on 
past physicians’ decisions for improving the CG in future executions. 

Plan visualization addresses the issue of communication between computerized 
CG management systems and users who execute CGs. 

The heterogeneity of approaches in literature, with their different peculiarities, has 
allowed to explore many aspects of CGs execution. However, it is a limitation when it 
comes to integration of CG systems both among themselves and with the 
organizational environment (e.g., workflow management systems). As a consequence, 
these issues are still open for future investigation. 
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