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Abstract
The Answer Set Programming (ASP) methodology has been recognized to be a viable solution to many practical

applications, including scheduling problems in the Healthcare sector, where ASP proved to be an effective solution

since 2017. In this paper, we present new scheduling problems in such field that have been successfully solved via

ASP in the last few years. The interesting point is that some of these applications either deal with parts of the

Healthcare process that were not previously addressed (i.e., the Pre-operative operations), or needed new solving

approaches in order to be solved efficiently (i.e., the Chronic Outpatients problem solved via a Logic-Based Bender

Decomposition method). For some of the problems discussed, we also provide preliminary experiments not

appearing in previous publications on such problems. For all presented problems, we are also working on more

"practical" issues, like solving rescheduling-related problems, providing explainability features, and implementing

web applications for easy access to such solutions.
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1. Introduction

Answer Set Programming (ASP) [2, 3] has been recognized to be a viable methodology for solving

many practical applications in, e.g. Artificial Intelligence, Bioinformatics, Hydroinformatics, Knowledge

Management, and Databases [4, 5, 6, 7, 8, 9]; more recently, ASP has been applied to solve industrial

applications [10, 11, 12]. Indeed, the simple syntax [13] and the intuitive semantics, combined with the

availability of robust implementations (see, e.g. [14, 15]) make ASP an ideal candidate for addressing

combinatorial problems that naturally arise in these contexts, and to combine ASP with machine

learning approaches (see, e.g., [16, 17]).

More recently, since 2017, ASP has been also applied to solving scheduling problems, and in particular

problems in the healthcare domain. The advent of the COVID-19 pandemic in 2020 significantly im-

proved the interest to the deployment on automated solutions based on Artificial Intelligence techniques

in Healthcare.

AI4CC-IPS-RCRA-SPIRIT 2024: International Workshop on Artificial Intelligence for Climate Change, Italian Workshop on Planning
and Scheduling, RCRA Workshop on Experimental evaluation of algorithms for solving problems with combinatorial explosion,
and SPIRIT Workshop on Strategies, Prediction, Interaction, and Reasoning in Italy. November 25-28th, 2024, Bolzano, Italy [1].
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In this paper, we present recently solved scheduling problems in such field that have been successfully

solved via ASP in the last few years. The problems we will present with are: the Pre-operative Assessment
Clinic (see, e.g. [18, 19, 20]), which deals with the phases before the admission to the Hospital for the

surgical procedure; the Periodic Treatments (see, e.g. the surveys [21, 22]), consisting of planning a care

path over a period of several weeks, in which patients have to perform different treatments respecting

a certain periodicity; the Nuclear Medicine [23, 24, 25], which accounts for scheduling patients that

must use radiopharmaceuticals; the Non-communicable Chronic Diseases Agenda, which consists of

scheduling periodic health services for a set of chronic patients with co-morbidity [26]; and the mid-term
scheduling of surgeons in a hospital network. The interesting point is that some of these applications

either deal with parts of the Healthcare process that were not previously addressed with ASP (i.e., the

Pre-operative operations), or needed new solving approaches in order to be solved efficiently (i.e., the

Non-communicable Chronic Diseases Agenda problem solved via a Logic-Based Benders Decomposition

method [27]). For some of the problems discussed, i.e., Nuclear Scheduling and the Non-communicable

Chronic Diseases Agenda, we also provide preliminary experiments or new analyses not appearing

in previous publications on such problems. For all presented problems, we are also working on more

"practical" issues, like solving rescheduling-related problems (see, e.g. [28]), providing explainability

features (see, e.g. [29] for a preliminary application in the context of Operating Room scheduling), and

implementing web applications for easy access to such solutions (see, e.g. [28]).

The paper is structured as follows. Section 2 describes the afore-mentioned problems, while Section 3

shows novel experiments for some of such problems. Finally, Section 4 outlines further related problems

that have been solved with ASP in this context, and Section 5 concludes the paper and envisages

directions for future research.

2. Application Descriptions

In this section, we describe the most recent ASP applications in the Healthcare domain. One subsection

is devoted to each application.

2.1. Pre-operative Assessment Clinic

The Pre-operative Assessment Clinic (PAC) scheduling problem is the task of assigning registrations to a

day on which patients will undergo a series of pre-surgical exams. The complexity of the problem arises

from the need to account for multiple aspects, including different priority levels for each registration,

due dates, and operators’ availability. The PAC problem is divided into two-subproblems by many

hospitals, including the one from which we derived the specification of the problem. The first one

focuses on assigning the registrations to a day, linking the registrations with a default list of exams

based on the surgical specialty of their procedure. The schedule must respect due dates, which indicate

the latest possible day a patient can be scheduled, and target days, which represent the optimal days for

scheduling, while prioritizing patients with higher urgency. The exams are conducted in specific exam

areas, each requiring an operator to be activated and having a limited available usage time. Operators

can activate up to three different exam areas but can be assigned to only one area per day. The solution

to the first sub-problem involves assigning both the operators to the exam areas and the PAC day for

the patients, ensuring that the total usage time of each exam area remains within its limit. In this

problem, it is important to ensure that it will be possible to treat all the patients that are assigned to a

date, even if the final list of required exams is not known. Thus, in the first sub-problem the solution

assigns patients overestimating the duration and the number of exams needed. In particular, all the

optional exams, such as exams required by smokers or patients with diabetes, are assigned to all the

patients in the first phase. In a later stage, when the operation day is closer, the hospital defines the

final list of exams and it is possible to assign the correct starting time for all the needed exams. Thus,

in the second sub-problem, the solution has to assign the starting time of each exam, having the first

sub-problem already assigned the day. The input consists of registrations, exams needed by patients,

and the exam areas activated. Exams are ordered, so the solution must assign the starting time of each



exam respecting their order and their duration, by considering that each exam area can be used by

one patient at a time. Finally, the solution minimizes the difference between the starting time of the

first exam and the last exam of each patient. Solutions to this problem employing ASP can be found in

[28, 30].

2.2. Periodic Treatments

The Periodic Treatments scheduling problem (see [31] for a solution based on ASP) consists of assigning

recurring appointments over multiple weeks according to a specific care path. A typical use case is

that, after a medical examination, the patient comes with a precise list of treatments, e.g. 10 sessions of

physiotherapy followed by 10 minutes of cardio training, and asks for the scheduling of a certain number

of appointments based on their availability and on the availability of the care facility. Thus, a care path

includes several sessions that must be scheduled according to certain constraints: the weekly-based

periodicity, such as weekly or biweekly, and a minimum and/or maximum number of sessions per week.

Moreover, a session can require multiple treatments and, in this case, they are typically scheduled

on the same day, one immediately after the other, so that the patient can come just once for all of

them. Treatments may also require different instruments or types of machinery and operators, thus the

resources must be properly allocated to patients.

Operators can also be assigned to different tasks during the day, therefore they can be assigned to a

machinery or instrument only if their tasks allow, and they may not be necessary for the total duration

of the treatments, e.g. the patient starts the machinery and then does other tasks. It is also possible that

the care facility operates in multiple locations: in this case, the operators can move during the day if

necessary and we have to take into account the travel time while scheduling the appointments.

Finally, patients may also have preferences for specific days or times for their appointments, as well

as times and days when they are not available.

An optimal solution assigns the patients’ appointments on their desired days of the week and desired

starting times, minimizes the waiting times between treatments within a session and the care path

begins as close as possible to the target week prescribed by the doctor. The operators’ working time is

daily maximized and weekly balanced among the available operators. This can be achieved through

different strategies, such as minimizing the daily working operators or reducing travel time when

operators are required to work at multiple locations.

As said above, the main use case consist in a patient who calls a healthcare provider and receives a list

of appointments. Then the patient can accept the proposed appointments or reject them and negotiate

for other times, dates, and locations. However, another use case is when the healthcare provider collects

a waiting list of patients and assigns their care paths at the same time. This approach has the advantage

of being able to better optimize the working times of the operators and the instruments, although it

makes the negotiating phase with the patients more difficult.

2.3. Nuclear Medicine

The Nuclear Medicine Scheduling (NMS) problem focuses on the challenge of efficiently scheduling

patients for specific days, assigning them to a tomograph and/or an injection chair, depending on

the specific needs of the patients or the requirements of the procedure. Each procedure is associated

with a specific protocol, which is composed of several distinct phases. These phases typically include

anamnesis (the process of collecting the medical history of the patient), a medical check (an evaluation

of the patient’s current health status), injection of radiopharmaceuticals followed by a biodistribution

period (the time required for the radiopharmaceuticals to spread throughout the body), and image

detection (capturing medical images using a tomography). Furthermore, the duration of each of these

phases is not fixed but depends on both the type of exam being conducted and the protocol being

followed [32].

This variability introduces a layer of complexity to the scheduling process, as multiple phases must

be coordinated across a variety of protocols. Moreover, each protocol may require different resources,



times, and constraints, further complicating the task of developing an optimal schedule. A suboptimal

scheduling not only increases the costs of medical equipment but is particularly harmful to patients.

For instance, the timing and sequence of certain phases, such as the injection and the biodistribution of

radiopharmaceuticals, are critical for accurate image detection. Furthermore, clinics may vary in terms

of available resources, such as rooms, tomographs, and injection chairs. These constraints, combined

with differing protocols, mean that each clinic may face different challenges in computing an optimal

schedule.

The goal is to assign patients to time slots within a single day, maximizing resource utilization while

minimizing delays and patient wait times. In general, a proper solution must satisfy the following

conditions: (𝑖) each scheduled patient must have a defined start and end time for every required phase,

(𝑖𝑖) no more than two patients can undergo the medical check phase simultaneously, (𝑖𝑖𝑖) the injection

phase must take place in an injection chair or on a tomograph, depending on the protocol, and (𝑖𝑣)
each injection chair and tomograph can only be used by one patient at a time. Moreover, the solution

aims at maximizing the number of patients that can be scheduled within the clinic’s available resources.

At the same time, the solution should minimize the amount of unnecessary time patients spend in the

clinic, such as waiting for their next phase, since the reduction of patient wait times not only improves

patient satisfaction but also enhances the overall effectiveness of the medical exams, ensuring that each

phase is completed in a coordinated manner.

2.4. Non-communicable Chronic Diseases Agenda

As life expectancy increases in the western world, the number of elderly people is also steadily increasing.

A large percentage of elderly people suffer from several diseases that are noncommunicable, such as

hypertension, diabetes, obesity, just to name a few. Well-established clinical pathways are available for

most of the Non-communicable Chronic Diseases (NCDs); they typically require the patient to receive

treatments or medications periodically, and, as diseases are often chronic, patients must adhere to the

cures for the rest of their life. Often such treatments must be given in a hospital, but, since they are

required only for a few hours, hospitalization is avoided as much as possible, with the twofold aim of

letting the patients live at home with their dear ones and to avoid occupying an expensive hospital bed.

In addition, elderly patients often suffer from several diseases at the same time (called comorbidity),

so they have to follow several pathways, including different treatments, to be provided with different

periodicities, with cures that can be conflicting. For example, if one pathway requires the patient to

take a drug, the effect could invalidate a blood sample analysis (prescribed by another pathway) for

a specific time interval. This is an example of an incompatibility between treatments: one treatment

might invalidate or interact (in a positive or negative way) with another treatment. In other cases, one

service requires another treatment to be performed before or within some deadline; for example, a visit

with a specialist doctor might require that some analysis have been performed before, and the results

must be available at the visit.

The interactions between services (within a pathway or involving two different pathways) generate

a complex combinatorial problem, that a fragile patient might be unable to solve if left alone. For

this reason, we proposed a centralized approach [33], managing all the pathways of the outpatients

receiving services in a hospital. Given a set of patients (each with a clinical pathway), a set of time

availabilities of services at the hospital, the NCD problem consists in assigning to each service required

by a pathway a day and a time, together with an available operator such that (𝑖) a patient does not

have two different services scheduled at the same time, (𝑖𝑖) an operator cannot serve two patients

at the same time, (𝑖𝑖𝑖) each service is provided with the periodicity required by the clinical pathway

(possibly, with some given tolerance), and (𝑖𝑣) in case the problem is unsolvable, some services can

be delivered in a private clinic, but at a higher cost for the national health service, so the number of

services delivered outside the hospital should be minimized.

In order to improve the scalability of the approach, we proposed a decomposition of the whole

problem [33] into a master problem (which assigns to each service scheduled in the hospital a day) and

a sub-problem for each day (which assigns an operator and a time to each service scheduled within the



day). The encoding of the master problem is provided in [34]. In [33], the master problem proposes

to the sub-problems a set of services to be scheduled in the hospital, but the sub-problem might find

impossible to assign a time to all the services, so some service might be assigned to a private clinic.

The decomposition improves significantly the scalability of the approach, but does not guarantee the

optimality of the obtained solution: another solution of the master problem could result in a better

assignment, with a higher number of services provided by the hospital. For this reason, in [26] we

developed the first Logic-Based Benders Decomposition (LBBD) approach in ASP; LBBD guarantees

optimality (given enough time), while usually providing a good performance, due to the decomposition

approach.

2.5. Mid-term scheduling of medical staff at a hospital network

ASP was also applied to the scheduling of medical staff (in particular, surgeons) in a network of clinics;

surgeons have to provide services in a main hospital, plus a network of smaller hospitals in nearby

villages. The distribution of services in several locations clearly poses the obvious problem of allowing

enough time to let surgeons travel from one location to another.

Moreover, the hospital faced several reorganizations due to several factors, including the recent

pandemic, the varying availability of medical staff, and the varying number of provided services. These

changes have exacerbated previous strains to provide working schedules able to cover the service, meet

legal requirements, and be perceived as a fair workload allocation.

The scheduling was previously computed by hand by some of the doctors, who had to do it for free,

outside working hours. Beside being a long and unpleasant task, completely outside the skills for which

a medical doctor is trained, it was also highly error-prone, and several times in the past errors were

found at the last moment, with need to recover the error during emergency situations.

The model of the problem shares similarity with classical scheduling problems; however, while

most of the tasks are assigned on a weekly basis (short-term), others are assigned on a monthly basis

(mid-term). For example, a number of doctors must be available during the week-end, and the same

doctor cannot be assigned more than two week-ends in a month.

An important issue is fairness: among the several tasks in the hospital, some are preferred by the

doctors, while others are less preferred; for example, beside surgery in the operating room, outpatient

activity is carried out in the various locations of the hospital (for example, proctology clinic), so it is

important to rotate the tasks amongst all the available personnel. On the other hand, not all doctors are

allowed to perform all tasks, due to different specialization in the medicine field, but also to illnesses,

conditions, or other regulations (e.g., pregnant women and breastfeeding mothers cannot be assigned

to night shifts).

A naïve approach would be to divide the less preferred tasks in an equal share amongst all the doctors,

but this would conflict with the fact that some doctors can perform many different tasks, while others

are limited to a restricted set of tasks. Moreover, it is impossible to balance the assignment of some of

the tasks in a week, as there are tasks executed only once a week: the balancement must be necessarily

obtained in the long term. In addition, doctors should be assigned to the largest variety of activities

allowed by their skills, to keep them trained on all of them.

To complicate the problem, doctors are routinely asked to work overtime. The overtime is paid

slightly more than a regular working hour, but not enough to make it attractive. Again, fairness in

assigning overtime becomes an important issue.

We developed an ASP-based solution for this problem, with a rolling-horizon approach: the ASP

solver is run for a sequence of weeks. After obtaining the solution for one week, the assignment is saved

into a long-term memory, so that the ASP program in the following weeks can take into consideration

the assignment in the previous weeks. This is important to satisfy hard constraints on the mid-term

(e.g., no three weekends in a month) and also to balance the solution in the long term (even for tasks

executed once a week, at the end of the year they should be divided in a fair way to the available

doctors).

Finally, the hospital often faces reconfigurations (due to the pandemics, but also due to the fact



Table 1
Results scheduling one patient at a time.

Number of treatments BASE BASE_OPT MS MS_OPT

12 treatments (in 6 appointments) 5.21s 3.97s 1.54s 1.07s
18 treatments (in 7 appointments) 7.7s 6.22s 2.44s 1.82s
24 treatments (in 12 appointments) 11.83s 9.78s 5.25s 5.83s
27 treatments (in 9 appointments) 11.63s 9.53s 4.07s 3.59s
36 treatments (in 12 appointments) 17.74s 14.31s 8.4s 7.66s

that some doctor might become unavailable for maternity, illness, etc.); in reconfigurations, some

services have been closed or some services are opened. The presence of an automated scheduling tool

lets the medical staff perform what-if analysis, checking how the schedule would change in case of

reconfigurations, and whether introducing new services would be sustainable with the current staffing

level.

In future work, the assignment could be performed in a hierarchical way, with a monthly assignment

that schedules the tasks with a mid-term periodicity, followed by several weekly assignments that

schedule the remaining tasks. Such configuration could reduce the computation time and possibly

provide schedules with higher fairness for each week.

Another future work concerns addressing the rescheduling problem: currently, in case of major

disruptions (such as unavailability of a doctor), the schedule is rebuilt from scratch, possibly changing

completely the schedule at a short notice. A better approach could change the objective function, and

try to find a feasible schedule (fulfilling the new constraints) with as few modifications as possible from

the previous schedule.

3. Experimental Results

In this section we present some (preliminary) experimental results for two of the problems previously

described.

3.1. Experiments on Periodic Treatments

In [31], we introduced an ASP encoding for the Periodic Treatments scheduling problem and conducted

a preliminary experimental analysis that showed that ASP is a suitable solution for this problem. We

then developed an enhanced ASP encoding which improved the performance. More in detail, we made

multi-shot-based encoding that tries to assign the start of the care path in the optimal week (i.e., the one

requested by the doctor), then, if a solution is found, that is our optimal solution and we stop, otherwise,

we increment and decrement the target week by one in each iteration until a solution is found. This

approach reduces (in most cases) the time spent in the grounding phase, as fixing the starting week

narrows down the possible combinations. Moreover, with enough computational resources, the problem

can be solved in parallel as each sub-problem is independent. Additionally, the search space can be

further reduced by, in a pre-processing phase, computing the time slots in which treatments cannot

be assigned, such as when all the operators are unavailable or instruments are already occupied. The

experiments were run on a AMD Ryzen 5 3600 CPU @ 3.60GHz with 16 GB of physical RAM. As

ASP system, we used CLINGO version 5.4.1, configured with the option –parallel-mode 6 for parallel

execution. The time limit was set to 60 seconds for the scheduling of single patients, and 300 seconds

for the scheduling of multiple patients. Table 1 shows a comparison of the base encoding as presented

in [31] (BASE), the base encoding with the pre-processing optimization (BASE_OPT), the multi-shot

encoding (MS), the multi-shot encoding with the pre-processing optimization (MS_OPT). The data used

in this experiment were randomly generated. In particular, we generated and scheduled one patient at

a time, up to one hundred patients, considering a period of 10 weeks, each with 7 working days and, for

each day, 60 time slots. The facility was in two locations, with 4 operators that could move between



Table 2
Results scheduling lists of patients.

N.Pat/instance Avg.Treat/instance Avg.Time %OPT

5 patients 57 34.61s 100%
10 patients 122 191.3s 70%

5 patients 92 61.12s 100%
10 patients 186 237s 40%

them and one facility had 3 instruments while the other 2. Each patient required between 2 to 3 weekly

sessions, and the optimal week, in which the care path starts, was set in the first 4 weeks of the planning

period. The number of treatments per session, instead, varied between 2 and 3 treatments and with

a duration ranging from 3 to 12 time slots. The optimization on the research space produces a slight

improvement in the average times due to the reduced search space. However, what makes the encoding

definitely perform better is the multi-shot strategy by which the grounding is reduced significantly.

The idea is to avoid the computation of all the possible assignable weeks, but to add an assignable week

at each iteration until a solution is found. This strategy combined with the optimization of the time

slots allowed us to get times more than halved and to solve many instances in a few seconds, which is

ideal for real-world scheduling where it is crucial to have solutions in a short time.

Finally, another scenario is when the healthcare provider schedules multiple patients simultaneously.

The results are shown in Table 2. We generated instances with 5 and 10 patients, until scheduling

one hundred patients, varying the average number of total treatments per instance, i.e., the average

number of treatments per patient. For this scenario, we do not have an actual comparison with the

base encoding and the result presented in [31], as this approach improved performance at the cost of

optimality (column "%OPT" which indicates the percentage of instances for which the optimum is found)

which was, instead, guaranteed in the previous version. However, the results show better scalability

with lower average times and higher percentages of optimum still guaranteeing a sub-optimal solution

for all the instances tested. We have gone as far as instances with 20 patients, although, we could only

get sub-optimal solutions before the time out. This strategy consists of assigning as many patients as

possible in the target week and gradually incrementing and decrementing it if necessary, similar to

the single-patient strategy explained above. Despite this approach does not guarantee the optimum,

performance improvement can be a good trade-off for practical usage.

3.2. Experiments on Non-communicable Chronic Diseases Agenda

In [26], we addressed the NCD agenda problem and compared three alternative approaches; note again

that these three approaches (differently from [33]) are complete methods, i.e., they are able to obtain

the true optimal solution if enough time is allotted. The three approaches are:

• a monolithic approach, in which there is only one ASP program addressing the whole problem,

• an approach based on LBBD, in which both the master problem and the sub-problem are solved

through ASP programs; the two programs are iteratively invoked by an external script,

• a LBBD approach exploiting the multi-shot solving feature of clingo [35] to avoid restarting the

solution process from scratch in each iteration.

The instances were randomly generated with a realistic simulator, based on publicly available medical

guidelines for the most common NCDs.

In these experiments, we consider: 5 Care Units, each having a daily capacity drawn with uniform

probability in the range [24, 60] (in generic time units); for each Care Unit, a number of operators

drawn with uniform probability in [1,4] on each day of the week is available; the duration of services

is randomly drawn in [6,15] and associated with a randomly selected Care Unit; packets made of 4

services at most; a given number of patients, each with a number of pathways in [1,4], with probability



Figure 1: NCD Agenda problem: running time of a Monolithic approach, LBBD and LBBD with Multi-Shot
solving (LBBD-MS) varying the density of requested services.

Figure 2: NCD Agenda problem: running time of LBBD (with and without MultiShot, MS) varying the service
density. The running time of the Master Problem (MP) is drawn in a thin line, while the total running time is in
a thick line.

inversely proportional to the number of pathways. For each number of patients in {10, 20, 40} and

length of the planning horizon in {30,60} days, 20 instances are generated, summing up to 120 instances.

Experiments were run with Clingo 5.6.2 with a time limit of one hour on a Ubuntu 22.04.1 LTS OS,

Intel(R) Xeon(R) CPU E5-2430 v2 @ 2.50GHz machine with 32GiB RAM.

In order to test the scalability of the approach, we sorted the instances by density of the requested

services, where the density is defined as the average number of services requested by a patient in each

day, i.e.:

density =
|Services|

|Days||Patients|
where 𝑆𝑒𝑟𝑣𝑖𝑐𝑒𝑠 is the set of services, 𝐷𝑎𝑦𝑠 the set of days in the horizon, and 𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠 is the set

of patients. In Figure 1, we show the running time varying the density of services; we grouped the

instances in groups of ten, and took the geometric mean of the running time. In case an algorithm

could not solve to optimality the program (e.g., due to out of memory), we assign it the timeout (3600s).

Clearly, as the density of services increases, the instances become harder, up to the point that for the

monolithic approach all instances with a density over 0.45 could not be solved within the timeout

(see Fig. 3). Clearly, the LBBD approaches are significantly faster than the monolithic approach, with

Multi-Shot that provides an additional speedup.

In Figure 2 we compare the two implementations of LBBD and also plot the time required to solve

the master problem. From the graph, the running time of the Master Problem grows up to a density

around 0.4, then it decreases, showing that the Sub-Problems take a significant time.



Figure 3: NCD Agenda problem: percentage of instances that could be solved to optimality within 3600s.

4. Related Work

As we previously mentioned, ASP has been successfully used for solving hard combinatorial and

application scheduling problems in several research areas. In the healthcare domain, the first solved

problem was the Nurse Scheduling Problem [36, 37], where the goal is to create a scheduling for nurses

working in hospital units. Then, the problem of assigning Operating Rooms to patients, denoted as

Operating Room Scheduling, has been treated [38], further extended to include bed management [39] and

adapted to real data [40]. Further problems include the Chemotherepy Treatment Scheduling problem [41],

in which patients are assigned a chair or a bed for their treatments, and the Rehabilitation Scheduling
Problem [42], which assigns patients to operators in rehabilitation sessions. For all the works mentioned,

also rescheduling solutions have been defined, implemented and tested [43, 44, 41], and for many of

them web applications, in which an user can run a solution without the need of local installations, have

been provided.

The authors of [45] schedule multi appointments for rheumatic outpatients at a Hospital Day Service,

where multidisciplinary diagnostic tests and therapies are delivered. Service capacity is known and

deterministic. The problem is encoded into ASP. Patients are partitioned into three classes with

decreasing priority; to reduce computing time the schedule is computed separately for each priority

class.

Out of the healthcare domain, El-Kholany et al. [46] present a decomposition scheme in ASP for Job

Shop Scheduling, driven by a machine learning algorithm. There is no feedback from the Sub-problem

to the Master-problem, each Sub-problem is solved only once, so the resulting algorithm cannot prove

optimality of the found solution (it is a heuristic algorithm). The approach is further improved in [47].

Francescutto et al. [48] solve a variant of the job-shop scheduling problem using Multi-Shot Solving to

perform a sequence of runs of an ASP solver enhanced with Difference Logic; in the runs they change

the bounds to avoid solving a problem with a large grounding in a single run.

5. Conclusion

In this paper, we have over-viewed recent ASP applications for scheduling problems in Digital Health.

Some of the applications deal with parts of the healthcare process not previously dealt with ASP, or

needed alternative solving methods in order to produce efficient solutions. For two of the outlined

applications, we have also presented very recent, unpublished experimental results. As future work, we

first plan to expand this survey and present a complete picture of all ASP applications for scheduling

problems in Digital Health. Then, given that many of our ASP solutions have confronted to other

logic-based formalisms, such as SAT, Max-SAT, ILP, and PB on automated translation of ASP instances,

we would like to extend this analysis to all solutions and include in the picture also SMT solvers (see,

e.g., [49, 50]) when applicable.
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