


approa
h is ideal for de
ision support in this setting.For a realisti
 study of the admission s
heduling prob-lem of di�erent patient groups, we developed an agent-basedsimulation tool in a 
ooperation between a
ademia and theCatharina Hospital Eindhoven (CHE), the Netherlands. TheCHE is a large university-aÆliated general hospital whi
ho�ers international state-of-the-art medi
ine for, amongstothers, 
ardiothora
i
 surgery (CTS) and intensive 
are inaddition to the required basi
 medi
al 
are. In this paperwe address the admission s
heduling of CTS patients whereea
h relevant hospital unit is represented by an autonomousagent. The following features are in
luded: patient 
hara
-teristi
s in
uen
ing the patients' priority and pathway in thehospital, un
ertainty related to the duration of stay at thedi�erent hospital units as well as medi
al rules and prefer-en
es of the involved units. Resour
e availability is limitedand un
ertain due to the in
ow of other surgi
al patientsand the arrival of emergen
y patients. The latter may 
ausethe blo
king of patient throughput at the ICU. We base ourwork on an extensive data analysis and several interviewswith experts from the CTS unit and the ICU of the CHE.Simulation experiments demonstrate the tool's fun
tion-ality. The patient throughput realized by the agent-basedadmission s
heduling system is 
omparable to the perfor-man
e of the human planners at the CHE. What-if s
enariosallow for the evaluation of di�erent s
heduling and bed allo-
ation poli
ies. Additionally, an optimizer for determiningan optimal bed allo
ation is in
orporated based on a pre-de�ned obje
tive fun
tion. To the best of our knowledge,this is the �rst agent-based model and simulation systemfor patient admission s
heduling that in
ludes multiple pa-tient groups and resour
es and that is based on real hospitaldata and 
urrent s
heduling pra
ti
e. The agent-based sim-ulation and evaluation tool is suitable for de
ision supportin pra
ti
e.The remainder is organized as follows. First, we dis
ussrelated work in Se
tion 2. Next, a des
ription of the hos-pital domain and a model for patient 
ows is presented inSe
tion 3. The agent-based simulation model with its de
i-sion stru
tures and input and output elements is des
ribedin Se
tion 4, followed by simulation experiments reported inSe
tion 5. Finally, in Se
tion 6 we provide our 
on
lusionsand an outlook on future work.
2. RELATED WORKEarlier work in Operations Resear
h mainly fo
used onsingle resour
es, su
h as operating rooms, intensive 
are bedsor diagnosti
 fa
ilities su
h as in [2℄ or [3℄. We 
onsider 
om-plex treatment pro
esses requiring multiple hospital units.The work reported in [4℄ and [5℄ provide theoreti
al resultsfor bed utilization levels for deterministi
 patient treatmentpro
esses. We o�er a more operational approa
h whi
h 
andeal with sto
hasti
 treatment durations and routing. More-over, our approa
h is very 
exible and 
an be easily adaptedto other settings. The simulation model presented in [6℄ fa-
ilitates the evaluation of aggregated bed allo
ation poli
ies.Our approa
h allows for an in-depth analysis of allo
ationstrategies also on the level of di�erent hospital units. Addi-tionally, the e�e
t of (small) 
hanges in bed allo
ations 
anbe evaluated using the agent-based simulation tool.Also in the literature on agent-based s
heduling, the hos-pital domain has been addressed. In [1℄ the issue of 
on
i
thandling in patient s
heduling is studied. However, the dy-

nami
s of the problem, like sto
hasti
 treatment durationsand sto
hasti
 routing, as well as di�erent patient 
hara
ter-isti
s are not 
onsidered. Patient planning in [7℄ is based onmedi
al wellness fun
tions of patients. This solution, how-ever, does not s
ale suÆ
iently and does not 
onsider thesto
hasti
 features in
orporated in our approa
h. Randomtreatment durations and routing between treatment stepsare, however, very important to 
onsider be
ause they per-turb the hospital units' s
hedules. Multiple appointmentsin an outpatient setting have been studied in [8℄. Their ap-proa
h assumes a prede�ned treatment path whi
h does nothold in our problem setting. Also no sto
hasti
 appointmentlengths were 
onsidered.
3. DOMAIN DESCRIPTION AND MODEL

3.1 Hospital domainIn general, a hospital 
an be divided into several, medi-
ally spe
ialized, 
are units [1℄. Hospital 
are units like nurs-ing wards provide treatment and monitoring and are typi-
ally dedi
ated to a medi
al spe
ialty su
h as orthopedi
sor 
ardiothora
i
 surgery. Hospital 
are units that are 
om-monly shared by di�erent spe
ialties are the operating room(OR) unit, where medi
al spe
ialties are assigned time slotsfor performing surgi
al pro
edures, and the intensive 
areunit (ICU), where patients with serious to life-threateningdiseases are monitored. Often, the ICU is divided into sev-eral subunits 
hara
terized by di�erent 
are levels. Carelevels indi
ate the intensity of 
are and monitoring. We dis-tinguish intensive 
are (IC), high 
are (HC) and medium
are (MC), in de
reasing order. Another important partof the ICU is the post anesthesia 
are unit (PACU) wherepatients re
overing from anesthesia are monitored. Unless
ompli
ations o

ur, patients stay at the PACU only for afew hours before returning to another hospital unit. Somehospitals also have designated ICU areas for medi
al spe
ial-ties, e.g. the Coronary Care Unit (CCU) for heart disease.We denote the set of 
are units relevant for our domainby U with U=fCTS-OR, IC, IC-HC, MC, CCU, CTS-HC,CTS-PACU, CTS ward, og1. o denotes the possible desti-nations of a patient's dis
harge from the hospital whi
h arehome or other 
are fa
ilities, but also mortality.For providing patient 
are at a hospital unit, resour
esare required. Relevant resour
es are ORs and hospital beds.Usually, ORs are available between 8 a.m. and 5 p.m. Hos-pital beds may also be opened only for a 
ertain time period.This is typi
ally the 
ase at the PACU. We assume that re-sour
es are sta�ed and equipped with spe
ialized fa
ilities.In order to a

ommodate patients at the appropriate 
arelevel, ba
k-up 
apa
ity may be used. This means that anadditional bed is opened at the respe
tive 
are unit or that apatient is temporarily a

ommodated at another unit until aregular bed is available. At the CHE, the CCU serves as asba
k-up for the ICU. Usage of ba
k-up 
apa
ity is undesiredand will be a

ounted for in the output of our model.
3.2 Model of patient flows1The pre�x CTS indi
ates that a hospital unit is (partly)dedi
ated to CTS patients, e.g. OR time slots assigned tothe CTS spe
ialty. The HC is divided into IC-HC, whi
his shared by di�erent spe
ialties, and CTS-HC whi
h o

a-sionally allows other patients as well.
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Figure 1: Representation of type I patient pathway3
We distinguish between s
heduled patients (i.e. ele
tivesurgi
al patients from the waiting lists) and non-s
heduledpatients (i.e. emergen
y patients in urgent need for surgi-
al and/or intensive 
are). Furthermore, we assume thatpatients 
an be grouped on the basis of their required treat-ment steps and respe
tive expe
ted duration. In a hospital
ontext, the duration of a patient's stay at a hospital re-sour
e is referred to as Length of Stay (LoS). The abovegrouping of patients is 
ommonly based on diagnosis relatedgroups [9℄, expertise of medi
al spe
ialists, or ma
hine learn-ing te
hniques as in [10℄.The set of patient 
ategories resulting from this groupingis denoted by C. We de�ne a patient path (also referredto as pathway) of 
ategory 
 2 C as the sequen
e of a
tu-ally required treatment operations and the respe
tive LoS.Spe
i�
ally, we fo
us on 
omplex (surgi
al) patient paths inwhi
h OR and di�erent postoperative 
are departments areinvolved. All possible pathways of patient type 
 2 C aremodeled as a probabilisti
 graph [11℄, G
 = (N
; A
; P 
),where the set of nodes, N
 � U , represent the involved hos-pital units and the set of ar
s, A
, represents the possibleadja
ent treatment operations. The length of stay of a pa-tient of 
ategory 
 2 C at hospital unit u 2 N
 is modeledas a random variable, LoS
u, that follows a probability dis-tribution PLoS
u . P 
 is the set of 
onditional probabilitydistributions de�ned on A
 withP 
 = fPr(vju; 
; t)ju 2 N
; (u; v) 2 A
; t � 0g for 
 2 C:(1)Pr(vju; 
; t) represents the probability that 
are providedby unit v is required given that a patient of type 
 has beenadmitted to unit u for t time units.

3.3 Case study at CTSThe following is based on an extensive 
ase analysis in theform of numerous expert interviews and data analysis. Inthe CHE 
ase study for the CTS, four types of patient path-ways (type I to IV) were identi�ed. Type I and II patientsare CTS patients, for whom the �rst postoperative 
are fortype I and II patients is indi
ated as CTS-HC and CTS-PACU, respe
tively2. The type III pathway 
orresponds tothe treatment pro
ess of emergen
y patients who arrive un-expe
tedly. The type IV patient path represents the in
owof other surgi
al patients in the system.The pathway of typeI patients is depi
ted in Figure 1. Here, type I patients un-dergo surgery in the OR time slots allo
ated to the CTSspe
ialty, denoted as CTS-OR. After surgery, they are ad-mitted to the CTS-HC and are expe
ted to return to theCTS ward on the following day. There is a 15% 
han
e that
ompli
ations require an admission to IC or MC3 for type I2The de
ision for a type I or II path is based on a preoper-ative assessment of the patient's 
lini
al 
ondition.3The a
tual patient routing may deviate from the medi
alindi
ation depending on the available beds at the respe
tive
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Figure 2: Interferen
e of CTS, other surgi
al andemergen
y patient pathways3
patients4. Patients admitted to IC or MC are subsequentlytransferred to the CTS ward. If type I patients no longerrequire medi
al 
are and monitoring in the hospital, theyare dis
harged and leave the system5. Figure 2 shows thefour types of patient pathways and their interferen
e. Bydashed ar
s, the possible pathways of type II patients aredepi
ted. Type II patients follow a fast-tra
k variant of thetype I path. Postoperative 
are is performed at the CTS-PACU and type II patients are expe
ted to return to theCTS-ward on the day of surgery. Severe 
ompli
ations o
-
ur rarely with 
orresponding probabilities of an IC or MCadmission given as 5% and 15%, respe
tively3. Con
erningtype III and IV pathways, we fo
us on their possible interfer-en
e with type I and II patients at IC, IC-HC, CTS-HC andMC. The pre
eding and su

essive treatment steps of typeIII and IV patients do not need to be 
onsidered be
auseother dedi
ated resour
es are used. Type IV patients areprimarily admitted to the IC-HC. If IC-HC beds are s
ar
e,IC or CTS-HC beds may be used.
4. AGENT-BASED ADMISSION SCHEDUL-

ING SYSTEMIn the following, the agent system for s
heduling patientadmissions is des
ribed. For the analysis and design, themethodologies in [12℄ and [13℄ were taken into a

ount. Inthe development phase, the model and system were fre-quently dis
ussed with hospital planners at the CHE. Theresulting system was approved by the CHE domain experts.
4.1 OverviewFigure 3 provides an overview of the ar
hite
ture of theagent system. The system 
omprises two types of agent: ORs
heduling agents and resour
e agents. The OR s
hedulingagent represents the CTS spe
ialty and is responsible formanaging the CTS-OR s
hedule. Resour
e agents a
t on be-hospital 
are units. Patients may only be transferred to ahigher 
are level than indi
ated. The pro
edure is des
ribedin detail in Se
tion 4.2.2.4The ward round at the CTS-HC is s
heduled at 10am dur-ing whi
h patient transfer de
isions are taken. This impliesthat the LoS at the CTS-HC 
an be 
onsidered as determin-isti
 and t is irrelevant in (1). The same holds for type IIpatients at the 
losing of the CTS-PACU.5Compli
ations requiring re-admission or re-operation 
anbe easily in
orporated in our model. In the 
onsidered CTS
ase, however, they were irrelevant be
ause they o

ur onlyex
eptionally (in about 0.6% of the 
ases).

47












