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Abstract. Based on experiences with ti@RBIS Dienstplaisystem [12] — a
nurse rostering system that is currently used in about 6@h@ehospitals — this
paper describes how to use constraint processing for atitorastering. In prac-
tice, nurse rostering problems have many varying parasiéféorking time ac-
counts, demands on crew attendance, set of used shiftsingditke models, etc.
Hence, rostering requires a flexible formalism for repréisgrthe variants of the
problem as well as a robust search procedure that is ablep® with all prob-
lem instances. The described approach differs in mainlypwiats from other
constraint-based approaches[1, 22] to rostering.

On the one hand, the used constraint formalism allows thegiation of fine-
grained optimization tasks by fuzzy constraints, whichsteomay partially sat-
isfy and partially violate. Such constraints have been tsegtimize the amount
of working time and the presence on the ward. In contradijtioamal frame-
works for constraint processing consider only crisp caists which are either
completely violated or satisfied. On the other hand, the ritestt system uses an
any-time algorithm to search for good rosters. The tradéti@onstraint-based ap-
proach for solving optimization tasks is to use extensidrth® branch&bound.
Unfortunately, performance of tree search algorithms iy @ensitive to even
minor changes in the problem representatioRBIS Dienstplanintegrates the
branch&bound into local search. The branch&bound is useehtble the op-
timization of more than one variable assignment within anprovement step.
This search algorithm converges quickly on good rosters additionally, en-
ables a more natural integration of user interaction.

Keywords: Employee Timetabling, Commercial Packages, Artificiatligence,
Constraint Based Methods, Soft Computing, Local Search.

1 Introduction

The objective of rostering tasks is to label employees withoaking (or idle) shift
for each day of a certain period of time. Hence, these probleray be viewed as
constraint satisfaction problems (CSP), that concern skigament of values out of a
known domain to a finite number of variables [19]. This agidescribes a system for
solving nurse rostering problems of various kinds by caistrbased reasoning.

The nurse rostering syste@MRBIS Dienstplah— a collaboration of theGWiI-
SIEDA GmbH Kaiserslauterwith the German Research Center for Artificial Intelli-
gence (DFKI)}— is currently operational in about 60 hospitals and in firpatements

! The system is currently sold under different trade marks.



[12,14]. This article describes representation and searahprototype on constraint-
based rostering that reflects the lessons learned from themeecial system. From the
perspective of research on constraint reasoning, thersyesstemplifies an integration of
branch&bound search into iterative search algorithmgshesmore, this system demon-
strates how to use soft and even fuzzy or non-crisp conssrixiom a constraint library

that is inspired by common practicednnstraint logic programming (CLHL3].

Nurse rostering is a comparably hard rostering task sinifeadsignments are re-
quired to comply with many different constraints concegniest time, preferred se-
guences of shifts, working time accounts, compensatiorooking shifts on weekends,
the expected expenditure of work and, last but not least)@mps’ preferences. Sev-
eral authors stressed the relevance of constraint-basmbdseto solve nurse rostering
problems [1,5, 22]. As Section 5 describes in detail, thekpoesented here differs in
two major points from these approaches:

1. In several realistic situations, constraints on a rastanot be satisfied completely.
Consider, for instance, the case that some overtime wor&dsssary to guarantee
a crew of appropriate size on the ward. In these cases, nostering is rather a
problem of constraint optimization than a problem of cceistrsatisfaction. Con-
sequently, special techniques had to be invented to opticompliance witlsoft
and partlyfuzzy constraints

2. All approaches from the literature apply several heiggsivhich exploit charac-
teristics of the current application. Such heuristicsriesthe applicability of the
resulting system to some special instances of nurse rogtedere, for instance,
only three shifts — early-morning shift, late shift, nightit— have to be assigned
to the nurses. In contrasdRBIS Dienstplais applicable to arbitrary sets of shifts
including longer day-turns and on-call duties. Additiopatameters of the prob-
lem comprise working time accounts and a specification oframal respectively
preferred size of crew attendanitet may differ from day to daybviously, such
flexibility requires much more generic search procedures.

Additionally, constraint-based representations of nucstering problems are quite
large. Since one needs a variable for each nurse on eachodégting problems typ-
ically comprise 150 to 1200 variables. The structure of thiestraints between these
variables characterize nurse rostering as a problem ofdagtputational complexity.
This paper is organized as follows: The first technical sectiresents a represen-
tation of nurse rostering as constraint problem. This eaditarts with the description
of a special formalization of constraint problems that eeveptimization aspects as
well as use of constraint libraries. Based on this formaliamepresentation of roster-
ing problems is given. The next section briefly describesstaedard algorithms for
searching constraint optimization problems: Iterativpiiavement and branch&bound
search enhanced by constraint propagation. This sectioclumes with an integration
of both search paradigms that may be considered as anvtesstarch allowing com-
plex improvement steps. However, this integration of caxpinprovements raises the
guestion of how to distinguish promising from useless improent steps. The next
section presents a heuristic that turned out to be sucdessthis task. Finally, a con-
cluding section provides a comparison to related work: {ig pfroposed formalization



of soft constraints relates for instance to tlued constraint satisfaction (VCSfoy-
malism [3, 16]. (2) Literature on compelling systems for swaint-based nurse roster-
ing is used to point out the differences of this approach edate of the art in this
field.

2 Rostering Problems as Constraint Optimization

The basic framework for the proposed representation oérivgt problems originates
from theconstraint satisfaction problem (CS®hose basic ingredients are variables,
a set of values called domain, and constraints that impagations on how to assign
values from the domain to variables. This section develoftsraal representation of
rostering problems in two steps:

(1) The traditional notion of constraint problems is extethdo deal with optimiza-
tion. Additionally, constraints are derived fromcanstraint library, i.e. the problem
representation refers explicitly to a numbeicofstraint typesut of a library that pro-
vides elaborate methods of reasoning on constraints.

(2) In a second part, this section presents the requiredradmstypes and the way
they are used to represent rostering problems. Rostergaesented by an assignment
of shifts to variables. Constraints represent demands proppate rosters.

2.1 Hierarchical Constraint Optimization Problems

Problems of constraint satisfaction or optimization condée task of finding assign-
ments of values from a certain domdinto variables from a seX. These assignments
have to respect constraints from a etSpecializations of this general task differ with
respect to the representation of domains (numeric or fiett®@ksymbols), constraints
(binary or out of a constraint library), and the way that doaiats assess assignments
(hard or soft constraints). Rostering problems requirerg general and therefore quite
complex framework for the representation of constrainbfems.

Assignments to the variables X represent rosters. In order to distinguish better
from worse rosters, the constraints of a rostering problefind a preference order-
ing > among assignments (rosters) in such a way that- A, holds true for two
assignmentsl; and A, iff A, complies better with the constraints thdn. Each con-
straintc € C states a valuation of the assignments to some of the vasiabl& by
use of a propagation method that is provided lopastraint library. The effect of such
propagation methods can be described by a fungtidhat maps assignments to the
local variables to @egree of constraint violatioa\ constraint violation of) says that
the assignment satisfies the constraint whereas a degtdaditates a total violation.
Values in between these extremes represent a partial aonstiolation. Thus, con-
straints of this framework aneon-crispor fuzzyin the sense that there is something in
between complete violation and complete satisfaction.

Specifications of constraints comprise some more attrshinterder to enhance ap-
plicability of propagation methods since the implememwtatof these methods often
requires a large effort. A parameteenables the user of the constraint library to adapt
the used propagation methqdto the current optimization problem. Two additional



attributes of constraints specify which constraints areenimportant than others. The
hierarchy levelh of a constraint is a positive integer that represents thatcaint’'s
categorical importance: Each constraint of a more impotérarchy level is more
important than all constraints in the levels of lower impoxte together. Traditionally,
hierarchy leveD is the most important hierarchy level comprising the maodaton-
straints [4]. Additionally, each constraint exhibits a gleti. in order to state its gradual
importance. This means that importance of constraifitse same hierarchy levglows
with their weight. In contrast to hierarchy levels, satisfymore constraints of smaller
weight may be preferred to the satisfaction of a single cairgtof larger weight. These
commitments result in the following definition of a consirteiormalism.

A hierarchical constraint optimization problem (HCOR)a tupleP = (X, D, C)
whereX is a set of variabled) is a finite set of values, and is a set of constraints.

A constraint(h, w, ®, p, ¢) € C is composed of thaierarchy levelh € Ny, the
constraint’s weights € R™, the vector ofn local variablese € X™, the parameter
p € P, and thedegree of constraint violatiop : P x D™ — [0; 1].

Let A be an assignment of values frabhto all variables inX andA | ® resultin
avectord € D™ whered][7] is the value that is assigned#i] by A.

The weight of an assignmeritin hierarchy level is defined as

(A= Y woppAla).

(hwwp)eC

AssumeA; and A, to denote two assignments of values fréhto the variables inX,
then the preference ordering— that distinguishes less from more preferred assign-
ments — is defined as follows: i, violates some mandatory constraints (hierarchy
level 0) to a degree larger than 0 — equivalentxg A;) > 0 — and A, satisfies alll
mandatory constraints — equivalentf(A;) = 0 — then A, is better than4; or

Ay - Aq. Ay = A, holds additionally true otherwise, iff both assignmentis§athe
mandatory constraints and there is a hierarchy léveth §2;(A;) > £2;(A,) and for

all levelsj with 1 < j < i: £2; (A1) = £2;(As).

According to this definition, an assignment that satisfiesiahdatory constraints is
preferred to an assignment that violates some mandatostredmts. Two assignments
that both violate mandatory constraints are considerecetedually bad. Preference
referring to the soft constraints is determined accordirthé most important hierarchy
level where one assignment violates less important canréhan the other assign-
ment. Of course, HCOP is related to other generalizatiotiseo§tandard CSP, namely
lexicographic VCSP [3, 16]. Please refer to section 5 fottferr notes on this issue.

2.2 Rostering Problems as HCOP

The first task in representing real world problems as a caimstproblem is to identify
the variables and the domains. In our representation, draimsvariable is generated
for each nurse on each day in the roster. The planning pesitgically a month, i.e.
30 or 31 days. In the following;;; denotes the constraint variable of nuism day;.
Variablez;; is labeled with the shift that nurgehas to serve on day The descriptor
of a shift is typically composed of a letter representing shét type that is followed
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Fig. 1. The constraints on a roster.

by a number. Example$:1l represents early-morning shift variant32 is the second
variant of a late shiftN1 is a night shift. Often, longer day-turns like3 are used in
addition. The descriptors* and ‘—’ denote idle shifts whereas holidays are indicated
by UL. Shifts have three properties: Start timye&nd timee, and working times, where
the latter represents the influence of the shift on workimgtaccounts. The used set of
working shifts varies often from hospital to hospital. Thtie problem representation
has to be able to deal with arbitrary sets of shifts. Fig. sha portion of a schedule
to illustrate this representation.

Requirements on a roster are given as constraints whicly paste a large number
of local variables. Fig. 1 indicates instances of the maasss of constraints mapping
local variables to textual descriptions of the constraimtgensions. The full represen-
tation of realistic problems comprises 300 to more than 2€fstraints. However,
these constraints are weighted instances of a rather setalf gonstraint types. The
following paragraphs describe these types more formadly dlustrating their role in
the representation of rostering problems.

Rest times: Two consecutive shifts of the same employee have to allow rarmail
and a preferred time of rest. This demand can be ensured byitveoy constraints
between all consecutive shifts that may be implementedyessiso-calledxtensional
constraints by use of propagatient,,. This propagation simply receives the set of all
consistent combinations of values as a parameter. Theale§mnstraint violation is
defined as follows:

ext, 1 2°7 x D" — 0;1: ext, (p,d) = {? gtfelepi'wise

Hence, a tuplel complies with the constraint if it is element of the extemspoof
the constraint.

The required constraints can be generated from this propagiefining parameter
p, i.e. the extension. Usually, the minimal time of rest betwehifts is 11 hours. Hence,
on these constraings comprises all pairs of shifts where the second shift stadeem



than 11 hours after the first shift ends. Analogously, a preferest time of 16 hours
can be specified.

Working time modelsSo-called working time models are preferred sequencesifté sh
that are stored in a database and range typically over twksv€mn the one hand, each
nurse is preferred to work according to a certain workingetimodel. The management
of the ward assigns one working time model to each nurse iardadcontrol which
nurses are preferred to serve night shifts and which nutsasate between different
types of shifts. On the other hand, all working time modetgetber represent a set of
generally preferred shift sequences that nurses are accedtto serve. As a conse-
guence, the shift assignments to each nurse are also pbterbe consistent with an
arbitrary working time model. Working time models differ strongly frohospital to
hospital.

Itis quite easy to state both demands by extensional camtstr&or each nurse, con-
sistency with the assigned working time model is represEnyainary extensional con-
straints for each day whose extension comprises only tfiigtlsai the assigned working
time model schedules on that day. Additionally, extendiooastraints of 14 local vari-
ables have all specified working time models as extension.

Undesired sequences of shift¥here are also some sequences of shifts that shall be
generally avoided. Examples are: Too long chains of nigtftsshind sequences of the
form working shift, idle shift, working shift. Details on desired sequences of shifts
also vary from hospital to hospital.

The representation of such demands requires a constr@ietvijiose parameter
describes forbidden instead of allowed tuples of values e a function mapping
k-ary tuples to{0; 1} with 0 < & < n whereu(d) = 1 iff tuple d should be avoided.
Then the following degree of constraint violation stateseagity on any sequence of
tuples thafy maps to 1:

1:3i:p((dli], ... dli+k—1]) =1

avoidy k : avoidn (i, d) = {0 . otherwise

Different u’s can now be used to specify certain sequences of shifts thatthde
avoided.

Ensure minimal crew:One of the fundamental demands on rosters is to guarantee a
minimal crew on the ward. Example: On day 5 the roster has hedide at least
early-morning shiff~=1 or F2 to nurses 2, 4, 7, or 8 since these nurses have a special
qualification that is required at that time on the ward. Thetenng system enables the
management to formulate arbitrary demands of this form.cdern constraint type is
needed that counts the occurrences of certain values irssignznent to variables and
compares this to a goal sugmLet p be a function that maps shifts from the domain

to real numbers. Them,andp are parameters of a propagation methog atleasty,
implementing the following relation:

0:> 0, p(d[i]) >
ateast (i) = { ot 2



Thus, a constraint of this type with the local variabdes= (x5 5, z4 5, 75, x5 5) and
parametep = (1, p(r1,r2)) represents the demand of the example, whergrs (d)
is one iffd is eitherF1 or F2 and 0 otherwise.

Compensate work on weekendgdlorking shifts on Saturdays or Sundays need to be
compensated within a fortnight. This demand is translatéa & slightly tighter con-
straint that allows only 10 days of work within a fortnighh& type of this constraint is
calledatmost, and is defined analogously t@lcast,, .

Prefer standard crew:The second demand on crew attendance is to prefer a standard
crew that is often larger then the minimal crew. Example: @n 8 the roster should
schedule preferably 3 early-morning shifts or F2 to nurses 2, 4, 7, or 8. This means
that also scheduling 2 early-morning shifts is preferresidoeduling only 1, etc. Prop-
agation methodpproz,, is used to represent such demands. Again, parameters are a
functiony and a goal sum. Additionally, this type receives an exponerds parameter

that will be used later on. In the meanwhile assume 1. The following definition of
approz,, Shows that this propagation implements a fuzzy relatiowbeen assignments

to the local variables:

approx oy = 97— (T ()|
oo (it O ) = (@ 1d € D)

Hence, the degree of constraint violation grows with théed#ince between goal sum
and sum of the results @f.

A constraint of the local variables = (x5 5, z4 5, 27 5, 25 5) can be used to rep-
resent the demand from the example. The parameter of thérands set top =
(3, r1 2, 1). In contrast to constraints of the previously describedesgxt, avoid,
atmost andatleastconstraint of typeapproxare fuzzy or non-crisp constraints: Most
assignments to the local variables are neither completgigfied nor fully violated.
A roster assigning exactly 3 of the requested shifts to tfexctfd nurses satisfies this
constraint perfectly. Assigning only 2 of the requestedtshéads to a constraint vio-
lation of degree}I. The minimal crew — where only one of the requested shifts get
assigned — causes a larger constraint violation of degread soon.

Keep working time accounts in balancBepending on time credits and working con-
tracts, each nurse has to serve a certain amount of workimegg ihe scheduled shifts
have to approximate the available working time as well asiptes Propagatioapproz,,

is also appropriate to this task. In contrast to the manageofecrew assignment, on
this demand the mapping of shifts to working time is used as parameter=or each
nursei a constraint is required with = (z; 1, ... z; 31) as local variables. Parameter
g of the constraint type reflects the amount of working time thase: has to serve
on that month. Parameteris set ta2 in order to distribute possibly necessary overtime
work on as many shoulders as possible.



2.3 Use of Constraint Weights in Semi-Automatic Rostering

The previous section described local variables, constragnd their parameters that are
used to represent rostering problems. Furthermore, loleydevels and weights of the
constraints need to be defined.

Moreover, complex rostering tasks can not be solved in atiredfmanner since
some demands on rosters will always be tacit, i.e. in the rofrmésponsible persons.
Hence, rostering systems have to enable this responsitderp& intervene into the
rostering process. This section shows, that hierarchyidemed weights of the con-
straints relate closely to the organization of this dialog.

The system shall perform as follows. Once started, the sys&arches for a roster
that complies well with the constraints as described in te¥ipus section according
to shifts, working time accounts, holidays, and workingdimodels from a data base.
Provided with information on the quality of the best yet fduoster, the user of the
system shall always be able to stop the search for bettersoshd state new demands
as unary, extensional constraints, e.g. defining somessifiti certain nurse. Then, the
rostering system shall be able to improve the best yet foasigr respecting the newly
introduced constraints until it is stopped again or theeoit perfect. This procedure
enables the operator of the system to support the searcloéar psters and to make
tacit demands on the roster explicit. The portion of a rosidfig. 1 is drawn from
the presentation of an imperfect roster to the operator@&ttstem. The shaded rows
indicate days where the system yet failed to achieve a stdiedaw on the ward. Hence,
the operator can easily recognize deficiencies of the badthle roster.

As a consequence of user dialog, hierarchy lévef mandatory constraints only
comprises the constraints that all rosters have to satisBvpresented to the operator.
These are constraints on minimal resting times and appriovkdays.

Hierarchy levell comprises the constraints that have been generated oropsevi
interactions with the user. Hence, satisfying one intéralst formulated constraint is
more important than satisfying the complete initial problepresentation — the oper-
ator of the system may override any non-mandatory part afikial problem.

Hierarchy level2 contains all demands on a legal roster: Minimal crew, at maxi
mum 10 working days within a fortnight, and some mandatonyrtats on the working
time accounts.

Hierarchy level 3 is about preferred resting times. Hidmgdevel 4 usually prefers
the standard crew on the ward, whereas Iévhblds the constraints that try to keep
working time accounts in balance. Sometimes, the le¥dls 5 are put into another
order if for instance too many time credits respectivelyetishebts are known in advance
— in this situation the constraints on working time accouares more important than
others.

Level 6 holds the constraints on working time models. The systerhleaaurses to
state personal preferences in advance. These preferaecen translated into unary
extensional constraints and put into hierarchy I§véflowever, this feature of the ros-
tering system is currently more important on selling thet@ysthan on running the
system, i.e. many hospitals want to have the opportunityet dith personal pref-
erences of the employees but currently most of the hospitalsot use this feature.



Within the hierarchy levels, the weights of the constraars usually set td, i.e. the
solver tries to satisfy as many demands as possible.

This section shows that representing rostering as a camisfnablem leads to a
formalization that allows user interaction and supportdfam reformulation on adding
new constraints. Especially hierarchy levels proved todeful in adopting constraint
models on rostering to the current situation. Although tivenfal definition of HCOPs
is rather complex, users of the system gain surprisinglydasifficient understanding
of the semantics of hierarchy levels and constraint weights

2.4 Comparison to Standard Constraint Logic Programming

On a first glance, especially the crisp constraint typeisavoid, atmost and atleast
seem to be quite similar to constraints which are providegrimgramming languages
like CHIP [6] or ECFPS [20] from the field of constraint logic programming (CLP).
However, Section 3.2 shows that constraints of the propkisetallows the combina-
tion of branch&bound search & la partial constraint satisbn [9] with propagation
procedures from CLP. So, the algorithms for constraint agagpion are quite similar
but, in contrast to CLP, constraint propagation does not prnine the domains of un-
labeled variables.

Moreover, non-crisp constraints like the ones of tgpproxare unknown to CLP.
Similar dependencies are represented by higher-ordeicptedn ni m ze(  X) ,
f (X)) . This predicate allows only that substitutions to the Jaga inX that are min-
imal referring to the result of functioh( X) among the substitutions that satisfy the
goals@ X) . Fages presented a declarative semantics of this pred&jatexd some
examples for its non-intuitive meaning. The implementatd this constraint runs a
branch&bound search on the part of the problem as descripe® X) andf ( X)
without taking any advantage from constraint propagat®described in Section 3.4
of this paper.

3 Mixed-Paradigm Search

Several search algorithms have been proposed to solveamsiptimization problems
namely iterative improvement and branch&bound search itEnation of user dialogue
and solving process as described in section 2.3 suggesse taniiterative repair algo-
rithm. However, as pointed out below, standard algorithmghis field exhibit some
significant drawbacks that are relevant to rostering probleHence, some work on
solving constraint problems in general had been necessampiement the described
nurse rostering system. This system uses an integratioatbf lierative improvement
and branch&bound.

3.1 Iterative Improvement

Fig 2 shows the structure of algorithms on iterative improgat. These algorithms
start with computing an initial assignment to all variablEsen, a loop of improvement
steps follows. The standard algorithm in this field is Bi@eConWall{21] that chooses



1: compute an initial assignmeAtto all variables inX.

2: loop

3:  setX’ C X to hold a region wherg possibly is suboptimal.
4: if X' =@then break, end if

5: change assignments dfto the variables inX’.

6: end loop

7: return A

Fig. 2. Structure of algorithms on iterative improvement.

in line 3 a single variable at random. The operation in lineepahds on a so-called
walk probabilityp. With probabilityl — p, line 5 assigns an optimal value to the vari-
able in X’. In order to escape from local minimal, line 5 assigns witblyability of

p a randomly chosen value. Although these algorithms have pestty successful on
several kinds of constraint problems, they perform not tetl an problems implying
constraints of many local variables that are hard to satisfy

Consider Fig. 3 as an example. The box above (situation Eepte a portion of a
roster comprising shifts of the nurs&sndB. The area within the dotted box complies
with working time models concerning early-morning shiftewever, there is a prob-
lem with the minimal resting time for nurgebetween the days 0 and 1: The morning
shift F1 starts too early after late shi®1. The box below (situation 2) presents an
improvement to this roster: It complies with the same wogkime models, working
time and crew attendance is the same as in the roster aboverthidess, the previ-
ously violated constraint on times of rest is now satisfidus Tmprovement has been
achieved changing assignments to 8 variables all at ontealsh change of less than 8
assignment makes the roster worse. Note that compliantewdtking time models,
although the corresponding constraints form a deeper paheohierarchy, are very
important since they provide the onsufficientconditions on acceptable sequences of
shifts (whereas constraints on number of working days anddiof rest provide only
necessargonditions). Hence, the rostering system is required tsfgatorking time
models well.

Standard algorithms on iterative improvement can, in thataal with this situation
but the probability of finding the described improvementéspMow. Typical extensions
of iterative search like tabu lists [18] fail to increasesthrobability significantly. Such
situations obviously require the availability of more cdexypimprovement steps where
the assignments to more than one variable get changed. &hehH&bound algorithm
is appropriate to conduct such complex improvement steps.

3.2 Extending Branch&Bound Search by Constraint Propagaton

Propagation of soft constraints provides an optimistioweste on the quality of a so-
lution that can be found in the current branch of the seam [@]. For each labeling
z + dofavariabler € X with avalued € D, tree search algorithms with propagation
of soft constraints maintain a data structuseflicts[z][d] to collect a measure for the
importance of the constraints that are violated by all leanehe current branch of the
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Fig. 3. Example for large bad regions caused by working time models.

search tree that labelwith d. The termconstraint propagatiodenotes algorithms that
detect new conflicts to be storeddonflicts[z][d] referring to the properties of the prop-
agated constraint and previously detected conflicts. Esticanflicts[«][d] can then be
used by the A*-heuristic [15] to guide depth-first searchdiidnally, adoptions of the
well-known minimum remaining values (MRWeuristic to constraint hierarchies are
known to improve the order of the variables in the search[frggl 3].

This section presents a new integration of constraint gyatdan into branch&bound
search with two major characteristics: (1) The search élgaris able to integrate spe-
cial algorithms for the efficient propagation of non-binapnstraints which may have
non-crisp extensions as exemplified by constraint gperox (2) The algorithm uses
fuzzy sets [23] on the set of constrairgfsto represent estima@nflicts[z][d]. These
sets map a certain degree of membership to each constréitring search, this de-
gree of membership corresponds with the minimal degreeadating constraint in
the current branch of the search tree assigditmz.

More formally: A fuzzy set on values from the crisp s¢is a tupleS = {1, S)
wherey is a mapping fromS to numbers from the intervdd); 1] that is calledmem-
bership functionThe membership function assigns a membership degreetiovaae
s € S whereu(s) = 1 designates full members ands) = 0 characterizes non-
members of the fuzzy sét. Thus, a crisp sef can be treated as a fuzzy set assigning
membership 1 to all the elements and membership 0 to all fememts. The empty
set is equivalent to a fuzzy set assigning only membership Gréection and
union U of fuzzy sets are defined as follow§ii, S1) M {ua, Sa) = {ps, S1 N Sa)
whereps(c) = min{1, g1(s), pa(s)} and{p1, S1) U {(p2, S2) = {(p4,S1 U S2) with
pa(c) = max{0, p1(s), pa(s)}.

Fig. 4 presents a branch&bound algorithm that uses fuza/@ethe constraints
C to record conflicts. Assume assignmehto label each variable ifX with a value
from D and fuzzy setC(A) is intended to provide a measure for the conflicts of assign-
mentA. For each constraint= (h,w, z, p, ¥}, ¢(p, A | 2) is A’s degree of violating
c. Thus,p(p, A | =) provides a measure fot's conflict with constraint that can serve
as a membership in a fuzzy set of constraints reflectiisgonflicts with all constraints:

C(A) = (u, CYy with p((h,w, =, p, ) = @(p, A | ).



Measuring conflicts in terms of fuzzy sets on constraintsireg a notion of pref-
erence that complies with the preference among assignnimis, the preference or-
derings- of Section 2.1 needs to be lifted to fuzzy sets of constramssich a way that
for all assignmentsi; and A, of domain values to variables}; > A- is equivalent
to C'(Ay) = C(Az). Again, as; is defined to sum up the weights in hierarchy leizel

2((u, C")) = Peecrw - p(c) with ¢ = (h,w, @, p, ¢). This sum of weights within a
hierarchy level is used to lift the preference ordering oo fuzzy sets of constraints
C, andC}, as follows:

61 - ég ===t (90(61) > 0/\90(62) = 0) \Y

((()0((71) = 20(Ca) = 0) A
(3> 0:2;(Ch) > 25(C2)) A
(Vi:1<j<i=9(C)=2(C)).

The proposed version of the branch&bound as presented indFégploits three
advantages of fuzzy sets of this kind as representationtettia conflicts:

1. Assume that the two fuzzy sets on copstrafmtand(fz hold conflicts of a certain
assignment with the constraints. Theén,U J, holds also valid conflicts of this
assignment, since fuzzy set union simply collects the Krdegrees of constraint
violation that have been proven previously and stored eit‘n@ orin 5s.

2. Additionally, fuzzy set union is an idempotent operafiaa Lié = J for any fuzzy
set of conflicts). This means that conflicts are counted only once even if theg h
been added twice or more.

3. Assume, that assignmeitis the best currently known solution to the problem and
fuzzy setd comprises conflicts of the currently explored partial assignt. Then,
B = C(S) may serve as a bound, i.e. the algorithm can backtrack witbosing
solutions better thas as soon a8 - 3 holds true.

Algorithm BB-SEARCH conducts a depth-first tree search of the branch in the
search tree that is described by partial assignmenthere distancé is a fuzzy set
of constraints comprising the previously detected cosflaftA and X/ C X is the
set of variables that shall be labeled by the algorithis the best yet found solution
and bound3 contains the conflicts of this solution. The algorithm résinto the best
assignmens to the variables ik’ according to preference orderiggor, equivalently,
the least important conflic(S).

Function BB-SART simply starts BB-8ARCH with initial arguments:S, A, and
distanced are empty. Bound® has a maximal value. All variables shall be labeled.
Array conflicts holds the empty set for each labeling since constraint matian has
not yet proven any conflict. So, let us go back to BBARCH.

Line 1 returnsS if the distance is not better than bound, i.e. the currently ex-
plored branch of the search tree does not contain any assigrtimat is better thaf.
Line 2 says that otherwise the currently explored assighmes an improvement af
if all variables are labeled byt. Thus, A is a new solution. Line 3 performs an update
of the conflicts. This is necessary becausand the entries ofonflicts both hold valid



BB-START(X, D, ()
1: Store problem variable¥, domainD, and constraint€’ as global variables.

2: Generate a 2-dimensional arreynflicts[ X' ][] and initialize each entry with the empty set.
3: return BB-SEARCH(, C, 0,0, conflicts, X ).

BB-SEARCH(S,B7 A, 8, conflicts, X"
L if B 6 thenreturn (S,3) endif.
if X' =@ thenreturn (A,4) endif.
s forall x € X' andd € D do conflicts[z][d] « conflicts[z][d] L 4. end for
. Choose a variable € X' according to a specialized MRV heuristic.
Copy theconflicts[x] to the new arrayonflicts’.
forall d € D with conflicts[«][d] 3 3 choosing’s with smaller conflicts firstlo
forall d' € D with d' # d do conflicts[z][d] + C.end for
for all ¢ = {h,w, x,p, ) € C wherez is a local variablelo
Updateconflicts according to propagation @fwith an algorithm corresponding with
 with the argumentéc, z, 3, p, conflicts').
10: end for
11: if for all variablesz’ there is al’ € D with 3 > conflicts[z'][d'] then
12: <SLB~> — BB-SEARCH(S,E]7 AU {x « d}, conflicts[z][d], conflicts, X'\ {z}).

oM R

13: if 3 = 0thenreturn (S, 0), endif.
14: endif

15 conflicts[z] « conflicts’.

16: end for

17: return (S, B8).

Fig. 4. Branch&bound for solving HCOPs.

conflicts and from here omonflicts[z][d] is required to hold all known conflicts that
result from adding assignment «+ d to A. These conflicts are typically needed by
the heuristics for dynamic variable reordering in line 4t tietermine which variable to
label next. Heuristiminimal remaining values (MRV2] (that is sometimes callefitst
fail) is one of the most successful heuristics that is applichéte. It chooses the vari-
able where the number of values which are not proven to basistent with mandatory
constraints is as small as possfli this implementation this is the variabtevhere a
minimal number of valueg do not have a mandatory constraintiimflicts[z][d] with

a membership larger 0.

Branching is done in the loop running over the lines 6 to 18eNihatconflicts[z][d]
now holds all conflicts which are known to result from assigyi to z. Solutionsto the
problem are required to be better than bogn@®nly that values with smaller conflicts
areadmissiblei.e. need to be considered for branching. Additionalbyflicts[z][d]
allows to follow the A*-heuristic [15]: Try the assignmenisth the least important
conflicts first.

Line 7 simulates assigning valdao variablez. All other values are marked with a
maximal set of conflicts. After selecting valddor variablez, BB-SEARCH conducts

2 Referto [11, 13] for extensions of this heuristic that cdiesthe complete constraint hierarchy.



an extended forward checkingf soft constraints calling propagation methods. This
procedure is related forward checkingon soft constraints [9], but this algorithm calls
propagation without regarding the number of variables tlage not yet been labeled.

Propagation of constraint= (h,w, , p, ¢) addsc with a certain membership to
the conflicts of the local variables. The membership of constraiim conflicts[z][d]
is intended to be an estimate of the effect of adding- d to the currently explored
partial assignmenti. The rostering system uses a propagation rule for inferttiig
membership that allows the application of algorithms whéach similar to the ones
that are used in CLP The concrete algorithm is chosen according to the comstrai
typey, but all these procedures obey the same specification. §atipa ofc looks for
the smallest degree of violatingthat is caused by assignments to the local variables
of constrainte that exclusively considesdmissibldabelings. More formally, assume
that propagation of has to determine’s new membership teonflicts[z][d] where
z = z[i]. D™ is the set of vectors representing assignments tmthozal variables
of ¢. Now, filter out any vectodl with d[i] # d. These vectors represent assignments
to the local variables that are not relevant to labeling- d. Furthermore, prune all
vectorsd concerning a non-admissible labeling — there iswith 1 < j < n and
conflicts[x[j]][d[j]] = B. These assignments consider labelings that cause too many
conflicts in order to be part of any solution. LE denote the remainder. Then,=
min{¢(p,d) | d € D} is the minimal degree of violating that is a consequence of
assigningl to z. So,c is added with this membership tonflicts[z][d].

Constraint propagation adds stronger memberships tecthy@cts. This may lead
to the case that for some labelings«— d’, conflicts[z'][d'] becomes larger than bound
3. As a consequence, search in deeper branches of the sesgetiltignore this label-
ing since it is not admissible. Line 11 tests for the casedhatriabler’ does not have
any admissible labelings. In this case, there is no needgimexthe current branch of
the search tree because it does not comprise improvemesits to

Otherwise, branching is done in line 12 by a recursive caBBf SEARCH where
A is extended by the new labeling,is replaced by the conflicts caused by the new
labeling and: is removed from the variables to be labeled. Note, that tbegmtation
of Fig. 4 assumes a call by value that copies the argumentss, The recursive call of
BB-SEARCH returns the best labeling that has been found in the deepaches of
the search tree without touching the current data on cosffidtis can be considered
as an implementation of the backmarking strategy [9, 10]aly, line 15 undoes the
selection ofd in z.

3.3 A \Very Small Example

Reconsider the small example of Fig. 3. This problem corsceso nurses on 8 days
and, consequently, 16 variables. The representation aslied in Section 2.2 requires
more than 80 constraints. To cut a long story short, this@ecinly refers to the con-
straints on minimal pause of rest, some constraints on wgrkime models, and 7
constraintsatleast, to atleastr enforcing at least one morning shitl on each of

3 The propagation rule of the max-min-algorithm [17] doesanunately not comply with al-
gorithms for constraint propagation from CLP [13].



Start —>‘1:xA,0 <—Sl‘—> ‘Z:xAJ <——‘ —>‘3::c;a,1 + F1| — ... situation 2

in Fig. 3.
~

Fig. 5. A possible search tree for the example of Fig. 3.

the days 1 to 7. Let:4 3 denote the constraint variable for the shift of nurse A on
day 3. For each pair of variables, ;, 2y ;41 concerning consecutive shifts of the same
nurseN, a constrainpause y ; allows the assignment ¢F1, F1), (F1,S1), (S1,S1),

or all combinations with the idle shift. Two constraintssmod 4 andwmodB affecting
the variablesc 4 1, ..., 24 7 @andzp 1, ..., zp 7 respectively both allow the following
two sequences of shiftéf1, F1, —, — F1, F1,F1) and(—, —, F1,F1, F1, F1 F1). Fur-
thermore, assume thaty o andzp ¢ hold the carry-over from the previous plan. So,
x40 = Slandzp, = — is fixed by mandatory hard constraints.

Fig. 5 sketches the search tree of this problem. After adidingling 1 assignin§1
tox 4 0, propagation opause 4 o addspause 4 o as a fullmember toonflicts[z 4 1][F1].
The entrIESconﬂzcts [z 4, 1][51] and conflicts [xA 1][—] remain empty. Labeling 2 adds
atleast; as a full member t@onflicts[zp,1][—] and conflicts[x g 1][S1], Since assign-
ing Fltozp,; is the only admissible opportunity to satisfy this constrahdditionally,
constraintumod 4 is added as full member to the conflicts of all labelings comicgy
shifts of nurse A that do not comply with sequerjee —, F1, F1, F1, F1, F1). Variable
zp 1 has the smallest domain, now. Labeling 3 is the best altembtre. Propaga-
tion of wmodp adds a conflict to all labelings concerning shifts of nurseh& tdo
not comply with sequencér1, F1,—, — F1,F1 F1). At this point, the labelings with
empty entries in arrayonflicts characterize exactfisituation 2” in Fig. 3. So, search
proceeds quickly to this solution that does not exhibit aogflict. A solution without
conflicts is always optimal so line 13 of algorithm BB=&RCH terminates search im-
mediately. However, proving optimality of a known solutismften harder than finding
it. In order to investigate the benefits of backmarking invomg optimality, assume that
line 13 has been missed in algorithm BB+SRCH.

Finding a solution lowers boun@ and turns all labelings with larger conflicts into
non-admissible ones. Consequently, all variables exegpt have only one admissi-
ble label — the one that is concerned by the solution. Remertitr the backmarking
strategy records all inferred conflicts. Thus, backtraghksdone without any constraint
propagation until changing the label ef; ;. Here, labeling 4 is the only admissible
alternative. However, propagation @fnod 4 reveals that this constraint cannot be sat-
isfied since51 is not concerned by any working time model. As a consequgmopa-
gation ofwmod 4 adds this constraint to any entrydnnflicts referring to a labeling of
one ofwmod 4's local variables turning these labelings into non-adiblssones. This
is a reason for an immediate backtracking — the whole seagehhias been traversed.



ATLEAST (¢, x, [;, {g, 1), con flict)
. Initialize each entry ofi[1 ... n] with 0 wheren is the number of entries ia.
Dy 0.
cforall : € {1...n}do
forall d € D with 3 > conflicts[®[i]][d] do
if u(d) > pfi] then afi] « p(d) end if
fiz < jx+ Al
end for
end for
forall i € {1...n}do
10: forall d € D with 3 > conflicts[x[i]][d] do

[EnY

N wN

11: if p(d) + iz — Ali] < g then

12: conflicts[x[1]][d] + conflicts[x[{]][d]U (1, {c}}.
13: end if

14:  end for

15: end for

16: return conflicts.

Fig. 6. Propagatingztleast, constraints

3.4 How to Propagate Soft Constraints

The above-mentioned extension of branch&bound searchistiint propagation pre-
sented a specification of the propagation rule but neglabtetssue of implementation.
Most of the literature on constraint processing is on birtanystraint that can be propa-
gated efficiently enumerating all assignments to the loaghbles. However, rostering
applications exhibit constraints that affect a large nunabéocal variables. These con-
straints require, thus, special purpose algorithms fopggation. This section presents
two examples.

Theatleast,, constraint has been invented in section 2.2 to formaliz& lesgjuire-
ments on the presence of the crew. It is similar to the onesdgional cardinality con-
straints which are provided by many CLP languages. Besigléntportant role of this
constraint in the nurse rostering domain, it is cited hereldmonstrate how to use
propagation methods from CLP to derive soft conflicts.

Remembery(d) defines a weight for each valuee D. Within each complying
assignment to the local variablesafcast, -constraint, the sum of these weights has
to be larger than or equal to the goal synPropagatingitleast,, -constraints means:
Look for values! wherey(d) is too small in order to allow satisfaction of the constraint
Fig. 6 presents an implementation of a corresponding prtpagmethod. The lines 1
to 8 determine for each local variabié] of the constraint the largeg(-) of admissible
values. Additionally, the sum of these largest weightsasest. This information is used
in line 11 to determine whether constraintan be satisfied assigning a certain value
to a certain local variable. This constraint is crisp sinids either satisfied or violated.
The next example is on the propagation of fuzzy constraints.



APPROX(c, x, [;’, {g, 1, €}, con flict)

1: Initialize each entry ofi[1...n] with 0 and[1 ... n] with —1.
2. iy, < Ojiz « 0.

3:forall i € {1...n}do

4: forall d € Dwith 3 > conflicts[®[i]][d] do

5: if p(d) > f[:] theni[i] < u(d) end if

6: if @[i] = —1V afi] > p(d) thenifi] + p(d) end if
7 fiz < iz + p[lps « pz + Al

8: endfor

9: end for

10: forall : € {1...n} do

11: forall d € D with 8 > conflicts[x[:]][d] do

12: if u(d) + fx — afi] < g then

. : - . - )
13: conflicts[x[1]][d] + conflicts[x[:]][d] L <£_I(ﬂm(da];!-{i>(: = M[l d)e_D} , {c}> .
14: elseifu(d) + fis — jaf7] > g then

. ) e_ e —ufi]) € i
15: conflicts[x[1]][d] + conflicts[=[:]][d] L <J¥;Lgmaf{j($5fdé‘y} , {c}> .
16: end if
17:  endfor
18: end for

19: return conflicts.

Fig. 7. Propagatingzpprosz,, constraints

Fig. 7 shows the propagation epproz,-constraints. As section 2.2 mentioned, a
tupled violates such constraints with a degree growing gth- 7" [u(d[4]]|. Ad-
ditionally, an exponert may specify that the geometric distance is used insteaceof th
arithmetic distance. Propagation of these constrainttsstath finding for each vari-
ablex[i] the maximal weighj:[7] and the minimal weight[:] of an admissible value.
Additionally, the sum of the maximal and minimal weightsgygtibred. This information
is used in the lines 10 to 18 to decide for each admissiblgassnt to a local variable,
whether goaly can still be reached. If the sum of weights of assigned vahitde
too small, then the degree of constraint violation is deteech due tq: (line 13). Oth-
erwise, the minimal weightg are used to determine the degree of constraint violation
(line 15).

The effort for propagating both constraints grows only éinwith the number of
local variables:. Hence, these propagation methods are also appropriab@straints
affecting many local variables as they appear in rosteringlems.

3.5 Branch&Bound as Improvement Step

The previous section stressed that both, iterative seardtbeanch&bound, have
their advantages and drawbacks. An integration of bothrithgns according to Fig. 8
can inherit the advantages of both search paradigms. The idas of this algorithm
is to follow the main procedure in iterative algorithms boable more complex im-
provement steps by use of the branch&bound. Hence, Fig.d@lsi¢he algorithm of



ITERATIVESEARCH(X, D, C)

1. 3=0C.5«0.

2: Setinitial solutionS according to the working time models that have been assignedch
employee by the management.

3: Generateonflicts| X][D] with conflicts[z][d] = @ forall z € X andd € D.

4: loop

5: X'+ CHOOSEBADREGION(X, D), C, S, §).

if X' = () then break, end if

§ « B. Load A with all labelings inS that do not affect variables ix’.

forall z € X', d € D dosetconflicts[z][d] to the empty set i5 assignsl to = and toC

otherwise.end for.

9: for all ¢ € C with ¢ has a local variable iX’ do

10: 6 « 61 (C\ {e}. Setconflicts due to propagation af.

N2

11:  end for o
12: (S, B) + BB-SEARCH(S, 3, A, d, conflicts, X').
13: end loop

14: return (S, §)

Fig. 8. Iterative repair using branch&bound and constraint prosign.

Fig. 2: The initial assignment to the variables is generatete line 2 according to the
working time models that have been assigned to the empldyefes to Section 2.2).

The loop of improvement steps ranges over the lines 4 to Bné& function GHoosE
BADREGION is assumed to point at a regidff C X in the current solutiols’ where
changes in the current assignments are likely to resultantomproved solution. The
algorithm terminates in line 6 if this procedure can not fimgt aegion in the solution
thatis suboptimal. Otherwise, the branch&bound is caltdithtd an optimal assignment
to the variables inX’. Therefore, the distance is initialized to comprise allféots of
the persistent assignments.$hto the variables inX \ X’. Additionally, conflicts is
initialized to hold all conflicts between variablesif with the persistent assignments
to the variables ifX \ X’. After these preparation, the call of BBESRCH in line 12
is able to find improvements to the variablesXhif this is possible.

This procedure may be stopped after each improvement stapdrjinput. Hence,
this algorithm supports user interaction as describeddti@e2.3. Moreover, improve-
ment steps are in contrast to standard algorithms not ctsdrio affect only the as-
signment to one variable — assignments to many variablegyetaghanged depending
on the output of function 00SEBADREGION. However, the implementation of this
function is the main problem of this approach. As the nextiseshows, théORBIS
Dienstplansystem uses heuristics for this purpose which base upon general as-
sumptions on characteristics of rostering problems.

4 How to Find Bad Regions in a Roster

The currently availabl©RBIS Dienstplasystem uses heuristics to detect the shift as-
signments in a roster that are responsible for deficienties.implementation of these
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Fig. 9. Initial (above) and improved (below) roster.

heuristics is provided by the functionHOOSEBADREGION that is used in algorithm
I TERATIVESEARCH. This section provides a description of the heuristic tdahthe
minimal and preferred crew on the ward in order to illustthtg procedure. This heuris-
tic is called whenever a constraint on crew attendance i moless violated.

Fig. 9 presents (intermediate) results of tARBIS Dienstplasystem to a small
sample problem that considers 6 nurses (186 variables and 00 constraints). The
roster above represents the initial assignment of shifisréeany step of repair. The
roster below is an acceptable solution which has been cadpednducting several
repair steps. Light shadings represent suboptimal bufpéaicke deficiencies in crew
attendance. Dark shadings represent unacceptable defigsen crew attendance.

First of all, consider the problem on Sunday the 17th whereaaty-morning shift
(F1) is missing and two late shift§() have been scheduled but we prefer to have only
one on that day. On such easy problems, changing only a sisgignment of a shift
suffices to achieve an improvement: Assigning an early-mgrghift instead of a late
shift to Bettina Schmidt on that day satisfies both previpuilated constraints.

On Sunday the 10th, the schedule exhibits a worse problem ain am early-
morning shift is missing. In such situations, at least twaigrements of shifts have to
be changed: A currently idle person has to serve an earlyimgshift on Sunday the
10th and this additional working time has to be compensatednmther day because
of working time restrictions. ProcedureHOOSEBADREGION recognizes that one of
the idle persons Hubner, Muller, or Schmidt is requiredeose an additional shift. To
achieve this, B00SEBADREGION looks for days when one of these persons is surplus
and stores the corresponding variables in a pool — this paglaiso be filled by some
other heuristics. Finally, G00SEBADREGION makes random choices from this pool
and returns the resulting set of variables as a descripfitremext step of repair. In this
example, taking the variable referring to Gunther HutoreFriday the 1st enables the
system to compensate an additional early-morning shiftioftGer Hibner on Sunday



the 17th. Often, only a very few number of opportunities igikable to cope with such
situations.

The lower roster in Fig. 9 shows the result of such repairsstbpt is available in
about one minute. On larger problems, finding first soluttbias satisfy the constraints
on minimal crew attendance without exceeding the workingetimay take about five
minutes. Running times of more than half an hour have beertegbon problems with
inappropriate assignments of working time models.

5 Conclusion

Based on experiences with ti@RBIS Dienstplarsystem [12] — a nurse rostering
system that is already used in many German hospitals — tpiergikescribes how con-
straint processing can be used to implement automaticriogteystems that can be
flexibly adopted to different situations at different hdsfs. In practice, the current for-
malization of the rostering problem is still not complex agh to enable fully automatic
planning procedures. Thus, complexity of the problem r&gmeation can be expected
to grow in the future. Additionally, nurse rostering praibkehave many varying param-
eters: Working time accounts, demands on crew attendaetcef gssed shifts, working
time models. Hence, rostering requires both, a flexible &ism for representing the
currently known and future variants of the problem, and aisbksearch procedure that
is able to cope with quite different problem instances arad #fiows the responsible
managers to intervene into the planning process. This pmsvs that constraint rea-
soning meets all these demands if the state of the art isaedein several directions.

The paper introduces a new notion of fuzzy or non-crisp ¢airgs — constraints
that may be partially violated and partially satisfied —hierarchical constraint opti-
mization problems (HCORp improve problem representation and problem solving. In
contrast to standard formalisms of fuzzy constraints [1#hat sum up degrees of con-
straint violation taking the minimum or maximum, the forisat as introduced in this
paper uses more flexible operations to combine differergtcaimts. As a consequence,
the well known branch&bound has been extended to detectictsniiith fuzzy con-
straints by constraint propagation. Of course, the pragphérsenework relates to other
formalizations of soft constraints like for instan@dued constraint satisfaction (VCSP)
[3,16], especially lexicographic VCSP. However, the framogk of Section 2.1 uses
fuzzy sets of constraints as a valuation structure thatémmbtent but not totally or-
dered and this framework is able to borrow algorithms fortteagation of non-binary
constraints frontonstraint logic programming (CLPVCSP neglects the advantages
of specialized algorithms for constraint propagation [1#xicographic VCSP can be
translated into HCOPs with binary constraints of tgméthat all have the same weight.

In combination with new extensions of generic search atgors, this framework
forms the basis of a nurse rostering system that differs imijavo points from other
constraint-based prototypes on this application [1, 22]:

— Fuzzy constraints allow the integration of very fine-grdiraptimization tasks.
Such constraints have been used to optimize the amount dfivgotime and the



presence on the ward. In contrast, traditional framewooksbnstraint process-
ing in nurse rostering consider only crisp constraints Whice either completely
violated or satisfied.

The traditional constraint-based approach for solvingnoigtion tasks is to use
an extension of the branch&bound. Unfortunately, perfaroeaof tree search al-
gorithms is very sensitive to even minor changes in the grabkpresentation. For
instance INTERDIP [1] tries to overcome this problem by ukkighly developed
heuristics on problem decomposition. Unfortunately, ¢hesuristics rely on prop-
erties of the available working shifts which are, in pragtigarameters of the prob-
lem that vary from hospital to hospital. In contra@RBIS Dienstplaimtegrates the
branch&bound into search by iterative improvements. Tlaatin&bound is used
to enable the optimization of more than one variable assegmmwithin one im-
provement step. The resulting search algorithm convergekig on good rosters
and, additionally, enables a more natural integration ef urgeractions.

Unfortunately, the ability to deal with complex improvenisteps affecting more than
one variable increases the number of applicable improvesteps compared to stan-
dard local search where only a single value assignment patsyed within each step
of repair. Therefore, section 4 illustrates a heuristi¢ ihgery successful in finding the
reason for deficiencies of the best yet found roster. Suchidims are able to guide the
proposed local search effectively.
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