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Abstract
Optimisation problems are ubiquitous in healthcare, underlying
decision-making in a variety of contexts like resource allocation,
scheduling, and treatment planning. However, there is sufficient
variation between individual healthcare contexts and their specific
associated optimisation problems to make reuse of solutions, and
even problem specifications, difficult. Moreover, optimisation prob-
lems are typically specified in mathematical terms or in program-
ming code, which is often inaccessible to clinical experts. Model-
driven techniques have been used in other fields of engineering to
tackle similar problems by providing means to express specifica-
tions at an appropriate level of abstraction and in terms suitable for
the modelled domain. Therefore, it is promising to explore how far
Model-Driven Optimisation can help in the healthcare domain. We
do this in the context of the Integrated Healthcare Timetabling Prob-
lem, a challenging resource-allocation problem in the healthcare
domain presented at the Integrated Healthcare Timetabling Compe-
tition 2024. Our solution, based on the Graph-Based (M)ILP Problem
Specification tool, uses class diagrams to model domain concepts,
the Object Constraint Language to define domain constraints, and
Graph Transformation rules to capture available decisions. Such
a specification can be translated into a Mixed Integer Linear Pro-
gramming formulation that can be solved by the off-the-shelf solver
Gurobi. Our solution solves all 30 benchmark instances within the
original time limit of 10min, and two of the public instances to
optimality with a relaxed time limit, but is not yet as efficient as
hand-crafted problem formulations. It also provides a more acces-
sible and flexible problem specification, which we believe can be
further improved and automated in future work.
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1 Introduction
Optimisation problems are ubiquitous in the healthcare domain [31],
ranging across such diverse areas as allocation and scheduling prob-
lems [1, 30], optimising overall procedures and workflows [3], or
the optimal spatial distribution of healthcare providers [20]. Good
solutions can have crucial impact on the quality and cost of pro-
vided services. Yet, specifying and solving optimisation problems
is hard. It requires combining a very good understanding of health-
care systems with expert knowledge about mathematical modelling
and optimisation. A formal specification of the problem is required
that (i) makes the problem tractable for a solver by using mathe-
matical abstractions and applying appropriate solving strategies;
and (ii) makes the implementation usable by developing pipelines
integrating into an existing environment, for reading out the data
required and making computed solutions accessible. Context is
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essential for quality improvement in healthcare [16], meaning that
optimisation-problem specifications need to be adapted for differ-
ent wards, hospitals, countries, etc. This is extremely costly with
current approaches, which contributes to a lack of adoption of
mathematical optimisation approaches in clinical practice [7].

Model-driven (software) engineering has been developed to raise
the abstraction level in engineering efforts, enabling users to ex-
press the system to be developed in terms of concepts of the respec-
tive domain [10]. Research on applying model-driven approaches
and techniques for specifying and solving optimisation problems—
sometimes referred to as Model-Driven Optimisation (MDO)—has
emerged over the last decade [8, 9, 21, 23, 38] and, among other
things, this approach raises hope to make context-specific adapta-
tions easier [26]. However, transfer of these ideas into the healthcare
domain remains limited. We are interested, in particular, in under-
standing if and how a model-driven approach can enable experts
from the healthcare domain to co-create and adapt specifications
and solutions to optimisation problems. In this paper, we start
by using the Integrated Healthcare Timetabling Problem (IHTP)—
formulated as part of the Integrated Healthcare Timetabling Com-
petition (IHTC) 2024 [14]—as a case study. It combines several
allocation problems typical for the healthcare domain, namely
allocating (i) patients to available surgery slots, (ii) surgeons to
surgery slots with allocated patients, (iii) patients to hospital rooms,
and (iv) nurses to hospital rooms.

Concretely, we ask the following research questions:
RQ1 Can established declarative modelling formalisms—namely

conceptual modelling using class diagrams, the Object Con-
straint Language (OCL), and declarative model transforma-
tions—be used to express complex optimisation problems
from the healthcare domain (in terms close to the domain)?

RQ2 Can model-based, declarative specifications be transferred to
specifications in established, off-the-shelf solvers like Gurobi?

RQ3 Given a model-based specification and such a translation to
a solver, can solutions be efficiently computed?

After clarifying some background in Section 2, we address RQ1 in
Section 3 and find that we can compactly and declaratively spec-
ify the IHTP using class diagrams, Graph Transformations (GTs),
and only a small extension to the syntax of OCL. Importantly, this
specification directly uses domain terminology. MDO research has
already established that it is relatively straightforward to use evo-
lutionary algorithms (and similar meta-heuristic approaches) to
solve model-based optimisation problems [8, 11, 23]. In contrast, in
Section 4 (and to answer RQ2), we apply the Graph-Based (M)ILP
Problem Specification (GIPS) tool [18] to translate the specification
into a Mixed Integer Linear Programming (MILP) problem and use
Gurobi1 to compute (near) optimal solutions. While some of this
translation currently remains manual, we find promising potential
for automation. We then compute solutions to the IHTP, largely fol-
lowing the contest rules for the IHTC 2024. We find that, while our
approach is able to compute a valid solution for each of the contest
instances, our runtimes are not yet competitive. To close our paper,
we discuss related work in Section 6 and summarise our findings

1Gurobi Optimizer: https://www.gurobi.com/solutions/gurobi-optimizer (Accessed
June 17, 2026)

and directions for future research in Section 7. The work presented
in this paper is also available as an extended preprint [25].

2 Background and Running Example
In general, specifying optimisation problems manually is a hard and
error-prone task. It requires knowledge about the problem domain
that should be modelled as well as the mathematical background
of optimisation itself. To make this process accessible to domain
experts such as hospital administrators, an approach is needed
that allows optimisation tasks to be specified without extensive
technical knowledge. This is what MDO addresses by combining
Model-Driven Engineering (MDE) and optimisation [8, 23, 38]. An
optimisation problem typically has three key components [27]: De-
cision variables model the problem aspects that can be controlled,
such as the assignment of a patient to a specific room on a given
day. Constraints restrict the values of variables combinatorially and,
therefore, define the search space. A feasible solution, i.e., a solution
that fulfils all (hard) constraints, can be ranked by an objective value.
In MDO, we start with a metamodel—a conceptual model of the
problem domain, technically in the form of a Unified Modeling
Language (UML) class diagram. A constraint formalism—namely
the Object Constraint Language (OCL) [12]—serves to express con-
straints and optimisation objectives. Instance models of the meta-
model define concrete problem instances and solutions to these.
Model transformations—describing potential manipulations of in-
stance models—serve as decision variables, capturing selectable
steps to transform a problem instance into a feasible solution. This
chapter explains these fundamental concepts and technologies nec-
essary for understanding our overall MDO approach to creating the
key components presented in this paper. In Section 2.1 we present
the running example and in Section 2.2, we briefly explain MILP.
Finally, in Section 2.3, we concisely present our MDO framework of
choice, GIPS, which integrates GT with MILP and which we used
to implement our approach for this paper.

2.1 The Integrated Healthcare Timetabling
Problem

The running example, which we use as a case study in this paper,
is the IHTP. This problem domain proposed by the IHTC [14] in-
tegrates three NP-hard subproblems, which are interdependent
to varying degrees. Concretely, they involve a fixed time period
during which one must determine (i) the admission of patients to
fixed rooms, where mandatory patients must be scheduled, and
optional ones can be postponed to the next period; (ii) a timely
Operating Theatre (OT) assignment that determines the surgery
date and location; and (iii) the allocation of nurses to all occupied
rooms. The valid assignment of all required resources is governed
by eight hard constraints, which define mandatory conditions that
must be satisfied, for instance, ensuring that room capacities are
not exceeded. Beyond that, the allocations should be optimised ac-
cording to a set of eight soft constraints that define objectives, such
as minimising the wait time of patients prior to their admission.

https://www.gurobi.com/solutions/gurobi-optimizer
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2.2 Mixed-Integer Linear Programming
Optimisation is a fundamental concept within Operations Research
(OR) that deals with identifying the best possible solution to a prob-
lem from a set of feasible alternatives. This is formalised through
a mathematical model comprising decision variables, an objective
function, and a set of constraints that represent the problem’s limita-
tions or requirements. The objective function evaluates the quality
of a solution, whereas constraints restrict the feasible region.

A widely used formalism for specifying and solving optimisation
problems is MILP [28, 37]. In this formalism, both the objective
function and the constraints of the problem have to be linear. The
decision variables can be of two types: continuous variables de-
scribe divisible resources, and integer variables capture inherently
discrete or binary decisions. This combination allows MILP to rep-
resent both resource allocation and combinatorial decision-making.
Formally, a MILP can be written as

max
𝑥∈Zp

, 𝑦∈Rq
𝐹 (𝑥,𝑦) = 𝑐T𝑥𝑥 + 𝑐T𝑦𝑦

subject to 𝐴𝑥𝑥 +𝐴𝑦𝑦 ≤ 𝑏, 𝑥,𝑦 ≥ 0.
(1)

In this notation, 𝑥 denotes the integer-valued variables, encoding
discrete or binary decisions, 𝑦 denotes the continuous variables for
divisible resources, 𝑐𝑥 , 𝑐𝑦 are vectors of objective coefficients, with
𝑐 𝑗 indicating the contribution of variable 𝑥 𝑗 or 𝑦 𝑗 to the objective
function,𝐴𝑥 , 𝐴𝑦 are submatrices of the constraint coefficient matrix
that quantify the impact of integer and continuous variables on
each constraint, and 𝑏 ∈ R𝑚 is the right-hand side vector specifying
the available capacity or limit for each constraint. The condition
𝑥,𝑦 ≥ 0 ensures non-negativity, which is essential if variables
represent quantities such as production volumes or time allocations.
The intersection of all linear constraints determines the set of all
feasible solutions, and the goal of the optimisation is to find a
solution that maximises or minimises the objective function. If a
solution (𝑥∗, 𝑦∗) exists such that no other feasible pair achieves a
better objective value, it is called optimal.

State-of-the-art optimisation solvers such as Gurobi provide
highly optimised implementations of both exact and heuristic meth-
ods. They combine a wide range of algorithmic techniques to effi-
ciently explore the solution space and handle large-scale real-world
MILP instances [22]. Each IHTP problem instance can be modelled
as an MILP problem, with decision variables representing assign-
ments such as patient-created workloads to nurse shifts, subject to
linear constraints. This enables the use of modern solvers to com-
pute feasible / optimal solutions for complex healthcare scheduling
problems. Since there are many different IHTP problem instances
to be solved, the need for an automatic translation program from a
problem instance to a corresponding MILP formulation arises.

2.3 Graph-Based (M)ILP Problem Specification
The size of an MILP problem grows rapidly with increasing model
complexity, making even relatively small instances difficult to man-
age by hand. As a result, state-of-the-art approaches rely on code
generators that are tailored to specific problem domains (for exam-
ple, [35]). Manually creating such domain-specific MILP problem
generators, however, remains a challenging and costly task. In ad-
dition, it requires expertise in mathematical optimisation as well as
in the specific problem domain. Therefore, there is great interest in

tools that can simplify this complex process and make it accessible
to users with little or no knowledge of MILP, allowing them to
implement an MDO approach based on MILP.

With this goal in mind, we developed GIPS [17, 18, 24, 32].
Following an MDE approach, GIPS has its own Domain-Specific
Language (DSL)—Graph-Based (M)ILP Problem Specification Lan-
guage (GIPSL)—providing an accessible way to specify optimisa-
tion problems (and their related domain concepts) based on an
underlying Eclipse Modeling Framework (EMF)-based metamodel.
It uses graph transformations to perform modifications to a given
input model by searching for GT rule matches—places in the model,
where a rule can be applied—and using the MILP solver to decide
at which of these GT rules should be applied to obtain the opti-
mised model. A GIPSL specification broadly consists of GT rules
to perform model-to-model transformations on the input model,
mappings to assign MILP variables to rule matches and control
their application, constraints that control the selected mapping vari-
ables, and functions to compute an objective value. Based on this
high-level specification and an input model, GIPS automatically
generates the corresponding executable code and the MILP formu-
lation, which is then passed to a state-of-the-art MILP solver. This
integration allows the automated formulation of complex optimi-
sation problems implementing MDO, reducing the likelihood of
modelling errors, and significantly decreasing the effort required
to adapt the formulation when the problem definition changes
[17, 26].

3 Modelling an Integrated Optimization
Scenario

In this section, we address RQ1 (Can established declarative mod-
elling formalisms be used to express complex optimisation problems
from the healthcare domain?) by presenting our specification of
the IHTP problem, comprising three main components: The meta-
model serves as the basis for defining the structural properties of
the problem, while GT rules describe local valid modifications to
an input model, and OCL constructs specify global requirements,
as well as our optimisation metrics. We detail each of these ele-
ments in the following. The resulting specification is amenable to
different approaches to computing solutions to concrete instances.
Subsequently, in Section 4, we briefly show one specific approach
based on MILP and the GIPS tool.

3.1 Metamodel
The definition of the IHTP is provided in natural-language text [14],
describing the relevant groups of persons, the associated objects,
and the constraints controlling their interaction. Here, we translate
this into a precise and formal metamodel, which we show in Fig-
ure 1 using UML class diagram notation. The resulting complete
metamodel is a representation of all necessary information of the
IHTP in a structured form. Its classes comprise an extended set of
attributes and references, which will be explained in the follow-
ing paragraphs. All references displayed in Figure 1 as blue edges
annotated with «derived» are to be identified through the opti-
misation process (and we number them by the subproblem they
belong to). This means that a problem instance of the IHTP without
any solution does not contain any of the «derived» edges shown
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Figure 1: Complete initial (domain) metamodel for the IHTP.

in Figure 1. Most of the other (straightforward) references in the
class diagram do not show their labels for improved clarity of the
diagram. For example, the reference from the class Workload to the
class OpTime ends with a multiplicity of 0..1 and can be addressed
via the name opTime. The references with a multiplicity of 0..*
can be addressed with the plural of the target node’s name, e.g., the
Capacity nodes can be reached via the reference name capacities
starting from the class OpTime. We introduce the metamodel by
addressing one subproblem of the IHTP at a time.

For the modelling of our first subproblem, the Nurse-to-Patient
Assignment (NPA), we introduce a class Nurse that models a nurse
with a specific skillLevel as an integer. A Nurse has a set of
Roster objects that model the availability as well as the maximum
workload of the nurse. For this, the class Roster includes an at-
tribute shiftNo to indicate on which shift the nurse is available and
the attribute maxWorkload to keep track of the maximum workload
the nurse is capable of handling in this particular shift. On the other
side of this sub-problem, there are the classes Room and Shift. An
object of the class Room represents a single room of the hospital,
whereas a Shift models one specific shift of a specific room. For
a complete planning horizon of 𝐷 days, there are 3𝐷 shift objects
per Room in the complete model (3 shifts per day). For being able
to represent the order of Shift objects, this class inherits from
the abstract class Ordered that models a double-linked list via the
references prev and next. The blue «derived» edge 1 between
Roster and Shift models the assignment of Roster objects of a
nurse to shifts of a specific room. As a result, it is possible to encode
assignments of specific nurses’ rosters to individual shifts of rooms.

For the second subproblem, the Patient-to-Room Assignment
(PRA), we add the classes Patient and Workload. A Patient ob-
ject models an individual patient of the IHTP, including different
attributes to model properties of the patients. earliestDaymodels
the earliest possible admission date, whereas dueDay models the

latest possible admission day, both representing the respective day
number. The Boolean attribute mandatory is set to true for manda-
tory patients and false for optional patients. Age and gender are
modelled similarly. Attribute stayLength keeps track of the length
of the patient’s stay measured in days. surgeryDuration models
the surgery duration for the operation that is necessary for the
respective patient. Lastly, the Boolean flag isOccupant indicates
if the respective patient is an occupant and, therefore, had their
surgery in the last planning horizon. Besides the mentioned at-
tributes, the class Patient also contains a reference incompatible
that can link to multiple objects of the class Room, with which a par-
ticular Patient is not compatible (e.g., due to missing equipment).
Each Patient object contains a set of instances of class Workload
that also inherit from the abstract super class Ordered. They model
the workload created for nurses by the patient in each shift, each
having a specific value (workloadValue) and also a minimum re-
quired nursing skill (minNurseSkill). The blue «derived» edge
2 between Workload and Shift models the assignment of the
patient’s workload (and, thus, the patient themself) to a specific
room in an individual shift. The metamodel is, thus, capable of rep-
resenting the assignment of a patient to multiple rooms for different
shifts. For all occupants of a problem instance, the corresponding
«derived» edges are predetermined by the input data.

The remaining classes model the last of the three subproblems,
the Surgical Case Planning (SCP). First, Surgeon represents indi-
vidual surgeons working in the hospital. Each Surgeon contains a
set of objects of type OpTime. OpTime captures the days on which
the surgeon can operate (day attribute), and the maximum opera-
tion time available on each day (maxOpTime attribute). A Patient
may be pre-allocated to a single Surgeon, and a Surgeon can be
assigned to operate on multiple Patients. The assignment of the
surgery of a specific Patient is modelled via the blue «derived»
edge 3a between Workload and OpTime. This reference connects
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Listing 1: OCL constraint implementing the hard constraint
H7 of the IHTP.

1 -- (H7): Room capacity
2 context Shift inv:
3 shiftNo mod 3 = 0 implies
4 workloads ->size() <= room.beds

the first workload of a patient with an available operation time slot
of the surgeon. For allocating a surgery to an operating theatre,
the metamodel provides a class OT that contains a set of Capacity
objects, each modelling the availability of the OT on a specific day
(using attributes day and maxCapacity). To model a specific assign-
ment of a patient’s surgery to an operating theatre, the remaining
two blue «derived» edges 3b and 3c are necessary. The first edge
3b between OpTime and Capacity describes the assignment of the
corresponding surgeon to a specific operating theatre. The other
edge 3c between Workload and Capacity models the assignment
of the patient to the respective operating theatre. Both assignments
also set the specific day on which the surgery should take place.

The illustration in Figure 1 is slightly simplified because in the
complete class diagram, there is an abstract superclass called Named-
Element with a single String attribute used to assign names to ob-
jects. In fact, most of the classes like Nurse, Room, Patient, etc.,
inherit from the class NamedElement. We omitted this class in Fig-
ure 1 to reduce the size of the class diagram in this section.

The complete metamodel is also not able to enforce valid assign-
ments of the «derived» edges, as these are subject to both local and
global requirements. The two types of requirements can be defined
through an additional technique able to enforce hard constraints
on arbitrary model segments, for which we chose OCL.

3.2 OCL Specification
To ensure (global) model validity, all hard and soft constraints of the
IHTP problem description can be expressed using OCL constraints.
The comprehensive specification is based on the assumption that
the provided model instances conform to the defined metamodel,
enabling a compact definition that only considers valid assignments
of «derived» edges.

As a first example, we take a look at the hard constraint H7
in Listing 1, which directly derives from the problem description.
The shown invariant is only enforced for each morning shift, as
indicated by the keyword implies. This is possible because patient
admission and release are only allowed for the beginning of the
first shift of a day as per the IHTP description. If the corresponding
shift number is divisible by three (hence, the respective shift is a
morning shift), the number of assigned workloads or, respectively,
patients must satisfy the maximum room capacity.

Since we also need to specify the soft constraints of the IHTP,
there is a need for a way to express (parts of) the objective function
on the model level. The OCL standard does not define a way for
specifying objective functions. Instead, we introduced an extension
to OCL to be able to specify arithmetic expressions for a given
context, which is inspired by Tomaszek [34]. Instead of specifying
invariants in a specific context, the newly introduced keyword
min (or max) can be used to state the direction of the optimisation

Listing 2: OCL constraint implementing the soft constraint
S7 of the IHTP.

1 -- (S7): Admission delay
2 context Patient min:
3 if firstWorkload.shift.oclIsUndefined () or
4 isOccupant then 0
5 else firstWorkload.shift.shiftNo / 3
6 - earliestDay

process and it also defines that the following body belongs to a
soft constraint. In contrast to the body of the hard OCL constraint,
which contained a Boolean expression that must be satisfied at
all times, the body of the soft constraint contains an arithmetic
expression that evaluates to a numerical value. The idea behind
this OCL extension is that for every instance of an object of the
context in the model, the corresponding arithmetic expression will
be evaluated. The sum of this evaluation will contribute to the
overall objective function, which is the sum over all soft constraint
definitions, controlled via the keyword min or max.

Listing 2 presents the soft constraint S7, which calculates the
admission delay (to be minimised) for each patient. The calculated
penalty is only valid if the patient was initially admitted, which is
ensured if the first workload is associated with a shift. Furthermore,
occupants are excluded as they are predetermined and scheduled
from the start of the planning horizon, meaning they cannot be
delayed. For the calculation of the penalised wait time, the body
of the constraint first navigates from the Patient to their first-
Workload, afterwards the connected Shift, and lastly to the re-
spective shift number (shiftNo). The value gets divided by 3 in
order to get the respective day number. Note that this is an integer
division, which truncates any fractional part of the result inten-
tionally. Lastly, we subtract the earliest possible admission day of
the Patient, which results in our penalty cost if we schedule the
patient for a later day that is not the first possible admission day.

Like these examples, all further constraints of the IHTP problem
description can be specified using OCL. This applies to the hard
constraints as well as the soft constraints of the IHTP. The full
specification of all OCL constraints can be found in [25].

With the specification of hard constraints and soft constraints
via OCL, there is the requirement left to modify the model, i.e., to
create «derived» edges. For this, we introduce GT rules.

3.3 Graph Transformation Rules
The proposed metamodel contains five «derived» edges, responsible
for subtasks of the scheduling problem. We have defined a set of
GT rules that can create each of these associations necessary for
valid IHTP solutions. The complete set of rules is provided in [25],
and Figure 2 as well as Figure 3 present the two GT rules defined
for the PRA subproblem exemplarily.

The rule assignPatientToRoom_domain assigns the patient’s
first workload to a morning shift, as implied by the first attribute
constraint. The second attribute constraint ensures that the admis-
sion day is the same as the day the surgery is scheduled. Further-
more, the Left-Hand Side (LHS) contains two Negative Application
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Figure 2: Domain GT rule for initial patient admission.

Figure 3: Domain GT rule for extending the patient’s stay.

Conditions (NACs), where the first ensures only matches for com-
patible rooms are selected, and the second prevents patients from
being admitted to the same Shift object multiple times. In sum-
mary, assigning the first workload determines the admission day
and room for the duration of a patient’s stay. Both attribute con-
straints were derived from some of the OCL constraints of the full
specification. Subsequently, the rule extendPatientStay_domain
assigns the patient’s next workload to the consecutive shift asso-
ciated with the same room, thereby extending their stay by one
shift. The NAC once again prohibits multiple assignments between
a shift and workload pair. As seen in Figure 3, to identify this next
shift, the LHS relies on the «derived» edge created by the previous
workload assignment. This always entails a consistent room assign-
ment, as all shift objects in a list are associated with the same room.
To assign all workloads of a patient, the second rule must be succes-
sively executed for every workload beyond the first. Consequently,
each following match is directly dependent on the «derived» edge
created by the prior application. To ensure termination of the com-
plete rule set, all rules contain a NAC that forbids creating more
than one derived edge between the same two nodes.

Similarly to the two exemplarily presented GT rules presented in
this section, all necessary model transformations of all subproblems
of the IHTP can be represented with GT rules.

4 Implementation with GIPS
The three proposedmain components (metamodel, OCL constraints,
and GT rules) comprehensively specify the IHTP and also define
optimisation metrics through the OCL soft constraints. This speci-
fication poses a static representation of the IHTP. Importantly, it
is parametric in the sense that the problem is defined generically:
instances of the metamodel that do not contain «derived» references
correspond to individual problem instances provided that the OCL
constraints and GT rules uniformly define constraints, optimisation
objectives, and decision variables for all these instances.

However, the specification itself does not incorporate a mecha-
nism to execute the proposed GT rules and drive the optimisation.
To this end, there are several different tools and approaches avail-
able. While technical details differ (i.e., translations to tool-specific
formats and languages would be needed), the presented compo-
nents principally suffice to compute solutions to IHTP instances in
tools like MDEOptimiser [11], MOMoT [8], or VIATRA-DSE [21].
Notably, the just presented specification does not depend on a cer-
tain approach to solve optimisation problems, but various methods
of state space exploration can be used. In particular, evolutionary
algorithms and similar metaheuristic approaches can be applied
rather directly, given our specification.

In this section, we address RQ2 (Can model-based, declarative
specifications be transferred to specifications in established, off-
the-shelf solvers like Gurobi?) by briefly describing how the high-
level, model-driven specification of IHTP, presented in Section 3
can be transformed into a GIPSL specification that can be solved
automatically with the GIPS framework and an off-the-shelf MILP
solver as part of a comprehensive pipeline (see Figure 4). To do this,
we first have to translate the specification from Section 3 into a
specification in GIPSL, the DSL used by GIPS. This is more than a
change of representation: through this translation, we change from
a problem formulation that is focused on the outcome (statically
and declaratively describing what a solution should look like using
constraints over the outcome model) to one that is focused on the
process of finding that outcome (describing constraints over GT
rule applications that govern how to optimally apply these rules).

A key challenge is that the original GT rules of Section 3 were
designed for sequential execution, where later GT rule applications
depend on structures created by earlier ones. Since an MILP solver
selects all decisions simultaneously, these dependencies must be
reified explicitly in the model. To achieve this, we introduce so-
called virtual nodes within the metamodel that replace the original
derived edges of the original metamodel of Section 3. Each virtual
node represents a potential rule application and contains a Boolean
attribute indicatingwhether it is selected as part of the final solution.
Additional dependency relations between virtual nodes capture the
execution order and prerequisite relationships that previously arose
implicitly during sequential rule execution. This transformation
allows all possible decisions to be represented statically before
running the MILP-based optimisation procedure.

The next step is a so-called preprocessing phase, which can be
seen on the left-hand side of Figure 4. Starting from a specific IHTP
problem instance imported from a JSON file (which was trans-
formed from the JSON file to a model with the help of the visualised
JSON2Model transformation), GT rules are executed exhaustively
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Figure 4: Pipeline illustrating the process from start to obtaining a final solution.

to generate all admissible virtual nodes and their dependencies.
These preprocessing GT rules are systematically derived from the
original domain rules. The resulting enriched model (see Prepro-
cessed Model in Figure 4) contains a complete representation of all
feasible assignment options together with the information needed
to determine which combinations are valid. This shifts much of
the search-space construction into a generic preprocessing step
and avoids the need for manually coded, problem-specific MILP
formulations.

After preprocessing, the enriched model is handled by the de-
rived GIPSL specification. In the derivation of the GIPSL specifi-
cation, the original OCL constraints that describe valid solution
states are reformulated as constraints on the selection of virtual
nodes based on the enriched model. Likewise, soft constraints are
transformed into objective-function components in the GIPSL DSL.
GIPS then maps possible GT rule applications to MILP decision
variables and generates the corresponding optimisation model au-
tomatically. Although parts of the described translation were im-
plemented manually in this work, we believe that the process is
sufficiently systematic to be automated in the future.

The complete optimisation pipeline (see Figure 4) therefore con-
sists of: (1) Importing the JSON data into a graph-based model
(JSON2Model), (2) preprocessing the model to create virtual nodes
including their inter-dependencies (Preprocessing), (3) generating an
instance-specific MILP formulation from the generic IHTP GIPSL
specification (GIPS), (4) solving the instance-specific MILP problem
with Gurobi (GIPS), and (5) post-processing the selected virtual
nodes into the final solution model (Postprocessing) as well as ex-
porting the solution as JSON file (Model2JSON ), if desired. The
complete pipeline is implemented and runs automatically, whereby
the step GIPS in Figure 4 is based on previous work on the GIPS
tool [17, 24]. Preprocessing and Postprocessing are new contribu-
tions of this work. However, the current implementation of Pre-
and Postprocessing is specific to the IHTP and, most importantly,
we manually translated the metamodel and OCL from the previ-
ous section into GIPSL. By and large, however, our procedure in
both implementing Pre- and Postprocessing and translating OCL
to GIPSL were principled and followed identifiable patterns. There-
fore, we are convinced that large parts of the pipeline can be made
generic and that the translation to GIPSL can be automated (indeed,
we have started implementing this automation).

Overall, this demonstrates how a domain-oriented specification
based on metamodels, OCL constraints, and GT rules can be system-
atically transformed into a solver-executable MILP model given an
instance model representing a specific problem to be solved. The ap-
proach preserves the high-level problem description while enabling
(semi-)automated optimisation and is a foundation for a largely

automated MDO workflow in future work. A more in-depth de-
scription including examples can be found in our preprint [25]. The
complete GIPSL specification and some additional documentation
can be found in our GitHub repository2.

5 Optimizing IHTP Instances
As we said in the introduction, our focus is on the specification
of the optimisation problem and how we can improve it. Never-
theless, solver performance is important for practical applications.
Addressing RQ3, we report on some experimental results.

Throughout this experiment, we are adding increasingly complex
soft constraints to the problem and, therefore, show the following
selection of specifications that differ in the number of soft con-
straints they implement:

• 3SC: The specification is restricted to three soft constraints
(S5, S7, S8) and is based on the solution which we initially
submitted to the IHTC 2024.

• 5SC: An extended specification implementing two additional
soft constraints (S1, S6).

• 6SC: A further extended specification additionally imple-
menting soft constraint S2.

• 8SC: The complete specification, modelling the full IHTP
including all eight soft constraints.

Methodology. We report the best results our approach obtained
with 10min solving time for all 30 instances of the IHTC (cf. Table 1).
We executed each of our approaches three times and report the best
found solution over all runs. The table includes the four columns
3SC, 5SC, 6SC, and 8SC, which are marked to show which of our
implementations achieved the respective result. For reference, we
included the best reported solution3 of the IHTC 2024 for every
problem instance in the column IHTC. To enable a fair comparison
across solutions, the cost values are calculated based on all eight soft
constraints, regardless of the number of soft constraints considered
in the implementation that obtained the best result. All evaluation
runs were executed on a dedicated workstation equipped with an
AMD EPYC 7763 64-Core processor and 256GB of RAM.

Results. The 8SC implementation achieved the best results for
the first four instances (i01 to i04). The next 14 instances (i05 to i18)
were best solved with either 6SC or 5SC, except i14, which was best
solved by 3SC. The remaining nine instances were mostly solved
by 3SC or 5SC, except i25, which was best solved by 6SC. In general,
there is a trend whereby the larger instances were best optimised
using the simpler implementations featuring fewer soft constraints.

2IHTP paper resources: https://github.com/Echtzeitsysteme/ihtp-paper-2026-resources
(Accessed June 23, 2026)
3IHTC 2024 best results: https://ihtc2024.github.io/#section9 (Accessed June 25, 2026)

https://ihtc2024.github.io/#section9
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Table 1: Best found solutions of our approach for all 30 com-
petition instances and a solve time limit of 10min. The col-
umn IHTC describes the best value reported for the IHTC
2024, the column cost denotes the final achieved penalty cost
of our implementation (lower is better), and a mark in the
respective column shows which implementation achieved it.

Implementation

Instance IHTC Cost 3SC 5SC 6SC 8SC

i01 3,842 3,859 •
i02 1,264 1,317 •
i03 10,490 10,555 •
i04 1,884 2,748 •
i05 12,760 16,317 •
i06 10,671 11,265 •
i07 5,026 11,045 •
i08 6,291 12,329 •
i09 6,682 10,017 •
i10 20,820 28,475 •
i11 25,938 27,138 •
i12 12,430 19,806 •
i13 17,328 20,661 •
i14 9,746 17,473 •
i15 12,486 26,564 •
i16 10,139 16,133 •
i17 40,535 76,090 •
i18 37,660 44,339 •
i19 44,587 75,802 •
i20 29,098 40,559 •
i21 24,703 43,688 •
i22 47,861 82,880 •
i23 37,550 62,603 •
i24 33,221 41,014 •
i25 11,517 20,988 •
i26 64,613 105,155 •
i27 51,828 101,533 •
i28 75,172 89,994 •
i29 12,475 16,483 •
i30 37,943 66,027 •

Discussion. In theory, the quality of the solutions should improve
with a higher number of implemented soft constraints. As a result,
8SC should achieve the best result by outperforming all other imple-
mentations since it implements all of the specified soft constraints.
However, since the time limit of 10min clearly restricts the solver
for the larger instances and a higher implemented number of soft
constraints, the quality of the found solutions does not exceed the
achieved costs of the simpler implementations, which leads to the
presented result. Especially, all nurse-related soft constraints (S2,
S3, and S4) substantially increase the MILP problem size. Remov-
ing them eliminates all soft constraints associated with the NPA,
which greatly simplifies all other allocations. Among these three
soft constraints, S3 (continuity of care) and S4 (nurse workload)
proved to be particularly complex, as they require aggregated work-
load information and therefore introduce a cross-product over two

virtual node types. This causes a significant rise in the number of
MILP variables and associated constraints. Based on these observa-
tions, the reduced specification variant 5SC achieves the best overall
performance in the chosen setting. It consistently obtains feasible
solutions for all instances, while, in most cases, outperforming the
smaller 3SC variant in solution quality. However, if we relax the
time limitation and use the 8SC GIPSL specification, we were able
to calculate the optimal solution for two of the given IHTP problem
instances (i01 with a cost of 3,842 and i03 with a cost of 10,490) as
well as proving the optimality by using our GIPS-based approach.

In the IHTP, cost is computed as a weighted sum of penalties
for violations of soft constraints (with changing weights across
problem instances), making it hard to assess what the gap in quality
of computed solution actually means for their comparative usability
in practice. We, therefore, refrain from an interpretation.

6 Related Work
Casting relevant problems from the healthcare domain mathemati-
cally as optimisation problems and employing techniques from OR
to solve these is an established field of research and various sur-
veys review existing problems, solution techniques, or approaches
to specific problems, e.g., [1, 2, 5, 31]. In this paper, we use the
IHTP [14] as a use case to investigate in how far model-driven
concepts can support specifying and solving optimisation problems
in the healthcare domain. The IHTP problem is defined in [14];
32 solutions have been submitted to the competition4, a selection
of which was presented at the EURO 2025 conference5. Besides
introducing the problem, Ceschia et al. [14] also review the 32 com-
petition submissions, classifying the used approaches as employing
MILP, Constraint Programming (CP), and/or metaheuristics; the
five finalists of the competition are presented in more detail. In the
meantime, one of the five finalists published a detailed account of
their approach [33]; they hybridise late acceptancy hill climbing
with large neighbourhood search. To implement these, they employ
a set of diverse search techniques, including exact methods like
Mixed Integer Programming (MIP) and the computation of cliques
of longest paths in a graph. Importantly, according to Ceschia et
al. [14], who collect the best known results for the public and the
hidden problem instances of the competition, so far, optimality has
not been proved for any found solution for any of these problem
instances, which we achieve for two instances in this paper; this
also remains valid after the appearance of [33].

The main concern of our approach to the IHTC’24 problem,
however, is ease of specification, where we aim to achieve a result
that is modular, concise, and understandable for domain experts,
but still mathematically precise. High-level constraint languages
like Essence [19] or MiniZinc [29] exist and provide a range of
desirable features: They are parametric, i.e., support defining an
optimisation problem generically from which concrete instances
can be automatically generated according to input data; they pro-
vide abstract data types like arrays or functions and support types.
Still, a user is forced to specify an optimisation problem in terms of
these abstract data types rather than being able to use terms of the
4International Healthcare Timetabling Competition 2024: https://ihtc2024.github.io
(Accessed June 22, 2026)
5European Conference on Operational Research 2025: https://euro2025leeds.uk (Ac-
cessed June 22, 2026)

https://ihtc2024.github.io
https://euro2025leeds.uk
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problem domain. In contrast, our approach is a specific instance of
model-driven optimisation (see, e.g., [8, 21, 23, 38]), where the goal
is to provide users with the possibility to specify optimisation prob-
lems via domain models on a higher level of abstraction, enabling
them to express themselves in familiar, domain-specific terms and
to integrate domain knowledge that might foster the search for
optimal solutions. In our implementation, we use GIPS [17, 18, 24],
(manually) translating the model- and OCL-based specification (see
Section 3) into GIPSL (see Section 4), GIPS’ internal specification
language. Besides GIPS, tools that implementMDO includeMDEOp-
timiser [11], MOMoT [8], or VIATRA-DSE [21]. While the general
specification mechanisms for problems are similar to the one we
present here, other MDO approaches use different concepts and
algorithms to compute solutions. The most widely employed class
of algorithms are evolutionary search—or similar meta-heuristic
search procedures.

While we are not aware that MDO has been systematically ap-
plied in the healthcare domain, there exist approaches that are
similar in spirit, i.e., other approaches that want to increase the
accessibility of technical tools and methods by allowing healthcare
experts to engage with these on a more abstract, less technical level
and in terms they are familiar with in their domain. A—meanwhile
slightly dated—survey on the use of UML for modelling in the
healthcare domain has been performed by Vasilakis [36]. Caruso et
al. developed a tool, calledCNL2ASP, that translates specifications of
optimisation problems written in a controlled natural language into
an answer set programming specification and they evaluate their
approach, amongst others, via two use cases from the healthcare
domain, namely nurse scheduling and chemotherapy treatment
scheduling [13]. Bernardi et al. develop a graphical DSL to model
clinical pathways [6]; models in that language can be translated
into formal models (different kinds of Petri nets), which can then be
used to formally analyse the modelled pathways [6, 15]. Whether
our approach actually enables domain experts to specify their op-
timisation problems—or at least offers a suitable format for joint
development of these by domain and OR experts—remains to be
evaluated.

7 Discussion and Future Work
In this paper, we explored how model-driven techniques can be ap-
plied to the specification and solving of complex optimisation prob-
lems in the healthcare domain, specifically the Integrated Health-
care Timetabling Problem (IHTP) from the Integrated Healthcare
Timetabling Competition (IHTC) 2024. In doing so, we aimed to
answer three research questions:

– RQ1 Can established declarativemodelling formalisms—namely
conceptual modelling using class diagrams, the OCL, and the dec-
laration of model transformations—be used to express complex op-
timisation problems from the healthcare domain (in terms close to
the domain)? In Section 3, we presented a declarative specifica-
tion of the IHTP using class diagrams to capture domain concepts,
OCL expressions to define constraints and objective functions, and
model transformations to characterise the available decision space.
Class diagrams and OCL are well-established formalisms in the
model-driven engineering community, which are widely used for

conceptual-modelling purposes, like in our scenario. Using rule-
based model transformations to declaratively specify the decisions
that can be made to find valid and optimal solutions means con-
straints can be naturally integrated, minimising the search space by
only allowing decisions that lead to valid solutions to be explored.
In particular, the specifications shown in Section 3 use domain
terminology throughout and encapsulate the technical aspects of
the specification in a graphical format for easier accessibility.

– RQ2 Can model-based, declarative specifications be transferred
to specifications in established, off-the-shelf solvers like Gurobi? We
briefly discuss in Section 4 how the declarative specification can
be translated into a MILP formulation that can be solved by the
off-the-shelf solver Gurobi. We have implemented this translation
(though some steps currently remain manual) and used it for the
experiments we report in Section 5.

– RQ3 Given a model-based specification and such a translation
to a solver, can solutions be efficiently computed? We report on exper-
imental evaluation of our approach using the 30 problem instances
provided by the IHTC in Section 5. Here, the picture is still more
mixed: while we are able to solve all instances within the original
time limit of 10min, our approach is not yet competitive with the
best-performing approaches in the competition. Improvements in
efficiency and effectiveness of optimisation-problem solving typi-
cally rely on highly optimised problem formulations and bespoke
pre-processing strategies, which require significant optimisation
expertise and are often highly problem-specific. With our approach,
we already obtain some of these ‘for free’ as constraints are embed-
ded in transformation rules allowing GIPS to automatically discount
many potential decisions without involving the general-purpose
MILP solver and optimiser. This reduces the variable and constraint
counts, which are key drivers of solver performance. We believe
that we can integrate additional strategies in the GIPS pipeline to
generate better problem formulations for the solver, without requir-
ing significant additional optimisation expertise from the modeller,
similar to related efforts such as the Conjure toolkit [4]. However,
this remains to be explored in future work.

Currently, our approach requires a significant degree of manual
translation of the initial problem specification before it can be
processed by our GIPS tool. However, much of this translation
follows a systematic set of steps, which we believe can be easily
automated. In future work, we aim to develop a more automated
pipeline for this process.

Other solutions submitted to the IHTC are just in the process
of being formally published. We are currently studying these in
detail to understand the specific strategies used by other teams.
We are particularly interested in exploring whether some of the
bespoke pre-processing strategies developed by other teams could
be integrated into our approach to increase the number of strategies
available without explicit coding.

Finally, we would like to undertake an empirical evaluation with
clinical stakeholders to validate our approach in real-world scenar-
ios. In particular, we are keen to understand the degree to which our
approach to problem modelling enables participatory modelling
and improves the explainability of optimisation outcomes.
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