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Abstract

Mobile Stroke Units (MSUs), which are specialised ambulances equipped with brain imaging devices and trained medical
personnel, offer the potential for rapid on-site diagnosis and treatment, improving patient outcomes in prehospital stroke
care. To fully realise their benefits, it is essential to strategically allocate. However, identifying optimal locations within
a region for MSU deployment is typically computationally challenging due to the vast number of possible combinations
of ambulance stations. Existing methods suffer from computational inefficiency, as they consider the whole search space
when looking for the optimal solution to the MSU allocation problem. In the current paper, we propose a framework,
Quality Clustering for Reducing the Search Space (OCRSS), which uses clustering as a preprocessing step to significantly
reduce the number of candidate MSU locations while maintaining high solution quality for the MSU allocation problem.
In a real-world use case study, we evaluate our proposed framework in Sweden’s southern healthcare region. Extensive
experiments across multiple MSU settings demonstrate that QCRSS achieves the optimal solution for two, three, and four
MSUs, and a highly satisfactory solution even for the larger and more complex case of five MSUs. The proposed frame-
work reduces the search space by 5x, 11x, 26x, and 67x for two, three, four, and five MSUs, respectively. We illustrate
the performance of QCRSS through both qualitative and quantitative analyses.

Keywords Decision support system - Ambulance allocation - Optimisation - Healthcare - Mobile stroke unit -
Clustering - Reducing search space - Prehospital stroke care

Introduction

Stroke is a serious neurological condition caused by either a
blockage in a blood vessel (ischemic stroke) or a rupture of
a blood vessel (hemorrhagic stroke), both of which disrupt
the blood supply to the brain [1]. Without timely medical
intervention, a stroke can result in irreversible brain dam-
age, long-term disability, or death. Globally, stroke remains
a major public health concern, affecting one in six people
over their lifetime, with an estimated 15 million cases and
5.8 million deaths annually [2]. In Sweden, more than 21,000
people suffer a stroke each year, of which approximately
3900 cases occur in the Southern Healthcare Region (SHR)
[3], which is the focus of this study. The SHR includes a mix
of densely populated urban centers and remote rural areas,
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and the healthcare system [4, 5]. Timely treatment is critical,
as early intervention significantly increases the likelihood
of recovery [6]. However, delivering prompt and accurate
treatment remains difficult due to logistical constraints and
the clinical challenge of distinguishing between ischemic
and hemorrhagic strokes at the patient site [7]. While isch-
emic strokes require clot-dissolving treatments (thromboly-
sis or thrombectomy), hemorrhagic strokes demand rapid
blood pressure reduction to control the bleeding. Given the
similarity in early symptoms, an accurate and immediate
diagnosis is crucial to avoid administering incorrect or even
harmful treatments.

Mobile Stroke Units (MSUs) have emerged as a trans-
formative innovation for improving prehospital stroke care
[8, 9]. These specialised ambulances are equipped with CT
scanners and telemedicine capabilities, enabling on-site
stroke diagnosis and treatment initiation, including throm-
bolysis, under the guidance of remote stroke experts [10].
This approach can significantly reduce the time to treat-
ment, often eliminating the delay associated with hospi-
tal transport. Despite their clinical promise, MSUs are
resource-intensive and costly to operate [11], limiting the
number of units a healthcare region can afford. Therefore,
strategic placement of MSUs is essential to maximise their
impact across the region [12, 13]. This leads to the MSU
allocation problem, an optimisation problem that aims to
identify the optimal locations for a fixed number of MSUs
at existing ambulance station locations within a geographic
area. In this paper, we focus exclusively on the efficiency
perspective, which seeks to maximise patient coverage by
ensuring that as many patients as possible receive treatment
within the shortest possible time window.

Previous studies have proposed various methods for
solving the MSU allocation problem. For instance, Amou-
zad Mahdiraji et al. [14] apply exhaustive search, while
their subsequent work [15] introduces a Mixed-Integer Lin-
ear Programming (MILP) model. However, both methods
struggle to scale effectively due to the combinatorial explo-
sion in larger regions [16]. More recent approaches, such as
those by Abid et al. [16, 17], utilise genetic algorithms (GAs)
to tackle the MSU allocation problem more efficiently. Still,
these approaches typically evaluate solutions across the full
search space, which increases the computational burden. In
the current paper, we hypothesise that reducing the search
space, by strategically filtering ambulance stations before
optimisation, can significantly improve the optimisation
process while maintaining high solution quality. This raises
a key research question: How can we reduce the search
space without significantly compromising the quality of the
solution when solving the MSU allocation problem?

In the current paper, we propose the Quality Cluster-
ing for Reducing the Search Space (QCRSS) framework,

SN Computer Science
A SPRINGER NATURE journal

which focuses on reducing the solution space in a heuristic
preprocessing step to reduce the search space by exploiting
the spatial distribution of ambulance stations for solving the
MSU allocation problem. The ultimate aim is to allow the
optimisation algorithm to explore a smaller, yet representa-
tive subset of possible solutions. In the QCRSS framework,
we first perform a preprocessing step using clustering to
group the ambulance locations (or stations). Thereafter, a
single representative station is selected from each cluster.
Finally, the MSU allocation problem is solved using the
selected subset of ambulance locations. The central idea
behind clustering is that geographically close ambulance
stations are likely to have similar response times to emer-
gency calls, making it sufficient to evaluate only representa-
tive locations from each cluster. This strategy preserves the
spatial diversity of candidate locations while significantly
reducing the number of combinations to evaluate, thereby
improving computational efficiency without compromising
solution quality. This paper extends our previous article [18]
by introducing an enhanced and more generalised method-
ological framework for the proposed QCRSS. In contrast to
our previous article, which primarily introduced clustering
as a preprocessing step for reducing the search space in the
MSU allocation problem, the current article provides a com-
plete and systematic formulation of the QCRSS framework.
We formalise its three key steps, explicitly showing how
different clustering and optimisation methods can be flex-
ibly integrated within each step in the proposed framework.
Specifically, we introduce a generalised representative-
selection strategy to select representatives when creating
clusters with both actual and synthetic data points during
the selection of representative ambulance stations (see Sec-
tion “Step 2: Selection of Representatives Ambulance Sta-
tions”). We further extend the post-processing stage, that is,
solving the MSU problem using the chosen representatives
(see Section “Step 3: Solving the MSU Problem Using the
ChosenRepresentatives™), in which we choose the number
of clusters k, and show that algorithms can be applied to
solve the MSU allocation. Furthermore, we demonstrate the
generalisability and flexibility of the framework by incor-
porating an additional clustering method (i.e., K-means),
thereby illustrating its adaptability. Moreover, to show more
insights of the proposed framework, the current article pro-
vides an in-depth comparative analysis in terms of both
qualitative and quantitative results across different cluster-
ing approaches, a systematic discussion of the hyperparam-
eter k (for determining the suitable number of clusters) in
search-space reduction, and expanded experimental evalua-
tions across multiple MSU allocation settings.

The key contributions of the current paper are sum-
marised as follows:
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1. An optimisation framework, Quality Clustering for
Reducing the Search Space (QCRSS), which consists
of a preprocessing step, a selection of representatives
step and a problem-solving step to solve the MSU allo-
cation problem. The core innovation of the framework
lies in its heuristic, clustering-based, preprocessing
step, which significantly reduces the search space for
the MSU allocation problem.

2. Applying the QCRSS framework in a real-world case
study in Sweden’s Southern Healthcare Region (SHR),
a geographically diverse area comprising both densely
populated cities and sparsely populated rural areas,
which poses a significant challenge for prehospital
stroke care.

3. An illustration of how the QCRSS framework reduces
the computational burden across various MSU deploy-
ment scenarios. The effectiveness of the approach is
validated through comprehensive quantitative and qual-
itative analyses.

The remainder of this paper is structured as follows: Sec-
tion “Related Work” reviews related work. Section “The
Mobile Stroke Unit Allocation Problem” defines the MSU
allocation problem. Section “Quality Clustering for Reduc-
ing the Search Space” presents the QCRSS methodology.
Section “Computational Study” details our computational
study. Finally, Section “Conclusions” concludes the paper
and Section “Future Work™ outlines some directions for
future research.

Related Work

Emergency Medical Service (EMS) allocation is a criti-
cal challenge in healthcare logistics, directly influencing
both patient outcomes and resource utilization. The stra-
tegic placement of limited medical resources to maximize
service coverage and minimize response times has been a
central focus in EMS research for a long time and contin-
ues to attract significant attention [19, 20]. Over the years,
various approaches have been developed to address this
problem, ranging from exact mathematical programming
formulations to heuristic and simulation-based methods
[21-23]. These approaches typically aim to balance compet-
ing objectives such as spatial coverage, population demand,
operational constraints, and computational tractability.
Within the specific context of stroke care, the introduc-
tion of Mobile Stroke Units (MSUs) has added new com-
plexity to the ambulance allocation problem. MSUs are
specialized, high-cost ambulances equipped with imaging
and telemedicine capabilities that enable on-site diagnosis
and treatment of stroke patients [24—27]. The time-critical

nature of stroke management, where treatment delays of
even a few minutes can lead to severe neurological deterio-
ration, further emphasizes the need for optimally positioned
MSUs [28]. Consequently, developing efficient and scalable
optimization strategies for MSU allocation has become a
central research problem in the EMS field.

Early studies on MSU allocation primarily relied on
exact optimization methods. Amouzad Mahdiraji et al. [14]
utilised an exhaustive search (ES) method to identify opti-
mal MSU placements for scenarios involving one to three
MSUs across 39 potential ambulance locations in Sweden’s
Southern Healthcare Region (SHR). Their study evaluated
each possible combination to determine its suitability and
quality based on an objective function. While this brute-
force approach guarantees optimality, its scalability is
limited. As the number of MSUs increases, the number of
possible combinations grows exponentially, resulting in a
rapidly expanding search space. Consequently, the compu-
tational time becomes prohibitively high, rendering exhaus-
tive search impractical for larger problem instances. In a
follow-up study, Amouzad Mahdiraji et al. [15] proposed
a mathematical optimisation model based on Mixed Integer
Linear Programming (MILP) to solve the MSU allocation
problem. The model was also applied to the SHR. Despite
its theoretical rigour, solving the MILP formulation using
the Gurobi solver [29] proved computationally challenging.
Due to the model’s complexity, the approach was limited to
only two counties within the SHR, indicating limitations in
scalability.

To improve scalability and computational efficiency,
Abid et al. [16] introduced a genetic algorithm (GA) tai-
lored for solving the MSU allocation problem. This method
demonstrated increased scalability and broader regional
applicability compared to previous models. However, one
limitation of the traditional GA is its reliance on randomly
generated initial populations. Such randomness can lead to
poor initial diversity, with ambulance stations selected in
close proximity to one another. This results in slow conver-
gence, as the algorithm requires many generations to evolve
better solutions.

To address this issue, Abid et al. [17] later proposed a
clustering-based GA variant that strategically constructs the
initial population. By selecting MSU placements from geo-
graphically dispersed clusters, the method ensures greater
spatial diversity in the initial solutions, leading to improved
coverage and enhanced convergence.

The main limitation of recent and existing methods for
solving the MSU allocation problem is their reliance on
considering the whole search space, that is, all possible
combinations of ambulance station locations. The search
space often contains numerous solutions with similar per-
formance or quality. As a result, when considering the whole
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search space, optimisation algorithms waste computational
resources evaluating less relevant ambulance station loca-
tions or suboptimal solutions. To overcome this challenge,
the current article aims to develop a more efficient approach
that strategically reduces candidate locations or search
space to a smaller, high-quality subset without compromis-
ing solution quality.

The Mobile Stroke Unit Allocation Problem

In this section, we present a mathematical model for the
mobile stroke unit (MSU) allocation problem, which aims
to identify the optimal locations for a fixed number of
MSUs at existing ambulance stations within a geographic
area, covering the efficiency perspective. Efficiency refers
to covering as many patients as possible to receive treatment
in a shorter window of time.

Let 7 represent the set of existing ambulance stations
in the considered region and N the total number of MSUs
to allocate. Each ambulance station is assumed to always
have at least one regular ambulance available. The geo-
graphic region R is subdivided into smaller areas », where
all patients located within subregion 7 € R are assumed to
be at the centroid of r.

Let t24 be the expected time to treatment for a patient in
subregion » when served by a regular ambulance located in
i € I, and let t}/5Y be the expected time to treatment if the
patients are served by an MSU stationed at i. The expected
time to treatment for a patient in subregion r € R when
thA

served by aregular ambulance is given by = mi}l{thA .
1€

The values of t74 (r € R)and tM5Y (r € R, i € I) can be

r
precomputed and are parameters in the optimisation model.

We let Q. (r € R) denote the share of the stroke cases in
R that is expected to take place in subregion 7. The decision
variables x; € {0,1} (¢ € I) are defined as

~_J 1 if an MSU is placed at location ¢
Ti=191 0 otherwise.

Using the decision variables x;, the minimum expected time
to treatment for a patient in subregion » when served by an
MSU can be calculated as follows:

t?]n\,{S'U:nlei}l{tM.SU_'_(l_xi)']\/[}7 (1)

i
i

where M is a sufficiently large constant, such as the maxi-
mum expected time to treatment for any subregion » from
any ambulance station i. This equation ensures that stations
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without an MSU are assigned such a long time to treatment
that they will be excluded from consideration.

The objective function is the weighted average time to
treatment across all subregions r» € R, which is formulated
as follows:

min z = E Qr~min{t§A,tf15U ,

reR

2

where the decision variables (z;,¢ € I) are implicitly
included in the calculation of t*5U (see Eq. 1). The MSU
allocation, represented by the x; values, is constrained by

> w=N, 3)

iel

which ensures that exactly N MSUs are allocated within the
region.

Quality Clustering for Reducing the Search
Space

The MSU allocation problem is a complex problem due to
the need to search through a large combinatorial space of
possible placements. To address this challenge, we intro-
duce Quality Clustering for Reducing the Search Space
(OCRSS), which is designed to effectively reduce the com-
putational burden associated with solving the MSU allo-
cation problem. The core idea of the QCRSS is to utilise
clustering as a preprocessing step to reduce the number of
candidate locations under consideration without compro-
mising solution quality too much. By exploiting the geo-
graphical distribution of ambulance stations, this method
focuses on achieving better geographical spread and a struc-
turally representative subset of locations, thus improving
computational efficiency. This reduction in the search space
allows the optimisation process to focus on a smaller, more
relevant sub-search space. The QCRSS framework is com-
posed of three main steps: (1) preprocessing using cluster-
ing, (2) selecting representatives for each cluster, and (3)
solving the MSU allocation problem using the chosen rep-
resentatives. A high-level overview of the QCRSS frame-
work is illustrated in Fig. 1, and each step is detailed below.
The proposed framework allows to apply different methods
within each of the steps, which are discussed in more detail
in the following sections.

Step 1: Preprocessing using Clustering

In the clustering-based preprocessing step, the central idea
is that geographically close ambulance stations are likely
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o Preprocessing using Clustering

Whole Search Space

Fig. 1 Overview of the Quality Clustering for Reducing the Search
Space (QCRSS) framework. The process begins with clustering as a
preprocessing step (Step 1), followed by selecting representative loca-

to have similar response times to emergency calls within
their vicinity. By grouping these stations through cluster-
ing, we focus on evaluating a smaller set of representative
locations by considering representatives from each clus-
ter.! There is a large pool of clustering methods that can be
used to group ambulance stations. In the current study, we
explore three commonly used methods as use cases. These
are (1) K-means clustering, (2) K-medoid clustering, and
(3) Agglomerative hierarchical clustering (AHC). These
methods are widely recognised for their simplicity, ease of
implementation and effectiveness across various domains.
Each method provides a different strategy for partitioning
the data and selecting cluster representatives, which we
explain in the next step (see Section “Step 2: Selection of
Representatives Ambulance Stations”). Note that clustering
can be performed using various features, such as geographi-
cal coordinates, ambulance travel times, or other relevant
spatial attributes. We apply clustering based on the geo-
graphical coordinates of ambulance stations.

K-Means Clustering

The K-means clustering method is applied to a set of ambu-
lance station locations I, where each location ¢ € I has
specific coordinates (x;, y;). The objective of K-means clus-
tering is to partition / into K clusters, where each cluster is
represented by a central point called a “centroid,” which is
the mean of all points in the cluster. The centroids minimise
the total squared Euclidean distance between the ambulance
stations and their respective centroids. See below for details
about selecting the value of K.

! The representative from each cluster can be one or more.

Solving the MSU Allocation Problem
using the Chosen Respresentatives

-

R,
9 Repr

for Each Cluster

tions from each cluster (Step 2). Finally, the optimisation problem
(i.e., MSU allocation) is solved using only the selected representatives
(Step 3)

The K-means clustering approach achieves minimal total
squared distance through two main iterative steps:

1. Assignment Step: Each ambulance location ¢ is assigned
to the nearest centroid c¢;, effectively minimising the dis-
tance between each location and its assigned centroid:

¢ = { € 1| j = arg min || (s, y:) — cj||2}, @
c;eC

where C; denotes the set of locations in cluster j, c;
is the centroid of cluster C;, and ||(x;, y;) — ¢;|| is the
Euclidean distance between location 7 and centroid c;.

2. Update Step: Each centroid c; is updated to be the mean
of all locations in the cluster:

1 1
cj = mzxumzyl ) Q)
ZEC]'

i€C;

where |C; | represents the number of locations in cluster

C;. This step ensures that each centroid minimises the
sum of squared Euclidean distances to all points in its
cluster.

These two steps are repeated until the cluster assignments
and centroid locations stabilise, indicating convergence. At
convergence, the minimum total squared distance across all
clusters can be expressed as:

K
miny |l yi) — ol (6)

Jj=1 iEC]‘
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which represents the total sum of squared Euclidean dis-
tances from each location ¢ to its centroid c; across all
clusters.

K-Medoid Clustering

The K-medoids clustering method is applied to a set of
ambulance station locations I, where each location i € I
has specific coordinates (x;,y;). The objective of the
K-medoids clustering is to partition I into K clusters,
where each cluster is represented by a central point called a
“medoid," selected from actual ambulance station locations.
Let M denote the set of these medoids, where M C I. The
medoids minimise the total dissimilarity (sum of distances)
between the ambulance stations and their respective medoid
locations. See below for details about selecting the value
of K.

The K-medoids clustering approach achieves minimal
dissimilarity through two main iterative steps:

1. Assignment Step: Each ambulance location i is assigned
to the nearest medoid m;, effectively minimising the
distance between each location and its assigned medoid:

cjz{z'elljzarg mi%d(i’ma‘)}’ )

m; €

where C; denotes the set of locations in cluster j, m; is
the medoid of cluster C;, and d(%, m;) is the dissimilar-
ity measure (distance) between location ¢ and medoid
mj.

2. Update Step: Each medoid m; is updated to be the loca-
tion within C; that minimises the sum of distances to all
other locations in the cluster:

’ qec;

where p represents a candidate medoid, and ¢ ranges

over all locations in cluster C;. This step ensures that
each medoid is the location that reduces intra-cluster
dissimilarity.

These two steps are repeated until the cluster assignments
and medoid locations stabilise, indicating convergence. At
convergence, the minimum total dissimilarity across all
clusters can be expressed as:

K
min » > " d(i,m;), )

Jj=1 iEC]‘
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which represents the total sum of distances from each loca-
tion 4 to its medoid m; across all clusters.

Agglomerative Hierarchical Clustering

Considerthesetofambulancelocations I = {iy, iz, ...,%1},
where each location ¢ € I has coordinates (x;,y;), which
represent the geographical coordinates (latitude and longi-
tude) of ambulance station 1.

Initially, each ambulance station location is treated as
its own cluster, resulting in k& = |I| clusters (one for each
station). We then compute the Euclidean distance d(3, j)
between every pair of ambulance locations,

(i) =\ (i — 23)* + (i — )%, (10)

to compute the geographical proximity between them.

The next step is to iteratively merge the closest clusters
(ambulance stations) using Ward’s linkage criterion [30],
which minimises the increase in the sum of squared devia-
tions within clusters (i.e., variance). The centroid of each
cluster C is defined as:

1
b= > (1)

where |C}| is the size of cluster C;, and p; is its centroid.
The increase in the sum of squared deviations within
clusters when merging two clusters C; and C} is given by:

|Cil IG5

AE(C;,C;) = 2%
(@0 = a0

d (i, 15)? (12)

where d(u;, f¢;) is the Euclidean distance between the two
centroids ; and ;. Upon merging clusters C; and C};, the
new centroid ' of the merged cluster C' = C; U C} is com-
puted as:

|Gl i +1C5 1y

13
G+ 1G] (13

Step 2: Selection of Representatives Ambulance
Stations

Once clusters have been formed, the second step involves
selecting representative ambulance stations from each clus-
ter. The chosen locations are used as representatives for the
entire clusters in the optimisation (step 3). The objective is
to preserve the structural integrity of the spatial distribution
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while significantly reducing the number of candidate
locations.

There are two general scenarios when selecting represen-
tatives, depending on which clustering method is applied
in step 1: (1) clustering methods that produce actual data
points as centres, and (2) clustering methods that produce
synthetic centres that do not correspond to real locations and
therefore need to be approximated by actual data points.

Case 1: Clustering with Actual Data Points. Some
clustering algorithms, such as K-medoids and Agglomera-
tive Hierarchical Clustering (AHC), produce cluster cen-
tres that are real data points (i.e., actual ambulance station
locations). These methods are well-suited for our use case,
where MSUs can only be deployed at real stations.

K-medoids Clustering: This method identifies medoids
(central data points within each cluster) that minimise the
total dissimilarity to other points in the cluster. The algo-
rithm directly returns medoids as representative locations.

Agglomerative Hierarchical Clustering (AHC): This
bottom-up approach merges the most similar pairs of data
points based on a linkage criterion (i.e., Ward’s method)
until the desired number of clusters is formed. Since AHC
does not select representatives by default, we adopt a deter-
ministic strategy of choosing the first element from each
cluster, which often tends to be centrally located due to the
nature of hierarchical merging.

Case 2: Clustering with Synthetic Data Points. Meth-
ods such as K-means clustering calculate centroids as the
arithmetic mean of data points in a cluster. These centroids
typically do not correspond to real-world ambulance sta-
tions and thus cannot be directly used for MSU deploy-
ment. In such cases, a post-processing needs to be applied.
For each centroid, we identify and select the nearest actual
ambulance station within the same cluster. This allows us to
map synthetic centres to real candidate sites.

By applying these strategies, our proposed method pre-
serves the key spatial properties of the cluster and reduces
the search space for the MSU allocation problem, reducing
the number of candidate stations from || (the total number
of stations) to k£ (the number of clusters) as we now focus on
the representative ambulance locations {mq,ma, ..., mg}
as candidate locations for MSU placement.

Step 3: Solving the MSU Problem Using the Chosen
Representatives

In the final step, we solve the MSU allocation problem
using only the selected k representatives from the clusters.
In other words, the reduced search space, composed of the
k representative stations, is used to solve the MSU alloca-
tion problem. Note that the £ is the hyperparameter of our
method as it directly influences the size of the reduced search

space. The smaller value of & (i.e., fewer clusters) leads to
a smaller search space, which helps improve computational
efficiency. However, too few clusters may risk omitting stra-
tegically important locations. Therefore, the wiser way is to
identify a balanced number of clusters (the value of k) that
effectively reduces the search space by exploiting the spa-
tial distribution of ambulance stations while still preserving
the diversity and quality of candidate locations necessary to
find optimal MSU placements.

Post-processing After Choosing & Clusters. Once the
value of k is chosen, the MSU allocation problem is solved
using the reduced set of k representative locations. By lim-
iting the candidate locations to these representatives, the

search space is reduced from ( |]\I4| ) possible combina-

tions of MSU locations to ( ]\IZ ) , where M is the number

of MSUs to deploy. Here, we can use any algorithm to solve
the MSU allocation problem. For example, in the current
study, we used an exhaustive search to solve the problem.
In the exhaustive search, one can pass each combination
of ambulance locations to the objective function. In other
words, the reduced search space (containing all ambulance
locations) is passed to the objective function (i.e., Eq. 2)
as outlined in Section “The Mobile Stroke Unit Allocation
Problem”. From this reduced search space, we select the
solution that yields the minimum weighted time to treat-
ment as the acceptable solution for placing the MSUs.

Computational Study
Scenario Description

To evaluate the effectiveness of the proposed QCRSS
framework in solving the Mobile Stroke Unit (MSU) allo-
cation problem, we applied it to the Southern Healthcare
Region (SHR) of Sweden. The aim was to identify optimal
locations for deploying M MSUs, ranging from two to five,
with a focus on the efficiency perspective, represented using
weighted time to treatment (WATT).

The SHR presents a challenge for pre-hospital care, as
it encompasses both densely populated urban centers and
sparsely populated rural areas. The region spans four coun-
ties, includes 49 municipalities, and covers approximately
24, 000 square kilometres. It has a population of around 1.9
million, 13 acute hospitals and 39 ambulance stations. Fig-
ure 2 provides an overview of Sweden’s Southern Health-
care Region (SHR), where ambulance site locations are
marked with green triangles and acute hospitals are indi-
cated by purple circles.
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Fig.2 Overview of Sweden’s
Southern Healthcare Region, with
ambulance sites represented by
green triangles and acute hospital
locations by purple circles. The
circled numbers indicate the cor-
responding ambulance site IDs

Evaluating Clustering Strategies for Reducing
Search Space in the QCRSS Framework

In the preprocessing step of QCRSS (i.e., step 1), we
explored three clustering techniques: K-means, K-medoids,
and Agglomerative Hierarchical Clustering (AHC). Each
method offers a distinct approach to partitioning the data
and selecting representative cluster centres, affecting the
efficiency and quality of the optimisation process.

To assess the impact of these clustering methods, we
conducted a comparative analysis based on the Weighted
Average Time to Treatment (WATT). The WATT is calcu-
lated using the objective function defined in Section “The
Mobile Stroke Unit Allocation Problem” (Eq. 2). We var-
ied the number of clusters from 3 to 27 and evaluated each
method across four MSU allocation scenarios: deploying
two, three, four, and five MSUs. The goal was to observe
how the number and quality of clusters influence the ability
to find high-quality solutions to the problem. The quantita-
tive results are provided in Fig. 3 and the qualitative results
are presented in Fig. 5.
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Quantitative Results

The results in Fig. 3 clearly show that AHC consistently
outperforms the other considered clustering methods across
all MSU deployment settings, that is, two, three, four, and
five MSUs. For example, as shown in Fig. 3a

Note that across all scenarios, K-medoids clustering
(KMC) and K-means clustering perform suboptimally for
smaller numbers of clusters. As evident in the plots, the
WATT values of these two clustering methods diverge con-
siderably from the optimal values, especially in lower-clus-
ter configurations. This indicates that KMC and K-means
suffer from underfitting, as they fail to effectively capture
the spatial structure of the data. Conversely, AHC achieves
high-quality solutions with fewer clusters, reflecting its
ability to better preserve the spatial integrity of ambulance
station distributions.

Another notable observation is that the KMC and
K-means results show irregular fluctuations. For example,
for two MSUs, the performance improves at eight clusters
but then worsens at nine. A similar dip and rise are observed
as the number of clusters increases. This inconsistency
highlights the instability of KMC and K-means in identi-
fying robust cluster structures. In contrast, AHC remains
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stable and reliable across different numbers of clusters, con-
sistently yielding optimal or close to optimal results.

A key observation is that the performance of KMC and
K-means deteriorates as the number of MSUs increases.
While these two clustering methods reach the optimal solu-
tion for two MSUs at 28 clusters, they fail to do so for three
to five MSUs. This suggests that KMC and K-means strug-
gle to form high-quality clusters under large-scale MSU
deployment scenarios. On the other hand, AHC achieves the
optimal solution across all numbers of MSU deployments,
demonstrating its effectiveness in finding the optimal solu-
tion across all scales of deployments, whether small or large.

Search Space Reduction and Selecting Optimal Clus-
ter Count in the QCRSS Framework. Selecting the opti-
mal number of clusters k is a crucial step in the QCRSS
framework, as it directly affects both the size of the search
space and the quality of the final solution. A small k leads
to a smaller search space, enabling faster convergence, but
may risk overlooking key candidate locations. In contrast, a

No. of Clusters
(d) Five MSUs

large k increases spatial granularity but comes with higher
computational overhead.

To identify a suitable balance, we empirically evaluated
values of k ranging from 3 to 27 across all MSU deployment
scenarios. As illustrated in Fig. 3, clustering with £ = 18
consistently delivered best results. Specifically, Agglomera-
tive Hierarchical Clustering (AHC) was able to reach the
optimal solution for two, three, and four MSUs with just 18
clusters. Even in the five MSU setting, where the complex-
ity is significantly higher, AHC at & = 18 provided results
very close to the optimal solution.

This empirical study suggests that 18 clusters represent
a robust and effective configuration that provides a favour-
able trade-off between computational efficiency and solu-
tion quality for the considered scenario. Accordingly, we
used k = 18 as the reference point for evaluating search
space reduction. Figure 4 demonstrates the dramatic impact
of this choice. When reducing the original candidate set of
39 ambulance stations to 18 representatives, the number of
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Fig.4 Comparison of the total 300
number of MSU location combina-
tions in the full search space versus
the reduced search space using the
QCRSS framework with £ = 18
clusters. These results are directly
quoted from our previous study
[18]
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combinations drops significantly for all MSU settings. For
example:

e For two MSUs, the number of combinations reduced
from ( 2 ) — 741 to0 ( By ) — 153, a 79.35% re-
duction (around 5x smaller).

e For three MSUs, the reduction was from 9, 139 to 816
combinations (91.07%, over 11x smaller).

e For four MSUs, the number of solutions dropped from
82, 251 to 3, 060 combinations (96.28%, over 26x
smaller).

e For five MSUs, it decreased significantly from 575, 757
to 8, 568 combinations (98.51%, more than 67x smaller).

This substantial reduction makes the problem far more trac-
table, especially for larger MSU configurations, without
sacrificing solution quality. Once k is chosen, the MSU allo-
cation problem is solved considering the reduced set of k
representatives, and the best configuration is selected based
on the minimum WATT value as defined in Eq. 2.

In summary, using 18 high-quality cluster representatives
through AHC enables the QCRSS framework to maintain
strong solution performance while significantly reducing the
computational complexity of the MSU allocation problem.

Qualitative Results

Following the quantitative analysis presented in Fig. 3, we
further examine the qualitative aspects of the clustering
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outcomes in the QCRSS framework to understand how
representative ambulance stations differ across the three
clustering methods: Agglomerative Hierarchical Clustering
(AHC), K-Medoids Clustering (KMC), and K-Means Clus-
tering. The purpose of this visual analysis is to examine how
effectively each method captures the spatial structure of the
region and to evaluate the coherence and representativeness
of the resulting clusters. Figure 5 visualises one example of
forming eight clusters using each method for the Southern
Healthcare Region (SHR). Each cluster is shown in a dif-
ferent colour, and the corresponding representative station,
selected according to the QCRSS framework, is marked
with a yellow label.

As shown in Fig. 5a

The K-means results (Fig. 5c) reflect similar issues to
those for KMC. Although the clusters are generally tighter
than those for KMC, the method suffers from the limitation
that cluster centroids are not guaranteed to correspond to
real ambulance locations. As a result, the nearest real sta-
tion must be selected post hoc, which can skew representa-
tiveness. Additionally, K-means is sensitive to outliers and
initial centroid positions, which can lead to potential vari-
ability across runs and inconsistency in results.

In contrast, AHC demonstrates superior spatial coher-
ence, as seen in Fig. 5b

Overall, this qualitative comparison supports the quan-
titative findings: within the preprocessing clustering step
of the QCRSS framework, AHC consistently outperforms
other methods by producing spatially coherent clusters and
selecting representative stations that closely reflect the true
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Fig. 5 An example of eight clusters
with their selected representative
ambulance stations (highlighted
with yellow labels) using the
QCRSS framework for the SHR.
The results for a K-medoids
clustering and b AHC clustering
are reproduced from our previous
study [18]

geographic distribution of ambulance locations. Its deter-
ministic merging strategy and strong spatial fidelity make
it a reliable and effective approach for reducing the search
space in the MSU allocation problem.

Conclusions

This paper introduces the Quality Clustering for Reducing
the Search Space (QCRSS) framework as a solution-find-
ing method for the Mobile Stroke Unit (MSU) allocation
problem. QCRSS serves as a preprocessing step for opti-
misation algorithms, leveraging the spatial distribution of
ambulance locations to reduce the size of the search space.
By working within this reduced yet strategically constructed
search space, QCRSS significantly improves computational
efficiency while maintaining the possibility of identifying
high-quality solutions. The framework consists of three
main steps: 1) preprocessing using clustering, 2) selecting
representatives for each cluster, and 3) solving the problem
using only these representatives. In a computational study

(c) K-means Clustering

focusing on the Southern Healthcare Region of Sweden,
we demonstrate that QCRSS can effectively filter out less
promising ambulance locations without significantly com-
promising solution quality. The proposed method achieved
the optimal solution while substantially accelerating con-
vergence in two, three, and four MSU settings. Even for the
larger and complex five MSUs setting, it achieved a highly
satisfactory solution, illustrating both reliability and compu-
tational efficiency. We believe the QCRSS opens promising
research directions for healthcare logistics optimisation and
broader applications in prehospital care planning, includ-
ing strategic MSU placement and resource allocation. It
can serve as a foundation for future research on scalable,
cluster-based optimisation in healthcare logistics.

Future Work

In this study, we selected a single representative from each
cluster during the second step of the proposed framework.
As part of our future work, we aim to extend this approach
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by investigating the use of two or more representatives from
each cluster. Furthermore, we intend to evaluate the perfor-
mance of the proposed framework across larger geographic
regions to gain more comprehensive insights into the per-
formance of QCRSS.
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