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Abstract

This study investigates the spatial classification of hospitals to evaluate the potential for centralized and decentralized
healthcare logistics systems supported by additive manufacturing (AM) technology. Using a case study of 24 hospitals
in Thailand, geographic coordinates (latitude and longitude) were analyzed, and the K-Means clustering algorithm
was applied to determine the optimal number of hospital clusters. The analysis identified three spatially coherent
clusters. These cluster centroids were then visualized using Quantum Geographic Information System (QGIS) to map
their geographic distribution. The results suggest that geographic clustering can inform the strategic placement of
centralized AM production units, serving as potential printing hubs near healthcare service points. Ongoing work aims
to compare centralized and decentralized AM network models by evaluating lead time, healthcare demand, and
logistics costs, to inform the optimal design of AM networks for healthcare applications.
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1. Introduction

Additive Manufacturing (AM) in the healthcare sector has accelerated significantly over the past decade, driven by
the need for rapid, patient-specific solutions and resilient supply chains. The global medical AM market was valued
at approximately USD 2.8 billion in 2022 and is projected to exceed USD 9.8 billion by 2030, reflecting a compound
annual growth rate of over 17% as shown in Figure 1 (Grand View Research, 2023). This growth is largely attributed
to the rising demand for customized prosthetics, surgical instruments, anatomical models, and implants. Moreover,
more than 70% of hospitals in developed countries have adopted AM technologies for a range of medical applications,
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enabling faster responses to emergencies and reducing dependence on traditional centralized manufacturing and long-
distance logistics. These data highlight the strategic role of AM in advancing decentralized, point-of-care production
models and transforming healthcare operations.

Global Growth of Medical 3D Printing Market (2022—2030)
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Figure 1. Expected Global Growth of Medical AM Market (2022-2030)

Supply Chain Management (SCM) in the healthcare system plays a vital role in ensuring health system resilience,
particularly during crises. Recent pandemics have highlighted the limitations of supply chain design, including delays,
vulnerabilities, and shortages of medical supplies and equipment (Kamble et al., 2024). As a result, investigating
centralized and decentralized supply chain for Healthcare Supply Chain (HSC) becomes an on-going interesting
problem (Piffari et al., 2024). Besides, AM or 3D Printing (3DP) technology has gained interest from practitioners
and academics for potential digital manufacturing technology in diverse applications (Nivasanon et al., 2024;
Anussornnitisarn et al., 2025). Thus, applying AM technology for network design in HSC has attracted growing
interest for researchers and practitioners as a flexible and adaptive solution for enhancing efficiency and effectiveness
of SCM (Ben-Ner and Siemsen 2017; Ransikarbum and Mason, 2022).

Designing efficient logistics system with production and distribution activities in a network of HSC remains
challenging, especially in determining the most appropriate locations for healthcare hubs and medical supply
distribution centers. These hubs must be able to effectively respond to the specific needs of hospitals across different
regions, in which both centralized and decentralized strategies may be applied (Tyagi 2024; Ransikarbum et al. 2024).
The application of K-Means clustering technique emerges as a powerful tool for grouping locational service areas
based on shared factors such as geographic coordinates, service capacity, and levels of demand in the HSC literature.
This enables the planning of point-of-care production and localized distribution strategies that bring resources closer
to where they are needed most. However, an application of K-means clustering for the HSC, in which AM technology
plays a critical technology component is lacking and called for.

Geospatial clustering also supports the strategic placement of AM units at the local level, aligning with the growing
trend toward localized and resilient SCM and network design. This spatial approach not only enhances responsiveness
to regional healthcare demands but also reduces dependency on centralized production and long-distance
transportation in HSC (Niemsakul et al. 2022; Song et al., 2025). The development of a 3D printing-enabled medical
supply chain ecosystem also requires robust local partnerships and a flexible, dynamic network design capable of
adapting to rapid environmental and market changes (Kamble et al., 2023). Furthermore, AM can also facilitate local
production by minimizing geographical constraints and reducing logistics costs, thereby significantly reshaping
traditional organizational structures and supply chain models (Ben-Ner and Siemsen 2017). These insights underscore
the potential of AM to transform healthcare logistics through production strategies in the HSC.

This study is our initial study aiming to apply K-Means clustering to group hospitals based on geospatial and logistical
data and to propose optimal locations for AM units within each cluster. The output from the current study will be used
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to support the design of a HSC network with AM technology integration as illustrated in Figure 2 with the schematic
flow of AM-embedded HSC. That is, by identifying spatially coherent hospital clusters, we plan to extend this work
by comparing the performance of centralized versus decentralized AM network configurations. Our final goal is to
develop a robust decision-making framework for designing adaptive AM-enabled supply chains tailored to the unique
demands of the healthcare sector.

Healthcare Supply Chain

H SC Local

Additive Production
Manufacturing —

Z s
Jxa

Figure 2. The Schematic Flow of Healthcare Supply Chain (HSC)
2. Literature Review for AM Technology-embedded HSC

AM offers significant advantages in process and production planning by enabling greater flexibility, customization,
and responsiveness. Unlike traditional manufacturing methods, AM allows for rapid prototyping and small-batch
production without the need for costly tooling or long setup times. Several studies highlight the benefits of AM within
the HSC context. For instance, Zhou et al. (2024) illustrate the role of community-led AM initiatives in quickly
mitigating equipment shortages during the pandemic, demonstrating AM's potential to support emergency response
through decentralized production. Nuifiez Rodriguez et al. (2022) expand on these advantages by noting that AM can
streamline logistics processes, reduce the need for extensive inventory storage, and accelerate the time-to-market for
critical medical products. This logistical simplification is particularly valuable in healthcare, where demand is often
volatile and time-sensitive. [vanov et al. (2021) further argue that AM facilitates the development of highly adaptable
supply chains by enabling real-time, localized production that can be dynamically adjusted to meet specific regional
healthcare demands. Collectively, these findings underscore the transformative potential of AM in enhancing the
agility, resilience, and efficiency of healthcare supply chains, especially in the face of disruptions and rapidly evolving
healthcare needs.

Regional
Healthcare
Demands

-

AM technology has also notably reshaped supply chain network design in SCM, particularly within the healthcare
sector as pointed out in diverse applications (Ozceylan et al., 2017; Ransikarbum et al. 2020). AM plays a critical role
not only in enhancing operational efficiency but also in shaping the strategic design of supply chains. By enabling
decentralized and on-demand production, AM allows for more flexible, responsive, and regionally adaptive supply
chain architectures. This is especially vital in healthcare applications, where the ability to produce customized medical
devices, implants, and tools locally can significantly reduce lead times and improve patient outcomes (Khajavi et al.,
2018; Ozceylan et al., 2018; Roozkhosh et al., 2024). According to Ben-Ner and Siemsen (2017), AM facilitates
decentralized and localized production, enabling the creation of goods nearer to where they are needed. This reduces
logistical challenges and enhances the resilience of supply chains. Such advantages are also especially vital in
healthcare, where the prompt delivery of personalized medical items is critical (Verboeket et al., 2021; Peron et al.,
2025). Kamble et al. (2022) discuss the obstacles to implementing AM-based local supply chains, pointing to the
necessity of regional cooperation, strong local partnerships, and robust digital infrastructure. The authors assert that
building a localized and adaptive supply chain requires integrating flexible network designs and advanced analytical
tools to navigate fast-changing environments effectively.

Evaluating clusters is essential for effective supply chain design in SCM, as it helps identify patterns, segment demand,

and optimize resource allocation based on regional or functional needs (Ransikarbum et al. 2023; Keskin et al., 2025).
In healthcare applications, accurate cluster analysis can enhance service delivery by grouping facilities, patient needs,
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or logistics flows, enabling more targeted and efficient planning as pointed out by various applications (Zamiela et
al., 2022). For example, Khedr et al. (2023) introduce advancements to the conventional K-Means clustering algorithm
aimed at enhancing prediction precision and minimizing centroid identification errors. Applied within healthcare
logistics, their approach demonstrated notable accuracy in forecasting critical parameters, including delivery and delay
times, underscoring the efficacy of machine learning techniques in HSC. Evaluated using real-world hospital data, the
proposed model improves forecasting performance and highlighting its applicability in optimizing logistics operations
and resource distribution in complex healthcare supply networks. A recent case study by Awad et al. (2022) explore
the potential of decentralized manufacturing of 3D printed medicines, emphasizing the role of AM in producing on-
demand, personalized pharmaceuticals close to the point of care. According to the authors, the proposed model can
significantly reduce delivery time and alleviates the dependence on centralized pharmaceutical supply chains. The
authors’ rationale aligns closely with spatial segmentation strategies in healthcare logistics, where local production
hubs serve clustered populations based on geographic and demographic factors.

Despite various advancements, significant gaps remain in the integration of spatial clustering and evaluating
centralized or decentralized strategies for AM deployment within HSC. While AM enables on-demand and localized
production, determining the optimal placement of production hubs is critical to maximizing its impact. Combining
geographic clustering methods with localized AM strategies is expected to offer a promising pathway to enhancing
supply chain performance in this study. Regardless, the application of cluster analysis specifically for AM in HSCs
remains limited. A systematic and data-driven use of clustering techniques can greatly improve decision-making
related to AM deployment—such as identifying strategic production sites, tailoring supply chain configurations, and
aligning AM capabilities with regional healthcare needs.

3. K-Means Clustering Methods

This research adopts a quantitative research methodology, utilizing data clustering techniques specifically the K-
Means Clustering algorithm to classify hospitals based on attributes relevant to HSC management. The goal is to
identify patterns or groupings that could inform centralized or decentralized strategies for production and distribution
planning, such as AM deployment. A key step in applying K-Means Clustering is determining the optimal number of
clusters (k). The K-Means technique has been found in diverse applications in SCM (Prabhu et al., 2020; Ransikarbum
and Madathil 2022). The core concept of the K-Means algorithm is to identify the centroid of each cluster and assign
data points to the nearest centroid based on distance, typically using the Euclidean metric. The process begins by
specifying the desired number of clusters, k, and randomly initializing k centroids. Each data point is then assigned to
the nearest centroid, after which the centroids are recalculated based on the current cluster assignments. This
assignment and update process is repeated until the centroids stabilize and no longer change significantly, indicating
convergence. The Euclidian distance between a data point x and the centroid p of each cluster is shown in Equation
(1). Besides, Equation (2) presents the objective of K-Means to minimize the total squared distance between all data
points and their corresponding cluster centroids, respectively.

Distance( x ,u |\ = 1
(¥:4) M
Where:
X, is the value of data point x in dimension j
u, is the value of centroid ¢ in dimension j
_ — Iz 2
1=Z Z e @
i=lx, € Cj
Where:
C. is the set of data points in cluster {
1
I7 is the centroid of cluster i

Next, to evaluate the number of clusters (k), the Elbow Method (Cui, 2020) is applied in this study, which is a widely
used heuristic in cluster analysis to determine the optimal number of clusters for unsupervised learning techniques
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inclusive of the K-Means clustering. The fundamental objective of clustering is to partition data points into groups
(clusters) such that intra-cluster similarity is maximized and inter-cluster similarity is minimized. In particular, the
algorithm attempts to minimize the Within-Cluster Sum of Squares (WCSS), which quantifies the total variance within
each cluster as shown in Equation (3).

k
_ —u 2
wess=2 2 [xuy| €)
j=lx.€c,
i
Where:

k is the number of clusters
¢, is the set of data points in cluster /
", is the centroid of cluster i

i
||x —u ||2 is the squared Euclidean distance between a data point and the cluster centroid.
1

As the number of clusters increases, the WCSS typically decreases because the clusters become more compact and
well-defined. However, after a certain point, the rate of decrease in WCSS slows significantly. This turning point,
known as the ‘elbow point’ represents the optimal balance between model complexity and performance (Kuraria et
al., 2022). The key steps of the Elbow Method is as follows. Initially, a range of k values usually from 1 to 10 is
assessed and the K-Means algorithm is run for each selected k value to compute the corresponding WCSS. Next, these
values are plotted with k on the x-axis and WCSS on the y-axis. Then, the elbow point is identified where the sharp
decline in WCSS begins to level off, indicating the most appropriate number of clusters. This method provides a visual
guide to avoid underfitting (i.e., too few clusters) and overfitting (i.e., too many clusters). The method is found a
practical and efficient technique, particularly valuable in domains like healthcare and logistics where interpretability
and speed are crucial.

K-Means is particularly valuable in domains such as healthcare logistics and supply chain segmentation, where spatial
and resource-based clustering supports decision-making in network design and localized resource deployment. In this
study, we initially apply the K-Means clustering technique to determine the hospital cluster using location coordinates
to support supply chain segmentation. This analysis enables targeted recommendations for localized AM deployment
and for further potential resource allocation strategies in healthcare systems in our on-going future study.

4. Data Collection

In this study, a case study of hospital locations in Ayutthaya Province, Thailand, serves as the basis for hospital cluster
analysis within the HSC. As previously mentioned, the findings from this analysis are intended to inform the
evaluation of an AM technology-embedded HSC network, enabling a comparison between centralized and
decentralized models for our on-going study. That is, the conceptual framework integrates geographic clustering
within the context of healthcare logistics. The primary goal is to support the efficient planning of healthcare production
and distribution systems particularly through the use of AM technology installations to enhance the responsiveness
and resilience of the HSC. The overall data collection and analysis procedure is presented in Figure 3. That is, the
current phase of the research is to assess special clustering analysis for potential AM-embedded hospital hub in the
regional case study. Then, the output from the first phase will be used as input to the second phase to evaluate multi-
objective routing optimization and demand analysis with diverse scenarios through vehicle routing analysis and
methodologies (Ransikarbum et al. 2021). Then, the third phase of the study is to investigate network configuration
(Ahmed et al. 2023), in which both centralized and decentralized AM technology-embedded HSC will be compared
and examined.
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AM Healthcare Supply Chain Design

Phase 1: Spatial Clustering Analysis
(Current Study)

Input:
Hospital Attributes: Including geographic coordinates
(latitude and longitude)

= Elbow Method: Applied to determine the
optimal number of clusters (k).

= K-Means Clustering Algorithm: Used to
group hospitals based on spatial and
operational similarities.

Output:
Cluster-Specific Recommendations

Phase 2: Multi-Objective Routing Optimization

Input:
Clustering results and demand data.

mathematical model

Develop and solve a multi-objective
(e.g., cost, distance, lead time).

Output:
Optimal delivery routes for medical parts and supplies.

Phase 3: Network Configuration Assessment

Input:
Clusters and routing outputs.

Evaluate centralized vs. decentralized AM
deployment strategies.
Decision Criteria: Cost efficiency, service level,
response time, sustainability.

Output:
Recommended supply chain network design embedded
with AM technologies.

Figure 3. The overall framework for AM HSC evaluation and research plan

The geographic coordinates inclusive of latitude and longitude of 24 hospitals located in Ayutthaya Province,
Thailand, which serve as the foundational data for the clustering analysis in this study are collected as shown in Table
1. These coordinates represent the spatial distribution of healthcare facilities across the region, providing valuable
input for identifying natural groupings based on proximity. The variation in latitude and longitude values indicates a
broad geographical spread. This diversity in location is essential for meaningful cluster analysis, as it allows the K-
Means algorithm to detect patterns and form clusters that reflect real-world logistical groupings. The spatial data will
be further used later when evaluating centralized versus decentralized systems in HSC.

Table 1. Hospital Location Data

Hospital Name Latitude Longitude
Hospital 1 14.354619 100.648959
Hospital 2 14.247962 100.490685
Hospital 3 14.458990 100.403912
Hospital 4 14.373903 100.525838
Hospital 5 14267775 100.408253
Hospital 6 14.464313 100.695347
Hospital 7 14.474716 100.424363
Hospital 8 14.256098 100.526049
Hospital 9 14.341235 100.431297
Hospital 10 14.444860 100.609012
Hospital 11 14.473380 100.611726
Hospital 12 14.238628 100.543539
Hospital 13 14.457996 100.434467
Hospital 14 14.364669 100.573953
Hospital 15 14.245556 100.517638
Hospital 16 14.298429 100.606020
Hospital 17 14.447715 100.476458
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Hospital 18 14.424726 100.477463
Hospital 19 14.470829 100.593096
Hospital 20 14.268617 100.487402
Hospital 21 14.338626 100.474337
Hospital 22 14.220170 100.488935
Hospital 23 14.417725 100.583718
Hospital 24 14.498828 100.507994

5. Analysis and Results

Based on the collected data, the Elbow Method was employed to determine the optimal number of clusters for
classification using the K-Means Clustering technique. By plotting k against the WCSS, an optimal balance between
model complexity and performance can be observes. The core principle of the Elbow Method involves analyzing
inertia, which represents the WCSS. As the number of clusters increases, inertia or WCSS naturally decreases,
indicating tighter and more refined groupings. However, after a certain point, the rate of decrease diminishes
significantly. This inflection point known as the ‘elbow point’ is later interpreted as the optimal number of clusters
for the dataset . In this study, values of k ranging from 1 to 10 are tested, and the inertia values corresponding to each
are calculated to identify the most suitable number of clusters as presented in Table 2.

Table 2. Inertia Values Obtained from Elbow Method Experiment.

Assessment of parameter k Inertia (WCSS)
1 1.206404228
2 0.892969712
3 0.651433128
4 0.614971044
5 0.381421676
6 0.277768506
7 0.226082553
8 0.203433188
9 0.195841741
10 0.181874270

Based on the inertia values shown in Table 2, a graph was plotted to visualize how inertia decreases as k increases,
helping to identify the point where the rate of decrease begins to level off. This point of inflection, known as the
‘elbow point’ indicates the most appropriate number of clusters for effectively partitioning the data. The resulting
elbow curve is presented in Figure 4. The x-axis represents the number of clusters, and the y-axis represents the WCSS,
a measure of cluster compactness where lower values indicate tighter clusters. As shown in the figure, as the number
of clusters increases, the WCSS naturally decreases because adding more clusters reduces the distance between points
and their cluster centers, where the goal is to find a point where the rate of decrease sharply slows down, forming an
‘elbow’ in the curve, which indicates an optimal balance between minimizing WCSS and avoiding too many clusters.
In this plot, the curve noticeably flattens around k = 3, 4, and 5, suggesting these values as potential optimal cluster
counts. Thus, choosing k within this range balances cluster compactness with model simplicity, making these k values
good candidates for further analysis. In this study, the k = 3 cluster is chosen implying that the hospitals will be divided
into three clusters for this analysis.

Next, Table 3 presents the results of applying K-Means clustering with three clusters (k = 3) to a set of hospitals based
on their geographic coordinates (latitude and longitude). Each hospital is assigned to one of three clusters, labeled 1,
2, or 3, according to its proximity to the respective cluster centroid. The centroids for these clusters represent the
average geographic location of hospitals within each group. The analysis also suggests that Cluster 1 includes hospitals
primarily centered around latitude 14.32 and longitude 100.61, Cluster 2 groups hospitals near latitude 14.32 and
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longitude 100.30, and Cluster 3 clusters hospitals around latitude 14.57 and longitude 100.72, which is useful for
region-specific analysis with resource allocation in HSC.

Elbow Method for Optimal k
1.4

1.2

WCSS

0.6
0.4

0.2

0 1 2 3 4 5 6 7 8 9 10 11
Number of Clusters (k)

Figure 4. Inertia Values by Number of Clusters (k) Using the Elbow Method

Table 3. Hospital Clustering Results Using K-Means Clustering with k = 3

Hospital and Centroid k-cluster
Hospital 1 1
Hospital 2
Hospital 3
Hospital 4
Hospital 5
Hospital 6
Hospital 7
Hospital 8
Hospital 9
Hospital 10
Hospital 11
Hospital 12
Hospital 13
Hospital 14
Hospital 15
Hospital 16
Hospital 17
Hospital 18
Hospital 19
Hospital 20
Hospital 21
Hospital 22
Hospital 23
Hospital 24
Centroidl (14.3214858, 100.6115472)
Centroid2 (14.3171474, 100.2950401)
Centroid3 (14.5661187, 100.7209401)
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Next, to improve the spatial visualization of the hospital groupings obtained through clustering, the clustered data
were imported into specific Geographic Information System (GIS) software. That is, by using QGIS (QGIS
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Development Team, 2024), a detailed map was created that visually depicts the geographic distribution of hospitals
categorized by their assigned clusters. This map, presented as Figure 5, provides an intuitive spatial representation to
observe the geographic spread and concentration of hospitals within each cluster and across the region, which can be
used to further support more informed decision-making regarding regional healthcare planning in HSC.

The clustering analysis identified three distinct groups of hospitals; each defined primarily by their geographic
proximity to one another. The centroids, representing the central points of each cluster, were determined as follows:
Cluster 1 centers around Hospital 17 at latitude 14.3214858 and longitude 100.6115472, Cluster 2 is anchored by
Hospital 13 located at latitude 14.3171474 and longitude 100.2950401, and Cluster 3 is defined by Hospital 3 at
latitude 14.5661187 and longitude 100.7209401. These locations are to be used for AM technology installation, which
can inform decision makers for better locational and distribution planning in HSC next.
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Figure 5 Map Showing Hospital Clustering Results Using K-Means Clustering (k = 3) Visualized with QGIS

The findings of this current study offer valuable policy and operational insights for enhancing HSC design through
spatial analysis. By applying geographic clustering, policymakers and healthcare administrators can identify strategic
locations for placing AM printers used for point-of-care medical production near cluster centroids to maximize
accessibility and responsiveness. These cluster centers can also serve as regional production hubs or distribution nodes,
enabling more efficient delivery of medical supplies to nearby hospitals. This approach supports the development of
a demand-driven SCM that affects transportation time, logistics costs, and system resilience, which is an on-going
assessment for AM technology-embedded HSC in our research plan.
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6. Conclusion

This study demonstrates the practical research of K-Means clustering in analyzing the spatial distribution of hospitals
to support more effective and responsive healthcare logistics systems in HSC. Three optimal clusters were identified
among hospitals in the regional case study in Thailand, with spatial coherence confirmed through geographic
visualization using QGIS. These clusters highlight natural groupings that can inform the strategic placement of future
AM facilities—such as hub units for medical equipment units—either as decentralized nodes close to service points
or as centralized hubs serving multiple hospitals. Looking ahead, our on-going future research will extend this
framework by comparing centralized and decentralized AM network configurations. This includes evaluating trade-
offs in logistics costs, lead time, and demand fulfillment using multi-objective mathematical optimization procedure
to determine the optimal network design for various healthcare contexts and scenarios. Further studies could also
incorporate real-time healthcare demand data and capacity constraints and evaluate complexity issues and
computational efforts. Such research will help develop comprehensive models for data-driven healthcare logistics
systems tailored to local and regional needs for future AM technology-embedded HSC.
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