Pre prints.org

Article Not peer-reviewed version

Sustainability Enhancement in
Healthcare Facility Design: Structural
and Functional Optimization Based on
GCN

Haoran Xu ~
Posted Date: 11 March 2025
doi: 10.20944/preprints202503.0805.v1

Keywords: Graph convolutional networks; Medical facility optimization; Resource allocation; Spatial
relationships

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4109300

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2025 d0i:10.20944/preprints202503.0805.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Sustainability Enhancement in Healthcare Facility

Design: Structural and Functional Optimization
Based on GCN

Haoran Xu

S Graduate School of Architecture, Planning and Preservation, Columbia University, New York, 10027, USA;
hx2304@columbia.edu

Abstract: The increasing age of the population and the acceleration of urbanisation are giving rise to a growing
emphasis on the layout and functional optimisation of medical facilities. To address this challenge, this study
proposes a model for optimising the structure and function of medical facilities based on a Graph Convolutional
Network (GCN). This combines existing deep learning and graph convolution methods to enhance the capabil-
ities of traditional optimisation models by integrating the advantages of graph convolutional networks in mod-
elling spatial and functional relationships. In this model, a graph representation of medical facilities is first con-
structed, with nodes representing facilities and edges representing spatial and functional connections between
facilities. These relationships are then learned through a graph convolutional network, with the objective of
capturing the distribution and demand characteristics of medical resources. Secondly, in order to enhance the
model's adaptability to diverse scenarios, an adaptive graph convolution mechanism is introduced on the basis
of the traditional GCN. This improves the model's generalisation ability in different medical environments by
dynamically adjusting the graph structure and weights. Ultimately, the model optimises the allocation of medi-
cal resources through end-to-end training, thereby maximising the coverage and efficiency of medical services.
The experimental results demonstrate that the proposed model enhances the efficiency and quality of medical
resource allocation in comparison to existing optimisation methods.

Keywords: graph convolutional networks; medical facility optimization; resource allocation; spatial relationships

1. Introduction

The acceleration of global ageing and urbanisation is leading to an increase in demand for med-
ical care, which in turn is giving rise to significant challenges in the planning and management of
medical facilities. A medical facility is not merely a location for the provision of fundamental
healthcare services; it also serves a multitude of roles, including the optimisation of medical resource
allocation, the enhancement of service quality, and the reduction of operational costs. For example,
efficient medical resource allocation can reduce patient waiting times, while a well-designed spatial
layout can improve patient comfort and streamline medical processes. Consequently, the optimisa-
tion of the structural and functional aspects of medical facilities, particularly during the design phase,
has emerged as a prominent area of investigation within the domains of architectural design and
urban planning on a global scale [1]. With land and financial resources often limited, the question of
how to maximise the efficiency of medical services while ensuring accessibility and sustainability has
become a pressing issue. In this context, striking a balance between functionality, cost, and environ-
mental impact is a complex and multi-faceted challenge for urban planners and healthcare adminis-
trators.

The question of how to optimise the efficiency of medical services in the context of limited land
resources and capital investment has become a significant area of focus within the field of medical
building planning. For instance, in highly urbanised regions, the availability of land for new
healthcare infrastructure is constrained, compelling planners to make efficient use of existing facili-
ties by reconfiguring their layouts or integrating advanced technologies for better service delivery.

Conventional methodologies for optimising healthcare facilities tend to rely on expert judge-
ment and rule-driven design processes. While these approaches benefit from domain expertise, they
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are limited in scalability and often fail to address the nonlinear relationships between intricate design
variables and requirements. For instance, the spatial layout of facilities directly affects patient flow,
while also interacting with energy consumption and resource allocation. In the design of multi-level
and multi-objective medical buildings, the challenge of balancing factors such as patient flow, the
distribution of medical resources, spatial layout, and building energy efficiency has become a com-
plex decision-making problem [2]. Furthermore, as healthcare facilities become increasingly complex
and diverse, traditional optimization methods are often constrained by an inability to capture intri-
cate relationships, a lack of flexibility, and the difficulty of processing vast amounts of data.

Nevertheless, it is challenging to elucidate the coupled influence of multiple design variables on
the research objectives when employing the most prevalent design variable analysis techniques, such
as univariate analysis and sensitivity analysis. In the design of medical buildings, the multifaceted
functional requirements and rigorous safety and hygiene standards render the analysis of a single
factor frequently inadequate for capturing the intricate interplay between diverse design factors. Fur-
thermore, the inherent uncertainty in healthcare building design samples frequently gives rise to
multiple scenarios that collectively satisfy the comprehensive evaluation criteria. The analysis of a
large number of design solutions requires the urgent integration of efficient artificial intelligence
technology to comprehensively evaluate multiple performance indicators in the early design stage,
thereby facilitating a more efficient and accurate decision-making process [3]. In light of the multi-
plicity of objectives and constraints, researchers are tasked with evaluating each design option in
order to identify the optimal solution that aligns with the needs of diverse stakeholders, while sim-
ultaneously considering the performance evaluation objectives and constraints.

The rapid development of artificial intelligence technology, particularly within the medical sec-
tor, has prompted an increasing number of studies to investigate its potential applications in energy
conservation and emission reduction, functional layout optimisation, and resource allocation. Artifi-
cial intelligence technology, in particular the multi-objective optimisation method, has emerged as an
effective tool for addressing the diverse performance optimisation needs of medical buildings [4]. This
approach allows for a rapid and precise exploration of appropriate design options, given that healthcare
building design is inherently a multi-objective optimisation problem involving multiple conflicting per-
formance goals, such as minimum building energy consumption, lowest carbon emissions, maximum
space utilisation, and good patient comfort. Consequently, in the design of medical buildings, multi-
objective optimisation combined with artificial intelligence technology has become a key means to im-
prove building performance, reduce operating costs and improve user experience [5].

In recent years, with the rapid development of deep learning technology, especially graph con-
volutional networks (GCN), researchers have begun to explore the potential of this advanced tech-
nology in optimising medical buildings. GCN is capable of effectively modelling complex spatial and
functional relationships, learning dependencies and influence patterns between different facilities,
and providing more accurate optimisation solutions for building design [4]. The various parts of a
medical facility, including examination rooms, waiting areas, and operating rooms, are not only spa-
tially connected but also functionally interdependent. For instance, the efficient design of examina-
tion rooms must consider proximity to diagnostics areas to reduce delays while aligning with infec-
tion control protocols. These multi-dimensional relationships can be modelled through the graph
convolutional network, thereby improving the intelligence and accuracy of architectural design. Such
an approach can revolutionise the way facilities are planned and adapted to future needs, ensuring
resilience and operational excellence.

The design of a healthcare building is fundamentally different from that of a commercial or res-
idential building in general. First and foremost, healthcare buildings need to consider patient flow
design, i.e., the efficiency of the flow between patients, healthcare workers, and medical equipment.
Second, healthcare buildings need to deal with the need for rapid response to emergency aisles and
complex equipment configurations. In this complex building environment, the GCN model can opti-
mize the spatial layout and reduce energy consumption by analyzing the structural characteristics
and functional requirements of the building. In addition, the energy demand of medical buildings is
often greatly affected by the operation of equipment, air conditioning systems, and lighting systems,
and the optimization of the GCN model not only takes into account the layout of these functional
areas, but also reduces the energy consumption of the overall building by optimizing the configura-
tion of equipment rooms.


https://doi.org/10.20944/preprints202503.0805.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2025 d0i:10.20944/preprints202503.0805.v1

3 of6

2. Related Work

In a study conducted by Abdullah et al. [6] the Multi-Objective Particle Swarm Optimization
(MOPSO) algorithm was employed to enhance the architectural lighting system. This resulted in the
simultaneous achievement of two key objectives: a 27% reduction in energy consumption and an
improvement in visual comfort by 7%. The optimisation of the lighting system design resulted in the
effective reduction of energy consumption and the improvement of user comfort, while meeting the
requisite functional requirements. The findings of this study demonstrate that the utilisation of the
MOPSO algorithm in the enhancement of building energy efficiency and the optimisation of comfort
has considerable potential, particularly in the context of energy-saving building design.

Yong et al. [7] employed an enhanced BBMOPSO-A algorithm to optimise the passive and active
design of a range of building types in China. The BBMOPSO-A algorithm effectively balances global
and local search capabilities, thereby achieving the diversity and comprehensiveness of an optimal
design scheme. This results in a 11.82% reduction in thermal discomfort time and an increase in en-
ergy consumption of only 1.74%. This study illustrates the benefits of the BBMOPSO-A algorithm in
multi-objective optimisation, particularly in the design of buildings that take into account multiple
factors, such as comfort and energy efficiency. This approach can effectively enhance the performance
and living comfort of buildings while controlling the growth of energy consumption.

In their study, Gerardo et al. [8] employed a combination of Matlab and EnergyPlus to optimise
anumber of design variables, including the air conditioning setpoint temperature, the radiative prop-
erties of plastering, the thermophysical properties of the envelope, the window type, and the building
orientation. They used the NSGA-II optimisation algorithm to achieve this. The optimisation method
was successful in achieving the triple minimisation of primary energy consumption, economic cost
and thermal discomfort time of the building, thereby demonstrating the great potential of the opti-
misation framework in improving the energy efficiency and comfort of the building. The study
demonstrates that the integration of advanced building energy efficiency simulation tools and opti-
misation algorithms can facilitate the identification of an optimal balance between multiple objec-
tives, thereby achieving optimal performance in building design.

In a similar vein, Rosso et al. [9] put forth a two-stage, multi-objective optimization approach for
new and renovated buildings, which considers both active and passive building design strategies.
Initially, the aNSGA-II optimisation algorithm was employed to ascertain the optimal building ge-
ometry design parameters. Subsequently, the building envelope and photovoltaic system design
were further optimised, resulting in a notable reduction in energy costs and energy demand. The
implementation of this optimisation approach has resulted in a 60% reduction in the building's en-
ergy requirements and a 23% reduction in annual energy costs. This study presents a systematic
multi-objective optimisation approach to architectural design, which can effectively address the
needs of energy conservation and sustainable development in modern buildings.

Yuan et al. [10] concentrated their efforts on optimising the transparent envelope, with a partic-
ular focus on the design of window sill heights and window-to-wall ratios in conjunction with dif-
ferent wall orientations. As a result of these modifications, the amount of sunlight reaching the inte-
rior of the building was increased by 17%, while the energy load was reduced by the same amount.
Furthermore, the percentage of occupants experiencing discomfort was decreased by 9%. These find-
ings highlight the significant impact of the envelope on both building energy efficiency and occupant
comfort, and demonstrate the potential for enhancing building performance through envelope design
optimisation.

3. Methodologies
3.1. Graph Representation and Modeling

The representation of a medical facility is defined as ¢ = (V,E), where V represents a set of
nodes, denoting each medical facility unit, and E represents a set of edges, indicating the spatial or
functional connection between facilities. Eachnode v; € V is associated with an eigenvector x; € R,
which provides information regarding the attributes of the facility in question, including its area,
function, and demand. A weighted adjacency matrix A € RIVIXIVI is constructed in order to represent
the relationship between facilities. In particular, the weighting of an edge, A;; can be defined in ac-
cordance with the following Equation (1).

Aij =O)(” xi—xj ”2+77||fl—f} "2), (1)
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where x; and x; represent the eigenvectors of nodes v; and v;, which correspond to the properties
of the facility. The Euclidean distance Il x; — x; ll, between x; and x; reflects the spatial distance be-
tween the nodes. Functions f; and f; pertain to the characteristics of facilities v; and v;, such as the
presence or absence of shared medical resources. |l f; — f; Il indicates functional similarity.
The adjustment factor w controls the weight of spatial distance to functional differences, while
n represents the adjustment factor of functional similarity. The formula enables the capture of spatial
relationships between facilities, as well as the integration of functional dependencies, thus providing
a more accurate reflection of the complex interactions between facilities. In a graph convolutional
network (GCN), the characteristics of each node are obtained through the aggregation of the features
of neighbouring nodes. The standard graph convolution operation, which is used in the context of a
GCN, is as Equation (2):
H®D = g(AHOWO), )

where HY € RIV**di represents the node feature matrix of layer [. The normalized adjacency ma-

trix, 4, is calculated as A = D_%(A +1 ))D_%, where D is the degree matrix and I is the identity ma-
trix. This is done to prevent the degree difference of the nodes from biasing the result. The weight
matrix of layer [, W® e R4*div1, and the activation function, o, are also defined. The activation
function is typically either ReLU or LeakyReLU.

3.2. Deep Multilayer Graph Convolution

In order to enhance the adaptability of the model, we introduce an adaptive graph convolution
mechanism, which allows the model to dynamically adjust the adjacency matrix Ag; ;in accordance
with the adaptive weight A of the various adjacency matrices. The medical scenario of the student is
generated by a trainable graph structure generator f4;. In particular, the instrument is calculated in
accordance with the Equation (3):

45y = o (fas(HO, X)), 3)

where the node feature matrix of the [ layer, H @ contains both spatial and functional information
between facilities.

X represents the original input feature matrix, which encapsulates the intrinsic characteristics
of the facility. f,4; is a small neural network that generates the adjacency matrix A% ;
dynamically, through the learning of node features and graph structure information, with the objec-
tive of adjusting the relationship between facilities.

The model is equipped with an adaptive mechanism that enables the flexible adjustment of the
relationship between facilities in accordance with the specific environmental and operational require-
ments of the scenario in question, thereby facilitating a more tailored response to diverse medical
contexts. In order to further enhance the expressive ability of the model, we employed a stacked
approach, utilising multiple graph convolutional layers for deep learning. In a multi-layer graph con-
volutional network (GCN), each layer aggregates node features using adjacency matrices and weight
matrices, subsequently mapping them through nonlinear activation functions. The graph convolu-
tion operation of layer [ + 1 is as Equation (4):

HED = g(AOHOW®), 4

of each layer

where A® represents the normalised adjacency matrix of layer [, which enables the network to pro-
gressively assimilate a progressively extensive range of information pertaining to neighbouring en-
tities. The model is capable of learning increasingly complex spatial and functional relationships be-
tween facilities by stacking multi-layer GCNs. This enables the model to gradually capture more ex-
tensive neighbour information, from local to global, in a step-by-step manner. The propagation and
aggregation of information in a layer-by-layer manner enables the representation of each node to
integrate the features of a greater number of neighbours, thereby improving the optimisation effect.

In the final stage, we integrate multiple objective functions to optimise the allocation of medical
resources through end-to-end training. In order to achieve this, a composite loss function L is de-
fined. The energy efficiency loss Leenergy is @ measure of the efficiency of a healthcare facility in
terms of energy consumption. The objective is to minimise total energy consumption, as illustrated
by Equation (5).
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[’Cenergy = z Il 12, 5)
i=1

The symbol || x; Il represents the energy consumption characteristics of facility V. The energy
efficiency of the entire medical facility system is calculated by summing the energy efficiency of all
facilities. The Lgynctionar dependence and coordination between facilities must be measured and op-
timised, with the objective of achieving the greatest possible matching degree for each functional
area. This is expressed as Equation (6):

vl

Ltunctional = Z Z |fl f}l 'Al'j ’ ©

i=1 jEN(D)

where N(i) represents the set of neighbouring nodes of node i. f; and f; are the functional eigen-
vectors of facilities v; and v;, and 4;; is the edge weight between facilities.

3.3. Network Pruning for Model Simplification

To enhance the efficiency and scalability of the proposed Graph Convolutional Network (GCN)
model, a network pruning methodology is introduced. This process systematically removes redun-
dant parameters and connections within the GCN, thereby reducing computational complexity with-
out compromising performance.

Initially, the importance of each node and edge in the network is quantified based on metrics
such as contribution to resource allocation optimization and influence on energy efficiency. Edges
with lower importance scores are pruned iteratively, guided by a sparsity constraint to ensure the
network remains functional.

The pruning process is further refined using a regularization technique to maintain balance be-
tween sparsity and model accuracy. Specifically, an L1 regularization term is incorporated into the
loss function to penalize unnecessary connections. The resulting sparse GCN architecture demon-
strates a significant reduction in model size, leading to faster training times and lower computational
resource requirements, making it more applicable for real-world healthcare scenarios.

Finally, the pruned network is fine-tuned through retraining on the original dataset, ensuring
that the remaining parameters are optimally adjusted. Experimental results reveal that this approach
not only preserves the predictive accuracy of the model but also facilitates its deployment in resource-
constrained environments, such as rural or underdeveloped healthcare facilities.

Table 1 demonstrates the impact of network pruning on key performance indicators. While there is
a slight reduction in validation accuracy and energy efficiency improvement, the overall computational
efficiency gains make the pruned model a viable solution for deployment in real-world scenarios.

Table 1. Comparison of Model Performance Before and After Pruning.

Metric Original Model Pruned Model Improvement (%)
Model Size (Parameters) 2.5M 1.2M 52%
Training Time per Epoch (s) 240 130 46%
Inference Time (ms) 30 18 40%
Accuracy on Validation Dataset 92.5% 91.8% -0.7%
Energy Efficiency Improvement (%) 27% 26.5% -1.85%

4. Experiments
4.1. Experimental Setups

The ASHRAE Great Energy Predictor III Challenge dataset will be used for the structural and
functional optimisation of healthcare buildings. The dataset's architectural features enable the con-
struction of a graph representation where each functional area or space is represented as a node, and
the spatial and functional relationships between these areas are modelled as edges. Spatial relation-
ships are determined by proximity and connectivity, while functional relationships capture interde-
pendencies such as shared resources or workflows. A graph convolutional network (GCN) will be
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employed to learn and model these relationships, optimising resource allocation and enhancing the
efficiency of medical services. This approach enables the dynamic adjustment of the layout and func-
tions of healthcare facilities, ensuring better resource utilisation and improved service coverage.

4.2. Experimental Analysis

In this experiment, four multi-objective optimisation algorithms were selected for analysis:
MOPSO, BBMOPSO-A, NSGA-II, and aNSGA-II. The objective of this study is to evaluate the efficacy
of these algorithms in optimising the structure and function of a healthcare building, with the goal of
improving energy efficiency and comfort while reducing energy consumption. The proposed GCN-
based model ("Ours") was also included in the analysis to benchmark its performance against these
traditional approaches.

The evaluation metric employed was energy efficiency, with Figure 1 illustrating the impact of
disparate optimisation algorithms on energy consumption throughout the building design process.
In this context, lower energy efficiency levels are indicative of greater efficiency. A comparison of the
energy efficiency changes of different optimisation methods reveals that the "Ours" method consist-
ently outperforms the other methods across the entire parameter range, exhibiting the lowest energy
efficiency value.

Optimization Algorithm

—e— Ours

--»- MOPSO
BBMOPSO-A

= NSGA-l

Energy Efficiency (Lower is Better)
2

0 » %

0 o 100
Building Complexity

Figure 1. Energy Efficiency Comparison of Different Optimization Algorithms.

This result highlights the superior capability of the GCN-based model in capturing spatial and
functional relationships within the building, which is achieved through the introduction of an adap-
tive graph convolution mechanism. This mechanism dynamically adjusts the relationships between
facilities, enabling more precise resource allocation optimisation. Additionally, the ability of the GCN
model to aggregate multi-level features across different functional nodes allows for a deeper under-
standing of spatial and functional dependencies, contributing to enhanced energy efficiency.

The evaluation index of building function matching degree is employed to assess the efficacy of
the optimised design scheme in fulfilling the functional requirements of the building, spatial layout
and resource allocation. Figure 2 illustrates that the method based on a graph convolutional network
(Ours) demonstrates superior performance in terms of the matching degree of building functions
when compared to other optimisation algorithms.
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Figure 2. Building Functionality Matching Comparison of Different Optimization Algorithms.

This is primarily due to the fact that GCN is better equipped to model the spatial and functional
relationships between building facilities, thereby enhancing the overall matching degree through the
dynamic adjustment of the diagram's structure and weights. This allows for a more comprehensive
consideration of the interdependence between different functional areas. Nevertheless, conventional
optimisation algorithms, such as MOPSO and NSGA-II, are less effective than GCN methods in ad-
dressing intricate functional relationships and non-linear constraints, despite their capacity to opti-
mise building design to a limited extent. The introduction of the graph convolution mechanism ena-
bles the Ours method to more effectively capture the complex dependencies and demand changes
inherent to architectural design, particularly in the context of large-scale medical facilities, thereby
demonstrating enhanced adaptability and optimisation efficacy.

Table 2 presents the experimental results of the four optimisation algorithms and offers a com-
parison of their corresponding model parameters. The table includes scores for the percentage reduc-
tion in energy consumption, the percentage increase in thermal comfort, functional fit, and design
flexibility. The "Ours" method demonstrates superior performance in comparison to other algorithms
across a range of indicators. In particular, with regard to the reduction of energy consumption and
the degree of functional matching, the "Ours" method achieves a 27% reduction in energy consump-
tion and a 92% degree of functional matching, respectively, which is significantly higher than that of
the other algorithms.

Table 2. Comparison of Optimization Algorithms with Parameter Settings.

Energy Consumption Reduction Thermal Comfort Improve-

Optimization Algorithm Functional Matching Design Flexibility Score

(%) ment
MOPSO 22 5 85 8.0
BBMOPSO-A 24 6 88 8.2
NSGA-II 18 6 80 7.5
Ours 27 7 92 9.5

Building layout and circulation optimization extends beyond core layout adjustments. As
demonstrated in Figure 3, the GCN-based model optimizes natural ventilation and daylighting dis-
tribution (e.g., adapting window configuration to local geography), thereby reducing dependence on
artificial lighting and HVAC systems. The modeled ward layout explicitly encodes functional and
spatial relationships through (1) vertices (nodes) representing beds (B1-B2), sinks (S1), and medical
devices (D1); (2) edges capturing spatial proximity (e.g., S1-D1, 3m) and functional dependencies
(e.g., B1-51 for handwashing needs); and (3) an adjacency matrix quantifying connection weights.
These elements collectively enable the model to reconfigure the ward (e.g., adding beds while ensur-
ing compliance with hygiene protocols via sink adjacency) and maximize space utilization without
compromising energy efficiency.
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Adjacency Matrix

B1 S1 D1

B1 0 0.8 0

S1 | 0.8 0 0.5

D1 0 0.5 0

function

(a) Adjacency Matrix (b) Original (c) Optimized

Figure 3. Optimized ward layout modeled by GCN. Nodes (B: bed; S: sink; D: device) represent functional units;
edges denote spatial proximity (distance in meters) and functional dependencies. The adjacency matrix quanti-
fies connection weights.

Structural and functional optimization is an important means to improve the energy efficiency
of buildings. In medical buildings, reasonable space layout and equipment configuration can directly
affect the energy consumption of the building. For example, optimizing the layout of patient rooms
and treatment areas can reduce the load on the air conditioning system while increasing the utiliza-
tion of natural ventilation and daylighting. In terms of functional layout, the reasonable configuration
of emergency passages and equipment areas can ensure the operation of equipment while reducing
the use of air conditioning and lighting. By combining the GCN model, architects can precisely adjust
the energy efficiency requirements of each area according to the functional requirements of different
areas, so as to improve the overall energy efficiency of the building.

5. Conclusions

In conclusion, the experimental results demonstrate that the optimisation model based on a
graph convolutional network ("Ours") exhibits superior performance to traditional optimisation al-
gorithms (such as MOPSO, BBMOPSO-A, and NSGA-II) across multiple indicators, including energy
efficiency and functional matching. In particular, the "Ours" model demonstrated superior perfor-
mance in terms of energy consumption reduction (27%) and functional matching (92%), which
evinces its capacity to capture the intricate relationship between spatial configuration and functional
requirements in healthcare facilities. Furthermore, the model's design flexibility score (9.5) indicates
its capacity to adapt to diverse design scenarios. In comparison, alternative algorithms are found to
be less effective in terms of energy efficiency and functional matching, which may be attributed to
the constraints associated with their local search capability.

Additionally, the introduction of network pruning further enhanced the practicality of the
model by significantly reducing its computational complexity without compromising performance.
This approach ensures the model's scalability and applicability in resource-constrained environ-
ments, such as rural or underdeveloped healthcare facilities. The pruned model achieved a 52% re-
duction in parameter size and a 46% decrease in training time per epoch, demonstrating the feasibility
of deploying advanced optimisation models in real-world scenarios where computational resources
are limited.

The findings of this study underscore the potential of combining graph convolutional networks
with adaptive and pruning mechanisms to address the multifaceted challenges in healthcare facility
design. By capturing the intricate dependencies between spatial and functional elements, the pro-
posed model effectively optimises resource allocation and enhances energy efficiency. These capabil-
ities make it a promising tool for the future development of intelligent healthcare infrastructure.

However, it is important to acknowledge the limitations of the current study. While the model
excels in addressing spatial and functional optimisation, future work should explore its integration
with real-time data inputs, such as patient flow dynamics and emergency response requirements, to
further enhance its adaptability. Additionally, extending the framework to accommodate multi-hos-
pital networks could unlock new possibilities for regional healthcare resource optimisation.
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