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Introduction: In many countries, especially large developing nations like China,
hierarchical healthcare systems face persistent structural challenges such as
unbalanced resource allocation and inefficient referral networks. To capture the
impact of individual behavior on the evolution of healthcare system structures,
this study develops an agent-based modeling (ABM) approach to simulate the
dynamic formation of inter-hospital referral networks.

Methods: The model introduces a strategic game-theoretic mechanism among
patients, where each agent makes referral decisions based on multiple factors,
including medical benefits, commuting costs, and limited information, under
resource constraints. Through these decentralized decisions, a directed and
weighted referral network emerges, reflecting realistic behavioral patterns.
Based on the simulated network, topological analysis is performed to identify
key hospitals and design targeted resource allocation strategies.

Results: We simulate the dynamic formation process and obtain a stable
referral network structure. The results show that tertiary hospitals exhibit high
centrality, indicating a structural "Matthew effect.” Furthermore, the observed
community division pattern may correspond to actual administrative regions or
the organizational frameworks of medical alliances. In addition, compared to
simply strengthening core hospitals, the referral bottleneck mitigation strategy
can reduce patient loss while decreasing the overall referral frequency within
the system.

Discussion: The study reveals structural imbalances in China's referral network,
characterized by a “siphoning effect” toward tertiary hospitals and underutilized
secondary institutions. Our findings demonstrate that bottleneck mitigation
strategies outperform core-hospital strengthening in reducing both patient loss
and referral frequency. To address these issues, we propose a multi-level reform
framework encompassing operational capacity-building, institutional payment
reforms, and strategic medical consortium optimization. This integrated

01 frontiersin.org


https://www.frontiersin.org/journals/physics
https://www.frontiersin.org/journals/physics#editorial-board
https://doi.org/10.3389/fphy.2025.1659506
https://crossmark.crossref.org/dialog/?doi=10.3389/fphy.2025.1659506&domain=pdf&date_stamp=2025-08-22
mailto:442173387@qq.com
mailto:442173387@qq.com
mailto:wwzqbc@cqmu.edu.cn
mailto:wwzqbc@cqmu.edu.cn
https://doi.org/10.3389/fphy.2025.1659506
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fphy.2025.1659506/full
https://www.frontiersin.org/articles/10.3389/fphy.2025.1659506/full
https://www.frontiersin.org/articles/10.3389/fphy.2025.1659506/full
https://www.frontiersin.org/articles/10.3389/fphy.2025.1659506/full
https://www.frontiersin.org/journals/physics
https://www.frontiersin.org

Yang et al.

10.3389/fphy.2025.1659506

approach aims to transform the top-heavy healthcare structure into an efficient,
hierarchical system with equitable resource distribution.

healthcare system, referral, agent-based modeling, inter-hospital referral networks,

network analysis

1 Introduction

In many countries, particularly in large developing nations such
as China, the hierarchical healthcare system has faced long-standing
structural challenges [1]. With the continued advancement of
healthcare system reform in China, the development of hierarchical
diagnosis and treatment (HDT) systems and medical consortia
(MCs) has been elevated to a national strategic priority. The
Healthy China 2030 Planning Outline (State Council, 2016) [2]
explicitly calls for the improvement of the HDT system and the
optimization of the referral process. This was further reinforced by
the Guidelines on Promoting the Construction and Development
of Medical Consortia (General Office of the State Council,
2017, No. 32), which emphasized the establishment of clearly
defined and accountable referral collaboration networks. In
2023, the National Health Commission issued a new policy
that aims to improve referral precision through digital health
technologies, underscoring the urgency of optimizing referral
networks.

Despite these policy efforts, two prominent challenges
remain in practice: unbalanced resource allocation and inefficient
referral network structures. Official reports and national surveys
consistently [3] indicate that tertiary hospitals continue to bear
a disproportionate share of referral demands, while primary care
institutions are significantly underutilized [4, 5], reflecting a
persistent “siphoning effect” within the healthcare system. These
findings suggest substantial redundancy and poor coordination
within existing referral systems. As the core mechanism for
implementing hierarchical medical services, referral pathways are
critical to improving systemic efficiency. However, in the context
of uneven regional resource distribution and limited inter-hospital
coordination, patient referral behaviors often involve unnecessary
detours and suboptimal decisions, leading to diminished diagnostic
efficiency and resource effectiveness. Therefore, there is an urgent
need to construct and analyze inter-hospital referral network
models to uncover their structural features and flow patterns.
This analysis provides a critical foundation for enhancing network
efficiency and optimizing the allocation of regional healthcare
resources.

International research on patient referral networks (also known
as patients-sharing networks) has focused primarily on three
domains. At first, the structural characteristics of such networks
have been widely explored through social network analysis (SNA)
[6, 7]. Scholars have used metrics such as centrality, density, and
modularity to reveal collaboration and referral patterns between
hospitals and physicians, and to examine how the topology of
network affects healthcare efficiency and care coordination [8].
Secondly, multiple studies have investigated the impact of network
structure on clinical and economic outcomes [9-11]. For example,
hospitals with high centrality in referral networks are often
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associated with lower readmission rates but increased healthcare
expenditures [12]. Third, increasing attention has been paid to
the resilience of the healthcare system [13-16], particularly in
the context of public health emergencies. Scholars have employed
approaches such as complex network theory and system dynamics
to investigate how referral networks respond to external shocks
(e.g., pandemics) and how structural features like redundancy, node
centrality, and resource elasticity contribute to system robustness
and recovery. In contrast, research in China remains relatively
nascent. Most existing studies [17] rely on static analysis of empirical
referral data and lack mechanism-based simulation models. There
is limited exploration of the evolutionary dynamics, resilience,
or optimization of regional healthcare networks. In addition,
comprehensive simulation frameworks for policy experimentation
and evaluation are still underdeveloped. Against this backdrop, the
present study addresses the following core questions.

1. How can a referral network model be constructed to capture
the directional, weighted, and dynamic nature of inter-hospital
patient transfers?

. Based on the emergent network structure, how can the
main hospitals be identified to improve system efficiency and
resource allocation?

. How can network analysis and simulation be used to evaluate
targeted policy interventions, such as strengthening specific
types of hospitals or optimizing regional referral corridors,
thus offering theoretical support for healthcare coordination
and policy design?

The study aims to construct a dynamic evolutionary model
of inter-hospital referral networks using an agent-based modeling
(ABM) approach [18], incorporating game-theoretic decision-
making mechanisms. By simulating patient behavior under realistic
constraints, the model enables the emergence of referral networks
driven by micro-level interactions. Based on the resulting network,
we evaluate and compare multiple resource allocation strategies to
identify more effective configurations to reduce patient loss and
optimize systemic efficiency. In Section 2, we present the modeling
framework, including the construction of the initial network,
the simulation of its dynamic evolution, and the application
of the weight thresholding method. Subsequently, we obtain a
stable network, followed by a comprehensive topological analysis
in Section 3. In addition, we examine whether the structural
patterns of the network may reflect the underlying institutional
or geographic groupings, thereby offering new insights into the
organization of regional referral systems. Meanwhile, we identify
critical nodes within the network and propose four differentiated
resource allocation strategies. Finally, we conclude the paper
by summarizing the key findings and offering practical policy
recommendations in Section 4.
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2 Model description

Based on the agent-based modeling (ABM) approach, this
study developed a dynamic evolutionary model of inter-hospital
patient referral networks within regional healthcare systems. Unlike
conventional models that rely on predefined referral relationships
between hospitals, the network structure in this framework emerges
endogenously through the simulated medical-seeking and referral
behaviors of individual patients. This design aims to more accurately
capture the underlying mechanisms and evolutionary dynamics
of regional referral networks. During the simulation, patients are
modeled as rational agents with strategic intent, whose referral
decisions are not random but rather optimized by evaluating
real-world constraints such as economic affordability, commuting
convenience, and medical accessibility. These decisions are further
shaped by the spatial distribution of healthcare resources and the
behavioral patterns of other agents, thereby constituting a dynamic,
non-cooperative evolutionary game [19].

As the simulation unfolds, referral interactions among patients
lead to continuous updates in the weighted, directed edges between
hospitals. Over time, the referral patterns stabilize, giving rise
to a macro-level network structure driven by micro-level game-
theoretic interactions [20]. Hospitals, as critical nodes in the
healthcare system, directly influence the flow and distribution
of patients through their service capacities and visit limits. The
referral pathways chosen by patients collectively form a substantive
collaborative structure within the network, revealing the operational
dynamics and systemic efficiencies of the regional healthcare
system. By integrating evolutionary game theory with agent-
based simulation, this model offers a robust theoretical and
methodological foundation for analyzing referral mechanisms,
detecting critical bottlenecks, and ultimately designing and
evaluating optimized resource allocation strategies.

To address the complexities of hospital referral behavior, a
structured modeling approach is adopted to simulate and analyze
the evolution of the referral network. In the first step, an initial
network is established based on hospital characteristics and referral
relationships, incorporating both node characteristics and weighted
edges. In the second step, a dynamic simulation of patient referrals is
performed over time, allowing the network structure to evolve and
stabilize. In the third step, weight thresholding is applied to identify
key connections, resulting in a significant network structure.

2.1 Initial network

At first, the initial network is constructed as a fully connected
directed and weighted network. The basic structure consists of nodes
and edges, where the nodes represent hospitals of various grades,
and the directed edges denote patient referral relationships between
hospitals. The direction of an edge indicates the directionality
of the referral path, while the weight of an edge quantifies the
cumulative number of historical patient referrals between hospitals,
thus reflecting the strength of the referral relationship.

To ensure that the model accurately captures the operational
characteristics of the real-world healthcare system, three key
attributes are assigned to each hospital node. (i) Hospital grade:
According to the hierarchical hospital management system in
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China, hospitals are classified into three grades: primary (Grade
1), secondary (Grade 2), and tertiary hospitals (Grade 3), based
on comprehensive considerations such as institutional scale,
medical expertise, equipment conditions, research capacity,
and administrative efficiency. These are denoted by g =1,2,3,
respectively. It is different for therapeutic capabilities between
hospital grades, with cure rates improving as grade increases [1].
In this study, the cure rates A for hospitals of grade I, IT and III are
established at 75%, 85% and 95%, respectively. The distribution of
hospital grades within the region is configured according to data
from the China Health Statistics Yearbook (2022), with a ratio of 5:
4: 1 for primary, secondary, and tertiary hospitals, in order to reflect
the actual distribution of health resources.

(ii) Geographic location: The study region is conceptualized
as a two-dimensional plane, where the geographical location of
each hospital is represented by randomly generated coordinates
(x;7;). The spatial distance d;; between two hospitals is calculated
using the Euclidean distance formula, which is used to simulate the
spatial accessibility considerations inherent in the patient referral
process. (iii) Treatment capacity: The hospital treatment capacity i
is indicated by C;, which represents the maximum number of beds
available. This value reflects the upper limit of patients the hospital
can accommodate at any given timestep. These attributes are defined
to support the simulation of patient behavior, network evolution,
and key structure identification.

2.2 Temporal evolution

Secondly, during the temporal evolution of the model, a total of §
new patients emerge within the region at each discrete timestep. The
spatial location of each patient is randomly assigned within the study
region. Each patient initially seeks healthcare at the hospital that is
geographically closest to their location. If the selected hospital has
available bed capacity, the patient is admitted directly and occupies
a bed to receive treatment. Upon successful treatment, the patient
is discharged and the bed is correspondingly released. Patients
who are cured at their hospital initially visited, without undergoing
any referral, are referred to as initial-visited patients (initial-VP).
If initial treatment is unsuccessful, the hospital is considered to
have insufficient treatment efficacy for the patient’s condition. As
a result, the patient is referred to another hospital for further
treatment. Patients who are eventually cured through such referral
processes are referred to as referral-visited patients (referral-VP).
Each patient is allowed to be referred up to a maximum of m
times in a single timestep. If a patient remains uncured after m
referrals, they are regarded as lost patients (LP). An illustration
of this process is provided in Figure 1. In this study, we set m =
4. The hospital treatment capacity C; is defined as 50-100 for
primary hospitals, 100-500 for secondary hospitals, and 500-1200
for tertiary hospitals. Based on the total treatment capacity, the
number of new patients per day § = 42,000—approximately 85% of
the total treatment capacity. This setting ensures that hospital visits
do not become oversaturated and aligns with realistic conditions.

Based on a comprehensive review of the relevant literature
[21-25], this study identifies three primary factors that jointly
influence the selection of referral target hospitals: the historical
volume of referrals received by the target hospital, the geographical
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FIGURE 1

Illustration of the patient referral process. The referral process consists of three stages: (a) patients arrive in the healthcare system; (b) patients visit

hospitals for treatment and may be referred to other hospitals when necessary; (c) here are four types of medical

outcomes.LP represents the number

of lost patients, VP —re ferral the patients cured after referral, VP - initial the patients cured during the initial visit, and cure — LP the number of patients
who remain uncured in the hospital. Let n denote the nth referral, m the maximum number of allowed referrals, F the available capacity of a hospital,

and A the hospital's cure rate.

distance between hospitals [26] and the grade of the target hospital
[27]. They represent key dimensions in patient decision making,
including the accessibility, capability, and attractiveness of referral
target hospitals. (i) Referral based on historical referral volume [28]:
Hospitals with a higher number of historical referrals from the
current hospital (with a higher edge weight w;; in the network)
are more likely to be selected as referral targets. The corresponding
referral probability is defined as

Wi
P. /

17 = >
Z Wik

keN;

(1)

where w;; denotes the weight of the directed edge in the network,
representing the cumulative number of patients historically referred
from hospital i to hospital j; N; is the set of hospitals that have
historical referral relationships with hospital i.

(ii) Referral based on distance: Hospitals located closer to
the current hospital (with a shorter geographical distance d;;) are
preferred as referral targets. The referral probability in this case
is defined as

dfl

Zt]

d
keN

P ij 7‘1 > (2)
ij
where d; denotes the Euclidean distance between hospitals i and j,
and N is the set of all hospitals in the system.
(iii) Referral based on hospital grade: Hospitals of higher grade
(where the grade difference Ag; =g;—g; <0) are preferred. The

Frontiers in Physics

04

referral probability is given by:

Pj = f(Ag;),

where Ag;; represents the difference in grade between hospital i

3)

and hospital j, and f(Ag;) is a grade-based preference function.
Specifically, Equation 3 can be expressed as:
1
f (Agij) =

1+ e85

)

where a is a tunable constant that controls the degree of preference
based on the grade disparity. In this study, a = 1 is adopted.

When Ag;; <0, indicating upward referral to a higher-grade
hospital, the probability of preference approaches 1. When Ag; =
0, indicating a lateral referral, the function yields f(Ag;)=0.5,
reflecting no significant preference. When Ag; >0, indicating a
downward referral to a lower grade hospital, the probability
approaches 0, suggesting that such referrals are generally favored.

To fully incorporate the three factors into a unified decision
mechanism while ensuring normalization of referral probabilities,
we integrate Equations 1, 2 and Equation 4 to derive the overall

referral probability::
-1
Pyt p i (lcap)— i) )
’ Z Wik z di_jl 1+ €%
keN; keN

where , 3, and (1 — a — ) represent the relative importance weights
of historical referral volume, geographical distance, and hospital
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grade, respectively. The parameters o and f are limited to the interval
(0,1) in Equation 5.

As timestep progresses, the number of patients referred between
hospitals accumulates and the corresponding edge weights in the
network increase. This dynamic process gradually leads to the
emergence of a relatively stable, directed, and weighted referral
network. Throughout the evolution process, the model continuously
produces a series of statistical indicators to evaluate the operational
characteristics of the referral network and the efficiency of the
allocation of healthcare resources.

2.3 Weight thresholding

To extract key referral structures, weight thresholding [29] is
applied to filter the most significant referral connections within the
network. Specifically, a quantile-based filtering method is used, in
which only the top 5% of the edges, ranked by their referral weights,
are retained to construct the core referral network. To assess the
stability of the network structure, we employ topological distance
and weight distance as indicators to measure the consistency
between two network structures [30]. Topological distance evaluates
the structural difference between two directed networks with the
same node set. It is computed by checking, for every possible ordered
node pair (i,5), whether a directed edge exists in both networks or
only in one. The number of unmatched edges (i.e., those existing in
only one network) is normalized by the average edge count:

Z(iJ)H (i) € E, ® (i,) € E,)

[E|[+|E, |
2

D , (6)

topo —

Here, E; and E, denote the edge sets of the two networks under
comparison. The label @ denotes the symmetric difference between
edge sets, and I[-] is the indicator function that returns 1 if the
condition is true, and 0 otherwise. Weight distance quantifies
the difference in edge weights between two normalized directed
networks. For each edge in the reference network, the relative error
between the two weights is calculated as:

[wy (e) —w, (e) |
8, = wy (e)
L

, ifw,(e)>0

7

otherwise,

if the relative error exceeds a predefined threshold ¢ (set 10%), the
edge is considered mismatched. The weight distance is the fraction

ZeeE

of mismatched edges:

1[4, >¢]

ref
| E ref |

To ensure symmetry, the process is repeated by swapping the roles

D

weight =

(8)

of the reference and comparison networks, and the final distance is
taken as the average of the two directions.

Topological distance measures whether edges exist consistently,
while weight distance measures whether edge weights are consistent
where edges are present. If both the topological distance and the
weight distance are below a predefined threshold (set at 10%), the
two networks are considered to exhibit high structural consistency,
indicating a stable network structure. Subsequently, the topological
characteristics of this stable network are systematically analyzed
using complex network theory.
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3 Result

In this section, the study adopts a three-stage research
framework of Modeling, Analysis, and Optimization. Firstly, a
significant and stable inter-hospital referral network is constructed.
Secondly, a topological analysis is conducted from two dimensions,
nodes and community structures based on which referral and
resource allocation strategies are proposed. Finally, simulation
experiments are performed to evaluate patient loss in different
scenarios of the resource allocation strategy.

3.1 Stable network structure

To obtain a stable and significant structure of the inter-hospital
referral network, different time steps (T'=100 to 1000) were
established, and weight thresholding was applied to retain the top
5% of edges by weight. The structural consistency between networks
was measured using the topological distance and the weight
distance (see Equations 6-8 for details). To ensure the reliability
of the simulation results, repeated simulations (ten runs, due to
computational cost) were performed at each timestep. We conducted
ten simulation runs at the same timestep, and all resulting network
structures showed high similarity, indicating that ten runs are
sufficient to represent the robustness of the experimental data. It was
observed that when T <500, the structural consistency between the
networks was relatively low, indicating instability in the evolution
of the network. In contrast, when T >500, the consistency between
simulation runs improved significantly. Further comparisons of
networks between T'= 500 and T = 1000 also showed consistently
high structural similarity (as seen in Figure 2). The results indicate
that the evolution of the referral network exhibits a distinct phase-
dependent pattern. In the early stage of the simulation (T <500), due
to the limited accumulation of historical referral data, edge weights
remained close to their initial values (w = 1). During this phase,
the referral paths were mainly influenced by static factors such as
geographical distance and hospital grade. The network structure
was highly sensitive to initial conditions such as patient location
distribution, and considerable variation was observed between
different simulation runs. A stable self-organizing pattern had not
yet emerged. When T >500, accumulation of the referral history
introduced a pronounced path dependence on network evolution.
Edge weights became increasingly differentiated, referral paths were
concentrated, and stable high-frequency referral edges began to
form. At this stage, structural consistency improved significantly,
indicating that the system had reached a relatively stable state.
Therefore, the simulation time was set at T' = 500, which ensures the
structural stability of the network and provides a reliable foundation
for future topological analysis and optimization of the strategy.

3.2 Topology analysis

A topological analysis was performed on the inter-hospital
referral network, with a particular focus on key network metrics
such as average degree, out-degree, and in-degree. In addition, the
initial consultation service area (initial-area) and referral service
area (referral-area) were systematically computed for hospitals at
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-1.0

0.8

each grade. The results revealed that tertiary hospitals exhibited a
significantly higher centrality within the network, with degree values
substantially exceeding those of primary and secondary hospitals
(as seen in Figure 3). Specifically, primary hospitals were found to
have the highest out-degree, while tertiary hospitals had the highest
in-degree. This pattern can be attributed to the limited treatment
capacity of grassroots institutions and the common preference
of patients for higher-level hospitals that offer superior medical
services, both for direct consultations and for referrals. Regarding
the service range, the initial consultation area refers to the average
geographic distance from the site of the onset of the patients
to the hospital where they were successfully cured during their
first visit. This distance was found to be approximately 7 km and
did not vary significantly between hospital grades, aligning with
the “proximity principle;” that is, patients tend to seek medical
care at the nearest hospital. In contrast, the average distance in-
degree, which represents the mean distance of referral from all
referring hospitals that refer to a given hospital, reflects the area
of referral service (as seen in Figure 3). It was observed that the

Frontiers in Physics

referral service area of primary hospitals was nearly zero, while
that of secondary hospitals was approximately 24 km, and that
of tertiary hospitals extended to around 90 km. This outcome
further supports the trend for patients to gravitate toward higher-
level hospitals for treatment. Notably, the number of lost patients
(LP) increased with hospital grades (as seen in Figure 3). This
outcome can be attributed to the Matthew effect observed in
tertiary hospitals. As higher-level institutions, tertiary hospitals
initially possess greater medical resources, technical expertise, and
reputational advantages. These advantages attract a disproportionate
number of referrals from both primary and secondary hospitals.
Over time, such advantages accumulate and reinforce their centrality
within the referral network—a typical manifestation of the Matthew
effect, where “the rich get richer” [31]. Consequently, patient flows
become increasingly concentrated in these few high-level hospitals.
When referral demand exceeds their service capacity, a significant
number of patients cannot be admitted or treated in time, leading
to increased patient loss. This phenomenon underscores how
cumulative advantage, while enhancing institutional prominence,
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FIGURE 3
Topology analysis of referral network. The x-axis represents hospital grades, and each chart title corresponds to the metric on the y-axis.

can also generate systemic imbalances and bottlenecks in resource
allocation within the healthcare network [32].

Further analysis was performed using the Louvain algorithm
to detect the community structure of the referral network. The
results indicated that the network could be divided into five distinct
communities (as seen in Figure 4). Each community exhibited a
structure characterized by a central tertiary hospital, with primary-
level hospitals radiating outward. This pattern of community
division may correspond to actual administrative regions [1, 33, 34]
or organizational frameworks of medical alliances. It reflects the
practical integration of healthcare resources within specific regions.
(i) Community structure and potential mapping to administrative
regions: regional healthcare networks, collaborative relationships
among hospitals are often influenced by administrative jurisdictions,
such as the three-tier provincial-municipal-county healthcare
system. The detected communities may reflect geographical or
administrative boundaries—for example, medical institutions
within the same prefecture-level city or county are more likely to
form close cooperative ties and thus belong to the same community.
If the nodes within a community are evenly distributed across
different hospital tiers (ie., including tertiary, secondary, and
primary hospitals), this may correspond to a regionally integrated
tiered healthcare delivery network, where core hospitals (typically
tertiary) maintain stable referral relationships with subordinate
institutions. (ii) Community structure and association with
healthcare alliances: If a community is centered around one or
two tertiary hospitals and includes several secondary and primary
hospitals, it may reflect a medical consortium structure, such
as a county-level healthcare community or a regional medical
alliance. In a tightly integrated healthcare community, for example,
county-level hospitals (secondary) form collaborative clusters with
township health centers (primary). In contrast, loosely integrated
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medical alliances may span multiple regions, forming connections
between tertiary hospitals and a subset of lower-level institutions. Ifa
community includes hospitals from multiple administrative regions
but exhibits strong internal connectivity, it may reflect a specialty-
based alliance or a telemedicine collaborative network, such as a
provincial oncology alliance or an inter-regional internet hospital
partnership.

From the perspective of complex network theory, the formation
of community structures is jointly driven by homophily and
preferential attachment. Hospitals of the same level may form
modular structures due to policy initiatives (e.g., the promotion of
healthcare alliances), while core hospitals attract more connections
due to their resource advantages. If inter-community connections
are sparse, it is advisable to enhance cross-regional medical
collaboration, for instance, by promoting remote consultations
or bidirectional referral mechanisms to optimize resource flows.
Conversely, if a community lacks representation from lower-
tier institutions, it may indicate a structural gap in the tiered
healthcare delivery system, necessitating efforts to improve vertical
integration and coordination between hospitals of different
levels.

3.3 Resource allocation strategy

To optimize the allocation of medical resources and alleviate the
pressure on tertiary hospitals, this study systematically identified
key node characteristics within the referral network by analyzing
critical network metrics such as average degree, in-degree, out-
degree, and PageRank (as seen in Figure 5). The analysis revealed
a high degree of consistency in node rankings based on degree
centrality, in-degree, and PageRank, with the highest-ranking nodes
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FIGURE 4
Community structure of the referral network. Node colors represent hospital grades (gray for Grade 1, yellow for Grade Il, and red for Grade Il). Node
positions represent the geographic locations of hospitals in a two-dimensional plane. Nodes belonging to the same community are encircled. This
pattern of community division may correspond to actual administrative regions or organizational frameworks of medical alliances.

predominantly concentrated in tertiary hospitals (represented as
red nodes). In contrast, nodes with high out-degree were primarily
located in primary and secondary hospitals. These findings provide
important insights [35] for the formulation of targeted resource
allocation strategies.

Based on these findings, four differentiated resource allocation

strategies were proposed:

e Equitable distribution strategy: Resources were evenly
distributed across all hospitals, increasing each hospital’s
patient capacity by 1%. This strategy served as a baseline to
evaluate the effectiveness of universal resource allocation.

e Core hospital enhancement strategy: Resources were
concentrated on the top 5% of tertiary hospitals with the
highest in-degree values to assess the feasibility and impact
of expanding the capacity of core hospitals.

e Primary-level capacity building strategy: Resources were
prioritized for the top 5% of primary and secondary hospitals
with the highest out-degree values, aiming to enhance service

capacity at the primary care level.
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e Referral bottleneck mitigation strategy: Additional resources
were allocated to the top 5% of hospitals with the highest
number of lost patients (LP), aiming to enhance their capacity
to receive and retain referred patients.

Each strategy was evaluated through ten simulation runs of the
referral process under a stable network structure. Key performance
indicators, including the number of lost patients (LP) and the
total number of referrals, were systematically analyzed to assess the
effectiveness of each strategy. This set of strategies integrates both
the topological features of the referral network and the practical
demands of the healthcare system, thereby providing a robust
scientific basis for optimizing medical resource allocation.

The results indicate that the core hospital enhancement
strategy is more effective in reducing the number of lost patients.
However, it also leads to a noticeable increase in referral frequency
(as seen in Figure 6). Furthermore, among all resource allocation
strategies, the largest volume of referrals was observed from primary
to tertiary hospitals, accounting for approximately 37% of all
referrals. This was followed by primary to secondary hospital
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Weighted degree 39 140 73 48 171 117 12 4 82
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FIGURE 5

metrics to highlight the same node across these metrics.

Comparison of top5% nodes across key network metrics. This is conducted to identify and compare the key nodes within the network. Node colors
represent hospital grades (gray for Grade 1, yellow for Grade 2, and red for Grade 3). Blue lines connect nodes that appear in the rankings of adjacent
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referrals (approximately 25%), secondary to tertiary hospital
referrals (around 18%), and referrals between secondary hospitals,
which accounted for 11% (By calculating the weight of the
connecting edges between nodes of each grade). This referral
pattern closely mirrors the major challenges currently facing China’s
hierarchical healthcare system. Although national policy promotes
a “primary care first, two-way referral” framework, in practice,
primary hospitals often function merely as transitional nodes due to
limited diagnostic capabilities, insufficient medical equipment, and a
lack of patient trust. In addition, secondary hospitals frequently lack
the necessary service capacity, clearly defined referral pathways, and
incentive mechanisms to effectively assume their intermediary role.
The relatively low level of patient trust in secondary hospitals further
exacerbates the issue, resulting in a tendency for patients to bypass
secondary care and seek treatment directly at tertiary hospitals. This
behavior not only intensifies the burden on tertiary hospitals but also
deviates from the fundamental objective of hierarchical diagnosis
and treatment, which aims to achieve rational patient distribution
across levels of care. When evaluated from the dual perspectives
of reducing patient loss and minimizing referral volume, the
referral bottleneck mitigation strategy emerges as the most favorable
approach. While its performance in reducing the number of lost
patients is comparable to that of the core hospital enhancement
strategy, the difference is relatively minor. More importantly, this
strategy substantially decreases the number of referrals, reflecting

Frontiers in Physics 09

greater efficiency in patient flow and more effective utilization
of system resources. By reinforcing the capacity of hospitals that
experience the highest patient attrition rates, the strategy helps
alleviate referral bottlenecks, strengthens the functional role of
lower-tier institutions, and contributes to the realization of a more
balanced and sustainable hierarchical healthcare system.

4 Conclusion

This study systematically analyzes the referral network
characteristics within China’s hierarchical healthcare system and
reveals underlying structural contradictions in current healthcare
resource allocation. The findings indicate a pronounced three-tier
differentiation in the referral network. Due to limited diagnostic
capabilities and low patient trust, primary medical institutions
effectively function as referral conduits, rather than as providers
of first-contact care. Data analysis shows that as many as 37% of
patients are directly referred from primary to tertiary hospitals,
while the intermediary role of secondary hospitals remains
underutilized, accounting for only 18% of total referrals. This
phenomenon of cross-level referrals has led to a continued
concentration of high-quality medical resources in tertiary hospitals,
resulting in a typical “siphoning effect”. Consequently, not only does
this increase the burden on tertiary hospitals, but it also contributes
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FIGURE 6
Lost patients (LP) per hospital at different grades under different allocation strategies. This aims to compare the performance of different strategies and
identify the optimal resource allocation strategy.

to a growing number of lost patients (LP), which escalates with officers, to ensure seamless patient transitions between different
hospital grade. levels of medical institutions. At the institutional level, urgent

Further topological analysis of the network reveals that tertiary ~ reform of the medical insurance payment system is required.
hospitals exhibit strong centrality, with significantly higher in- A hybrid reimbursement mechanism combining diagnosis-
degree values than hospitals of other levels. This asymmetric  related group (DRG)-based payments and referral-based financial
network structure reflects the persistent “Matthew effect” within  incentives should be implemented, with additional reimbursements
China’s healthcare system, whereby institutions that are already  provided for cases that successfully follow tiered referral pathways.
resource-rich continue to attract more patients and resources.  Simultaneously, a scientific referral performance evaluation system
Additionally, community structure analysis using the Louvain  should be established, incorporating both the volume and quality
algorithm identified five distinct network communities, offeringnew  of referrals into hospital performance assessments. This would
insights into regional patterns of medical collaboration. Although  enable the identification of referral bottlenecks and allow for
the correspondence between these network communities and  timely adjustment of resource allocation. At the strategic level,
actual medical alliance organizations requires further validation, it is suggested that the layout of medical consortia based on
this network-based approach provides a valuable perspective  regional healthcare demand, aiming to build a grid-based service
for understanding the modular structure of referral systems.  network led by tertiary hospitals, supported by secondary hospitals,
Importantly, the study highlights that strategies focused solely on ~ and underpinned by primary care institutions. The internal
strengthening core hospitals, while effective in reducing patient  coordination of such consortia should be strengthened through
loss, may exacerbate structural imbalances in the healthcare system. mechanisms such as telemedicine collaboration, flexible workforce
In contrast, the referral bottleneck mitigation strategy not only = mobility, and mutual recognition of diagnostic results. These
effectively controls the number of lost patients but also significantly ~ three levels of reform must be advanced in parallel and function
reduces the overall number of referrals, demonstrating superior ~ in a mutually reinforcing manner: operational capacity-building
comprehensive performance. lays the foundation for institutional implementation, institutional

Based on the study’s findings, a systematic and tiered reform  innovation drives strategic transformation, and strategic
framework is proposed to optimize the hierarchical healthcare  optimization provides direction for operational improvement.
system. At the operational level, it is recommended that efforts focus ~ Through such a comprehensive and integrated reform, it is
on enhancing the specialty service capacity of secondary hospitals  expected that the current “top-heavy” referral structure can be
by promoting a “one hospital, one specialty” development model. ~ fundamentally transformed, leading to the establishment of a well-
This should be accompanied by the establishment of standardized ~ defined, efficient, and hierarchical medical service system, and
referral procedures, including the development of intelligent  ultimately realizing the rational allocation of high-quality healthcare
referral platforms and the appointment of referral coordination  resources and the equitable accessibility of health services for all.
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Despite the contributions of this study, several limitations
remain: (i) Limitations in data validation: Due to constraints in
accessing real-world medical referral data, most model parameters
were derived from existing literature and theoretical assumptions,
rather than empirical calibration. This may affect the generalizability
of the findings. (ii) Complexity of dynamic interactions: The study
primarily focuses on the macro-level patterns of inter-hospital
referrals, without modeling micro-level interactions between
patients and physicians, such as the influence of medical advice
or patient satisfaction on referral decisions.

Building upon the findings and addressing the limitations
of the present study, future research may pursue the following
directions: (i) Multidimensional data integration: By incorporating
real-world data such as electronic medical records and insurance
claims, more decision variables (e.g., specialty capacity, treatment
costs) can be introduced to improve the model’s realism and
accuracy. (ii) Heterogeneous behavioral modeling: Future models
should account for individual differences among patients (e.g.,
socioeconomic status, health literacy) and variations in physician
referral preferences to construct more granular and realistic
decision-making frameworks. (iii) Coupling with multi-level health
systems: The referral network model could be integrated with public
health emergency response systems to explore strategies to enhance
system resilience under external shocks, such as pandemics or
natural disasters. This study employs computational experiments
to reveal the structural patterns and evolutionary mechanisms of
medical referral networks, providing both theoretical foundations
and methodological tools to optimize hierarchical healthcare
systems. Future research will emphasize data-driven approaches and
model refinement to further enhance the relevance of policy and
practical applicability of the results.
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