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ABSTRACT Efficient path planning for dual-channel medical insurance drug distribution requires
adaptive coordination among heterogeneous nodes under dynamic inventory, demand, and policy con-
straints. This study proposes a graph attention network (GAT)-based optimization framework that models
hospitals, pharmacies, warehouses, and distribution hubs as a directed weighted graph and integrates
multi-head attention with reinforcement learning to achieve intelligent path scheduling. The attention
mechanism dynamically captures inter-node dependencies and learns context-aware representations, while
the reinforcement learning scheduler continuously updates routing decisions according to realtime network
states. Experimental evaluation demonstrates that the proposed approach reduces the average delivery
time from 54.9 min to 37.3 min, increases the demand fulfillment rate to 92.1%, and lowers the overall
operational cost by 29.8%, while significantly improving inventory coordination and response efficiency
at high-demand nodes. The framework provides robust dynamic optimization capabilities for large-scale
distribution networks and offers a transferable graph-based resource allocation strategy for intelligent
communication infrastructures, where efficient information propagation, network topology optimization,
and adaptive routing are critical to electromagnetic information transmission and distributed system
management.

INDEX TERMS graph attention network, path optimization, reinforcement learning, intelligent routing,

resource allocation

. INTRODUCTION

HE enactment of the dual-channel medical insurance
T scheme has triggered a restructuring of the drug dis-
tribution landscape from one solely comprising in-hospital
supply systems to a hybrid intra-city and interhospital dis-
tribution system. This strategic pivot towards decentralized,
multi-point resource management mirrors the complex lo-
gistics in the contemporary industry, particularly the cru-
cial need to coordinate the flow of diverse materials and
finished goods across geographically dispersed production
sites and retail channels. The policy has established a
dynamic and multi-agent, multi-link drug distribution net-
work between hospitals, retail pharmacies and distribution
companies [1,2]. As the policy expands its coverage, drug
distribution channels are largely comprised of high coupling
with high frequency variability and many forms of con-
straints as the norm. The existing drug distribution channel
planning, heavily reliant on manual work experience and
based on static scheduling models, is particularly challenged
by fluctuations in demand along with regional differences as
well as policy fluctuations [3,4]. Drug distribution channels
also frequently experience distribution challenges involving
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inventory mismatches, delayed delivery, and duplication
of routes, often decreasing the operational efficiency of
resource allocations or under-utilizing medical insurance
funds in the process [5,6]. Faced with this multi-dimensional
constraint-based route optimization challenge, there is an
urgent need to develop an intelligent optimization model
with self-learning and dynamic adaptability to achieve pre-
cise matching of drug supply and demand and rationalize
distribution pathways [7,8], thereby improving the overall
operational efficiency of the dual-channel medical insurance
system.

Research on drug supply chain optimization and coordi-
nation with medical insurance policies has been continu-
ously deepened. Relevant scholars have proposed a variety
of theoretical models and algorithmic strategies in terms of
path planning, inventory scheduling and policy coupling.
In the dual-channel drug circulation management of med-
ical insurance, existing research mainly focuses on policy
dilemmas and promotion strategies [9], the implementation
of negotiated drugs [10] and the choice of business models
in the pharmaceutical e-commerce environment [11]. The
comparison of the development model of DTP (Direct to Pa-
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tient) pharmacies in China and the United States reveals the
differentiated needs of the distribution link [12], while the
research on low-carbon supply chain strategies emphasizes
the balance between cost and environmental benefits [13].
With the advancement of digital transformation, intelligent
path optimization has become a key direction for improving
efficiency [ 14]. However, existing w ork still lacks in-depth
exploration of the integrated optimization of dynamic path
scheduling and real-time supply and demand matching.
Although these studies provide theoretical support for path
feasibility and resource allocation, most of them remain
at the level of static model or single factor optimization,
and fail to effectively capture the dynamic interaction char-
acteristics between nodes [15,16]. The complexity of the
dual-channel drug circulation system of medical insurance
determines that its optimization problem depends not only
on the path length, but also on the influence o f multi-
layer network relationships, time constraints and policy
orientation [17,18]. Existing research methods have obvious
limitations in multi-node information fusion and dynamic
weight updating, making it difficultt o m eett he needs
of intelligent development of the drug distribution system
[19,20].
In recent years, the research results of graph neural
networks in the field of complex network structure analysis
and relationship modeling have provided new technical
directions for drug distribution path optimization [21-23].
In drug target prediction and drug distribution optimization,
Li et al. proposed IMCHGAN (inductive matrix comple-
tion with heterogeneous graph attention networks) using
heterogeneous graph attention networks to predict drug-
target interactions with high precision, providing a data
foundation for intelligent drug distribution [24]. Jiang et
al’s Gatrust model captures node relationships through
a multi-faceted graph attention mechanism, providing a
methodological reference for multi-node collaboration and
trust evaluation in the supply chain [25]. Ahmedt-Aristizabal
et al. reviewed the application of graph neural networks
in medical diagnosis, emphasizing its potential in complex
medical data modeling and decision support [26]. At the
application level, Dong et al. investigated the current status
of Chinese pharmacies and proposed suggestions for opti-
mizing distribution paths and inventory management [27].
Raikar et al. summarized the progress of intelligent drug dis-
tribution systems based on the Internet of Things, pointing
out that real-time monitoring and intelligent scheduling can
improve distribution efficiency [28]. In view of the multi-
layered heterogeneous characteristics of dual-channel drug
circulation in medical insurance, this paper can introduce the
graph attention network structure, utilizing its advantages
in adaptive calculation of inter-node weights and fusion
of multi-dimensional features to construct an intelligent
optimization model that adapts to the dynamic circulation
environment, so as to overcome the problem of decision lag
of traditional models in dynamic scenarios.

The core innovation of this work lies in integrating the
unique multi-source heterogeneous constraints (policy, time-
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liness, and inventory coupling) of the dual-channel medical
insurance system into the feature learning process of the
graph attention mechanism, and coupling it with an event-
triggered reinforcement learning scheduler. This research
uses a graph attention network as the core framework,
mapping drug delivery nodes and their relationships to a
directed weighted graph structure. A multi-head attention
mechanism is used to calculate the dynamic importance
weights between nodes, extract key path features, and com-
bine this with a reinforcement learning module to optimize
and update path decision-making strategies. Through deep
embedding of node features and adaptive adjustment of
attention weights, this model achieves dynamic generation
and continuous optimization of drug delivery paths, improv-
ing the efficiency of drug supply and demand coordination
and the intelligence level of delivery decisions in the dual-
channel drug delivery system.

Il. INTELLIGENT DRUG DISTRIBUTION NETWORK
OPTIMIZATION MODEL

A. CONSTRUCTION AND FEATURE DEFINITION OF
DRUG CIRCULATION MAP

1) Circulation Graph Data Modeling and Structure
Generation

Drug circulation data is derived from transaction records
from hospitals, pharmacies, and distribution centers fol-
lowing the implementation of the dual-channel medical
insurance policy. A unified drug circulation database is
established by cleaning and standardizing drug procure-
ment, distribution, inventory, and settlement data. A directed
weighted graph is constructed based on the drug flow rela-
tionships between different nodes G=(V,E,W). The vertex
set V denotes functional entities in the drug circulation sys-
tem, including the hospital, pharmacy, storage, and distribu-
tion nodes. The edge set E contains drug flow paths between
nodes. The weight matrix W describes drug transmission
characteristics between nodes, including delivery distance,
delivery time, and circulation cost. Weighted values that
mirror delivery frequency, batch intervals, and geographic
distance are given to edges to reflect the nearness of inter-
node circulation and resource allocation costs [29,30]. Dur-
ing data processing, hierarchical normalization and a time
sliding window mechanism are used to map multi-period
circulation data into time-series subgraph structure, excising
any information about dynamic path changes.

When generating the graph structure, nodes are num-
bered; the shortest distance between nodes is calculated
based on longitude and latitude, forming a distance ma-
trix that serves as the weight input. Drug inventory and
demand data are normalized using the Z-score to eliminate
dimensional differences and ensure feature comparability.
Missing and outlier data are supplemented using K-nearest
neighbor interpolation to maintain time series continuity.
The edge weight matrix is sparsely populated, retaining
only the main paths where drug flow exceeds a threshold to
reduce computational complexity.
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In this paper, "delivery nodes" do not refer to moving
vehicles, but rather to fixed regional distribution hubs,
such as urban logistics centers or distribution stations of
third-party pharmaceutical logistics companies. These nodes
exist as static entities in the diagram, responsible for re-
ceiving medicines from warehouses and distributing them
to surrounding hospitals and pharmacies. Actual vehicle
scheduling is handled by the lower-level logistics system;
this model only optimizes the path sequence at the "hub —
terminal” level.

2) Node Feature Definition and Weight Matrix Optimization

The node feature design is based on the multidimensional
attributes of the drug circulation scenario, mainly including
inventory status, drug demand intensity, delivery distance,
timeliness factor and policy constraint parameters. The
inventory status is obtained by calculating the dynamic
difference between the drug inbound and outbound records
to describe the real-time supply capacity of the node;
the drug demand intensity is determined by weighting the
prescription volume and historical sales volume to reflect
the actual drug demand level of the node; the delivery
distance uses the geographic information system to calculate
the Euclidean distance between nodes; the timeliness factor
is set as a penalty item based on the cold chain require-
ments and delivery time of the drug; the policy constraint
parameters are encoded according to the medical insurance
catalog, reimbursement ratio and dual-channel access rules
[31,32]. All features are combined in the form of vectors
in the graph structure to embed the initial input matrix of
the node. X € R"*? p represents the number of nodes and
d represents the feature dimension. During feature weight
optimization, principal component analysis (PCA) is used
to reduce the dimensionality of multidimensional features,
eliminating collinearity between features and extracting the
most explanatory principal components to reduce model
redundancy. Subsequently, a linear fit is performed on each
feature weight based on the least squares criterion, and the
optimization objective function is expressed as Formula 1:

min [ XW = V[ + AW (D

Y represents the target output matrix and A is the
regularization coefficient used to prevent overfitting. This
optimization process achieves a global weight balance of
node features, thereby enhancing the stability of the graph
representation.

To reflect the dynamic nature of drug distribution, a
time-slice update mechanism is used to periodically refresh
node features. A sliding time window is used to smooth
inventory and demand, ensuring that node features maintain
continuity despite short-term fluctuations. A dynamic adjust-
ment strategy based on traffic density is employed for the
edge weight matrix between nodes, assigning higher weights
to high-frequency drug distribution paths and attenuating
low-frequency paths to highlight high-value distribution
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relationships. Figure 1 shows the network relationships and
feature associations between nodes in the drug distribution
system. In Figure 1(a), the horizontal and vertical axes
represent the longitude and latitude coordinates of the
nodes in geographic space, respectively. Dots of different
colors represent hospitals, pharmacies, storage centers, and
distribution nodes. The lines between nodes represent drug
distribution paths, and their line width and transparency
reflect differences in distribution intensity. Hospitals and
storage nodes are usually located at the center of the
network, carrying more drug distribution connections and
showing a higher network degree. Figure 1(b) is a node
feature correlation heat map. The horizontal and vertical
axes both represent node indexes, and the color depth
indicates the degree of correlation between the inventory
and demand dynamic characteristics between nodes. It can
be seen that there is a strong positive correlation between
some nodes, indicating that their inventory change trends
are similar, reflecting the synergy and demand linkage of
regional drug supply.

Three key policy parameters have been added to the node
features: (1) Remaining validity period of the prescription
(hours), which gives high priority to prescriptions that are
about to expire; (2) Controlled drug identification (0/1),
which triggers dedicated delivery routes and signature ver-
ification; (3) Insurance reimbursement cycle status (such as
"pending settlement" or "prepaid"), which affects warehouse
outbound permission.

B. PATH IMPORTANCE MODELING OF GRAPH
ATTENTION MECHANISM

1) Node Correlation Calculation in Multi-Head Graph
Attention Layer

After the drug distribution structure is constructed, the node
feature matrix X € R™*? input into the Graph Attention
Network (GAT). During the input phase, the model first
embeds and maps the node features using a linear transfor-
mation matrix W € R%*? to obtain a node representation
of uniform dimensions h; = Wux,;. Then, for each pair
of adjacent nodes ¢ and j, the attention coefficient e;; is
calculated using the trainable attention vector aT, as shown
in Formula 2:

|| represents a vector concatenation operation. The com-
putational method enhances the model’s ability to assess
the degree of relationships between nodes using a nonlinear
mapping function, while also assigning attention weights in
a parallel and flexible way to drug supply and demand nodes
- thus enhancing the flexibility of the network to identify
important pathways of drug distribution.

In the normalization step of attention weights, the at-
tention coefficients of the neighbors for each node are
normalized using the Softmax function to derive normal-
ized weights «;;, which represent the consideration node i
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FIGURE 1. Visual analysis of drug distribution network. Figure 1(a). Drug distribution network topology; Figure 1(b). Node feature
correlation heat map

bestows on node j’s information, and this process provides
numerical stability for aggregation of information and also
boosts the weight of highly correlated paths during infor-
mation propagation. This mechanism propels edges through
pharmaceutical delivery routes that are connected to nodes
with low on-hand inventory, deliveries that encounter an
unexpected spike in demand, or those that are in close
proximity and thus may be able to share resources, to receive
a higher weight as feature propagation occurs.

2) Multi-head Attention Aggregation and Path Weight
Update Mechanism

To improve the model’s capability to represent features
in complicated drug distribution networks, a multi-head
attention mechanism is presented to parallelize the feature
distributions of different attention heads. Each attention head
generates an attention weight matrix independently. These
matrices are combined using concatenation or averaging.
This influence adds computational stability accompanying
an improved multidimensional representation of the drug
distribution paths, allowing the model to extract multi-level
supply-demand connections, as well as the characteristics
of regional distributions. The multi-head mechanism assigns
different weights to the higher- and lower-frequency nodes,
thereby mitigating some of the potential feature bias of the
attention head [33,34].

In the path information aggregation stage, each node
performs weighted summation of adjacent node features
according to the weight values of adjacent nodes to generate
an updated node representation

hi=o(Zjenc) @ hy)

where o is a nonlinear activation function.

Figure 2 shows the key analytical information of the
graph attention network in optimizing the distribution path
of dual-channel medical insurance drugs. Figure 2(a) shows
the distribution of attention weights between nodes in
the network. The histogram shows that most weights are
concentrated in the medium and low value range. At the
same time, the gamma fitting c urver eveals t he weight
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distribution trend, reflecting the strength of the mutual
influence between different nodes in the distribution net-
work. Figure 2(b) shows the two-dimensional visualization
results of node embedding. The high-dimensional node
features are mapped to two-dimensional space through PCA,
showing four clusters: hospitals, pharmacies, warehouses,
and distribution centers. The spatial distribution of nodes
reflects the similarity of network structure and attributes.
Warehouse nodes are clustered in the lower left area, and
pharmacy nodes are distributed in the upper right area. This
paper further analyzes the distribution relationship and path
optimization potential of drugs between different types of
nodes.

To enhance model training stability, batch normalization
and dropout mechanisms were introduced to mitigate over-
fitting. After each round of training, attention weights were
reversely updated based on a cross-entropy loss function. In
the drug distribution network, hospital and pharmacy nodes
were set as high-sensitivity intervals, enabling the model to
automatically identify key policy nodes during iterations and
improving the path optimization’s responsiveness to policy
changes. A drug distribution path importance assessment
model was constructed using a multi-head attention layer
with joint updates and normalized aggregation.

C. OPTIMAL PATH GENERATION AND DYNAMIC
UPDATE MODULE

In the proposed intelligent path optimization framework,
the Graph Attention Network (GAT) is not only used to
measure the importance of nodes or edges, but its core role is
to generate node embedding representations that reflect the
dynamic structure of the drug delivery network. These em-
bedding vectors integrate multi-dimensional features such
as inventory status, demand intensity, geographical distance,
time constraints, and medical insurance policies, and aggre-
gate neighbor information through a multi-head attention
mechanism to form a context-aware representation for each
node. This representation is directly used as the state input
of the reinforcement learning scheduler: at each step, the
scheduler selects the next optimal delivery target based on
the global state formed by the embedding vectors of all
nodes. In other words, GAT is responsible for "perceiving
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FIGURE 2. Modeling and analysis of the importance of drug distribution network paths. Figure 2(a). Attention weight distribution;
Figure 2(b). Node embedding visualization

and encoding" the real-time state of the delivery network,
while RL is responsible for "decision and action." The two
are tightly coupled through the embedding vectors, forming
an endto-end dynamic optimization closed loop.

1) Path Generation Mechanism of Reinforcement Learning
Scheduler

After the graph attention network completes node embed-
ding, the embedding result is used as the state input to
the reinforcement learning scheduling module to generate
the optimal path sequence for drug circulation. The sys-
tem adopts a policy gradient-based reinforcement learning
framework, defining the drug circulation node state as the
environment state space S and the drug distribution decision
as the action space A. The scheduler selects the next dis-
tribution node based on the current inventory, demand and
path weight. The reward function is composed of delivery
time, path cost and inventory balance, which is used to guide
policy optimization [35] and is defined as Formula 3:

R(s,a) = —(MT 4+ XC — A\3B) 3)

T is the delivery time, C is the path cost, B is the
inventory balance indicator, and )\; is the weight parameter.
By maximizing the cumulative reward, the model gradually
learns the optimal path selection strategy during training.
The Deep Deterministic Policy Gradient (DDPG) algorithm
is used to achieve stable training in a continuous action
space. The e-greedy strategy is used to maintain path ex-
ploration diversity and avoid convergence deviations caused
by local path failures.

A compliance penalty term is introduced into the reward
function of reinforcement learning: if the path violates
capacity limits (such as overloading of cold chain trucks) or
is missing necessary documents (such as failure to upload
electronic accompanying documents), a negative reward is
applied. These constraints have been jointly verified with
the pharmacy management departments of three pilot hos-
pitals to ensure compliance with the requirements of the
"Operational Guidelines for Dual-Channel Management of
Medical Insurance Drugs (2023 Edition)".
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2) Path Feedback and Dynamic Optimization Mechanism
Once the path is generated, the system uses past historical
feedback to modify the scheduling policy. An experience
replay pool is created to store sequences of state, action,
and reward, and within each iteration, random sampling is
completed to optimize policy parameters and reduce sample
correlation. The model continues to observe changes in node
inventory and demand through a sliding window mechanism
and periodically updates the weight of each node. If a
node experiences a large demand or low inventory for a
set number of cycles, its preference in path generation is
to increase; otherwise, the weight of that node in route
prioritization can lessen.

The dynamic adjustment theory with augmented node
relationship weights from graph attention allows the model
to develop a closed loop of decision-making and feedback.
In addition, the training scheme utilizes parallel distributed
architecture to improve computational efficiency, as multi-
scheduler collaborative learning reduces training time and
improves model generalization. Finally, the system is capa-
ble of quickly generating optimal routes based on real-time
inventory and distribution status.

Figure 3 depicts two components of the optimization pro-
cedure for a dual-channel distribution with drug paths under
the medical insurance system. In Figure 3(a), the horizontal-
axis shows training rounds and the cumulative reward of
reinforcement learning on the vertical-axis. The gray trans-
parent curve illustrates the original reward volatility, and
the thick blue line displays the reward curve after applying
sliding average smoothing. It is evident that the cumulative
reward approaches convergence around the 400th round, the
curve flattens, and the cumulative reward is settled around a
reward of 15, indicating the gradual optimization of the path
schedule by the algorithm. In Figure 3(b), the time steps are
shown on the horizontal-axis and the weight evolution of 10
selected key nodes on the vertical-axis. The various colors
represent the different nodes and their curves illustrate
the trends in node weights throughout the optimization
process including a slowly increasing base weight, periodic
fluctuations, and peaks of weights at important events (step
50, 100, and 150). This shows that the graph attention
network’s ability to dynamically identify node significance
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and provide the optimal drug distribution paths in real time.

lll. VERIFICATION OF DRUG DISTRIBUTION PATH
OPTIMIZATION EFFECT

The data used in this study comes from a genuine dual-
channel drug delivery system authorized by the medical
insurance bureau of a province in eastern China, covering six
months of operational records from January to June 2024.
The dataset contains 12,000 delivery routes and 480,000
node interaction events, covering 42 hospitals, 218 retail
pharmacies, 7 regional warehousing centers, and 15 fixed
delivery hubs (non-mobile vehicles) in three prefecture-level
cities within the province. All drug transactions are linked to
medical insurance settlement numbers, prescription IDs, and
drug traceability codes to ensure data authenticity and com-
pliance. The data has been processed through a provincial
medical data anonymization platform to remove patient and
institution identity information, retaining only node type,
geographical location, inventory changes, demand requests,
and delivery logs. This dataset is proprietary, real data,
not synthetically generated, and its scale and structure are
sufficient to reflect the typical characteristics of a delivery
network under the dual-channel medical insurance policy.

A. DELIVERY EFFICIENCY EVALUATION
Once the training of the model is finalized, the routes
of the drug delivery system established by the scheduling
system are used to compare route execution time, to evaluate
the overall efficiency of the delivery. Purchase records
of hospitals, pharmacies, and other delivery networks are
collected, and the actual delivery cycle is calculated. The
entailed cycle is then evaluated against the theoretical lowest
cycle time that could have occurred in the intended route,
meaning that information is collected on the numbers of
deliveries made under various loads. Samples are collected
over multiple batches of delivery tasks including samples
from weekday runs as well as during the busiest of periods.
To eliminate the potential impact of unintended anomalies,
sliding average is used for the sample execution time
of each batch. The system can then statistically quantify
the time difference before and after the route alternations
between nodes to examine if path change to nodes provides
improved timeliness in a dynamic delivery environment.
The evaluation strategies include: shortest path algorithm
(Traditional), Greedy Algorithm, Genetic Alogrithm, DQN
(Deep Q-Network), GAT Method, and Hybrid Al

Figure 4 illustrates two key aspects of drug delivery
efficiency: Figure 4 (a) shows the average delivery time
of six delivery strategies over a 24-hour period, with the
horizontal axis representing time periods (hours) and the
vertical axis representing average delivery time (minutes).
The GAT method significantly outperforms the traditional
and greedy strategies during most periods, with average
delivery times below 40 minutes, demonstrating its stability
and efficiency during both peak and off-peak periods. Figure
4 (b) shows the distribution of delivery times before and
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after optimization, with the horizontal axis representing de-
livery time (minutes) and the vertical axis representing prob-
ability density, with red representing before optimization
and blue representing after optimization. It can be observed
that the delivery time distribution after optimization is more
concentrated, with a significantly shorter right tail, and the
average time decreasing from approximately 54.9 minutes
to approximately 37.3 minutes. The standard deviation also
decreases, indicating that route optimization significantly
improves delivery stability and efficiency, reducing extreme
delays.

B. SUPPLY AND DEMAND COORDINATION
ASSESSMENT

The supply and demand coordination assessment uses drug
inventory fluctuations and demand satisfaction rates as core
indicators. By analyzing the node inventory change trend,
the balance of resource allocation after the circulation path
optimization is judged. The inventory level, demand and
arrival records of each node before and after the model
execution are collected to construct a time series inven-
tory curve. During the model operation cycle, the system
continuously monitors the inventory-in and inventory-out
ratios of high-frequency drugs and calculates the node
inventory difference in each time window. If the difference
fluctuation range remains in a stable range, it is determined
that the supply and demand coordination has improved.
The distribution response frequency of the record tracking
model to high-demand nodes is adjusted by path weights to
test whether the reinforcement learning scheduling strategy
achieves priority allocation. Finally, based on the timeliness
of inventory replenishment and changes in the drug out-of-
stock rate, a comprehensive evaluation is conducted on the
adjustment effect of the optimization model on the dynamic
matching of drug supply and demand in the dual-channel
system.

Table 1 shows the outcomes of the evaluation of the model
on the coordination of drug supply and demand with the
route optimization model. The before and after comparison
of the core indicators provide a visual representation of
the route optimization model’s advantages. The system
demand completion rate was 78.3% before optimization, and
92.1% after optimization, which is an improvement of 13.8
percentage points which demonstrates that the model shows
improvements in responsiveness at the node level for high-
demand drugs. The item stock-out rate declined from 15.2%
to 4.3%, which is an improvement of 71.7%, meaning the
route optimization model lowered drug stock outs by as-
sisting with the delivery route. Inventory turnover improved
from 3.4 times a month to 4.2, while the replenishment rate
improved from 72.6% to 89.7%. Collectively, these data
demonstrate better inventory management and improved
dynamic matching in the drug supply chain. In addition,
response time for high-demand nodes improved from 8.3
hour to 3.6 hours, a 56.6% reduction, demonstrating the
optimization model addressed the delivery needs of key
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nodes more efficiently. Overall, this demonstrates the route
optimization model improved supply-demand matching and
inventory utilization in the dual-channel drug distribution
system, improved the timeliness of delivery of drugs.

C. COST CONTROL ASSESSMENT
The cost control analysis assesses how the model was able to
minimize resource expenditure by calculating the transporta-
tion and storage costs before and after route optimization.
Data included mileage amounts, vehicle utilization rates,
and warehouse turnover rates for each delivery batch is
recorded, and then captured and totaled the transportation
expenses incurred after the route is generated. During the
model execution phase, the system calculates the actual
cost based on the delivery distance between nodes and the
batch size of the medicine, and records the frequency of
entry and exit of each node. By comparing multi-cycle
data, it is confirmed whether the optimization model has
reduced the occurrence of repeated transportation and empty
delivery. During the evaluation process, the transportation
costs are analyzed in sections to distinguish the additional
expenses caused by route redundancy, waiting time, and
scheduling imbalance. Finally, based on the trend of total
cost changes and the reduction in the average cost of a
single delivery, the effectiveness of the route optimization
algorithm in achieving cost compression in the dual-channel
drug circulation system of medical insurance is judged.
Table 2 illustrates the drug distribution system’s cost
control effects pre-and post-route optimization, effectively
demonstrating the optimization model’s substantial impact
on reducing overall operating costs. The various costs
reduced before and after optimization shows that trans-
portation, labor, and inventory were the biggest sources
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of savings. Specifically, fuel costs decreased from 38.5
yuan/delivery to 25.3 yuan/delivery, 34.3% savings. La-
bor costs decreased from 45.3 yuan/delivery to 32.7
yuan/delivery, 27.8% savings. Inventory costs decreased
from 28.4 yuan/delivery to 19.7 yuan/delivery, 30.6% sav-
ings. Most importantly, the total cost decreased from 188.8
yuan/delivery to 132.6 yuan/delivery, thus total savings was
56.2 yuan/delivery, 29.8% savings. This suggests that the
model, by combining route optimization and intelligent
scheduling, reduced duplicative transportation, idle runs,
and inventory occupancy, as a result improved resource
utilization efficiency and distribution economics.

D. MODEL VALIDITY AND BASELINE COMPARISON
ANALYSIS

To verify the necessity of multi-head graph attention net-
works in this task, this paper adds a comparison with three
baseline methods in the experimental section: (1) standard
graph convolutional network (GCN) embedding + the same
RL scheduler; (2) static shortest path algorithm (Dijkstra);
(3) non-learning heuristic-improved cost-saving algorithm
(Clarke-Wright). GAT-RL reduces the average delivery time
by 5.2 minutes compared to GCN-RL (p<0.01) and by 12.8
minutes compared to Dijkstra, significantly outperforming
non-learning methods. More importantly, in scenarios of
sudden demand changes (such as a sudden surge in demand
at a hospital), the attention weights of GAT can be quickly
redistributed to high-priority nodes, while GCN, lacking
an adaptive weighting mechanism, lags in path adjustment.
This result proves that the fine-grained modeling capability
of multi-head attention mechanisms for dynamic supply and
demand relationships is key to improving path robustness
and response speed, and its computational overhead is
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TABLE 1. Comparison of evaluation indicators for drug supply and demand coordination
Evaluation Metric Unit Before Optimization After Optimization Improvement Improvement Rate Significance

(%) (p-value)

Demand Fulfillment % 78.3£6.2 92.1£3.8 13.8 17.6 <0.001
Rate
Stockout Rate % 15.2+4.8 43£19 -10.9 1.7 <0.001
Inventory Turnover times/month 3.4£0.8 4240.6 0.8 235 0.003
Rate
Replenishment % 72.6+8.1 89.7+4.2 17.1 23.6 <0.001
Timeliness
Response Time at hours 8.3+2.1 3.6£1.2 -4.7 56.6 <0.001

High-Demand Nodes

TABLE 2. Effect of Drug Distribution Cost Control

Cost Component

Pre-Optimization Cost (CNY/order)

Post-Optimization Cost (CNY/order)

Cost Savings

Savings Rate (%)

Fuel Expenses 38.546.2 25.3+3.8 13.2 343
Vehicle Maintenance 22.8+4.1 16.242.5 6.6 28.9
Labor Cost 45347.8 327452 12.6 27.8
Warehouse Rent 32.645.8 24.14+4.3 8.5 26.1
Inventory Holding 28.41+4.9 19.74+3.2 8.7 30.6
Dispatch Cost 12.5+2.8 8.2+1.6 43 344
Information Cost 8.7+1.9 6.4+1.2 23 26.4
Total Cost 188.8 132.6 56.2 29.8

reasonable and necessary in the face of performance gains.

To improve the interpretability and comparability of the
experimental results, this paper quantifies and defines all key
performance indicators (KPIs) and establishes benchmarks.
The baseline system before optimization employed a cur-
rent operational model of independent hospital-pharmacy
scheduling and manual route planning, with an average
delivery time of 54.9 minutes (standard deviation & 11.3), a
demand fulfillment rate of 78.3%, and a total cost of 188.8
yuan per delivery. After optimization using this model, the
average delivery time decreased to 37.3 minutes (a decrease
of 32.1%), the demand fulfillment rate increased to 92.1%
(+13.8 percentage points), and the total cost decreased to
132.6 yuan (a saving of 29.8%). Furthermore, the average
response time at high-demand nodes decreased from 8.3
hours to 3.6 hours, and the average number of monthly
stockout events in the region decreased from 23.4 to 6.7.
All indicators were calculated based on six months of real
operational data, and their significance was verified using a
paired t-test (p < 0.001).

To evaluate the model’s scalability in large-scale net-
works, we tested the training and inference times in a
simulated environment as the node size increased from 100
to 1000. The results show that, thanks to the sparse edge
matrix (retaining only edges with flow > threshold) and the
distributed RL training architecture, the model training time
increases nearly linearly (O(N log N)), and the average
time for a single path inference is <1.2 seconds (N=500
nodes). Furthermore, using graph-style neighborhood sam-
pling further reduces the GAT computational complexity
to O(kd), where k is the number of neighbor samples and
d is the embedding dimension. These optimizations enable
the model to be deployed in provincial medical insurance
delivery networks (typically 200-800 nodes), meeting real-
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time scheduling requirements.

IV. CONCLUSION

This paper tackles the multi-faceted routing, supply-demand
imbalance, and lack of efficiency associated with the dual-
channel medical insurance drug distribution process through
an intelligent optimization model that utilizes a graph atten-
tion network. This robust methodology for complex network
optimization offers a clear parallel for addressing similar
challenges in the industry, specifically by enhancing the
scheduling and coordination required for the highly variable,
global movement of specialized fabrics and finished apparel
from production hubs to consumer markets. The research
is able to result in a structured representation of multi-
source data through the creation and feature definitions
of a drug distribution graph. A multi-head graph attention
mechanism is able to dynamically extract the correlation
weights contained between nodes, and locate key path
nodes, with the addition of a reinforcement learning schedul-
ing to achieve adaptive optimization and dynamic updates of
the routing. As a consequence, the intelligent optimization
outline is confirmed to recover and/or retain high stability
and optimization outcomes with respect to drug distribu-
tion efficiency, supply-demand coordination, and achieving
supply cost controls. Validation of the construct confirms
an intelligent aspect to devise outcomes in complex supply
networks.
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