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Abstract. The purpose of this paper is to explore the application of deep reinforcement learning
(DRL) in optimizing vaccination strategies and resource allocation. By constructing a DRL-based
model, we aim to address the strategy selection and resource allocation problems encountered in
the vaccination process. In this study, simulation experiments were used to verify the effectiveness
of the model, and the model was compared with the existing methods. The results show that the
DRL model can effectively improve the efficiency of vaccination and optimize the use of resources.
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1. Introduction

1.1. The importance of vaccination

As an effective means of preventing infectious diseases, vaccination plays a vital role in ensuring
public health security. Since Edward Jenner invented the cowpox inoculation method in the 18th
century, vaccination has been successful in controlling or eradicating a variety of diseases such as
smallpox, polio, etc. In modern society, with the growth of the population and the acceleration of
globalization, vaccination can not only reduce the incidence of infectious diseases, but also reduce
the economic burden caused by diseases. In addition, the effective implementation of vaccination
strategies has a decisive impact on responding to public health emergencies, such as the COVID-19
pandemic. Therefore, research and optimization of vaccination strategies are of far-reaching
significance to increase vaccination coverage and reduce the risk of disease transmission.

1.2. Challenges in vaccination strategy and resource allocation

Although the importance of vaccination is self-evident, in practice, how to develop an effective
vaccination strategy and how to rationalize the allocation of limited resources are major challenges
for public health administrators. VVaccination strategies need to consider a variety of factors, including
the availability of vaccines, the selection of recipients, and the timing of vaccination. At the same
time, the issue of resource allocation involves the optimization of human, material, and financial
resources. In practice, due to the limited nature of resources, how to ensure the rational allocation and
use of resources while ensuring the efficiency of vaccination is a complex problem that requires fine
management. In addition, vaccination strategies need to take into account a variety of factors, such
as socioeconomic factors, cultural differences, and public acceptance, which add to the complexity
of strategy development.

1.3. An introduction to deep reinforcement learning and its application in the medical field

Deep Reinforcement Learning, [1] It is an important branch of machine learning, which combines
the advantages of deep learning and reinforcement learning and can learn the optimal strategy through
interaction with the environment in an unknown environment. DRLs use deep neural networks to
approximate strategies or value functions, enabling them to learn efficiently in high-dimensional state
spaces. In recent years, DRL has achieved remarkable results in many fields, especially in the medical
field, DRL has begun to be applied to disease diagnosis, treatment plan optimization, medical
resource management, etc. In the optimization of vaccination strategies, DRLs can dynamically adjust
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vaccination strategies to adapt to changing environments and conditions by learning from historical
data and real-time feedback. In addition, DRL's ability to deal with multi-objective optimization
problems makes it a powerful tool for solving the problem of vaccination resource allocation.

In summary, this study aims to explore the use of deep reinforcement learning to optimize
vaccination strategies and resource allocation, in order to improve the efficiency and effectiveness of
vaccination and provide scientific decision support for public health management.

2. Related Work

2.1. Current status of research on vaccination strategies

Research on vaccination strategies is a central topic in public health, with the goal of developing
strategies that can effectively control and prevent the spread of infectious diseases. At present,
researchers have proposed a variety of vaccination strategies, including but not limited to herd
immunity strategies, age-stratification strategies, and risk-based priority vaccination strategies. These
strategies often need to consider multiple factors such as vaccine availability, characteristics of the
target population, and the dynamics of the spread of infectious diseases. With the development of
computational models and simulation technologies, researchers have begun to use mathematical
models and computer simulations to predict the effects of different inoculation strategies and
formulate more scientific and reasonable strategies accordingly. However, due to the complexity of
the real world, how to dynamically adjust and optimize vaccination strategies to adapt to the changing
environment remains an urgent problem to be solved [2].

2.2. Existing workarounds for resource allocation issues

Resource allocation is key to achieving an effective vaccination strategy. In the existing research,
operations research methods, linear programming, integer programming and other methods are
widely used to solve resource allocation problems. These methods aim to achieve the optimal
allocation of resources under the premise of satisfying a series of constraints by establishing
mathematical models. However, these methods are often based on static models and deterministic
environments, which have certain limitations for dealing with uncertainties and dynamic changes in
practice. In addition, the allocation of vaccination resources often involves multiple goals, such as
maximizing vaccination coverage and minimizing costs, and the optimization of these multi-
objectives requires a more complex approach.

2.3. Successful examples of deep reinforcement learning in other fields

As an advanced machine learning technology, deep reinforcement learning has shown its powerful
capabilities in many fields. In the field of gaming, DRL algorithms have been able to train gamers
who surpass human experts, in the research of autonomous vehicles, DRL has been used to optimize
the decision-making process and improve the autonomous driving ability of cars, and in the field of
intelligent manufacturing, DRL has also been used to optimize production processes and resource
scheduling to improve production efficiency. These success stories demonstrate that deep
reinforcement learning has strong potential to deal with complex and dynamic environments and can
provide new ideas and methods for solving the problem of vaccination strategy and resource
allocation. By applying DRLs to the optimization of vaccination strategies, we are expected to
develop more flexible and adaptable strategies to address evolving public health challenges [2].

3. Research design and deep reinforcement learning model development

3.1. Theoretical Basis of Deep Reinforcement Learning Models

The core of the Deep Reinforcement Learning (DRL) model is that the agent learns the optimal
strategy through interaction with the environment. In the standard Q-learning framework, the agent

834



Highlights in Science, Engineering and Technology BEHDP 2024
Volume 102 (2024)

observes the state at the time step, selects actions, and receives rewards and new states based on
feedback from the environment. The goal of the DRL is to find the optimal strategy that maximizes
the expected cumulative discount reward from any state:( t )(s¢)(a;) (Te41) (Se+1) (M) (S)

T += argmaxrkE [z k = 1Yk — 1Tt + kSt = s]

Among them, is the discount factor, which is used to regulate the current value of future
rewards( y)[3].

In DRL, deep neural networks are used to approximate the optimal strategy or value function. For
Q learning, we use a deep neural network to approximate the optimal Q function, which represents
the expected return for taking an action in a state. One algorithm commonly used in DRL is the Deep
Q Network (DQN), which uses experience replay and target network to improve learning

stability.(Q” * F(s,a1))(s)(a)
3.2. Construction of DRL models for vaccination strategies

In order to solve the optimization problem of vaccination strategy, we construct a DRL model
whose goal is to learn a strategy that can effectively allocate vaccine resources and maximize
vaccination effect in different public health scenarios.

3.3. Definition of a state space

A state space is a collection of all the conditions that an agent may observe. In the DRL model of
a vaccination strategy, states can be represented as vectors of a series of features:( S )

[s; = (stocks,demands,population,state, ...)]

3.4. Definition of action space

An action space is a collection of all the actions that an agent can perform. In a vaccination strategy,
actions may include a series of decisions:( A4 )

[a; = (quantity,timetable,priority,proportion, ... )]

3.5. Design of the reward function

The reward function defines the immediate return that an agent receives in a particular state and
action. In a vaccination strategy, the reward function might be designed as:(R(s;, a;, S¢+1))

[R(S¢, at, S¢4q) = coverage — cost — waste

3.6. Model training and validation methods

The model training process involves using historical data and the simulation environment to adjust
neural network parameters to maximize the expected cumulative reward. The DQN algorithm is
trained using the following steps:

1. The agent selects the action according to the current strategy.( m)(a;)

2. Perform actions and receive rewards and new statuses.(a;) (1t4+1) (St+1)

3. Store (ST, AT, RT+1, ST+1) into the experience replay pool.

4. A batch of experience is randomly selected from the experience replay pool and the target Q
value is calculated.

5. Update neural network parameters with gradient descent [4].

Validation of the model is done by evaluating the agent's performance on an independent test set,
ensuring its validity and robustness in an unknown environment. Through these steps, we can ensure
that the model can make optimal decisions in the real world, thereby improving the efficiency and
effectiveness of vaccination.
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4. Experimental design and analysis of results

4.1. Experimental setup

In order to comprehensively evaluate the effectiveness of the proposed Deep Reinforcement
Learning (DRL) model in optimizing vaccination strategies and resource allocation, we designed a
series of experiments [5]. These experiments are designed to simulate different public health
scenarios, including different vaccine availability, transmission patterns, demographics, and
vaccination needs [6]. The main purpose of the experiment is to verify whether the DRL model can
learn effective vaccination strategies in these complex environments and improve vaccination
coverage and resource use efficiency.

4.2. Description of the simulation environment

The simulation environment was built to simulate real-world vaccination scenarios and included
several key components to ensure the authenticity and effectiveness of the experiment [5]. First, we
created an Agent-Based Model (ABM) that simulates individual behaviors and interactions to reflect
the dynamics of the population as a whole. Each agent represents a real individual in the model, with
attributes such as age, health status, occupation, social network, etc., that influence their decision and
behavior to get vaccinated.

In addition, the simulation environment integrates an outbreak transmission model that is based
on the SEIR (Susceptible-Exposed-Infected-Removed) framework for infectious diseases, which is
able to simulate the transmission path of the virus through the population. By updating the status of
each agent in real time, the simulation environment is able to reflect the development of the epidemic
and the impact of vaccination strategies.

To simulate the allocation and use of resources during vaccination, the simulation environment
also includes a resource management system. The system is able to track vaccine stocks, allocate
resources to vaccination sites, and record vaccination events and costs. Through this system, we can
evaluate the impact of different vaccination strategies on the efficiency of resource use [7].

4.3. Parameter configuration

In the experiments, we carefully configured the DRL model and multiple parameters of the
simulation environment. Here are some key parameter settings:

Learning Rate: Determines how much the model updates the weights in each iteration. We use an
adaptive learning rate strategy so that the model learns quickly in the early stage and stabilizes in the
later stage.

Discount Factor (y): Used to adjust the current value of future rewards. We experimentally
identified the optimal discount factor to ensure that the model balances short-term and long-term
returns.

Exploration Rate: Controls the balance between exploring new strategies and leveraging known
ones. We use a strategy of gradually reducing the exploration rate so that the model can explore
extensively in the early stage and concentrate on the optimal strategy in the later stage.

Network structure: We experimented with different neural network architectures, including
convolutional neural networks (CNNs) and recurrent neural networks (RNNs), and combinations of
them, to process spatial and temporal correlated data [8].

Simulation environment parameters: including population size, vaccine supply, epidemic
transmission parameters, etc., which are set based on actual public health data to ensure the realism
and credibility of the simulation results.

4.4. The results are displayed

The purpose of the experimental results is to comprehensively evaluate the performance of the
DRL model in the optimization of vaccination strategies. We used a variety of charts and indicators
to show the results, including:
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Figure 1-1 illustrates the evolution of vaccination coverage over time. These curves can help us
understand the inoculation efficiency and effectiveness of the model over different time periods.

Vaccination Coverage Rate Over Time

08

e
o

Coverage Rate

o
e

02

2 3 3 5 6
Time (weeks)

Fig. 1 Inoculation coverage curve

Figure 1-2 shows the use of resources such as vaccine usage and operating costs at vaccination
sites through bar charts and line charts. These charts can help us evaluate the model's performance in
terms of resource optimization.
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Fig. 2 Resource usage efficiency charts

Figure 1-3 shows the geospatial distribution of vaccination, reflecting the vaccination strategy and
effect of the model in different regions.

Geographical Distribution of Vaccination
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Fig. 3 Heatmap
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Figures 1-4 show the distribution of actions taken by agents in different states, which helps us
understand the decision-making process and strategy adjustment of the model.

Policy Change Over Time
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Fig. 4 Chart of policy changes

Through comparative experiments, we compare the performance of the DRL model with
traditional optimization methods and other machine learning models to highlight the advantages and
potential improvement of the DRL model.

Table 1. Comparative analysis of DRL with other methods

Traditional .
Metrics/Models DRL optimization Random Ilnea_r
model Forest regression
methods
Vaccination coverage 95 85 88 80
(%)
Average resource usage 0.95 0.75 0.80 0.70
efficiency
Adaptability (the ability high low middle low
to face change)
Training Duration 24 5 5 1
(Hours)

Model complexity middle low high low

transparency low high middle high
Generalization ability middle low high middle

Through these detailed results presentation and analysis, we can comprehensively evaluate the
effectiveness of the DRL model in the optimization of vaccination strategies and provide valuable
insights for future research and practical applications [9].

4.5. Vaccination coverage

Vaccination coverage is a key indicator of vaccination effectiveness. The experimental results
show that the DRL model can effectively improve vaccination coverage, especially in the face of
resource constraints and epidemic changes. Through intelligent decision-making and resource
allocation, the DRL model can maximize vaccination coverage while ensuring vaccination efficiency
[10].
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4.6. Resource efficiency

Resource efficiency reflects the model's use of resources during the inoculation process.
Experimental results show that the DRL model can optimize vaccine distribution and operation of
vaccination sites, reduce resource waste, and improve resource use efficiency. This suggests that the
DRL model not only focuses on short-term inoculation effects, but also considers long-term resource
sustainability and cost-effectiveness.

4.7. Comparison with other methods

To evaluate the advantages of the DRL model, we compared the experimental results with other
traditional methods for optimizing vaccination strategies. The comparative results showed that the
DRL model was superior to the traditional method in terms of inoculation coverage and resource use
efficiency. Especially in the face of complex and dynamically changing environments, the DRL
model shows stronger adaptability and robustness.

4.8. Results discussed

Through an in-depth analysis of the experimental results, we discuss the potential and challenges
of the DRL model in the optimization of vaccination strategies. We point out that although the DRL
model performs well in experiments, it may face problems such as difficulty in obtaining data and
insufficient generalization ability of the model in practical applications. Therefore, future research
needs to further explore how to improve the generalization ability and practicability of the model,
and how to combine the DRL model with other public health decision-making tools.

5. Case Study:

5.1. Select a specific scenario for case study

In order to further explore the application of deep reinforcement learning (DRL) models in the
optimization of vaccination strategies, we selected a specific public health scenario for case analysis.
The scenario is set in a medium-sized city facing a seasonal epidemic of influenza viruses. Cities have
a complex demographic structure that includes residents of different ages, occupations, and health
conditions. Vaccine supply is limited and needs to be appropriately allocated to maximize vaccination
coverage and control the spread of the outbreak.

In this scenario, we consider a variety of factors, such as uncertainty in vaccine supply, population
willingness to be vaccinated, distribution of vaccination sites, and operating costs. By building a
detailed simulation model, we simulated the vaccination process and the development of the epidemic
under different strategies. In addition, we collected historical data, including past vaccination records,
outbreak statistics, and public health policies, to enhance the realism and accuracy of the simulations.

5.2. The DRL model is applied for policy optimization

In the case study, we applied a previously constructed DRL model to optimize vaccination
strategies. The task of the agent is to select the optimal vaccination action at each time step, including
determining the number and location of vaccination sites, assigning the number of vaccines, and
setting the priority of vaccination. By interacting with the simulation environment, the DRL model
learns how to adjust strategies based on real-time feedback to improve vaccination coverage and
resource efficiency.

In the training process, the DRL model gradually learns the optimal strategy in different scenarios
through exploration and utilization. We trained the model several times to ensure its robustness and
adaptability in the face of different influenza outbreak scenarios. In addition, we have tuned the
parameters of the model to improve the learning efficiency and strategy quality.
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5.3. Discussion of results and practical implications

The results of the case study show that the DRL model can effectively optimize vaccination
strategies, achieve high vaccination coverage with limited resources, and control the spread of the
epidemic. Through comparative experiments, we found that the DRL model can adapt to
environmental changes more quickly and achieve better vaccination results in the long term than
traditional vaccination strategies.

In addition, the decision-making process of the DRL model provides valuable insights that help
public health policymakers understand the key factors in developing vaccination strategies in
complex environments. For example, the model reveals the importance of prioritizing vaccination of
high-risk groups in the early stages of the pandemic, as well as strategies for allocating resources
appropriately to avoid vaccine shortages at peak times.

The practical significance of this case study is that it not only validates the potential of the DRL
model in the optimization of vaccination strategies, but also provides a new decision support tool for
the public health field. Future research can further explore the application of the DRL model in the
prevention and control of other types of infectious diseases and public health emergency response to
improve the efficiency and resilience of the public health system.

6. Discussion

6.1. Advantages and limitations of the model

The Deep Reinforcement Learning (DRL) model applied in this study has shown significant
advantages in the optimization of vaccination strategies. First, DRL models are able to handle high-
dimensional and complex state spaces, which is particularly important for simulating real-world
public health scenarios. Second, DRL models are able to adapt to a dynamically changing
environment by learning from historical data and real-time feedback, which is especially critical in
emergencies such as epidemics. In addition, the adaptability of the DRL model allows it to adjust
strategies under changing conditions to achieve long-term optimization goals.

However, there are some limitations to the DRL model. First, the training of a model requires a lot
of data and computational resources, which can be difficult to obtain in some cases. Second, the
black-box nature of DRL models can lead to a lack of transparency in the decision-making process,
which can be a challenge for public health policymakers who need explanatory explanations. In
addition, the generalization ability of the model may vary in different scenarios and conditions, and
further research is needed to improve the adaptability and robustness of the model.

6.2. Implications for public health policy

The findings of this study have important implications for the formulation of public health policies.
The application of the DRL model demonstrates how Al technology can be used to optimize
vaccination strategies, improve resource efficiency, and make scientific decisions in the face of
uncertainty and complexity. This provides public health policymakers with a new tool to develop a
more effective response in the face of limited vaccine supply and rapidly changing pandemic
transmission.

In addition, the application of the DRL model also emphasizes the importance of data-driven
decision-making. By collecting and analysing large amounts of public health data, policymakers can
better understand the trends of the epidemic and evaluate the effectiveness of different strategies to
make more accurate decisions. At the same time, it also suggests that public health systems need to
strengthen their capacity for data collection and processing to support evidence-based decision-
making.
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6.3. Future research directions

Future research can be explored in multiple directions. First, the DRL model can be improved to
improve its adaptability and generalization ability in different public health scenarios. This may
include developing new algorithms, optimizing network structures, or introducing explanatory
mechanisms. Secondly, the combination of DRL models and other decision support tools, such as
predictive models and optimization algorithms, can be explored to form a comprehensive decision
support system. In addition, future research can also focus on the application of the DRL model in
other public health fields, such as chronic disease management, health promotion, and emergency
response.

In conclusion, the application of DRL model in vaccination strategy optimization provides new
research perspectives and methods in the field of public health. Through continuous research and
improvement, we are expected to develop more efficient and intelligent public health decision-
making tools to meet the challenges that may arise in the future.

7. Conclusion

7.1. Key findings of this study:

In this study, we conducted an in-depth discussion and empirical analysis on the optimization of
vaccination strategy and resource allocation by constructing and applying a deep reinforcement
learning (DRL) model. Key findings include the ability of the DRL model to effectively handle
complex vaccination scenarios and learn to dynamically adjust vaccination strategies to maximize
vaccination coverage and optimize resource use. In addition, the DRL model has shown good
adaptability and robustness in the simulation environment and can quickly formulate and implement
an effective vaccination plan in the face of uncertainty and changes in the spread of the epidemic.
These findings demonstrate the potential of DRL in public health decision support systems, providing
a new solution for the optimization of vaccination strategies.

7.2. Contribution to the optimization of vaccination strategies

The contribution of this study to the field of vaccination strategy optimization is mainly reflected
in the following aspects: First, this study proposes a DRL-based vaccination strategy optimization
method, which provides a new perspective for solving the problem of vaccination decision-making
under the condition of limited resources. Secondly, through a case study, this study demonstrates the
effectiveness of the DRL model in actual public health scenarios, providing a data- and algorithm-
based decision-making tool for public health decision-makers. Finally, the advantages and limitations
of the DRL model are discussed, and valuable experience and suggestions are provided for the
development and application of related models in the future.

7.3. Recommendations for future research

For future research, this paper puts forward the following suggestions: First, future research
should focus on the improvement and optimization of DRL models, especially in improving the
explanatory and generalization capabilities of models. This may involve the exploration of new neural
network architectures and the integration with traditional optimization algorithms. Second, it is
recommended that more empirical studies be conducted to verify the applicability and efficacy of the
DRL model in different types of vaccination scenarios, including the application of different types of
infectious diseases, regions with different demographics, and different public health systems. Finally,
it is recommended to explore the combination of DRL model with other artificial intelligence
technologies (such as natural language processing, computer vision, etc.) to build a more
comprehensive and efficient public health decision support system. Through these studies, we are
expected to further improve the scientific and intelligent level of public health decision-making.
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