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Abstract: This article proposes an innovative comprehensive framework that deeply 

integrates Large Language Models (LLM) with Knowledge Graphs (KG) to meet the 

urgent need for high-quality professional knowledge in medical question answering 

systems. We have fully utilized the triplet data structure of the knowledge graph, which 

effectively enhances the professional knowledge foundation of LLM in the medical field 

and significantly enhances its explanatory power. By accurately aligning the output of 

LLM with relevant information in KG, this method achieves dual verification and 

enhancement of model output accuracy and consistency, greatly improving the security and 

reliability of medical question answering systems. The experimental results show that the 

method proposed in this article exhibits significant advantages in accuracy and reliability 

compared to traditional knowledge base question answering (KBQA) systems and single 

LLM methods. This achievement provides a more efficient and accurate solution for the 

field of medical knowledge services, and this study also demonstrates the enormous 

potential and prospects of integrating LLM and KG in medical text mining and knowledge 

extraction. 

1. Introduction 

In recent years, the combined application of large language model (LLM) and knowledge graph 

(KG) has aroused wide attention, and they also have a certain position in the medical field. Medical 

industry as one of the key fields of artificial intelligence technology application, medical question 

answering system is the core tool to provide medical information and knowledge services, it is 

currently facing the challenge of understanding and explaining complex medical concepts. When 

dealing with professional problems in the medical field, the traditional question-and-answer system 

based on knowledge base has the problems of incomplete information and limited reasoning ability. 

The LLM has a strong understanding of language, but it lacks a deep understanding of what is 

actually happening in the medical field. Therefore, how to effectively integrate structured medical 

knowledge in LLM and knowledge graph has become the key to improve the accuracy and 

credibility of medical intelligent question answering system. This paper aims to explore and 

propose a new method to improve the performance of medical question answering system in 
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information retrieval and answer reasoning by combining the advantages of LLM in semantic 

understanding and detailed entity relationship in knowledge graph, so as to open up a new research 

direction for intelligent application in medical field. 

2. Relevant Literature 

Large language models such as ChatGPT perform well in natural language question answering, 

but have limited application in specific domains and high training and deployment costs. Taking 

traditional Chinese medicine prescriptions as an example, this study designed a question and answer 

system combining LLM and knowledge graph, which can accurately answer domain questions, 

generate professional answers, and deploy them quickly. By enhancing the information extraction 

capability of LLM, the system converts natural language answers into structured knowledge and 

verifies them through knowledge graph. [1] LLM has attracted wide attention in the field of natural 

language processing, and has certain applications in finance, medical treatment, education and other 

fields. However, LLM has the problems of insufficient interpretation, delayed knowledge updating 

and generating false information. The researchers combined the Knowledge graph with the LLM to 

address these challenges and improve its explanatory and reasoning capabilities [2]. 

By simulating the human-computer interaction process, AIChain breaks down the user's 

interaction with a large language model (LLM) into multiple steps, and utilizes logically connected 

AI and non-AI units to effectively guide the LLM to generate natural language and rule language 

prompt to clarify queries and recommend applicable apis [3]. 

The application of inference to knowledge graphs is aimed at supplementing missing triples, 

refining structured knowledge, and supporting a variety of subsequent tasks. The inference method 

based on rule extraction provides a more explainable reasoning method by extracting first-order 

logic rules. In order to overcome the difference between discrete symbol space and continuous 

embedded space, the DRaM method combines a large-scale pre-trained language model and fuses 

discrete rules with continuous vector space. Experiments on multiple knowledge graph datasets 

show that DRaM performs well in link prediction tasks, especially for the best inference results 

under the Hits@10 metric. This method can not only solve the challenge of inference effectively, 

but also extract the first-order logic rules with confidence, which improves the interpretability and 

inference effect [4]. 

This technology introduces a method to build a mold professional question and answer system 

based on LLM model. The system combines the advantages of retrieval and generative question 

answering, solves the challenge of complex problem processing, and reduces the occurrence of 

model illusion. In order to cope with the demand for high-quality data in the mold field, LoRA 

technology is used to solve the problem of high hardware requirements. Methods Combining 

knowledge base and fine-tuning large language model, ChatGPT was used to deal with the data 

requirements in the field of mold, unstructured data was processed through training and fine-tuning, 

and finally a professional question and answer model was constructed [5]. 

With the intensification of global environmental problems, low-carbon power market has 

attracted much attention. This paper analyzes the current situation and challenges of its 

development, and discusses the potential of large language model (LLMs) in promoting its 

development. Through fine-tuning, prompt design, and semantic embedding, LLMs shows potential 

for power supply structure adjustment, power demand forecasting, and risk warning. The agent and 

chain of thought approach based on LLMs can solve complex problems, facilitate the construction 

of low-carbon power market, and support the low-carbon transition and "dual carbon" goal of 

China's power system. However, it is necessary to pay attention to the application limitations and 

potential risks of LLMs to ensure its safe and orderly development [6]. 
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With the rise of large language model (LLM) technology, AI bots like ChatGPT are widely used. 

Despite the multiple security mechanisms built into these bots, attackers can still bypass the 

protections and use them to generate phishing emails for cyberattacks. Therefore, how to recognize 

AI-generated text has become a hot research topic. We collected question and answer data from 

social platforms and ChatGPT, proposed several detection strategies: online similarity analysis, 

offline statistical difference analysis, adversarial generation analysis and fine-tuned LLM model 

classifier, and compared their detection effects. At the same time, from the point of view of network 

attack and defense, it puts forward some techniques to combat AI text detection [7]. 

Varatharajah, Y explored the application of reinforcement learning based human-machine 

collaborative recommendation systems in COVID-19 clinical management, emphasizing the 

integration of multi-dimensional information through LLI models and knowledge graphs to predict 

disease severity and complication risk, in order to guide individualized clinical decision-making [8]. 

Chen, H's study analyzed clinical data of 10123 COVID-19 patients and proposed a staging and 

prognostic model that combines LLI model and knowledge graph to identify high-risk patients who 

require mechanical ventilation and optimize medical resource management [9]. 

In order to explore the influence of artificial intelligence generation technology such as large 

Language Model (LLMs) on user information retrieval behavior, this paper analyzes the influence 

of LLMs such as ChatGPT on information retrieval system and user behavior. LLMs brings unique 

advantages in information retrieval, but its reliability and accuracy are still challenging, and it is 

difficult to completely replace traditional methods. It is suggested to make full use of LLMs 

technology and information service intelligence in the construction of information resources to cope 

with the change of information demand in the future. [10] Design a medical question answering 

system based on knowledge graph to improve the level of medical service. The medical data 

knowledge graph is constructed and the question template is generated. The similarity algorithm 

and intention recognition technology are used to extract the user's intention of the question, and 

finally the intention is transmitted to the knowledge graph to query the answer and return to realize 

the intelligent medical question and answer [11]. 

In the past ten years, the hot spots, emerging fields and dynamic trends of the research of 

medical consortiums (medical consortiums) have been explored through literature analysis, so as to 

provide references for the future development of medical consortiums. We analyzed 1,218 

literatures collected by CNKI from 2009 to 2019, described the cooperative relationship between 

authors and institutions, and identified the research hotspots and frontiers through keyword analysis. 

The study found that medical association is mostly carried out in the form of team cooperation, 

focusing on information, performance appraisal and specialized medical association. Emerging 

areas of research include Internet + healthcare, management mechanisms and rehabilitation. It is 

concluded that information construction, financial management, performance appraisal, 

rehabilitation and specialized medical consortium cooperation are the frontiers of medical 

consortium research, but more empirical research is needed [12]. 

3. Integrated Application of LLM Model and Knowledge Graph in Medical Text Mining and 

Knowledge Extraction 

3.1. Methods and Technical Basis 

3.1.1. Overview of LLM Model and Its Training Methods 

At present, large language model (LLM), as an important artificial intelligence technology, has 

shown its powerful application potential in the field of natural language processing. LLM is able to 

understand and generate natural language through pre-training in large-scale corpora, and has 
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outstanding performance in multiple tasks such as machine translation, text mining and dialogue 

system, such as the medical question answering framework model of large language model 

integrating knowledge graph (see Figure 1). Although LLM still faces challenges in terms of 

knowledge acquisition, especially in terms of knowledge cleaning and refining, it has great potential 

for solving complex tasks. 

The LLM's construction approach covers key techniques such as prompt word engineering and 

thought chains. Prompt word engineering designs prompt word templates adapted to specific tasks, 

such as cloze forms and prefixes, to guide LLM to produce accurate output. The thought chain 

imparts intermediate reasoning steps into prompt words, which helps LLM to solve complex 

problems step by step, and ensures the logic and traceability of reasoning process. The combination 

of these technologies enables LLM to better adapt to diverse application needs and provide strong 

support for further development in the field of intelligent information processing. 

 

Figure 1: Medical question and answer framework of knowledge graph combined with large 

language model 

3.1.2. Knowledge Graph Construction and Maintenance Technology 

In current academic research, knowledge graph construction (Figure 2) and maintenance 

techniques are regarded as key tools to solve complex information management and inference tasks. 

A knowledge graph is defined as a multi-relationship graph G=(V, E), where V represents a set of 

entity nodes, E represents a set of edges connecting these nodes, and R represents a set of possible 

relationship types. Effectively building an accurate and comprehensive knowledge graph relies on 

the integration of large-scale entity and relational data, as well as efficient algorithms and 

techniques for processing this data. Advanced pre-trained language models, such as BERT or GPT, 

can effectively assess the degree of association between nodes in the knowledge graph to improve 

the accuracy of information retrieval and inference. Analyzing the entity information in question - 

answer can optimize the structure of knowledge graph and make it adapt to different application 

scenarios. Subgraph construction and scoring mechanism can optimize the local structure of 

knowledge graph and improve the relevance and practicability of information. 

The key step to ensure the timeliness and accuracy of knowledge is the regular update and 

correction of knowledge graph. The combination of machine learning and natural language 

processing technology can automatically identify and process errors or outdated information in 

knowledge graph, and further improve the reliability and practicability of the system. In academic 

research and application, the construction and maintenance of knowledge graph is of great 

significance. Intelligent and automated means can support knowledge management and information 

retrieval needs in a variety of complex application scenarios, providing efficient and reliable 
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solutions for academia and industry. 

 

Figure 2: Flowchart of knowledge graph construction 

3.1.3. Integration Method of LLM and Knowledge graph and Its Key Technologies 

The integration of LLM and knowledge graph and its key technologies have become an 

important research direction in the field of artificial intelligence. LLM combines pre-trained 

language representation ability with structured data of knowledge graph to effectively improve 

information processing and reasoning ability. This integrated approach involves the comprehensive 

application and optimization of several key technologies: the construction and updating of 

knowledge graph is the foundation, and the knowledge graph containing entities, relationships and 

attributes is constructed by integrating and cleaning multi-source data to improve the timeliness and 

accuracy of information. Fine-tuning and adaptation of LLM models to domain-specific corpora 

enables better understanding and generation of domain-specific natural language, and significantly 

enhances the model's performance on knowledge acquisition and inference tasks, combined with 

structural and semantic information from knowledge graphs. The application of prompt word 

engineering and thought chain technology helps guide LLM to perform query and reasoning tasks 

on the knowledge graph, and improves the logic and reasoning efficiency of the model by designing 

effective prompt word templates and step-by-step reasoning of complex problems. The combination 

of relation extraction and semantic understanding technology enables the model to understand the 

entity relationship in text more deeply, and effectively enhance the ability to deal with complex 

problems. Finally, through the application verification of actual scenarios, the integration method of 

LLM and knowledge graph has shown remarkable effects and potential in many fields, providing 

important technical support and application prospects for the further development of intelligent 

systems. 

3.2. The Key Link and Application Strategy of Medical Text Mining and Knowledge 

Extraction Framework Design 

3.2.1. Data Acquisition and Preprocessing 

The stage of data acquisition and preprocessing is particularly critical in the framework design of 

medical text mining and knowledge extraction. This phase covers a variety of data sources, 

including clinical records, hospital information systems, scientific literature, and Internet health 
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platforms. An effective data collection strategy must cover different categories and domains of 

medical text data to ensure that diverse medical information is reflected. The data preprocessing 

phase involves several key steps, such as text cleaning, de-noising, standardization, word 

segmentation and entity recognition, which are mainly aimed at improving the quality and accuracy 

of the data. These techniques provide a solid foundation for the subsequent information extraction, 

knowledge graph construction and analysis tasks, which also directly affect the performance and 

application effect of the final model. The optimization of data processing strategies will help the 

system understand medical texts more precisely to support critical clinical decision making, disease 

prediction, and drug discovery. 

3.2.2. Design of a Medical Text Mining Model Based on LLM 

The deep pre-training and extensive language understanding ability of LLM are especially 

suitable for dealing with the complicated context and related issues of professional terms in the 

medical field. It can also quickly generate relevant content or make complex reasoning according to 

the input text prompts or questions, thus significantly improving the efficiency of text 

understanding and information extraction. In terms of knowledge extraction, LLM can accurately 

identify and extract medical entities, relationships and their attributes, providing strong support for 

the construction and maintenance of medical knowledge graph. Llm-based design can effectively 

cope with the diversity and complexity of medical texts, and it also promotes the deep application 

of medical intelligence technology in clinical decision making and health management. 

3.2.3. Application Strategy of Knowledge Graph in Medical Knowledge Extraction 

Knowledge graph can effectively express the complex knowledge system in the medical field in 

a structured form, and it can also establish a comprehensive entity relationship network by 

integrating and standardizing multi-source medical data, including clinical records, scientific 

research literature, hospital information system and other data channels, to ensure the integrity and 

accuracy of data. Using intelligent reasoning and query technology, knowledge graph can realize 

accurate analysis of medical entities and their associated information, and improve the efficiency 

and quality of information acquisition. It is important to continuously optimize the updating 

strategy of knowledge graph to reflect the latest developments of knowledge in the medical field in 

time, and to provide support for medical decision-making and intelligent inference of treatment 

plans. The integration of these technical means can bring deeper and more accurate data analysis 

and decision support capabilities for medical text mining and knowledge extraction, and promote 

the intelligent development of medical health management. 

4. Results and Discussion 

The in-depth discussion of integrated LLM and knowledge graph in medical text mining and 

knowledge extraction includes several key aspects. This technology integration not only improves 

the ability of medical information processing in theory, but also shows significant advantages in 

practical application. The language understanding and generation ability of LLM model combined 

with the medical entity relationship data rich in knowledge graph can realize the accurate 

understanding and information extraction of medical texts, which is of great significance to support 

clinical decision-making, disease prediction and personalized medical management. However, the 

challenges are focused on data diversity and quality assurance. Textual data in the medical field 

comes from a wide range of sources, such as clinical records, case reports, and scientific literature, 

and therefore requires effective integration and cleansing of these data to ensure their quality and 

consistency. In addition, privacy protection and data security issues are also factors that cannot be 
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ignored when implementing the technology, and need to be fully considered in terms of technical 

design and legal compliance. 

In terms of future research directions and development trends, emphasis should be placed on 

optimizing the domain adaptability and accuracy of LLM models, especially fine-tuning and 

optimizing for text and terminology specific to the medical field. In addition, how to realize the 

automatic construction of knowledge graph, real-time update and seamless integration with external 

data sources is also one of the key directions of future research. These efforts not only help to 

improve the intelligent level of medical information processing, but also promote the refinement 

and personalization of medical decision-making and treatment programs, bringing new possibilities 

and progress to medical health management. 

5. Conclusion 

In the field of medical text mining and knowledge extraction, the integrated application of LLM 

model and knowledge graph has shown remarkable academic value and potential. This integration 

not only effectively improves the accuracy and efficiency of information processing, but also shows 

a wide application prospect in clinical decision-making, disease prediction and personalized 

medical management. Its implementation still faces many challenges in practice, such as data 

quality assurance, privacy and security issues, and technical and legal compliance. Future research 

should focus on the fine-tuning of LLM model in the medical field and the dynamic updating of 

knowledge graph, and explore cutting-edge solutions for data integration and privacy protection. 

These efforts will promote the progress of medical intelligent technology, provide more intelligent 

and personalized support and services for health management, and then benefit all sectors of 

society. 
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