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Purpose: To address the problems in medical electrical equipment risk management caused by the disconnection between unstruc
tured medical electrical equipment standard documents and adverse event data, the lack of high-quality annotated data, and the reliance 
on manual combing for risk analysis.
Methods: This paper proposes a novel method for constructing a risk knowledge graph that integrates large language models and 
prompting engineering standards. Using adverse event data from early childhood incubators as a case study, it integrates multi-source 
standards to construct a three-layer risk knowledge system. It designs multi-angle prompting strategies involving entity relationships 
and employs a dual strategy of entity disambiguation and aggregation to achieve knowledge integration and standardization.
Results: The thought chain reasoning suggestion has the best performance (mean F1 score of 0.871). The constructed knowledge 
graph contains 24,106 nodes and 18,053 relationships, achieving a complete “fault-standard-measure” link. Based on this, a question- 
answering system for intelligent risk retrieval was developed.
Conclusion: This provides a low-cost, reusable knowledge graph construction path for the resource-constrained medical device field, 
promoting the transformation of risk management towards AI empowerment and assisting in intelligent supervision of adverse events 
related to medical devices.
Keywords: knowledge graph, large language model, prompt engineering, medical electrical equipment standards documents, 
intelligent risk supervision

Introduction
Medical Electrical (ME) equipment is the core pillar of modern healthcare. Its operational safety and clinical effective
ness are directly related to the life and health of patients. The risk management of this equipment relies on the standard 
document system established by the state and the industry for regulation and constraints.1 However, the ME equipment 
standard documentation system is extensive, highly specialized, and structurally complex.2 It is mostly stored in 
dispersed PDF files, with multiple layers of cross-references between standards,3 leading to a disrupted linkage between 
standard clauses and clinical risks. For instance, the “temperature fluctuation limit” standard for infant incubators cannot 
be directly correlated with “adverse events of neonatal burns”; Simultaneously, unstructured standard documents and 
fragmented adverse event data rely on manual processing, resulting in delays in the identification of risk information.4 

For example, in the FDA database on adverse events involving infant incubators, more than 80% of malfunctions are 
caused by device failures, and of these, over 60% can be traced back to non-compliance with standard requirements; In 
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addition, risk analysis relies on expert experience, and the scarcity of regulatory experts in this field greatly limits the 
feasibility of risk screening.5 These issues have caused ME equipment risk management to remain at the “passive post- 
event handling” stage, making it difficult to provide advance warnings. With the breakthrough of artificial intelligence 
technology in the field of medical risk management, how to use AI tools to open up the entire chain of “standard 
interpretation-risk identification-regulatory response” has become a key issue in promoting the intelligent transformation 
of healthcare risk management and ensuring patient safety.

As a powerful knowledge management and application tool,6 knowledge graphs can provide technical path support 
for ME device risk management. By constructing a standardized knowledge network, disparate standard requirements are 
linked with adverse event data, enabling risk retrieval and in-depth analysis, thus providing strong support for regulatory 
decision-making. One of the core tasks in building a knowledge graph is the extraction of entities and relationships,7 but 
traditional methods struggle to meet the practical requirements of risk management in this domain: Rule-driven methods 
rely on expert-defined “risk-standard” pattern matching mechanisms, which are costly to construct; machine learning- 
based methods require a large amount of annotated relational data.8 However, the constant revisions to standards and the 
emergence of new faults make it difficult to implement; Even when based on deep learning methods such as BioBERT, 
PubMedBERT and the Att-BiLSTM-CRF medical pre-training model developed by Luo et al performs excellently in 
medical entity relationship tasks, yet it is still limited by the stringent requirements for data quality and scale inherent to 
such approaches.9–11 Furthermore, these models have inadequate generalization ability for out-of-domain data, and their 
training processes consume substantial computational resources, making it difficult to achieve a balance between 
efficiency and adaptability in real-world settings with limited regulatory resources.

Generative large language models (LLMs) represented by ChatGPT have become a key artificial intelligence technology for 
breaking through the bottleneck of extracting risk information from medical devices due to their strong generalization ability in 
zero-shot/few-shot scenarios.12,13 Through lightweight optimization methods such as prompt engineering, it precisely focuses on 
risk-related semantics and achieves efficient information extraction in low-resource scenarios.14 Research indicates that LLMs 
possess significant potential in information extraction tasks.15 Wang et al utilized LLMs to extract relevant entities from medical 
literature.16 Chen et al proposed a problem decomposition approach to guide LLMs in the annotation and selection of medical 
named entity data.17 Carl et al demonstrated that LLMs can provide patients with key medical information, thereby alleviating the 
time constraints of healthcare services.18 This thesis proposes the development of a standard- and risk-oriented knowledge graph 
that integrates LLMs with prompt engineering, leveraging the powerful semantic understanding and relational reasoning 
capabilities of LLMs.19,20 Realizing the semantic link of “standard clauses - failure risk - control measures” helps regulatory 
authorities connect the standard system with risk prevention and control needs, provides intelligent support for medical device 
risk management, and lays the foundation for strengthening post-market monitoring of medical products.21 Furthermore, this 
study aligns with the regulatory requirements of core medical device risk management standards such as the IEC 60601 series 
and ISO 14971, as well as relevant FDA guidelines. The proposed AI-driven approach places greater emphasis on the traceability 
and verification of the risk chain. Compared to traditional biomedical informatics risk assessment tools mentioned above, this 
method offers significant advantages in reducing reliance on large-scale labeled data, better adapting to multi-level cross- 
referencing between standards and adverse events, improving risk handling efficiency, and enhancing scalability and interpret
ability. Specifically, the contributions of this thesis are as follows:

1. Taking the medical device infant incubator as the research object, a multi-source data fusion strategy was adopted 
to integrate adverse event data and relevant standard documents to form a “standard-risk” oriented knowledge 
graph, which solved the problem of standard-risk decoupling.

2. In the entity-relationship extraction phase, six targeted prompt-thinking optimization templates were designed to 
explore LLMs’ capabilities in extracting entities and relationships related to risk connections across fault 
manifestations, standard clauses, cause descriptions, and control measures. It was verified that this approach 
saves a substantial amount of time compared to manual construction. Through a dual strategy of entity disambi
guation and relationship aggregation for knowledge integration, the interference of model hallucinations on the 
accuracy of risk information is effectively mitigated.
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3. On the basis of constructing a good knowledge graph, we will further build a question-answering system to 
achieve rapid retrieval of risk knowledge and intelligent analysis of corresponding standards, thereby improving 
the efficiency of regulatory decision-making.

Related Research
Standard Methods for Constructing Knowledge Graphs
Studies have shown that knowledge graphs have great research and application value in standard systems and risk 
analysis in multiple fields. Li et al developed a standardized knowledge graph for construction project plans in the 
building industry, enabling precise matching between construction risks and regulatory requirements.22 Chen et al 
addressed the issue of risk identification bias caused by imbalanced entity categories in the food safety standards 
knowledge graph.23 Liu et al proposed a knowledge graph-based digital modeling method for standard emergency 
response, enhancing the efficiency of risk response to sudden incidents.24 Chen et al introduced the ALBERT-BiLSTM- 
CRF model to construct a knowledge graph for safety management standards in hydraulic engineering projects, 
effectively reducing the complexity of applying safety risk management standards in this domain.25 Most of the 
aforementioned methods use deep learning models to extract textual information and construct knowledge graphs. 
However, in the field of medical electrical equipment where high-quality annotated data is lacking, on the one hand, 
the time and labor costs are unbearable, and on the other hand, there is a lack of integration of multi-dimensional data. 
This limitation leads to a serious disconnect between ME equipment standard knowledge and actual risk management 
needs, making it difficult to truly achieve end-to-end risk management. This thesis aims to break through this technical 
bottleneck and limitation, explore a new paradigm for building knowledge graphs that adapt to the risk characteristics of 
ME devices, and promote the digitalization of standards and the efficiency of risk management capabilities.

Prompting Method
Prompt engineering guides LLMs to produce more accurate and requirement-compliant outputs by optimizing input 
instructions. It is a lightweight, parameter-efficient fine-tuning method (PEFT).26 Compared to full-parameter fine-tuning, 
prompt engineering only requires designing customized templates for risk management tasks.27 It improves performance 
while keeping model parameters unchanged, reduces computational costs, and mitigates the issue of overfitting in small- 
sample scenarios. In knowledge extraction tasks, it demonstrates outstanding few-shot learning capability, making it 
more suitable for practical situations where ME device risk data is scarce and regulatory resources are limited. Li et al 
evaluated the effects of different prompting strategies on LLMs and confirmed that the characteristics of clinical 
questions influence the performance of LLMs.28 Chen et al enhanced the knowledge reasoning capabilities of pre- 
trained language models by encoding structured prompts through knowledge graphs, effectively addressing the loss of 
structured information during knowledge injection.29 Soman et al proposed the KG-RAG framework in the biomedical 
field to address challenges related to medical texts.30 Xu et al designed a three-stage prompting approach combined with 
the TwoStepChat method to construct a heart failure knowledge graph, significantly reducing manual annotation costs.31 

Kan et al developed a strategy for composable prompts to improve generalization in low-resource scenarios.32 Inspired 
by the above, this study fills the gap in the generalization ability of existing AI risk management tools in the medical 
device field. Six different suggestion optimization methods are designed to extract entity relationships from ME device 
standard documents and adverse event texts, laying the first step in building a risk-oriented knowledge graph.

Methods
This study uses LLMs as an extraction tool to construct a risk-oriented knowledge graph for medical electrical equipment 
series standards and implements a full-process framework for building a question-answering system, as shown in 
Figure 1. This framework uses customized prompting methods to guide LLMs to automatically extract entity relationship 
quintuples of risk and standard texts in zero-sample/few-sample scenarios, solving the real pain point of high cost of 
labeling ME equipment standard documents and adverse events, significantly reducing the workload of manual sorting, 
and improving risk management efficiency.
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Data Collection and Processing
We selected Chinese standard documents for ME equipment converted from IEC international standards, including 10 
core PDF standard documents covering general requirements such as general principles, environment, reliability, and 
availability, as well as four specific standards for infant incubators, focusing on extracting clauses directly related to risk 
management. Adverse event report data for Class III medical devices, such as infant incubators, was collected and, 
through structured processing, risk-related information such as “device failure manifestations,” “usage process,” “time 
cause analysis,” and “specific control measures” was extracted to form a real-world failure case library. This comple
mentary design of standards and clinical practice data breaks down the barriers between standards and risks, providing 
multi-dimensional data support for the construction of a risk knowledge map in the ME device field.

Given that medical electrical equipment standard PDF documents are mostly in image format, this study adopts the GOT- 
OCR2.0 framework. The standard PDF files are subjected to OCR recognition through prompt encoding and tensor 
conversion, overcoming issues of encoding errors, structural disorder, and content loss found in traditional methods. 
Adverse event data for infant incubators is extracted in a structured manner from Excel to TXT using a custom Python script.

Construction of the Standard and Risk System Framework
Based on the actual needs of medical electrical equipment risk management scenarios, we use a top-down modeling 
approach to build an ontology, propose a standard-risk-oriented T-E-t (Type-Element-text) three-layer knowledge system 
architecture, and progressively deconstruct standard documents to adapt to risk management needs. The first layer is the 
Risk Type (RT) layer, which categorizes risks into four types based on adverse event data; the second layer is the Risk 
Element (RE) layer, serving as a hub connecting standards and risks; the third layer is the Risk Text (Rt) layer, providing 
traceable semantic support to risk elements through standard documents and descriptions of adverse events. Through this 
method of dividing knowledge units, the systematic deconstruction of complex professional knowledge is achieved. An 
example of the standard-risk system architecture is shown in Figure 2.

Information Extraction
In the task of information extraction, this study formalizes prompt-based text processing methods as a structured mapping 
process: given the input text space X and the output key value space K� V, there is a mapping function 
f : X ! P K� Vð Þ that converts the original text into a discrete set of key-value pairs. Where " ki; við Þ 2 f xð Þ satisfies 

Figure 1 Medical Electrical Equipment Series Standards - Risk-Oriented Knowledge Graph and Q&A System Overall Architecture.
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the injective constraints ki�kj ) vi�vj, ensuring that each key kii 2 K uniquely identifies a specific semantic unit (such 
as an entity or relationship) in the text, and its corresponding value vi 2 V encodes the normalized representation of the 
unit guided by prompts. This formal framework can be mathematically characterized by:

In the formula, ϕ : X � P ! K is the key generation function based on the prompt template pi 2 P, and ψ : X � P ! V

is the value derivation function, both achieve dynamic optimization through the parameter tuning θp via prompts. This 
configurable input paradigm enables dynamic adaptive optimization for down-stream tasks through the selective 
replacement mechanism of task introduction com-ponents. Taking the extraction of text segments from this article as 
an example, semantic index keys are used for structured organization, the value range stores the instance of the 
quintuples in the form of s; p; o; ts; toð Þ. Within this framework, the entity pairs ðs; oÞ 2 T originate from the discrete 
representation of text fragments following deep semantic analysis, while the relationship p 2 R is restricted to 
a predefined set of ontology relations.

The baseline prompt template designed in this study is divided into three parts: Task Blueprint, which focuses on and 
outlines specific issues in the context of healthcare risk management; Model Input, which is used to process the 
unstructured standard documents and adverse event datasets in this work; and Prompt Optimization, which includes 
three key configurations across task and model dimensions—task objectives, prompt reasoning, and examples, as 
illustrated in Figure 3.

In order to maximize the extraction effect of Deepseek on data in this field, this paper designs and compares six types 
of prompt thinking guidance extraction: TwoStep CoT-zeroshot, TwoStep CoT-fewshot, EndtoEnd-zeroshot, EndtoEnd- 
fewshot, SecondRound dialogue-zeroshot, and SecondRound dialogue- fewshot. TwoStep CoT extraction transforms the 
model into a controllable “input-thought process-output” paradigm by embedding a thought framework, explicitly 
guiding LLMs’ reasoning process on the cognitive path of healthcare risk management. End-to-end extraction achieves 
the coordinated optimization of risk entity recognition and association relationship classification through shared repre
sentation learning and joint decoding strategies, to a certain extent avoiding the error accumulation and propagation 
caused by pipeline extraction, and also alleviating the problem of entity boundaries constrained by relationship types in 
text. SecondRound dialogue interactive dialogue extraction lies in the fact that the input and output of each round of 
dialogue rely on the medical risk information clearly defined in the previous interactions, strengthening the strong 
relevance of the context. The specific differences are shown in Table 1.

Figure 2 Three-tier architecture of knowledge modeling.
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Knowledge Integration
In the process of knowledge graph construction, entity merging and disambiguation are key steps in addressing the 
diversity of entity references and semantic ambiguities in multi-source heterogeneous data. We achieve entity merging 
and disambiguation as well as relationship aggregation by constructing a multi-level entity representation system and 
similarity computation model. The system adopts a three-dimensional index structure I ¼ T �N ! Ef g, where T
represents the entity type set, N represents the entity name set, and E represents the entity identification set, through the 
mapping function f : T � N ! E implements type - quick retrieval of names to entities. In the field of entity similarity 
calculation, the system proposes a comprehensive similarity measurement model:

Figure 3 Quintuple extraction baseline prompt template.

Table 1 An Overview of the Structural Differences in Each Prompt Thinking Pattern

Prompt Optimization Differentiation Structure Overview

TwoStep CoT-zeroshot I. Do not provide any examples. 
II. Please complete the task according to the following chain of thought: “Step 1: Deconstructing the Risk Logic → Step 

2: Extracting the Quintuples”. The reasoning process must reflect the causal relationship and logical progression of the 

medical risk scenario.

TwoStep CoT-fewshot I.Provide 0–8 examples. 

II. Please complete the task according to the following chain of thought: “Step 1: Deconstructing the Risk Logic → Step 
2: Extracting the Quintuples”. The reasoning process must reflect the causal relationship and logical progression of the 

medical risk scenario.

EndtoEnd-zeroshot I. Do not provide any examples 

II. Synchronously identify the entities in this text and the semantic relationships between these entities.

EndtoEnd- fewshot I. Provide 0–8 examples 

II. Synchronously identify the entities in this text and the semantic relationships between these entities.

(Continued)
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Among them, Sn represents the name similarity component. Obtained by editing the weighted average of distance 
(formula 3) and sequence matching degree (formula 4) weighted average, Thus, we derive Formula 5.

St is the type matching component, when the entity type is the same, the value is 1, otherwise it is 0; αandβ are the weight 
coefficients, with values of 0.85 and 0.15, respectively. When the comprehensive similarity S exceeds the threshold θ = 
0.85, the system determines that the two entities are the same referent and performs the fusion operation, adding the new 
entity name to the alias set A eð Þ of the existing entity, and updating the mapping relationship M : N � T ! E.

During the entity disambiguation phase, the system adopts a three-tier processing architecture of candidate genera
tion, ranking, and decision-making. First, a candidate entity set C ¼ ei j S n; t; eið Þ � θ; i ¼ 1; 2; . . . ; kf g is generated 
through type filtering and similarity calculation, where k ¼ 5 represents the maximum number of candidates, The 
candidate entities are ranked based on their similarity scores, and the entity with the highest similarity is selected as 
the target entity. If all candidate entities have similarity scores below the threshold, a new entity is created and the index 
structure is updated. In terms of relational aggregation, the system adopts the MERGE operation semantics of the graph 
database to define the relational aggregation function R : E � P � E ! G, where P represents the set of predicates, and 
G represents the graph structure. For each input tuple s; p; o; ts; toð Þ, the system first obtains the standard entity ID 
s0 ¼ D s; tsð Þando0 ¼ D o; toð Þ to through entity disambiguation, Then execute the R s0; p; o0ð Þ operation, this operation 
automatically detects and merges the same relationships between the same entity pairs that already exist in the graph, and 
attaches timestamp attributes to the newly created relationships to form a temporal knowledge graph structure. The entire 
processing process adopts a batch transaction mechanism, and the data is processed in chunks through sliding window 
technology, with a processing scale of B ¼ 200 records per batch, ensuring the stability and efficiency of the system 
when processing large-scale data.

Knowledge Storage
The final step in building a knowledge graph is knowledge storage. This article uses the open source Neo4j graph 
database developed based on Java for storage. First, we define the node types and relationship types by designing an 
optimized graph model. Then, we use the Cypher query language to write a data import script, convert the pre-processed 
entity data into nodes in the graph database, and convert the semantic associations between entities into edges connecting 
nodes. This allows for visualization of the graph, allowing users to intuitively explore the complex relationship network 
between entities.

Table 1 (Continued). 

Prompt Optimization Differentiation Structure Overview

SecondRound dialogue- 

zeroshot

I.Do not provide any examples 

II. First round of dialogue: Preliminary extraction of entity relationship quintuples from the text; Second round of 
dialogue: Combine the output of the previous round with the text again, and optimize and correct the output entity 

relationship quintuple according to the three dimensions of entity accuracy verification, relationship rationality 

judgment, and missing content supplementation.

SecondRound dialogue- 

fewshot

I. Provide 0–8 examples. 

II. First round of dialogue: Preliminary extraction of entity relationship quintuples from the text; Second round of 
dialogue: Combine the output of the previous round with the text again, and optimize and correct the output entity 

relationship quintuple according to the three dimensions of entity accuracy verification, relationship rationality 

judgment, and missing content supplementation.
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Experiments and Results
Datasets and Foundational LLMs
This thesis divides 14 collected standard documents and adverse event reports from infant incubators into an experi
mental subset and an implementation subset using a binary strategy. The experimental subset was annotated using expert- 
defined standards and independently by two research assistants, with a Kappa coefficient of 0.85 among annotators to 
ensure the high quality of the baseline dataset for evaluating the performance of different prompting strategies. The 
implementation subset contains approximately 6000 text units, used for constructing a full knowledge graph under the 
optimal strategy, forming a closed-loop verification system of “experimental validation - practical application”. Specific 
data partitioning and processing scale statistics are shown in Table 2.

This thesis selects Deepseek as the foundational large language model for automatic labeling, opting for the 
Deepseek-r1 API.33 This API supports a context length of 128K (ie, 128,000 tokens). The extended context window 
allows for the processing of longer text inputs, making it suitable for applications that require comprehensive under
standing of lengthy texts.

Results of Prompt Optimization Method Extraction
We compared the performance of different prompt optimization templates on a subset of experiments. Figure 4 shows the 
output results of each prompt under the single-instance condition. Furthermore, this study investigated the impact of the 
number of examples on entity relation extraction using the controlled variable method, as shown in Figure 5. The figure 
shows that the six prompting strategies performed better in terms of precision, recall, and F1 score when the number of 
examples was small than when there were zero examples. Preliminary observations indicate that TwoStep CoT-fewshot 
performed best among the six strategies.

To ensure the statistical robustness of this conclusion and to quantify the differences between different strategies, we 
further supplemented the statistical significance test. We conducted three independent replicate experiments for each of 
the six cue strategies, with samples randomly drawn from the experimental subset for each experiment. We calculated the 
mean, standard deviation, and 95% confidence interval (calculated using a t-distribution with 2 degrees of freedom) of 
the F1 score for each strategy. We further employed paired t-tests to compare the performance differences between the 
optimal strategy and each of the other strategies. The results are shown in Table 3.

As shown in the table, the TwoStep CoT-fewshot strategy has the highest mean F1 score of 0.871, and its 95% 
confidence interval [84.1, 90.2] lower bound is generally higher than the upper bound of other strategies, indicating that 
this advantage has statistical robustness. Therefore, TwoStep CoT-fewshot can be considered the optimal prompting 
strategy for entity relation extraction in unstructured medical electrical equipment standard documents and adverse 
events of infant incubators, providing a reliable foundation for subsequent knowledge graph construction and risk-based 
intelligent question answering.

Table 2 Statistics on Data Partitioning and Processing Scale

Data Source Total Number of 
Text Units

Experiment 
Subset

Implementation 
Subset

Experimental 
Subset Labeled

Perform Subset Extraction to 
Extract. (Divisors)

Standard 

documents  
(14 copies)

4237 850 (number)/20.1% 

(percentage)

3387 (quantity)/ 

79.9% (percentage)

4011 (entity)/2950 

(relation)

17274 entity/12860 (relation)

Adverse event 
reporting

2083 415 (number)/19.9% 
(percentage)

1668 (quantity)/ 
80.1% (percentage)

1980 entity /1458 
(relation)

8462 entity/6305 (relation)

Total 6320 1265 (number)/ 
20.0% (percentage)

5055 (quantity)/ 
80.0% (percentage)

5991 entity /4408 
(relation)

25736 entity/19165 (relation)
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Figure 4 Optimized templates and output results for different prompts.
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Performance Comparison of Different Models
To comprehensively evaluate the relative advantages of this method, we conducted a systematic comparative analysis. 
Considering the scarcity of labeled data in the field of medical device risk management, we comprehensively compared 
this method with traditional methods reported in the literature and tested the performance of other mainstream LLMs 
under the same experimental conditions. It is important to note that in the comparative analysis in Table 4, the 
performance data of traditional methods mainly comes from reports in relevant literature on similar medical information 
extraction tasks, while the comparative data of other LLMs were obtained from actual operation under the same 
experimental conditions to ensure the scientific rigor and impartiality of the comparison.

Figure 5 Precision, recall, and F1 value of the six prompting thinking methods under zero-shot and few-shot examples.

Table 3 Statistical Significance Analysis of the Six Prompting Strategies

Prompt Strategy F1 
Mean

Standard 
Deviation

95% Confidence 
Interval

Comparison with the 
Optimal Strategy

TwoStep CoT-fewshot 87.15% 1.2% [84.1, 90.2] –

TwoStep CoT-zeroshot 74.88% 1.5% [71.3, 78.5] p<0.05

EndtoEnd-fewshot 73.31% 1.4% [69.9, 76.7] p<0.05

EndtoEnd-zeroshot 57.66% 1.8% [54.0, 61.3] p<0.05

SecondRound dialogue-fewshot 82.22% 1.3% [79.0, 85.4] p<0.05

SecondRound dialogue-zeroshot 52.74% 2.0% [48.7, 56.8] p<0.05
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Comprehensive comparisons show that the proposed method, which integrates LLMs and the prompting engineering 
paradigm, achieves the best F1 score in entity relation extraction under limited annotation resources, approaching the 
performance of models like BioBERT and BiLSTM-CRF, which require large-scale annotation. Under the same 
prompting strategy, DeepSeek also demonstrates superior domain adaptability compared to other mainstream LLMs. 
Therefore, this method offers unparalleled advantages over traditional methods in reducing annotation dependence and 
enabling rapid deployment, providing a feasible and efficient path for automated knowledge construction in resource- 
constrained, highly specialized scenarios such as medical device risk regulation.

Graph Visualization
The standard-risk-oriented knowledge graph contains 24,106 standard documents and adverse event nodes, as well as 
18,053 relationship instances. Using “infant incubator” as the search core, it links risk management elements related to 
medical electrical equipment, including temperature requirements, components, alarm triggering mechanisms, verifica
tion requirements, inspections under certain circumstances, and corresponding standard documents, as shown in Figure 6.

In terms of adverse events, for the case entity “fan failure”, the graph provides the possible causes of fan failure, the 
symptoms after the failure, and the subsequent solutions, as shown in Figure 7. This study has achieved knowledge 
expansion and practical implementation. It not only links with medical electrical standard documents to provide a basis 
for compliance attribution and responsibility definition of risk failures, but also provides certain practical value for risk 
management with the support of adverse event data.

Q&A System Development
To support efficient retrieval and intelligent services in healthcare risk management, this paper constructs a question-and- 
answer system oriented towards adverse events, standards and regulations, and risk associations, as shown in Figure 8. 
This system not only effectively addresses the knowledge gap between standard provisions for infant incubator 
temperatures and clinical risks at the application level, intuitively demonstrating how a graph-based question-and- 
answer system accurately responds to professional queries, but also theoretically analyzes how standards and adverse 
events are embedded in the risk management process, forming a relatively mature risk control framework.

The question-answering system was evaluated using a manual verification mechanism, and the question set used for testing 
was also reviewed by the aforementioned experts. The system-generated answers underwent blind review by experts and 
research assistants, and were scored on a five-point scale based on three dimensions: whether the answer accurately reflects the 
knowledge in the atlas, whether the answer directly answers the question, and whether the answer is clearly and 

Table 4 Performance Characteristics Comparison of Different Information Extraction Methods in Medical Text Tasks

Representation 
Method

Label Data 
Requirements

Typical F1 Value Range (Reported in 
Literature/Obtained Experimentally)

Calculation/ 
Deployment 
Costs

Main Applicable 
Scenarios

BiLSTM-CRF Large-scale 

annotation

0.83–0.89 (obtained from literature) Medium Field fixed

BioBERT Large-scale 

annotation

0.85–0.92 (obtained from literature) Higher Abundant annotation 

resources and fixed 
domains

DeepSeek + TwoStep 

CoT (ours)

Few samples 0.871 (obtained experimentally) Medium Low-resource, general- 

purpose rapid adaptation

GLM-4 + TwoStep CoT Few samples 0.839 (obtained experimentally) Medium General domain 

adaptation

Qwen3 + TwoStep CoT Few samples 0.826 (obtained experimentally) Medium General domain 

adaptation
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Figure 8 Example of a question and answer diagram.
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unambiguously worded. The accuracy of the final report was based on the consistency of the scores from two reviewers (an 
average score > 4 was considered correct). This provides intelligent solutions for medical device regulation and risk control, 
further solidifying the foundation for the application of artificial intelligence in healthcare risk management.

Analysis and Discussion
The Influence of Different Prompt Optimization Methods on Extraction Performance
Overall, the differences in the effectiveness of the six entity relationship extraction methods are limited by the number of 
examples and the adaptability of the technical framework to the semantic characteristics of medical text. In the zero-sample 
scenario, all methods showed a common problem of insufficient semantic understanding due to the lack of example guidance. 
The most obvious problem was the SecondRound dialogue. Because its progressive dialogue method lacked an effective 
correction basis in the absence of examples, the path diverged and the error was transmitted, resulting in low accuracy. The 
overall analysis indicates that the reason lies in the strong coupling of semantic associations between medical electrical 
equipment standards and adverse event texts, which makes it difficult for LLMs to accurately capture such associative features 
in a zero-shot setting. In contrast, the introduction of few-shot examples effectively enhances the model’s understanding of 
medical semantics, confirming the conclusion that “example-guided learning can improve the accuracy of entity-relation 
recognition”. To further examine the performance differentiation among methods, TwoStep CoT leads across all three metrics. 
Analysis shows that its advantage stems from the distributed reasoning paradigm’s adaptation to the progressive structure of 
this paper, from standard specifications to adverse event risk analysis. This approach not only avoids the high-dimensional 
interaction errors inherent in end-to-end synchronous modeling but also reduces the error propagation between steps in multi- 
round dialogues. At the same time, under the constraints of limited samples, stage-wise reasoning allows for a greater focus on 
the core elements of the text, thereby mitigating the cumulative effect of errors.

Performance Evaluation of Q&A Systems
To evaluate the effectiveness of the constructed question-answering system, we discussed with experts and compiled a set 
of simple queries and multi-hop queries containing standard professional terminology definitions, common adverse event 
failure manifestations, and solutions. This was used as a benchmark to test the performance of the question-answering 
system, as shown in Table 5.

Analysis found that static single-hop questions yield the best answers, as they can be directly matched with the entity- 
attribute pairs in the knowledge graph with a unique and clear reasoning path. In contrast, complex multi-hop questions or 
those requiring explanatory analysis necessitate dynamically linking these relationships. If the knowledge graph’s coverage of 
such causal risk relationships is insufficient, or if there is ambiguity in inferring associations with adverse events, the answers 
may be biased. ‘Despite these limitations, the overall accuracy still indicates that this question-answering system sufficiently 
meets the requirements for risk relevance and adverse event response in healthcare risk management, it is demonstrating 
significant application value.

Reliability Considerations and Mitigation Strategies for LLM-Generated Content
Although LLMs demonstrate strong semantic understanding and relational reasoning capabilities in few-shot scenarios, 
their generated content still carries the risks of “illusion” and “semantic drift,” which are particularly critical in medical 
device risk management. To ensure the reliability and practicality of the knowledge graph, this study implements a three- 
layer mitigation mechanism: First, a two-step thought chain reasoning framework is used to limit the semantic space of 
LLM output, avoiding the introduction of irrelevant or fictitious entities. Second, entity disambiguation and relation 
aggregation algorithms are used to merge conflicting or redundant information, filter out obvious outliers, and improve 
knowledge consistency. Third, in the prompting strategy evaluation stage, domain experts validate the sampling results 
(Kappa=0.85), and the evaluation results are used to select the optimal prompting strategy, indirectly constraining the 
generation quality. The aforementioned mechanisms can reduce the error rate to some extent, but they still cannot 
completely eliminate the inherent uncertainty of LLMs. Future research will explore introducing uncertainty quantifica
tion mechanisms and real-time human feedback loops to further enhance the system’s reliability in critical risk scenarios.
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The aforementioned technical mitigation strategies aim to improve the internal consistency of knowledge graphs. 
However, when such AI systems are placed in decision-making scenarios involving medical device regulation, their 
application inevitably touches upon deeper ethical dimensions: the principles of human oversight and ultimate respon
sibility must be upheld. In matters involving security alerts or compliance reviews, AI systems must serve as supple
mentary evidence and be subject to the final judgment and confirmation of domain experts to ensure clear accountability 
in decision-making. Meanwhile, algorithmic fairness, transparency, and explainability are the cornerstones of building 
regulatory trust. To avoid injustices arising from systemic misjudgments of specific devices or groups due to data bias, it 
is also necessary to enhance regulators’ trust in AI-assisted decision-making by combining visualization and reasoning 
pathways. This study is only a preliminary exploration of the technology. Its mature application from an ethical 
perspective depends on interdisciplinary collaboration and social-technical dialogue, in order to ensure that technological 
innovation truly serves the fundamental goal of protecting patient safety and public health and well-being.

Limitation Analysis
While this study validated the effectiveness of the proposed framework in the category of infant incubator medical 
devices, certain limitations remain. First, the data source sample in this study is relatively limited, lacking diversity in 
terms of population, region, and ethnicity, which may introduce reporting bias and affect the model’s generalization 
ability. Furthermore, current validation is limited to a single medical device. Future research will focus on collaborating 
with hospitals and institutions to conduct diverse tests on different data samples, extending the proposed validation 
framework to various medical device platforms to assess its broad applicability. Secondly, the evaluation in this study 
primarily relies on internally partitioned datasets and expert validation. Although cross-validation was employed, 
benchmark testing on external datasets is lacking. Future work will focus on validating the generalization ability of 
this framework on publicly available corpora of adverse events related to medical devices or cross-device standard 
datasets. Finally, LLMs have certain limitations in their fine-grained understanding of technical terminology, their entity 
and relation extraction is somewhat redundant, and their static storage characteristics are difficult to adapt to the dynamic 
revision requirements of standard documents, inevitably affecting the timeliness of risk warnings. Future research will 
focus on improving the model’s ability to understand technical terminology in a fine-grained manner and its ability to 
quickly adapt to dynamic standards, thereby enhancing the system’s practicality and timeliness.

Table 5 Example Table of Q&A Task Performance

Question Retrieval of Triads Generate Answers

How is the accessible part 
defined? (Factual)

{“predicate”: “definition”, “subject”: “accessible part”, 
“object”: “the parts of the electrical equipment other 

than the applied parts touched during standard 

testing”}

The accessible part refers to the parts of electrical 
equipment that can be touched by standard testing 

methods, excluding the applied parts, ensuring safe 

access and maintenance operations.

What are the common causes 

of faults in equipment? 
(Explanatory)

{“predicate”: “lead to”, “subject”: “ poor contact”, 

“object”: “ unable to detect water level”}, {“predicate”: 
“lead to”, “subject”: “the equipment has exceeded its 

service life”, “object”: “the water tank is leaking”}, 

{“predicate”: “ lead to”, “subject”: “the bearings of the 
fan have rusted and are unable to rotate due to liquid 

ingress”, “object”: “fan malfunction alarm”}

Common causes of equipment failure include: poor 

contact leading to an inability to detect water levels, 
which affects the monitoring system; equipment that 

has exceeded its service life may cause leakage in the 

water tank, resulting in resource wastage and potential 
damage; liquid entering the internal bearings of the fan 

and causing rust may trigger a fan fault alarm, leading to 

equipment shutdown.

What problems can arise from 
the aging of fans and blue light 

panels? (Application)

{“predicate”: “lead to”, “subject”: “the fan has 
deteriorated and damaged after prolonged use”, 

“object”: “loud voice”}, {“predicate”: “lead to”, 

“subject”: “the blue light panel of the equipment has 
exceeded its service life”, “object”: “aging leads to 

a decrease in brightness”}

The prolonged use of the fan may lead to aging and 
damage, resulting in increased noise levels, while the 

aging of the equipment’s blue light panel beyond its 

service life may lead to a decrease in brightness.
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Conclusion
This thesis proposes to construct a standard-risk-oriented knowledge graph by integrating large language models and 
prompting engineering. Using adverse events in infant incubators as a typical case, it completes the full-process 
verification from standard text parsing to intelligent regulatory response, solving the dual dilemma of scarcity of high- 
quality labeled data and fragmented semantic association in this field. By using the T-E-t (Type-Element-text) three-layer 
knowledge model, a progressive deconstruction and association of standard clauses and adverse event data is achieved. 
Six prompt optimization schemes are designed and compared to reveal the most suitable entity relationship extraction 
method for text in this field. This automated extraction process saves most of the time cost compared to traditional 
manual annotation, and provides a low-cost and reusable technical paradigm for the digital transformation of medical 
electrical equipment standards and the application of adverse events. Meanwhile, the graph-based question-and-answer 
system has shifted the focus of correlation analysis from manual sorting to intelligent retrieval. This facilitates knowledge 
sharing in cross-industry regulatory collaboration, enabling grassroots regulators to quickly understand the risk logic 
behind standards. It also provides implementable technical modules for the digital health regulatory ecosystem, proactive 
post-market surveillance systems for medical devices, and AI-enhanced clinical safety analysis, driving the transforma
tion of risk management from experience-driven to data-driven approaches.

Although this study uses an infant incubator as a validation case, the core of the proposed framework lies in deconstructing 
the semantic relationship between “risk factors - standard terms - failure manifestations,” rather than relying on specific device 
parameters. When expanding to other medical devices in the future, the main work will focus on collecting data from the new 
domain (corresponding standards and adverse event reports) and preprocessing it using the same procedures. The core 
extraction and construction process can be referenced and reused. Meanwhile, this study explores a new path at the level of 
regulatory science, which is expected to empower regulatory agencies to achieve three major transformations: first, from 
passive response to proactive monitoring, by automatically linking standards and adverse events to provide early warning of 
potential risks; second, from experience-based reliance to data-driven approaches, providing structured knowledge support for 
the review of medical devices and the formulation of inspection priorities; and third, from information silos to knowledge 
collaboration, providing reusable technical templates for building a unified medical device risk knowledge base and promoting 
the sharing of cross-departmental regulatory experience.
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