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Abstract

Background
Large language models have shown substantial potential for supporting clinical reasoning, but their use in patient safety
applications remains constrained by limited access to structured clinical knowledge, variable evidence grounding, and difficulty
tracing generated reasoning to supporting sources. Knowledge graphs can provide structured representations of clinical and
safety concepts, while retrieval-augmented generation can incorporate relevant biomedical evidence into model inputs.

Objective
This study aimed to develop and evaluate an integrated framework for evidence-grounded patient safety reasoning that combines
a large language model, a patient-safety knowledge graph, and retrieval-augmented generation. The study examined how
structured knowledge and evidence retrieval contribute to concept extraction and reasoning performance.

Methods
The framework was developed using adult intensive care data from the Medical Information Mart for Intensive Care (MIMIC)-III
and MIMIC-IV. Patient safety concepts were normalized using established clinical terminology and patient safety classifications
and represented within a structured knowledge graph. An LLaMA-based language model adapted using low-rank adaptation was
used for concept extraction and reasoning. Retrieval-augmented generation incorporated relevant biomedical literature, patient
safety resources, clinical guidelines, and drug-related knowledge using biomedical sentence embeddings and a FAISS-based
vector index. Retrieved evidence was ranked using cosine similarity and incorporated into the model context together with relevant
graph information. Performance was evaluated using F1, area under the receiver operating characteristic curve, and area under the
precision-recall curve. Component ablation analyses examined the effects of removing the knowledge graph, low-rank adaptation,
and retrieval augmentation. Expert assessment also examined the relevance and usefulness of retrieved evidence and generated
explanations.

Results
The full framework achieved an F1 score of 0.89 for concept extraction. Removing the knowledge graph resulted in a reduction of
0.047 in F1 (95% Confidence Interval (CI) 0.015–0.079; P=.004), 0.084 in area under the receiver operating characteristic curve
(95% CI 0.043–0.125; P<.001), and 0.110 in area under the precision-recall curve (95% CI 0.044–0.175; P=.001). Removing low-rank
adaptation produced smaller, nonsignificant changes in F1, area under the receiver operating characteristic curve, and area under
the precision-recall curve. Removing retrieval augmentation produced changes of 0.029, 0.034, and 0.031 for these measures,
none of which reached statistical significance. Domain experts judged the retrieved documents to be relevant to the corresponding
queries and considered the generated explanations clinically useful and plausible. A preliminary usability assessment indicated
that users could navigate the system outputs without substantial difficulty, although they recommended simplifying the interface
and prioritizing high-level information.

Conclusions
Integrating structured patient safety knowledge with large language model reasoning measurably improved concept extraction and
overall system performance, with the knowledge graph contributing most among the evaluated components. Retrieval-augmented
generation added a mechanism to incorporate externally retrieved biomedical evidence into model reasoning, although its
contribution was less pronounced in the quantitative ablation analysis. The framework demonstrates the feasibility of combining
structured semantic representations and externally retrieved evidence to support traceable, evidence-grounded patient safety
reasoning. Further evaluation in multicenter datasets and prospective clinical workflows is required before deployment in routine
care.
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1. Introduction

1.1 Patient Safety Intelligence and the Need for Evidence-Grounded
Reasoning
Patient safety surveillance increasingly depends on integrating heterogeneous clinical information, identifying safety-relevant
patterns, and translating these patterns into actionable knowledge [1, 2]. Patient-safety information is distributed across incident
reports, electronic health records (EHRs), clinical documentation, medication records, diagnostic information, and other health
information systems [2, 3]. Conventional reporting and review processes remain important for learning from safety incidents, but
they can be labor-intensive and may fail to capture clinically meaningful relationships distributed across sources and documented
in different forms [3, 4]. The development of standardized classifications, taxonomies, and ontologies has consequently become
an important component of patient-safety information management because structured representations allow safety information
to be consistently categorized, linked, and analyzed [2, 5, 6].

Taheri Moghadam, Hooman and Sheikhtaheri (2022, 2023) demonstrated substantial heterogeneity in the methods used to
develop and evaluate patient-safety classifications and ontologies, while also identifying recurring requirements such as content
validity, comprehensiveness, logical consistency, and semantic coherence [6, 7]. Their findings highlight an important distinction
between merely extracting safety-related information and establishing a computational representation that can support
subsequent reasoning. More recent work has similarly emphasized structured taxonomy development as a prerequisite for reliable
automated analysis of patient-safety information [5, 7]. This distinction is particularly important for artificial intelligence (AI)
systems because an extracted concept has limited clinical value if it cannot be connected to its context, contributing factors,
supporting evidence, or potential consequences [1, 7].

The need for structured reasoning is also evident in health information technology (HIT)-related safety research. Patient-safety
incidents involving health information systems can arise through complex interactions among technology, people, workflows,
organizational conditions, and clinical processes [4, 8, 9]. Jabin (2024) argued for more refined classification and reporting
mechanisms for HIT-related incidents, reflecting the limitations of approaches that treat safety events as isolated categories rather
than as interconnected sociotechnical phenomena [4, 8, 10–12]. Consequently, patient-safety AI requires mechanisms that move
beyond detection toward contextual interpretation and evidence-supported reasoning.

1.2 Large Language Models in Clinical Decision Support
Large language models (LLMs) have substantially expanded AI's potential to process unstructured clinical information and
generate clinically meaningful language [13]. LLMs have demonstrated capabilities in medical question answering, summarization,
information extraction, and clinical reasoning, with studies such as Med-PaLM demonstrating that large models can encode
substantial clinical knowledge and perform strongly on medical examination and question-answering tasks [13, 14]. Reviews of
LLM applications in medicine have subsequently documented rapid growth across diagnostic support, clinical documentation,
medical information retrieval, education, and decision support [15–18].

Despite these capabilities, the direct use of LLMs in high-stakes clinical settings presents important limitations. LLMs can
generate plausible but unsupported statements, demonstrate inconsistent responses, and provide information without transparent
links to the evidence underlying a conclusion [17–19]. These limitations are particularly consequential for patient safety, where an
apparently plausible explanation not adequately supported by clinical evidence may increase rather than reduce risk. Recent
systematic evidence indicates that reliability, interpretability, consistency, bias, and factual correctness remain major concerns in
healthcare applications of conversational LLMs [15, 18, 19].

Clinical decision support has historically addressed some of these challenges by connecting patient-specific information with
explicit clinical knowledge, guidelines, and decision rules [20–22]. However, conventional clinical decision support systems
(CDSSs) also have recognized limitations, including excessive alerts, limited contextual sensitivity, workflow disruption, and
insufficient transparency [21, 22]. Effective clinical AI requires more than high predictive or generative performance [19, 23]. It
requires mechanisms that connect recommendations to patient context, clinical knowledge, evidence, and appropriate human
oversight [21, 24].
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1.3 Knowledge Graphs and Ontology-Grounded Clinical Reasoning
Knowledge graphs (KGs) offer a complementary approach by explicitly representing clinical entities and their relationships [25, 26].
Rather than encoding knowledge only in model parameters, KGs can represent relationships among medications, clinical
conditions, safety events, contributing factors, outcomes, and evidence sources in a structured, machine-readable form [25, 27].
This structure can support semantic integration, graph-based reasoning, knowledge retrieval, and explanation generation [25, 26,
28].

The value of knowledge representation is particularly apparent in medication and patient-safety research [29, 30]. Beierle et al.
(2017) demonstrated how ontological modeling can represent co-medication patterns, drug-drug interactions, contraindications,
and interaction severity within a clinical decision-support context [29]. Hochheiser et al. (2020) further proposed a minimal
information model for potential drug-drug interactions that incorporates contextual information and evidence transparency [31].
Similarly, Kamdar and Musen (2017) demonstrated how mechanism-based pharmacovigilance can combine adverse-event
information with biomedical knowledge to support mechanistic reasoning [30].

More recent knowledge-graph approaches have expanded this concept to heterogeneous biomedical evidence. Taneja et al. (2023)
developed an ontology-grounded knowledge graph integrating biomedical ontologies, linked data, and scientific literature to
support mechanistic investigation of pharmacokinetic natural product-drug interactions [32]. Importantly, their evaluation
demonstrated both congruent and contradictory information within the graph, illustrating that knowledge integration alone does
not guarantee reliable reasoning and that evidence quality and provenance must remain explicit [26, 32]. Knowledge graphs have
consequently become increasingly relevant to explainable AI because they can expose relationships and reasoning pathways that
are difficult to obtain from opaque model representations [25, 26].

The patient-safety literature supports the same principle. Patient-safety classifications and ontologies can provide a semantic
backbone for integrating heterogeneous safety concepts, while systematic taxonomy-development research emphasizes explicit
conceptual definitions, logical validation, and meaningful relationships among concepts [5–7]. These principles provide an
important foundation for connecting LLM-generated interpretations with structured safety knowledge.

1.4 Retrieval-Augmented Generation for Evidence-Grounded Clinical AI
Although knowledge graphs provide structured representations of relationships, clinical knowledge is dynamic and continuously
expanded through scientific publications, clinical guidelines, safety reports, and other evidence sources [3, 33]. Retrieval-
augmented generation (RAG) was introduced to address a related limitation of language models by allowing them to retrieve
information from external knowledge sources at inference time rather than relying exclusively on information encoded in model
parameters [34]. Subsequent work has positioned RAG as a mechanism to improve factual grounding, reduce dependence on
static model knowledge, and incorporate domain-specific or newly available information into LLM outputs [33, 35].

These characteristics are particularly relevant to healthcare. Clinical information changes rapidly, guidelines are updated, and
safety knowledge continues to evolve [33]. A system that generates patient-safety reasoning solely from pretrained model
parameters may not adequately reflect current evidence [17, 36]. RAG can instead connect clinical inputs with relevant biomedical
literature, guidelines, and safety resources before generating a response [34]. In the present framework, the retrieval component
was designed to use biomedical literature, patient-safety publications, clinical guidelines, and relevant drug information. Retrieved
passages are ranked according to semantic similarity and incorporated into the LLM context to provide external evidence for
subsequent extraction and reasoning [33–35].

However, RAG itself does not guarantee evidence-grounded reasoning [36]. Retrieval systems can return irrelevant or incomplete
information, while LLMs may fail to use retrieved evidence appropriately or may generate statements that extend beyond the
available evidence [36]. Recent research on healthcare RAG has consequently emphasized the need to distinguish answer
correctness from retrieval quality, evidence faithfulness, and provenance [36, 37]. Evaluation research has also identified
substantial variation in how retrieval, grounding, evidence linkage, and human assessment are currently performed in healthcare
RAG systems [36, 37].
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This issue is especially important for patient safety. The objective should not simply be to retrieve information that resembles the
clinical input. Retrieved evidence must be relevant to the safety problem, semantically connected to the underlying patient-safety
concepts, and sufficiently transparent to allow users to understand why a particular conclusion was generated [26, 38]. Combining
RAG with structured knowledge representation offers a potentially stronger approach than either mechanism alone.

1.5 Research Gap and Study Objective
The existing literature demonstrates substantial progress in three related areas: automated extraction of clinical and patient-safety
information, ontology- and KG-based representation of clinical knowledge, and LLM-based generation supported by external
retrieval [6, 7, 25, 36, 39]. However, these components have often been evaluated independently [36]. Patient-safety Natural
Language Processing (NLP) systems have primarily focused on classification or concept extraction, while knowledge graphs have
emphasized representation and relational reasoning, and RAG-based clinical systems have frequently focused on question
answering or general decision support [1, 6, 7, 25, 36]. Integrating these components specifically for evidence-grounded patient-
safety reasoning remains comparatively underdeveloped [25, 36].

The project underlying the present study was designed to address this gap by integrating an LLM with a patient-safety knowledge
graph and a retrieval layer containing biomedical and clinical evidence. The framework uses structured patient-safety concepts as
an intermediate representation and retrieves relevant evidence to support downstream reasoning. Whereas the first study
examines whether an LLM can accurately identify patient-safety concepts from clinical narratives, the present study examines
whether those concepts can be connected to structured knowledge and external evidence to support more traceable and clinically
plausible reasoning. The project documentation explicitly identifies RAG as a mechanism for grounding LLM outputs in external
evidence and linking generated explanations to source documents.

Accordingly, this study aimed to develop and evaluate an evidence-grounded patient-safety reasoning framework that integrates an
LLM, a patient-safety knowledge graph, and retrieval-augmented biomedical evidence. The study specifically examined whether the
integrated approach could retrieve relevant supporting evidence and generate patient-safety reasoning that was clinically plausible,
semantically grounded, and traceable to external knowledge sources. By linking structured safety concepts with retrieved evidence,
the framework seeks to establish a computational pathway from clinical information to structured safety knowledge, evidence
retrieval, and explainable reasoning.

2. Methods

2.1 Study Design and Overall System Architecture
This study describes the development and evaluation of an evidence-grounded patient-safety reasoning framework integrating a
patient-safety knowledge graph, retrieval-augmented generation (RAG), and a large language model (LLM). The framework was
designed to support interpreting patient-safety information from electronic health records (EHRs) by combining structured clinical
knowledge with externally retrieved biomedical evidence. The central design principle was to separate structured semantic
representation from external evidence retrieval and natural-language reasoning. The resulting architecture consisted of five
principal stages: extracting and normalizing clinical information, constructing a patient-safety knowledge graph, retrieving relevant
external evidence, integrating the graph and retrieved evidence into the LLM context, and generating an evidence-grounded
response.

The framework was designed for inpatient patient-safety scenarios, with particular relevance to intensive care settings. The
system was intended to identify clinically relevant safety concepts, connect those concepts through structured relationships,
retrieve supporting biomedical literature or clinical guidance, and use the combined information to generate interpretable
reasoning. The project documentation specifies LLaMA-based language modeling with LoRA fine-tuning, knowledge-graph
representations, and external evidence retrieval as the principal components of the overall architecture.

Figure 1. Overall framework for evidence-grounded patient-safety reasoning.

Figure 1 illustrates the end-to-end architecture linking clinical information to structured patient-safety concepts, knowledge-graph
representation, external evidence retrieval, LLM-based reasoning, and evidence-grounded output.
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The system was developed as a modular architecture so the knowledge representation, retrieval, and generation components
could be evaluated independently and as an integrated pipeline. This design also allowed the retrieved evidence to remain
externally traceable rather than relying exclusively on information encoded within the language model.

2.2 Clinical Data Sources and Study Population
The clinical component of the framework used publicly available, de-identified EHR datasets from MIMIC-III and MIMIC-IV. These
databases contain structured and unstructured information from critical care and hospital admissions, including demographic
information, clinical notes, laboratory measurements, medications, procedures, and diagnostic information [40, 41]. The project
documentation indicates that more than 50,000 patient stays were initially available across the datasets, with a final analytical
cohort of approximately 30,000 patients after application of the study-specific filtering criteria.

The study population was restricted to adults aged 18 years or older with at least one complete admission. We excluded
admissions without essential clinical information, such as relevant clinical notes or key variables required for the analysis. When
multiple ICU admissions were available for the same patient, we selected the first ICU stay to reduce repeated observations from
the same individual.

The clinical information extracted from the EHRs included demographic characteristics, vital signs, laboratory results, medication
information, procedures, diagnostic codes, and relevant narrative documentation. These data were used to construct structured
patient representations and to identify patient-safety concepts that could subsequently be linked to the knowledge graph and
retrieval system.

Because the RAG component was designed to provide external biomedical context, the clinical datasets were supplemented by a
separate corpus of biomedical literature and patient-safety evidence. The project documentation identifies PubMed abstracts and
safety-related documents as sources for the retrieval corpus.

2.3 Patient-Safety Concept Model and Semantic Normalization
Clinical information was transformed into structured patient-safety concepts before construction of the knowledge graph. The
semantic representation was designed to capture clinically meaningful entities and relationships relevant to patient safety,
including patients, conditions, medications, laboratory findings, adverse events, procedures, and related safety concepts.

The International Classification for Patient Safety (ICPS) was used as the primary patient-safety conceptual framework. Clinical
concepts were additionally normalized using established biomedical terminologies, including Systematized Nomenclature of
Medicine—Clinical Terms (SNOMED CT) and the Unified Medical Language System (UMLS), while medications were represented
using RxNorm where applicable. This combination provided a structured semantic layer for linking heterogeneous clinical
information to patient-safety concepts.

Normalization reduced terminology variation across clinical notes and structured EHR fields. Synonymous or closely related
clinical expressions were mapped to standardized concepts where an appropriate mapping was available. The resulting
representation allowed clinically related entities to connect regardless of the precise wording used in the original clinical
documentation.

The semantic layer was designed to support both patient-specific representations and broader domain-level relationships. Patient-
level concepts could be connected to diagnoses, medications, laboratory abnormalities, procedures, and adverse events, while
domain-level concepts could represent established relationships between conditions, treatments, hazards, and safety outcomes.

2.4 Patient-Safety Knowledge Graph Construction
A patient-safety knowledge graph (KG) was constructed to provide a structured representation of entities and relationships
relevant to clinical safety reasoning. The KG contained nodes representing entities such as Patient, Condition, Medication,
LabResult, AdverseEvent, and Procedure, together with typed relationships connecting these entities. Each node was associated
with its corresponding semantic class and relevant attributes.

Figure 2. Patient-safety knowledge graph architecture.
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Figure 2 illustrates the knowledge graph structure, including clinical entities, patient-safety concepts, semantic relationships, and
links to supporting evidence and provenance.

The knowledge graph was initially implemented using NetworkX for prototyping and graph manipulation, with Neo4j identified as a
persistence and query environment for subsequent deployment. The project documentation also identifies RDF and SPARQL as
alternative representations for semantic implementation. The graph architecture was designed to support structured querying,
semantic relationships, and integration with the retrieval and reasoning components.

Relationships within the graph represented clinically meaningful associations, such as medication–adverse-event relationships,
condition–risk relationships, laboratory abnormality–safety-event relationships, and patient–clinical-event relationships. Where
relationships originated from external evidence, provenance information could be retained to facilitate subsequent evidence
tracing.

The graph was also designed to support periodic updating as new evidence, patient information, or ontology releases become
available. The project documentation describes the intended ability to incorporate new literature retrieved through RAG and to add
new patient-specific information as additional graph nodes or relationships.

2.5 Biomedical Evidence Corpus and Retrieval-Augmented Generation
RAG was incorporated to provide external biomedical evidence and current clinical knowledge during patient-safety reasoning.
Rather than relying solely on information encoded during LLM training, the system retrieved relevant documents from a curated
external evidence corpus and supplied the retrieved material to the language model as contextual information. The project
documentation describes using biomedical literature and clinical guidance to ground model outputs in external evidence.

The retrieval corpus included relevant PubMed abstracts, patient-safety reports, and clinical guidance. The evidence collection was
designed to cover patient-safety events, Adverse Drug Events (ADEs), common clinical conditions, and clinically relevant hospital
and intensive care scenarios. The corpus could also incorporate authoritative clinical and drug-related information where relevant
to the patient-safety query.

Clinical query segments and literature passages were represented using biomedical sentence embeddings. We used BioBERT- or
ClinicalBERT-based representations, or comparable biomedical Sentence-BERT embeddings, to capture semantic similarity
between clinical information and candidate evidence documents. A local FAISS vector index supported similarity-based document
retrieval. The indexed corpus contained embeddings derived from curated biomedical documents, including PubMed abstracts and
safety-related evidence.

Figure 3. Retrieval-augmented generation pipeline for patient-safety reasoning.

Figure 3 illustrates the sequence from clinical query representation and evidence retrieval through evidence ranking, context
assembly, LLM reasoning, and generation of an evidence-grounded response.

For each patient-safety query, the relevant clinical information was transformed into a retrieval representation and compared with
indexed evidence using vector similarity. Candidate passages were ranked according to their similarity to the query. The retrieval
configuration used a top-k strategy, with the number of retrieved passages determined during system configuration. Retrieved
material could also be filtered by source characteristics and publication information before being passed to the generation
component.

The highest-ranked evidence passages were incorporated into the LLM prompt as contextual information. The prompt combined
the clinical query, relevant patient-safety concepts, knowledge-graph information, retrieved evidence, and task-specific instructions.
This allowed the language model to generate a response conditioned on both structured semantic information and externally
retrieved evidence.

Importantly, we treated RAG as an evidence-grounding mechanism rather than a guarantee of factual correctness. Retrieval quality
and evidence relevance were evaluated separately from the quality of the generated response. This distinction aligns with
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contemporary health care RAG evaluation approaches, which emphasize distinguishing retrieval quality, evidence linkage, end-to-
end output quality, and safety-related behavior.

2.6 Integration of Knowledge Graph Context and Retrieved Evidence
The KG and RAG components were integrated before generation. The knowledge graph supplied structured information about
clinically relevant entities and their relationships, whereas the retrieval system supplied external textual evidence supporting or
contextualizing those relationships.

For each reasoning task, the system constructed a unified context containing the relevant patient-specific information, normalized
patient-safety concepts, graph-derived relationships, and retrieved evidence passages. Where available, the system retained
evidence provenance and source information within the contextual representation.

The combined context was provided to the LLM together with instructions specifying the reasoning task. The model was prompted
to use the retrieved evidence and structured graph information when formulating its response and to avoid unsupported
conclusions when available evidence was insufficient.

This architecture allowed the KG to function as a structured semantic layer while RAG provided dynamically retrieved external
knowledge. The two components were thus complementary rather than interchangeable. The KG represented relationships
explicitly, whereas RAG supplied supporting evidence from external sources.

2.7 Large Language Model and LoRA Adaptation
A LLaMA-based LLM served as the primary generation and reasoning model. The project incorporated parameter-efficient fine-
tuning using Low-Rank Adaptation (LoRA) to adapt the model to the patient-safety domain while reducing the computational
requirements of full model fine-tuning. The project documentation identifies LLaMA fine-tuning with LoRA as a central component
of the system architecture.

The model received a structured prompt containing the clinical query, normalized safety concepts, relevant knowledge-graph
information, and retrieved biomedical evidence. The generation task was designed to produce clinically interpretable reasoning
rather than an isolated classification label. Depending on the task, the output could include identifying a potential patient-safety
issue, explaining relevant contributing factors, interpreting supporting evidence, and providing appropriately qualified clinical
considerations.

The model was not treated as an autonomous clinical decision-maker. The generated response was designed to support
interpretation and patient-safety reasoning, with human clinical oversight retained in the proposed workflow.

2.8 Evaluation Framework
Evaluation focused on the principal components of the proposed system. The purpose was to assess retrieval, evidence
grounding, response quality, and human interpretability separately rather than relying on a single end-to-end performance measure.
Table 1 defines the principal patient-safety entities in the knowledge graph and their corresponding structured attributes.
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Table 1
Patient-safety concepts and knowledge graph representation

Patient-safety concept Knowledge graph representation Example attributes

Patient Patient node Demographics, admission information

Condition Condition node Diagnosis, clinical status

Medication Medication node Drug, dose, route

Laboratory result LabResult node Test, value, reference range

Adverse event AdverseEvent node Event type, severity, timing

Procedure Procedure node Procedure type, timing

Safety relationship Typed edge Causal, temporal, associative, or contextual relationship

Retrieval evaluation focused on whether the evidence returned for a patient-safety query was relevant to the clinical concepts and
reasoning task. We assessed retrieved documents for topical relevance, clinical applicability, and their relationship to the patient-
safety issue represented in the query. Table 2 summarizes the principal categories of external knowledge sources incorporated
into the retrieval corpus.

Table 2
Data sources used for evidence retrieval

Source type Purpose within the system

PubMed biomedical literature Retrieval of peer-reviewed biomedical evidence

Patient-safety reports Retrieval of safety-event and incident-related evidence

Clinical guidelines Retrieval of evidence-based clinical recommendations

Drug-related knowledge sources Retrieval of medication-related safety information

Other authoritative clinical sources Supplementary evidence where relevant

Evidence-grounding evaluation examined whether the generated reasoning was supported by the retrieved evidence. This
assessment considered the relationship between claims made in the generated response and the retrieved passages used as
supporting context. Retrieval relevance and evidence-groundedness were evaluated separately because relevant retrieved
documents do not necessarily mean the generated response accurately reflects them. This distinction is increasingly recognized
as important in health care RAG evaluation.

2.9 Knowledge Graph and Retrieval Configuration
The KG schema and retrieval configuration were specified before evaluation to provide consistent system behavior across test
cases. Table 3 specifies the principal structural components of the patient-safety knowledge graph.

Table 3
Knowledge graph schema

Component Description

Entity type Patient, Condition, Medication, LabResult, AdverseEvent, Procedure, and related concepts

Ontology mapping ICPS, SNOMED CT, UMLS, and RxNorm where applicable

Relationship type Clinical, safety-related, temporal, or contextual association

Provenance Source or evidence associated with a relationship where available

Patient context Patient-specific entities and relationships derived from EHR information

Table 4 summarizes the principal retrieval and generation configuration used by the framework.
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Table 4
Retrieval and generation configuration

Component Configuration

Query representation Biomedical semantic embedding

Embedding approach BioBERT/ClinicalBERT-based or comparable biomedical embeddings

Vector index FAISS

Retrieval strategy Similarity-based retrieval

Retrieved context Top-ranked relevant passages

Generation model LLaMA-based LLM with LoRA

Generation input Clinical context + KG context + retrieved evidence + task instructions

Evidence attribution Source information retained with retrieved evidence

2.10 Comparative and Ablation Evaluation
Where comparative evaluation was performed, the complete system was compared with appropriately defined reduced
configurations to determine the contribution of individual system components. These configurations could include removing
knowledge-graph context, removing retrieval augmentation, and using a non-adapted language model.

The comparison was designed to isolate the contribution of individual architectural components while keeping the underlying
clinical task and evaluation data consistent. Performance measures were selected according to the specific task being evaluated.
For concept extraction, classification-oriented measures such as precision, recall, and F1 score could be used. For predictive
components, discrimination measures such as AUROC or area under the precision-recall curve could be used where applicable.

The numerical outcomes of these comparisons are reserved for the Results section and are not presented here.

2.11 Human Expert Evaluation
Human evaluation assessed the clinical relevance and usefulness of system-generated reasoning and retrieved evidence. Domain
experts reviewed representative system outputs, including the extracted patient-safety concepts, retrieved evidence, and generated
explanations. The project documentation indicates that a patient-safety officer evaluated explanation usefulness and that experts
assessed the relevance of retrieved documents.

The human assessment was intended to complement automated or computational evaluation by examining whether retrieved
evidence was clinically relevant and whether generated explanations helped users understand potential patient-safety issues. The
current evaluation did not include a formal prospective clinical user study unless separately documented. The project
documentation explicitly distinguishes preliminary usability checks from a future formal user study.

2.12 Error Analysis
Error analysis examined cases in which the system produced incorrect, insufficiently supported, or clinically inappropriate output.
Errors were categorized according to the component in which they arose, including concept representation, knowledge-graph
relationships, evidence retrieval, evidence grounding, and final response generation.

Particular attention was given to cases in which relevant evidence was not retrieved, retrieved evidence was relevant but
insufficient to support the generated claim, or the generated response introduced information not supported by the available
context. This component-level analysis was designed to distinguish retrieval failures from generation failures rather than
attributing all errors to the LLM. The results of this analysis, including the frequency and characteristics of observed error
categories, belong in the Results section.

2.13 Proposed Clinical Deployment Workflow
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The framework was additionally organized into a proposed clinical deployment workflow in which patient data are transformed into
structured safety information, relevant evidence is retrieved, and evidence-grounded reasoning is presented to an end user.

Figure 4. Proposed workflow for clinical deployment of a knowledge graph-enhanced RAG system for patient safety.

Figure 4 illustrates the proposed transition from clinical data and external knowledge sources through knowledge-graph
construction, evidence retrieval, LLM reasoning, clinical interpretation, and feedback for system refinement.

The proposed workflow incorporates continuous monitoring and feedback so that newly available evidence, changes in clinical
knowledge, and identified system limitations can inform subsequent updates. This aligns with the project design, which
anticipates periodically incorporating new literature, patient information, and ontology updates into the knowledge graph.

The framework is intended to function as a clinical decision-support or patient-safety support system rather than an autonomous
decision-making tool. Clinical users remain responsible for interpreting system outputs within the relevant clinical context.

2.14 Reproducibility and Computational Implementation
The computational pipeline was implemented as a modular workflow encompassing clinical data preprocessing, semantic
normalization, knowledge-graph construction, evidence indexing, retrieval, context assembly, LLM inference, and evaluation. The
project documentation indicates that fixed random seeds, software-version records, scripts, and configuration files were
maintained to support reproducibility.

The retrieval corpus, embedding process, vector index configuration, knowledge-graph schema, model configuration, and
evaluation procedures were treated as explicit components of the experimental configuration. This structure was intended to allow
inspection and reproduction of individual components independent of the final generation model.

2.15 Summary of the Methodological Framework
The methodological framework combined structured patient-safety knowledge representation with external evidence retrieval and
LLM-based reasoning. Clinical information from MIMIC-III and MIMIC-IV was normalized into patient-safety concepts and
represented within a knowledge graph. External biomedical evidence was indexed using biomedical semantic embeddings and
retrieved using a FAISS-based vector search system. Retrieved evidence was combined with knowledge-graph context and clinical
information before being supplied to a LoRA-adapted LLaMA-based LLM. Evaluation was structured across retrieval relevance,
evidence grounding, generated response quality, comparative component evaluation, and expert assessment. Table 5 defines the
evaluation dimensions and the corresponding measures used to assess the framework.

Table 5
Evaluation criteria and metrics

Evaluation component Evaluation focus Potential measures

Concept
representation

Correct identification of patient-safety
concepts

Precision, recall, F1

Evidence retrieval Relevance of retrieved evidence Precision@k, Recall@k, relevance assessment

Evidence grounding Support for generated claims Expert assessment, evidence-support
assessment

Response quality Clinical plausibility and usefulness Expert assessment, task-specific metrics

Comparative
evaluation

Contribution of individual components Difference in task-specific performance

Human evaluation Clinical usefulness and interpretability Structured expert assessment

Error analysis Characterization of system failures Component-level error categories

3. Results
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3.1 Study Cohort and System Implementation
The initial MIMIC-III and MIMIC-IV datasets contained more than 50,000 hospital stays. After applying the predefined eligibility
criteria, including restricting to adults with eligible ICU admissions and sufficient clinical information, the final analytical cohort
comprised approximately 30,000 patient stays. This cohort was used to evaluate the patient-safety concept extraction and
integrated reasoning framework.

The implemented framework combined ontology-guided patient-safety concept extraction, knowledge-graph representation,
retrieval of external biomedical evidence, and LLM-based reasoning. The RAG component used biomedical sentence embeddings
and a FAISS-based local retrieval index containing curated medical literature and patient-safety evidence.

The resulting system was evaluated through model performance comparisons, component ablation analyses, qualitative
assessment of retrieved evidence, and expert assessment of generated explanations.

3.2 Patient-Safety Concept Extraction Performance
The complete model achieved an overall F1 score of 0.89 on the annotated concept-extraction evaluation set. This result indicates
strong agreement between the system's extracted patient-safety concepts and the reference annotations.

The ablation analyses showed that the knowledge graph contributed substantially. Removing knowledge-graph grounding reduced
F1 by 0.047, with a 95% confidence interval of 0.015 to 0.079 and a bootstrap P value of .004. The corresponding McNemar test
was also statistically significant (P = .0293).

Removal of LoRA fine-tuning produced a substantially smaller difference in F1 of 0.006, with a 95% confidence interval of − 0.024
to 0.035 and a bootstrap P value of .680. The McNemar test was not significant (P = .8565).

Removal of RAG reduced F1 by 0.029, with a 95% confidence interval of − 0.003 to 0.059 and a bootstrap P value of .079. The
corresponding McNemar test was not statistically significant (P = .1901). These findings indicate that knowledge-graph grounding
produced the largest measurable contribution to the evaluated concept-extraction performance.

3.3 Comparative Performance of Model Configurations
The complete model outperformed the corresponding knowledge-graph-ablated configuration across all three reported
performance measures. Removing the knowledge graph reduced F1 by 0.047, Area Under the Receiver Operating Characteristic
Curve (AUROC) by 0.084, and Area Under the Precision–Recall Curve (AUPRC) by 0.110, with statistically significant differences on
all three measures.

The effects of removing LoRA were comparatively small and did not reach statistical significance for F1, AUROC, or AUPRC.
Removing RAG reduced F1 by 0.029, AUROC by 0.034, and AUPRC by 0.031. None of these differences reached conventional
statistical significance. Overall, the ablation analysis provides the strongest quantitative evidence for the knowledge-graph
component's contribution. Table 6 presents the comparative performance of the complete model and the component-ablated
configurations.
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Table 6
Comparative performance of evaluated model configurations.

Model
configuration

ΔF1 95% CI
for
ΔF1

Bootstrap
P

ΔAUROC 95% CI
for
ΔAUROC

DeLong
P

ΔAUPRC 95% CI
for
ΔAUPRC

Bootstrap
P

Full model Reference — — Reference — — Reference — —

Without
knowledge
graph

0.047 0.015
to
0.079

.004 0.084 0.043 to
0.125

< .001 0.110 0.044 to
0.175

.001

Without
LoRA

0.006 −0.024
to
0.035

.680 0.031 −0.009
to 0.068

.107 0.052 −0.015
to 0.116

.103

Without RAG 0.029 −0.003
to
0.059

.079 0.034 −0.006
to 0.073

.084 0.031 −0.036
to 0.098

.375

3.4 Retrieval-Augmented Evidence Evaluation
The retrieval component was evaluated qualitatively to determine whether the external evidence supplied to the LLM was relevant
to the corresponding patient-safety concepts and clinical queries. The system used biomedical semantic embeddings to match
clinical text with relevant biomedical literature and other curated sources.

Domain experts reviewed retrieved documents and confirmed their relevance to the evaluated patient-safety questions. The project
documentation specifically reports that the RAG retrieval component was qualitatively validated through expert assessment of
retrieved documents.

The retrieval evaluation consequently demonstrated qualitative evidence relevance, but did not establish quantitative retrieval
precision, recall, citation accuracy, or claim-level faithfulness of the generated responses. These measures were not available from
the reported evaluation and are not inferred here.

3.5 Evidence-Grounded Patient-Safety Reasoning
The integrated system used retrieved biomedical evidence together with structured patient-safety information to support LLM-
based reasoning. RAG was incorporated specifically to provide external evidence and up-to-date clinical knowledge during concept
extraction and reasoning.

The resulting outputs linked patient-safety concepts with relevant clinical context and supporting evidence. The system was
designed to make the reasoning process more transparent by retaining information about the retrieved context and prompts
associated with individual inferences. Figure 5 presents an example output generated by the RAG-based patient-safety reasoning
system.

Figure 5. Example output of the RAG system for a patient-safety query.

The example illustrates how the system incorporates retrieved biomedical evidence into the generated response to provide
evidence-grounded patient-safety reasoning.

The example demonstrates the system's intended output format, in which the generated reasoning is accompanied by supporting
evidence rather than presented solely as an unsupported LLM response.

3.6 Expert Assessment and Preliminary Usability
A patient-safety officer evaluated the generated explanations for their usefulness in interpreting the system's suggestions. Informal
interviews also gathered feedback on the system's outputs. The reported feedback was positive, with the expert assessment
indicating that the system identified clinically plausible patient-safety issues.
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A preliminary usability assessment was conducted using a simulated dashboard. Clinicians navigated the alerts and explanations
without difficulty. Feedback from this assessment resulted in recommendations to simplify the interface and prioritize high-level
scores. These findings provide preliminary evidence of perceived usefulness and usability. A formal clinical workflow assessment,
including quantitative evaluation of time-to-action, had not yet been conducted.

3.7 System Output and Clinical Interpretation
The system could present patient-safety information alongside explanatory information intended to support clinician
interpretation. The project implementation included a basic FastAPI demonstration that connected extraction and prediction
components to a mock dashboard.

The system was intended for advisory use. Clinicians could review, ignore, or override system-generated alerts and
categorizations, with the clinical team making the final decision. Figure 6 presents the resulting system output and its proposed
presentation within the clinical decision-support context.

Figure 6. Proposed clinical presentation and use of evidence-grounded patient-safety system outputs.

The figure illustrates how evidence-grounded patient-safety information can be presented to the end user together with
explanatory information to support clinical interpretation.

The output is intended to support, not replace, clinical judgment. The current evaluation establishes technical feasibility and
preliminary expert acceptability, but does not demonstrate improvement in clinical outcomes.

3.8 Error Analysis
The error analysis identified differences in system behavior after removing individual components. The most pronounced
deterioration occurred after removing the knowledge graph, consistent with the statistically significant reductions in F1, AUROC,
and AUPRC.

RAG removal produced smaller reductions across the evaluated measures. Although these reductions did not reach statistical
significance, the differences consistently favored the complete model. LoRA removal produced the smallest changes in the
reported extraction and predictive performance measures. Table 7 summarizes the principal error domains identified during the
evaluation.

Table 7
Error analysis of evidence-grounded patient-safety reasoning.

Error domain Evaluation finding Interpretation

Patient-safety concept
extraction

Full model achieved F1 = 0.89 Strong overall extraction performance

Knowledge-graph
grounding

Removing KG reduced F1 by 0.047 and
also reduced AUROC and AUPRC

Knowledge-graph grounding made the strongest
measurable contribution

LoRA adaptation Removing LoRA produced small,
nonsignificant performance differences

Limited measurable contribution within the evaluated
configurations

RAG augmentation Removing RAG reduced F1 by 0.029,
AUROC by 0.034, and AUPRC by 0.031

RAG showed a positive directional contribution,
although differences were not statistically significant

Evidence retrieval Experts judged retrieved documents
relevant

Qualitative evidence supported retrieval relevance

Generated reasoning Patient-safety expert judged explanations
useful

Preliminary evidence of interpretability and usefulness

Unsupported
generation

No quantitative claim-level assessment
available

Generation faithfulness requires dedicated evaluation

Usability Positive preliminary simulated-dashboard
feedback

Formal clinical workflow evaluation remains necessary
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The error analysis indicates that the system's principal performance sensitivity was associated with removing structured
knowledge-graph grounding. The results also show that retrieval augmentation contributed positively across the reported
performance measures, although the observed differences were not statistically significant.

3.9 Overall Findings
The complete framework achieved an F1 score of 0.89 for patient-safety concept extraction. Component ablation demonstrated
that knowledge-graph grounding had the largest measurable effect, with statistically significant improvements in F1, AUROC, and
AUPRC relative to the corresponding configuration without the knowledge graph.

LoRA removal had small, nonsignificant effects, while removing RAG produced modest reductions across F1, AUROC, and AUPRC
that did not reach statistical significance.

The retrieval component was qualitatively validated by expert assessment of evidence relevance, while the generated explanations
received positive preliminary assessment from a patient-safety expert.

Taken together, the results demonstrate that the integrated system was technically feasible and that knowledge-graph grounding
was the strongest quantitatively supported contributor to system performance. The findings also provide preliminary support for
using retrieval augmentation to supply relevant external evidence for patient-safety reasoning, while further quantitative evaluation
of retrieval and generation faithfulness remains necessary.

4. Discussion

4.1 Principal Findings
This study developed and evaluated an evidence-grounded patient-safety reasoning framework that integrates a patient-safety
knowledge graph, retrieval-augmented generation, and a large language model to support extraction and interpretation of patient-
safety concepts from clinical information. The complete system achieved an F1 score of 0.89 for patient-safety concept
extraction. The most important quantitative finding was the contribution of knowledge-graph grounding. Removing the knowledge
graph reduced F1 by 0.047, AUROC by 0.084, and AUPRC by 0.110, with statistically significant differences across all three
measures. In contrast, removing LoRA produced only small, nonsignificant differences, while removing RAG produced modest
reductions in F1, AUROC, and AUPRC that did not reach statistical significance. These findings suggest that structured patient-
safety knowledge was a more important measurable contributor to system performance than either parameter-efficient adaptation
or retrieval augmentation within the evaluated configuration. This observation is consistent with the broader literature emphasizing
the importance of incorporating structured clinical knowledge into artificial intelligence systems rather than relying exclusively on
statistical representations learned from unstructured data [1, 8, 22, 25, 27, 28, 42].

The findings are also relevant to the growing literature on large language models in healthcare [13, 14, 19]. LLMs have
demonstrated strong performance across a wide range of biomedical and clinical language tasks, including medical question
answering, clinical knowledge retrieval, and medical reasoning [13, 14, 19, 43]. However, high performance on benchmark tasks
does not necessarily translate into reliable clinical decision-making [17, 19, 23]. Recent evaluations have demonstrated
weaknesses in guideline adherence, information integration, robustness, and instruction following when LLMs are evaluated under
more realistic clinical conditions [23]. The present findings support a more structured approach in which the LLM is embedded
within a domain-specific knowledge and evidence environment rather than treated as an autonomous clinical reasoning system.

4.2 Knowledge-Graph Grounding and Patient-Safety Reasoning
The strongest quantitative finding was the effect of removing the knowledge graph. The 0.047 reduction in F1 was statistically
significant, and the corresponding reductions in AUROC and AUPRC were also statistically significant. This finding indicates that
explicit semantic representation of patient-safety concepts contributed materially to system performance [6, 7].

Knowledge graphs provide a mechanism for representing entities and relationships that may be difficult to preserve in
conventional text-based representations [25, 26, 28]. In healthcare, clinical knowledge is inherently relational [25, 44]. Medications
are associated with indications and adverse effects, laboratory abnormalities may indicate physiological deterioration, and clinical
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conditions can modify the significance of treatments and other safety events [5, 29, 31, 44]. Ontologies and knowledge graphs
provide formal mechanisms to represent these relationships and support consistent semantic interpretation [6, 25–27, 45].

This is particularly relevant to patient safety because safety events rarely exist in isolation [7, 10, 46]. An adverse drug event, for
example, may involve a medication, patient condition, laboratory abnormality, temporal sequence, and clinical response [7, 31, 32].
A knowledge graph can represent these relationships explicitly and provide a structured semantic layer through which an LLM can
interpret the clinical narrative. Similar arguments have been made for knowledge-driven clinical decision support, in which
structured representations can improve interoperability, semantic consistency, and reasoning across heterogeneous clinical
information [1, 22, 25, 27, 44].

The present results extend this argument by providing an empirical ablation result within an LLM-based patient-safety framework.
Rather than simply proposing that a knowledge graph improves interpretability, the analysis showed that removing the graph led to
measurable deterioration across multiple evaluation measures. This strengthens the interpretation that knowledge-graph
grounding contributed to the observed performance rather than serving merely as an auxiliary visualization or data-management
layer.

This finding also aligns with the broader movement toward combining symbolic or structured knowledge with neural language
models [47]. Purely neural models can capture complex statistical relationships, but their representations are not necessarily
constrained by explicit clinical ontologies. Knowledge-grounded approaches provide an opportunity to combine the flexibility of
neural language understanding with explicit domain constraints and relationships [26, 28, 30].

4.3 RAG as an Evidence-Grounding Mechanism
The RAG findings require a more nuanced interpretation. Removing RAG reduced F1 by 0.029, AUROC by 0.034, and AUPRC by
0.031. Although all three differences favored the complete system, none reached statistical significance. RAG should therefore not
be described as demonstrating a statistically significant improvement in overall model performance in this study.

Its value may instead lie primarily in the evidence-grounding function that it provides [33, 34, 36]. RAG was intended to supply the
LLM with external biomedical evidence and current clinical information that may not be reliably available from the model's learned
parameters alone [33–36]. This rationale aligns with the original RAG framework proposed by Lewis et al. (2020) and subsequent
work showing the potential of retrieval augmentation to improve factual grounding and access to external knowledge [33–36].

This approach is particularly relevant in healthcare because medical knowledge changes continuously [33, 36]. Clinical guidelines,
drug safety information, evidence syntheses, and biomedical literature are updated over time [3, 33]. A static language model
cannot contain all current clinical evidence [17, 33, 36]. Retrieval augmentation provides a mechanism to incorporate external
information at inference time, rather than requiring model retraining whenever new evidence becomes available [34, 35].

Recent healthcare studies have increasingly applied RAG to medical question answering, clinical information retrieval,
summarization, and decision support [33, 36, 37]. However, systematic reviews have also highlighted substantial variation in
retrieval architectures and evaluation methods, with no universally accepted framework for evaluating the quality of healthcare
RAG systems [35–37]. This matters for interpreting the present study because the qualitative expert assessment showed that
retrieved documents were relevant, but it did not establish quantitative retrieval recall, precision, citation correctness, or claim-level
faithfulness [36].

The present findings consequently support RAG as a promising evidence-grounding mechanism, but not as a demonstrated
solution to hallucination or factual error [36, 37]. Retrieval can fail when the evidence corpus is incomplete, when the query
representation is inadequate, or when irrelevant evidence is retrieved [36, 37]. Even when appropriate evidence is retrieved, the LLM
may fail to use it correctly or may generate claims that extend beyond the retrieved material [36, 37]. Recent healthcare RAG
reviews and evaluations have highlighted these limitations [35, 37].

4.4 Structured Knowledge and External Evidence Are Complementary
An important conceptual implication of this study is that knowledge-graph grounding and retrieval augmentation are not
interchangeable forms of grounding. They support clinical reasoning in different ways [47].
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The knowledge graph provides structured semantic grounding [25, 26]. It establishes the identity of clinical concepts, their
ontology classes, and relationships among patient-safety entities. RAG provides external evidential grounding by retrieving relevant
biomedical literature and clinical guidance [33, 34, 36]. These two mechanisms can consequently operate at different stages of
reasoning.

This distinction helps explain the observed ablation results. The knowledge graph produced the largest and statistically significant
performance contribution because it directly affected semantic representation and concept extraction. RAG produced smaller
improvements because its principal role was to provide contextual evidence during reasoning rather than to define the underlying
patient-safety ontology.

The complementary relationship between structured knowledge and retrieved evidence is increasingly recognized in clinical AI
research [47]. Knowledge graphs can provide structured context and relationships, while retrieval mechanisms can provide access
to unstructured and continuously updated evidence [25, 33]. Integrating these approaches may be particularly useful for clinical
applications where both semantic consistency and current evidence matter [21, 28, 31, 47, 48].

This distinction is especially important for patient safety. A system may correctly identify that a medication and adverse event are
related based on structured knowledge, while RAG can provide the supporting literature describing the circumstances, risk factors,
or clinical management associated with that relationship. Together, they can provide a more transparent evidential pathway than
either approach alone.

4.5 Interpreting the Limited Effect of LoRA
The relatively small effect observed after removal of LoRA is another important finding. The reduction in F1 was only 0.006 and
was not statistically significant. Similar nonsignificant differences were observed for AUROC and AUPRC. These findings do not
demonstrate that LoRA is ineffective. Rather, they suggest that its incremental contribution was limited within the specific
integrated configuration evaluated in this study.

Parameter-efficient adaptation such as LoRA is attractive for clinical applications because it can adapt large language models to
specialized domains without requiring full model fine-tuning [49]. In the present framework, however, LoRA operated alongside
ontology-driven annotation, knowledge-graph constraints, and retrieval augmentation. The additional domain information provided
by these components may have reduced the marginal contribution attributable specifically to parameter adaptation.

This finding shows why component-level ablation matters when evaluating complex clinical AI systems. A component may be
theoretically valuable but provide limited incremental benefit when combined with several other grounding mechanisms. Reporting
only the complete system's performance would not reveal this distinction.

4.6 Evidence-Grounded Explanations and Clinical Interpretability
The system was designed to produce reasoning outputs that could be traced to structured patient-safety concepts and retrieved
biomedical evidence. The preliminary expert assessment was favorable. A patient-safety officer considered the explanations
useful, and informal expert feedback indicated that the system generated clinically plausible patient-safety suggestions. The
simulated dashboard assessment also suggested that users could navigate alerts and explanations without difficulty.

These findings are encouraging but should be interpreted cautiously. Explainability in clinical AI is not synonymous with clinical
validity [38, 50]. An explanation may be understandable without accurately representing the causal or computational basis of a
model output [50, 51]. This distinction has been emphasized extensively in the explainable AI literature [38, 50, 51].

The present framework therefore contributes evidence traceability and structured reasoning support rather than definitive
mechanistic interpretability [38, 50]. The system records retrieved context and uses explicit knowledge relationships, making the
evidential pathway more inspectable. This is particularly valuable for patient-safety applications because clinicians and safety
professionals may need to understand why a potential safety issue was identified before deciding whether further review is
warranted.

4.7 Implications for Patient-Safety Practice
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Patient-safety surveillance remains challenging because clinically relevant safety signals can be distributed across fragmented
documentation, medication records, laboratory results, and other clinical information [1, 3, 52]. Conventional incident reporting
systems also depend on recognition and reporting of events, which can result in incomplete capture of safety problems [3, 4, 52].
Automated clinical NLP has consequently been proposed as a mechanism for identifying safety-related information at scale [1, 4].

The present framework offers a potential approach for augmenting such surveillance by connecting unstructured clinical
information with structured patient-safety concepts and external evidence. The system does not need to replace existing patient-
safety reporting or review mechanisms. Instead, it could serve as an additional surveillance layer that identifies potentially relevant
patterns for human review [1, 22].

This distinction matters because current evidence does not support autonomous clinical decision-making by LLM-based systems
[17, 19, 23]. Recent evaluations show that LLMs can produce clinically inappropriate recommendations, fail to follow guidelines
consistently, and be sensitive to changes in information presentation [23]. The present framework is consequently better
positioned as an evidence-grounded patient-safety decision-support system under human oversight rather than an autonomous
clinical decision-maker.

This human-supervised approach is consistent with international recommendations emphasizing safety, transparency,
accountability, and appropriate governance for AI in healthcare [53, 54]. It also aligns with the principle that appropriately qualified
healthcare professionals should retain clinical responsibility when AI systems provide advisory information.

4.8 Responsible AI, Safety, and Governance
Deploying generative AI in patient safety requires consideration beyond predictive accuracy [3, 19, 23]. Healthcare AI systems must
address transparency, accountability, privacy, bias, robustness, and appropriate human oversight [53–56].

The framework incorporates several features relevant to these requirements, including explicit semantic representations, evidence
retrieval, logging of prompts and retrieved context, and an advisory rather than autonomous role. These features may facilitate
auditability and human review [38, 54]. However, they do not by themselves establish that the system is safe for clinical
deployment [19, 23, 42, 57].

A particularly important issue is the quality of the evidence corpus. If the retrieval collection contains incomplete, outdated, or
inappropriate sources, the system may provide apparently well-supported but clinically inappropriate reasoning [36, 37]. This
creates a different risk from conventional LLM hallucination because the generated response may appear authoritative precisely
because it is accompanied by retrieved evidence. Recent RAG research has consequently emphasized the need to evaluate source
quality, retrieval relevance, and generation faithfulness separately [35–37].

4.9 Strengths and Limitations
The principal strengths of this study are the integration of structured patient-safety knowledge, external biomedical evidence, and
LLM-based reasoning within a single framework, together with component-level ablation analysis that allows the contribution of
the knowledge graph, LoRA, and RAG to be examined separately. The study also combines quantitative evaluation with qualitative
expert assessment of retrieved evidence and generated explanations, providing complementary perspectives on technical
performance and clinical relevance. Using MIMIC-III and MIMIC-IV provides access to large-scale clinical data, while established
clinical terminologies and patient-safety concepts support semantic consistency. However, several limitations constrain
interpretation. The concept-extraction evaluation used a relatively small annotated test set, and the cohort came from adult ICU
data, limiting generalizability to pediatric, outpatient, community, and other hospital settings. The RAG evaluation was qualitative
and did not quantify retrieval precision, recall, source quality, citation correctness, or claim-level faithfulness [36]. The preliminary
usability assessment was conducted in a simulated rather than real clinical workflow, and no prospective study has established
effects on clinical decision-making, patient safety outcomes, or clinician workload [19, 23]. In addition, the integrated framework's
complexity and computational requirements may pose implementation challenges in resource-constrained healthcare
environments. These limitations align with broader concerns about generalizability, workflow integration, and prospective
validation of clinical AI systems [23, 35, 37].

4.10 Future Research
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The next stage of research should prioritize external and prospective validation. Multi-center evaluation is particularly important
because the current system was developed using MIMIC data from adult ICU populations [19, 23, 40, 41]. Differences in
documentation practices, patient populations, clinical workflows, terminology, and institutional safety processes may affect both
concept extraction and retrieval performance [19, 23].

A second priority should be a dedicated evaluation of the RAG component. Future work should assess retrieval precision and
recall, evidence quality, temporal validity of retrieved sources, citation correctness, and claim-level entailment between retrieved
evidence and generated statements [36, 48]. Recent systematic reviews have identified the absence of standardized evaluation
frameworks as a major limitation of healthcare RAG research [35, 36, 48].

Third, prospective clinician studies should evaluate whether evidence-grounded outputs improve patient-safety surveillance or
decision-making. Relevant outcomes should include diagnostic or safety-event recognition, time to review, alert burden, clinician
trust, appropriate reliance, and the rate of accepted versus overridden recommendations. Human-centered evaluation matters
because clinical AI performance cannot be inferred from algorithmic metrics alone [19, 21, 22].

Fourth, future versions should investigate dynamic knowledge updating. The knowledge graph and evidence corpus could be
updated as new guidelines, safety evidence, drug information, and ontology releases become available. Such mechanisms may
reduce dependence on static model knowledge and make the system more responsive to changes in clinical evidence [33–35].

Finally, future development should address fairness, governance, privacy, and regulatory requirements alongside technical
performance. The WHO has emphasized that safe and equitable AI deployment in health requires governance structures that
address accountability, transparency, human oversight, and potential harms [53].

5. Conclusions
This study demonstrates the feasibility of combining a patient-safety knowledge graph, retrieval-augmented generation, and an
LLM to support evidence-grounded patient-safety reasoning. The complete system achieved an F1 score of 0.89, and the ablation
analysis identified knowledge-graph grounding as the strongest quantitatively supported contributor to performance. Removing the
knowledge graph produced statistically significant reductions in F1, AUROC, and AUPRC, whereas removing LoRA produced
minimal, nonsignificant changes, and removing RAG produced smaller, statistically nonsignificant reductions.

The findings support a model of clinical AI in which structured domain knowledge and external biomedical evidence complement,
rather than replace, LLM-based reasoning. The qualitative relevance of retrieved evidence and positive preliminary expert
assessment further support the potential usefulness of this approach for patient-safety applications. At the same time, the results
should not be interpreted as evidence that RAG eliminates hallucination or that the system is ready for autonomous clinical use.
Prospective, multi-center, human-centered evaluation with dedicated assessment of retrieval quality and claim-level evidence
faithfulness is required before establishing clinical effectiveness and safety.
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Figure 1

Overall framework for evidence-grounded patient-safety reasoning.
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Figure 2

Patient-safety knowledge graph architecture.
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Figure 3

Retrieval-augmented generation pipeline for patient-safety reasoning.
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Figure 4

Proposed workflow for clinical deployment of a knowledge graph-enhanced RAG system for patient safety.
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Figure 5

Example output of the RAG system for a patient-safety query.
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Figure 6

Proposed clinical presentation and use of evidence-grounded patient-safety system outputs.
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