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Abstract

Background: Pediatric influenza is an important public health concern. Chinese patent medicines are used in its treatment,
but relevant clinical evidence is dispersed across guidelines, expert consensus statements, and clinical studies. The multidimen-
sional knowledge required for syndrome-based prescribing complicates information retrieval and standardized clinical use.

Objective: This study aimed to develop a traceable knowledge graph of Chinese patent medicines for pediatric influenza,
integrate it with a large language model (LLM) to support evidence-based question answering, and evaluate answer quality and
preliminary usability.

Methods: We systematically searched for clinical practice guidelines, expert consensus statements, and clinical studies.
Evidence segmentation, ontology development, LLM-assisted extraction with manual verification, terminology normalization,
and knowledge integration were used to construct a Neo4j knowledge graph. Structured graph retrieval was combined
with retrieval-augmented generation to develop a question-answering system. A standalone LLM and the knowledge graph—
enhanced LLM (KG-LLM) each answered 80 standardized questions. Three clinical experts independently evaluated anony-
mized, randomly ordered answers for core task accuracy, completeness, and unsupported factual content. Five physicians
participated in an exploratory usability evaluation using the System Usability Scale (SUS), study-specific Likert items, and
self-reported evidence-location outcomes.

Results: We included 142 publications and generated 1294 evidence units. The knowledge graph contained 3211 nodes and
19,671 relationships, linking structured knowledge to evidence units and source publications. Across 80 paired questions,
KG-LLM achieved higher accuracy scores than the standalone LLM (mean 3.05, SD 1.88 vs mean 2.02, SD 1.54; Holm-adjus-
ted P<.001) and higher completeness scores (mean 3.11, SD 1.84 vs mean 2.42, SD 1.62; adjusted P=.002). Among 78 pairs
with determinate assessments, unsupported factual content was identified in 11 standalone LLM answers (14.1%) and no
KG-LLM answers (0/78, 0%; adjusted P=.002). The mean SUS score was 96.50 (SD 2.85). Of 5 physicians, 4 (80%) reported
locating both the original publication and the corresponding evidence.

Conclusions: The traceable knowledge graph and graph-enhanced question-answering system integrated clinical evidence on
Chinese patent medicines for pediatric influenza. KG-LLM achieved higher accuracy and completeness and less unsupported
factual content on standardized tasks than the standalone LLM. Preliminary usability findings were favorable, but generaliza-
bility, long-term usability, and safety in clinical practice require further evaluation.
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Introduction

Background

Influenza is an acute respiratory infection caused by influenza
viruses. Influenza A viruses can cause global pandemics
and pose a continuing threat to public health [1]. Children
experience a high burden of influenza and are at increased
risk of severe disease. In particular, children younger than
5 years may develop serious complications or die after
infection. Chinese patent medicines have been reported to
have therapeutic advantages, including antiviral, antipyretic,
analgesic, and immunomodulatory effects, relatively few
adverse reactions, and a low propensity for drug resistance.
They have, therefore, become an important treatment option
for pediatric influenza [2]. Several guidelines and consen-
sus statements have been published to standardize their use,
including the Guidelines for Clinical Application of Chinese
Patent Medicines in the Treatment of Influenza in Children
(2024) [3]. Nevertheless, variation in drug selection and use
in clinical practice continues to limit consistent treatment
effectiveness and medication safety.

Translating the available evidence into knowledge that
can be retrieved, understood, and applied in clinical prac-
tice remains challenging. Relevant information is distrib-
uted across clinical practice guidelines, expert consensus
statements, randomized controlled trials, systematic reviews,
and other clinical studies. These sources differ in terminol-
ogy, syndrome classification, drug recommendations, dosing
regimens, and safety information. Conventional retrieval
from publications or guideline texts does not readily
establish associations among these elements. Traditional
Chinese medicine (TCM) also involves multiple interconnec-
ted dimensions, including clinical manifestations, syndrome
differentiation, medicine selection, and conditions of use,
which are difficult to represent fully in linear text. Large
language models (LLMs) offer new opportunities for

accessing medical information through natural language
understanding and generation. However, they may generate
information without clear evidentiary support, and the sources
underlying their answers are often difficult to trace, limiting
their trustworthy use in specialized medical settings [4,5].

Retrieval-augmented generation (RAG) combines external
retrieval with language generation and offers a practical
approach to grounding answers in available sources [6].
Medical benchmarks show that performance depends on
retrieval configuration and task characteristics [7]. Graph-
enhanced systems extend this approach by organizing
biomedical entities and their relationships, as illustrated by
iDISK2.0-RAG and MedGraphRAG [8,9]. A recent scoping
review nevertheless found limited alignment between many
medical RAG evaluations and actual clinical workflows [10].

Study Objective

Knowledge graphs provide a means of integrating heteroge-
neous sources into a structured representation and visualiz-
ing complex associations [11,12]. They have been applied
in clinical decision support for gastric cancer, diabetic
kidney disease, and migraine. Their entity-relationship-attrib-
ute representation supports systematic knowledge manage-
ment and reasoning [13-15]. In this study, we integrated
evidence from clinical practice guidelines and other clini-
cal sources to construct a structured, traceable knowledge
graph of Chinese patent medicines for pediatric influ-
enza. Evidence segmentation, ontology modeling, semiau-
tomated knowledge extraction, terminology normalization,
and knowledge integration were used to represent clinical
manifestations, TCM syndromes, medicine recommendations,
dosing, contraindications, adverse reactions, and evidence
sources within a common semantic framework. We then
developed a RAG question-answering system combining the
Neo4j knowledge graph with an LLM and compared its
answers with those of a standalone LLM using standardized
questions. Figure 1 presents the overall study framework.

Figure 1. Architecture of the knowledge graph-enhanced question-answering system. The framework comprises knowledge graph construction,
including LLM-assisted entity and relationship extraction and manual verification against established guidelines, and question-answering system
development, in which the LLM combines user questions with relevant graph-retrieved knowledge to generate answers. LLM: large language model;

Q&A: question answering.
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Methods
Study Design

We developed a structured, traceable knowledge graph of
Chinese patent medicines for pediatric influenza and a
knowledge graph-enhanced LLM question-answering system.
The knowledge engineering workflow comprised literature
retrieval and evidence preprocessing, ontology development,
knowledge extraction and integration, Neo4j graph construc-
tion, and development and evaluation of a graph-based RAG
system. Reporting of the paired answer-quality evaluation
was guided by the CHART (Chatbot Assessment Reporting
Tool) guidelines (Checklist 1) [16].

Literature Retrieval and Evidence Corpus
Development

We conducted a systematic literature search to establish
an evidence corpus for knowledge extraction and graph
construction. PubMed, Embase, Web of Science Core
Collection, the Cochrane Library, CNKI, Wanfang Data, and
SinoMed were searched. We also searched relevant guideline
repositories and professional society websites for eligible
clinical practice guidelines and expert consensus statements.
These supplementary searches yielded no additional unique
eligible publications beyond those identified in the biblio-
graphic databases. Search strategies combined controlled
vocabulary and free-text terms related to pediatric influenza,
TCM, and Chinese patent medicines and were adapted to
each database. The search covered the period from Septem-
ber 2016 through September 2026, with the final search
completed on September 4, 2026. Reference lists of eligible
publications were also screened for additional evidence.

All records were imported into Zotero for management
and deduplication, with manual checks based on titles,
authors, and publication years. Two researchers independ-
ently screened titles and abstracts and assessed the full
texts of potentially eligible publications. Disagreements
were resolved through discussion or adjudication by a
third researcher when necessary. Eligible studies involved
children with influenza or influenza-like illness and pro-
vided clinical information on Chinese patent medicines
that could populate the predefined knowledge schema.
Relevant information included indications, syndromes or
syndrome differentiation, clinical manifestations, treatment
effects, dosing and administration, combination therapy,
contraindications, adverse reactions, and other medication
safety information. Eligible evidence types included clinical
practice guidelines, expert consensus statements, random-
ized controlled trials, systematic reviews, meta-analyses,
and observational studies. We excluded publications limited
to populations other than children with influenza, stud-
ies without Chinese patent medicine recommendations or
interventions, studies without extractable relevant informa-
tion, animal experiments, and narrative reviews without
extractable clinical evidence. Publications with unavailable
full texts did not proceed to eligibility assessment.
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The methodological quality of the 3 included clinical
practice guidelines was assessed using the Appraisal of
Guidelines for Research and Evaluation II (AGREE II)
instrument [17]. Its framework was also used for descrip-
tive assessments of 1 expert consensus statement and 2
prevention and treatment plans. Two researchers independ-
ently scored the 23 items across 6 domains and calculated
standardized domain scores. The results were linked to the
relevant publication nodes as source quality attributes in the
knowledge graph to support documentation and traceability.

Evidence Preprocessing

Full texts were converted to a consistent format and cleaned
to produce a standardized corpus for knowledge extrac-
tion. Headers, footers, reference markers, and other lay-
out elements unrelated to extraction were removed. Text
displacement caused by multicolumn layouts, line breaks,
or character encoding was corrected. Text was then seg-
mented into evidence units, each representing a relatively
self-contained clinical meaning. Each unit received a unique
identifier, together with provenance information such as
the source publication and section or location within
that publication. We retained information relevant to the
predefined scope: diseases, syndromes, symptoms and signs,
Chinese patent medicines, indications, dosing and admin-
istration, treatment duration, combination therapy, contrain-
dications, adverse reactions, and other safety information.
Information outside the scope was excluded from subsequent
extraction. Evidence units served as the smallest text inputs
for knowledge extraction and remained linked to the original
publications through unique source identifiers.

Ontology Development

We used the 7-step ontology development method and
Protégé 5.6.7 (Stanford University) to construct a domain
ontology for Chinese patent medicines in pediatric influ-
enza. The ontology served as the knowledge graph’s schema
layer, defining core concepts, attributes, semantic relation-
ships, and constraints on relationships between entity types.
This framework standardized the representation of clinical
terminology and semantic relationships, reduced terminolog-
ical heterogeneity across sources, and provided semantic
and structural constraints for entity recognition, relationship
extraction, knowledge integration, and graph database storage
[18].

Knowledge Extraction and Integration

Knowledge extraction used a semiautomated approach
combining LLM assistance with manual verification. Each
preprocessed evidence unit was used as a text input, and
the domain ontology supplied semantic constraints. Entities,
relationships, and attributes were extracted from guidelines,
expert consensus statements, randomized controlled trials,
systematic reviews, meta-analyses, and observational studies
according to the ontology’s definitions and connection
rules. Publication identifiers, evidence unit identifiers, and
original text were recorded concurrently to link the extracted
knowledge to its underlying evidence [19,20].
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The DeepSeek-Flash model was accessed through the
official API. A consistent prompt template was developed
from the predefined ontology and extraction rules, with
standardized examples supplied through few-shot prompt-
ing. The model was instructed to extract only information
explicitly stated in the input evidence unit, without adding,
inferring, or generating information from external knowledge.
No knowledge item was generated when the evidence was
insufficient or its meaning could not be determined. Outputs
followed a predefined JSON structure specifying fields for
entities, relationships, attributes, and evidence sources. We
used nonthinking mode, a temperature of 0.1, and a maxi-
mum output length of 2048 tokens to reduce randomness and
improve consistency and reproducibility. Structured outputs
underwent manual review of entity boundaries, entity types,
semantic relationships, attribute values, and consistency with
the original evidence before inclusion in the knowledge base.

Verified knowledge was normalized and integrated.
Terminology normalization was guided by the Clinic
Terminology of Traditional Chinese Medicine Diagnosis
and Treatment—Part 1: Diseases (GB/T 16751.1-2023), Part
2: Syndromes (GB/T 16751.2-2021), and Part 3: Therapeu-
tic Methods (GB/T 16751.3-2023); the Pharmacopoeia of
the People’s Republic of China; and the ICD-11 (Interna-
tional Classification of Diseases, 11th Revision). Synonyms,
near-synonyms, abbreviations, and alternative expressions
were standardized, and entity alignment and deduplication
reduced redundant knowledge [21-25]. Conflicting informa-
tion from different sources was retained with its provenance
rather than overwritten or deleted. Publication and evidence
unit identifiers preserved source differences and the traceabil-
ity of each knowledge statement.

Knowledge Storage and Visualization

Neo4j (Neo4j Inc) was used to store and manage the
integrated knowledge. Instances of diseases, syndromes,
symptoms and signs, and Chinese patent medicines were
represented as nodes. Semantic associations were represen-
ted as relationships, and entity characteristics and evidence
information were stored as properties [26]. Publication
identifiers, evidence unit identifiers, and other source
information were retained during import to link the graph
knowledge to the original evidence.

Graph creation, updating, and querying were implemen-
ted primarily in Cypher (Neo4j Inc). Reviewed and nor-
malized entities, relationships, and attributes were imported
in batches according to the predefined schema. Unique
identifiers and entity matching rules supported node merging
and relationship creation while limiting duplicate nodes and
redundant relationships. Cypher pattern matching and path
queries enabled retrieval across diseases, syndromes, clinical
manifestations, medicines, and associated attributes, including
multihop queries and tracing of evidence sources [27]. Neo4j
visualization was used to display the resulting networks and
evidence-based diagnostic and treatment knowledge paths.
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Development of the Graph-Based
Question-Answering System

System Overview

We developed a RAG question-answering system to enable
interactive retrieval and use of structured clinical knowledge.
The system combined the natural language understanding and
generation capabilities of an LLM with Neo4j’s structured
retrieval capabilities. For questions about Chinese patent
medicines in pediatric influenza, the system retrieved curated,
traceable graph evidence rather than relying entirely on the
model’s parametric knowledge. The Python implementation
comprised question parsing, entity recognition and linking,
structured graph retrieval, and evidence-constrained answer
generation.

Intent Parsing and Entity Linking

The system used DeepSeek-Flash to parse each natural
language question and identify information relevant to the
ontology, including symptoms and signs, syndromes, patient
characteristics such as age, and medicine-related, treatment-
related, or safety-related query intents. To limit entity
drift during generation, outputs were restricted to prede-
fined entity types and query categories. Recognized entities
were normalized and matched to standardized Neo4j nodes.
Entities that could not be reliably matched were not forcibly
linked.

Structured Graph Retrieval

After entity linking, the system selected a predefined Cypher
template based on the recognized entities and query intent
and passed the standardized entities as parameters to Neo4;.
Templates covered medicine recommendations, indications,
symptom-syndrome matching, dosing and administration,
contraindications, adverse reactions, and evidence prove-
nance. This design was intended to reduce syntax errors and
retrieval path instability associated with unrestricted LLM-
generated text-to-Cypher queries. Retrieval followed the node
types and relationship paths defined in the ontology and
returned a relevant subgraph containing entities, relationships,
properties, and evidence sources. Age-related and dose-rela-
ted information was further filtered using applicable graph
properties and conditions. Publication and evidence unit
identifiers were retained for provenance in the generated
answers.

Evidence-Constrained Answer Generation

Retrieved entities, relationships, properties, and source
information were converted into structured context and
provided to the LLM together with the original question.
Evidence-constrained prompts instructed the model to answer
only from the retrieved graph content and not to supple-
ment medicine names, doses, indications, or safety informa-
tion with external knowledge. When graph evidence was
insufficient, the system was required to state that limitation
rather than infer an answer. Responses followed a predefined
format and, as appropriate to the query, presented medicine
names, indications or syndromes, dosing and administration,
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contraindications, adverse reactions, and evidence sources,
retaining links to the original evidence.

Both query parsing and answer generation used DeepSeek-
Flash with a temperature of 0.1 and a maximum answer
length of 1024 tokens. Retrieved structured knowledge was
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supplied as context. A Streamlit web interface supported
natural language questions, graph retrieval, and display
of evidence-constrained answers. Figure 2 summarizes the
workflow.

Figure 2. Workflow of the knowledge graph—-based RAG question-answering system. Queries undergo intent parsing, entity recognition, and entity
linking. Predefined Cypher templates (Neo4;j, Inc) retrieve a relevant evidence subgraph from Neo4j, including entities, relationships, properties,
and sources. The retrieved information and original question are supplied to DeepSeek-Flash for evidence-constrained answer generation, retaining

provenance links. RAG: retrieval-augmented generation.
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Evaluation of Answer Quality

We developed a standardized evaluation set from the clinical
evidence incorporated into the knowledge graph. The research
team designed questions using guidelines, expert consen-
sus statements, and structured evidence. The 80 questions
comprised medicine recommendations (n=24), evidence
reasoning (n=20), evidence provenance (n=20), and safety
(n=16). They addressed syndrome differentiation, therapeutic
principles, medicine recommendations, dosing and admin-
istration, evidentiary support and provenance, contraindica-
tions, and adverse reactions. Reference answers were based
on the original publications and evidence units specified the
core assessment criteria and acceptable answers for each
question.

Each question was submitted to a standalone LLM and a
knowledge graph—enhanced LLM (KG-LLM). Each model
generated 1 answer per question, yielding 160 answers
and 80 pairs. Both configurations used DeepSeek-Flash
with a temperature of 0.1 and a maximum answer length
of 1024 tokens. The standalone LLM did not retrieve
graph knowledge or receive graph-derived evidence context.
KG-LLM followed the predefined Neo4j retrieval workflow
and generated answers from the retrieved knowledge and
source evidence. Before assessment, answers were randomly
ordered and assigned anonymous codes. Three experts with
clinical experience in TCM pediatrics independently rated the
answers while blinded to their model of origin.

Answer quality was assessed using core task accuracy,
completeness, and unsupported factual content. Accuracy
measured the correctness of core medical facts and task
conclusions. Completeness measured coverage of the key
information requested by the question. Both were scored from
0 to 5, with higher scores indicating better performance.
Unsupported factual content was defined as the presence

https://ai.jmir.org/2026/1/e101648

of at least 1 factual statement without sufficient evidenti-
ary support and was classified as present, not identified, or
indeterminate.

Each answer was independently assessed by all 3 experts.
Final accuracy and completeness scores were the arithmetic
means of the 3 ratings. For unsupported factual content,
a majority rule specified before unblinding was applied: a
determinate judgment shared by at least 2 experts was used
as the final classification; otherwise, the answer remained
indeterminate. All individual ratings were retained for
interrater reliability analysis.

Exploratory End-User Usability
Evaluation

Five physicians from different specialties participated in a
small exploratory evaluation of usability and user experience.
Following standardized instructions, participants used the
web interface for approximately 10 to 15 minutes, independ-
ently posed questions about Chinese patent medicines for
pediatric influenza, reviewed answers and evidence sources,
and attempted to locate the corresponding publications and
evidence passages in an accompanying repository of original
PDFs. Overall usability was assessed with the 10-item System
Usability Scale (SUS) [28]. Items used a 5-point response
scale and were converted to a score from 0 to 100 according
to standard scoring rules, with higher scores indicating greater
perceived usability. Six study-specific 5-point Likert items
assessed ease of use, perceived usefulness, ease of locat-
ing evidence, ease of verifying evidence, comprehensibility,
and intention to use. Participants also selected a self-repor-
ted evidence-location outcome and could provide optional
suggestions. This evaluation assessed subjective experience
and self-reported evidence location; it did not objectively
validate provenance accuracy or clinical outcomes.

JMIR AI 2026 | vol. 51e101648 I p. 5
(page number not for citation purposes)


https://ai.jmir.org/2026/1/e101648

JMIR Al

Statistical Analysis

Descriptive and paired inferential analyses compared the
standalone LLM and KG-LLM. Accuracy and complete-
ness were summarized as means and SDs. Answers to the
same question formed the unit of pairing. Between-model
differences were assessed using the Wilcoxon signed-
rank test, with the matched-pairs rank-biserial correlation
calculated as an effect size. Unsupported factual content was
compared using the exact McNemar test, restricted to pairs in
which both answers received determinate classifications.

Intraclass correlation coefficients (ICCs) assessed
agreement among the 3 experts for accuracy and complete-
ness [29], and Fleiss % assessed agreement for unsupported
factual content [30]. Bootstrap methods were used to estimate
95% ClIs for paired differences. Sensitivity analyses examined
the influence of indeterminate records. The Holm method
adjusted the 3 primary comparisons for multiple testing, with
adjusted P<.05 considered statistically significant.

Usability outcomes were summarized descriptively. SUS
scores were reported using the mean and SD, median and IQR
(25th-75th percentiles), and range. Quartiles were calcula-
ted using linear interpolation. Each study-specific Likert
item was reported separately using the mean and SD; no
composite score was calculated. Self-reported evidence-loca-
tion outcomes were summarized as counts and percentages,
and open-ended feedback was summarized thematically. No
inferential testing was conducted for the usability evaluation
because of its small sample. Analyses of model answer
quality were performed in Python (version 3.13).

Knowledge Graph Updating

A version-controlled updating mechanism was designed to
support long-term maintenance and alignment with emerging
clinical evidence. Newly published or revised guidelines,
expert consensus statements, and other relevant high-qual-
ity evidence would undergo the same source registration,
evidence segmentation, and ontology-constrained extraction
processes used in initial construction. Candidate knowledge
would be compared with the current knowledge base and
classified as new, unchanged, modified, or conflicting before
manual verification and incorporation. Each knowledge item
would retain its source publication, evidence unit identifier,
validity period, update status, and replacement relationships.
Superseded knowledge would be marked as inactive or
replaced rather than deleted, preserving the historical record.
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Each update would receive a unique version number and a
record of the evidence cutoff date and principal changes,
supporting current knowledge retrieval, historical tracing, and
rollback when needed.

Ethical Considerations

Evidence extraction, knowledge graph construction, and
system development used published and lawfully accessed
clinical practice guidelines, expert consensus statements,
and clinical studies. These activities did not involve recruit-
ment of children, clinical intervention, collection of human
biological samples, or collection of identifiable patient
information. The authors’ rationale for not seeking ethics
review of the literature-based component was Article 32 of
China’s Measures for Ethical Review of Life Science and
Medical Research Involving Human Subjects, which provides
for exemption from ethics review for public-data research
meeting specified conditions [31].

Three experts in TCM pediatrics independently evaluated
model answers under blinded conditions, and 5 physicians
participated in the exploratory usability evaluation. No formal
ethics approval or exemption determination was obtained for
these evaluations. Physicians participating in the usability
evaluation were informed in advance that their evaluation
data would be used in a research publication and participated
voluntarily. The evaluations concerned model answer quality
and system use and did not involve treatment decisions for
actual patients or clinical outcomes.

Results

Literature Retrieval and Evidence Corpus
Development

Database searches identified 1314 records. After dedupli-
cation, 727 records remained; following title and abstract
screening and full-text retrieval, 212 publications underwent
eligibility assessment, and 142 were included. The corpus
comprised 3 clinical practice guidelines, 1 expert consensus
statement, 2 prevention and treatment plans, 113 randomized
controlled trials, 7 systematic reviews or meta-analyses, and
16 other studies. Searches of guideline repositories, professio-
nal society websites, and reference lists yielded no additional
unique eligible publications. Figure 3 presents the selection
process.
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Figure 3. Selection of publications for the evidence corpus (142 included).
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AGREE II assessments of the 3 guidelines and descriptive
assessments of the consensus statement and 2 prevention and
treatment plans indicated relatively higher scores for scope
and purpose and clarity of presentation, and lower scores for
rigor of development and applicability. Assessment results
were incorporated as source quality attributes in the graph.

Format conversion, text cleaning, and structured segmenta-
tion yielded 1294 evidence units. Unique identifiers linked
each unit to its source publication and original text location,
supporting extraction, integration, and provenance.

Ontology and Semantic Structure

The schema layer organized core concepts, properties,
and semantic relationships within the predefined evidence
scope. Knowledge dimensions included disease and diagno-
sis, clinical manifestations, TCM syndrome differentiation,
Chinese patent medicine treatment, medication regimens,
safety, and evidence sources. Disease-related knowledge
included influenza diagnosis, severity, and differential
diagnosis. Clinical manifestations included symptoms, signs,
and tongue and pulse findings. Syndrome differentiation
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v

Duplicate records removed
(n=587)

Records excluded
(n=509)

Reports not retrieved
(n=6)

Reports excluded, with reasons (n=70):
Nonpediatric influenza population (n=19)
No Chinese patent medicine
recommendation or intervention (n=23)
Insufficient extractable information on
Chinese patent medicine treatment (n=15)
Animal studies (n=6)

Narrative reviews without extractable
clinical evidence (n=7)

linked TCM syndromes to their clinical manifestations.
Medicine-related knowledge included applicable syndromes
or symptoms, ingredients, dosing and administration,
treatment duration, and combination therapy. Safety
knowledge covered contraindications, adverse reactions, and
precautions. Evidence-related concepts captured recommen-
dation strength, evidence level, source publications, and
evidence units.

Permitted semantic relationships and connection con-
straints were defined for entity types. For example, clinical
manifestations were linked to TCM syndromes, syndromes
to appropriate Chinese patent medicines, and medicines
to dosing, safety information, and supporting evidence.
Distinguishing classes, instances, attributes, and relationships
allowed individual medicines, syndromes, symptoms, and
evidence records to be represented consistently. The schema
constrained LLM-assisted extraction and supported normali-
zation, entity alignment, Neo4j instantiation, and provenance.
Figure 4 illustrates the conceptual structure of the knowledge
graph schema.
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Figure 4. Conceptual structure of the schema layer for the pediatric influenza knowledge graph. Core categories and their hierarchical relationships
cover disease and diagnosis, clinical manifestations, TCM differentiation, laboratory examinations, differential diagnosis, Chinese patent medicine
treatment, safety information, and evidence sources. TCM: traditional Chinese medicine.
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relationships were retained.

produced a graph with 3211 nodes and 19,671 relation-

Synonyms, abbreviations, and alternative names for ships across 23 entity types and 38 relationship types.
diseases, syndromes, symptoms, and medicines were mapped The graph organized dispersed clinical information into a
to standardized concepts. Original expressions were retained —queryable network connecting clinical manifestations, TCM
to preserve correspondence with the source text. Differen- ~syndromes, recommended Chinese patent medicines, dosing,
ces in recommendations, doses, treatment duration, or safety safety information, and evidence sources. Cypher path
information across publications were preserved as separate queries supported multihop retrieval and identification of the

knowledge statements with their respective sources. publications and evidence units underlying specific knowl-
. . o edge. Figures 5-7 show the overall graph and representative
Provenance was recorded during extraction. Publication subgraphs
and evidence unit identifiers linked each knowledge record to
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Figure 5. Overall structure of the pediatric influenza knowledge graph in Neo4j. The network contains 3211 nodes and 19,671 relationships. Nodes
represent different entity categories, including diseases, clinical manifestations, TCM syndromes, Chinese patent medicines, medication information,
safety knowledge, and evidence sources. TCM: traditional Chinese medicine.
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Figure 6. Representative subgraph linking a TCM syndrome, clinical manifestations, and Chinese patent medicines. The central green node
represents the wind-heat invading the exterior syndrome; pink nodes represent clinical manifestations, blue nodes represent medicines, gray nodes

represent evidence units, and the purple node represents a source publication. The medicines shown are Xiao’er Jinqiao Granules and Kanggan
Granules. TCM: traditional Chinese medicine.
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graph entities, and retrieved knowledge was returned with its
source evidence. The system indicated insufficient evidence
when the graph could not adequately support an answer.
Figure 8 shows the interface and an example interaction.

The graph-enhanced RAG system supported queries
about medicine recommendations, symptom-syndrome
matching, dosing and administration, combination therapy,
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Figure 8. User interface of the knowledge graph—enhanced question-answering system. The example interaction concerns the use of Xiao’er Chigiao
Qingre Granules. The interface displays an answer and source identifiers, illustrating how a question is connected to retrieved evidence. The

screenshot reproduces an example system output.
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Evaluation of Answer Quality

The 80 standardized questions yielded 80 answers from each
model, forming 80 pairs. KG-LLM achieved higher mean
accuracy and completeness scores than the standalone LLM.

Mean accuracy was 3.05 (SD 1.88) for KG-LLM and
2.02 (SD 1.54) for the standalone LLM, with a mean paired
difference of 1.02 (95% CI 0.59-1.45). Mean completeness
was 3.11 (SD 1.84) and 2.42 (SD 1.62), respectively, with a
mean paired difference of 0.70 (95% CI 0.26-1.12). Wilcoxon
signed-rank tests indicated statistically significant differences
after Holm adjustment (P<.001 for accuracy and P=.002 for
completeness).

Two pairs had indeterminate assessments of unsuppor-
ted factual content, leaving 78 complete pairs for analysis.

Original evidence only

Unsupported factual content was identified in 11 standalone
LLM answers (n=11, 14.1%) and no KG-LLM answers (n=0,
0%). The difference in proportions for KG-LLM minus the
standalone LLM was —14.1 percentage points (95% CI -21.8
to —6.4). The exact McNemar test indicated a significant
difference after Holm adjustment (P=.002). Extreme-case
sensitivity analyses for the 2 indeterminate answers also
retained statistical significance.

Interrater agreement was high. The average-measures ICCs
for the 3 experts were 0.984 for accuracy and 0.975 for
completeness. Fleiss » for unsupported factual content was
0.759 among 154 answers with determinate binary assess-
ments. Table 1 summarizes the primary comparisons.

Table 1. Answer quality of the standalone LLM? and KG-LLM? on standardized questions.

Outcome Standalone LLM KG-LLM Adjusted P value®
Core task accuracy, mean (SD)d 2.02 (1.54) 3.05 (1.88) <.001
Completeness, mean (SD)d 242 (1.62) 3.11(1.84) 002

Unsupported factual content, n/N (%)° 11/78 (14.1) 0/78 (0) 002

4LLM: large language model.
PKG-LLM: knowledge graph—enhanced large language model.

CAll P values were adjusted using the Holm method across the 3 primary comparisons.
dScores range from 0 to 5. Accuracy and completeness each included 80 pairs and were compared using the Wilcoxon signed-rank test.
®Presence of at least 1 unsupported factual statement. The exact McNemar test included 78 pairs with determinate assessments for both models.

Exploratory End-User Usability
Evaluation

All 5 physicians completed the usability evaluation: 2
pediatricians practicing Western medicine, 1 TCM pediatri-
cian, 1 physician from another TCM specialty, and 1 general

https://ai.jmir.org/2026/1/e101648

practitioner. The mean SUS score was 96.50 (SD 2.85), the
median was 97.50 (IQR 95.00-97.50), and scores ranged from
92.50 to 100.00.

Mean scores for ease of use, perceived usefulness, and

ease of locating evidence were each 5.00 (SD 0.00). The

JMIR AI 2026 | vol.51e101648 | p. 11
(page number not for citation purposes)


https://ai.jmir.org/2026/1/e101648

JMIR Al

mean score was 4.60 (SD 0.55) for ease of verifying evidence
and 4.80 (SD 0.45) for both comprehensibility and intention
to use. Of the 5 participants, 4 (80%) reported locating
both the original publication and the corresponding evidence

Table 2. Exploratory end-user usability outcomes among 5 physicians.

Lietal

passage, whereas 1 participant (20%) located the publication
but not the specific passage. Open-ended feedback suggested
expanding treatment information and improving the display
of original evidence excerpts. Table 2 presents the results.

Outcome

Result

SUSP score, mean (SD)

SUS score, median (IQR€)

Study-specific Likert items, mean (SD)d
Ease of use
Perceived usefulness
Ease of locating evidence
Ease of verifying evidence
Comprehensibility
Intention to use

Self-reported evidence location, n/N (%)°

Located the publication and corresponding evidence passage

Located the publication but not the specific evidence passage

96.50 (2.85)
97.50 (95.00-97.50)

5.00 (0.00)
5.00 (0.00)
5.00 (0.00)
4.60 (0.55)
4.80 (0.45)
4.80 (0.45)

4/5 (80)
1/5 (20)

bSUS: System Usability Scale. Scores range from 0 to 100.
°IQR reported as the 25th-75th percentiles.

dEach item was rated on a 5-point scale; higher scores indicate more favorable ratings. Items were analyzed separately.
®Evidence-location outcomes were self-reported and were not independently verified.

Discussion

Principal Findings

This study developed a traceable knowledge graph and
a graph-enhanced question-answering system for Chinese
patent medicines in pediatric influenza. The graph inte-
grates symptoms, TCM syndromes, medicines, dosing
and administration, treatment duration, contraindications,
adverse reactions, and provenance. Knowledge is organized
along clinical manifestation-syndrome-treatment pathways,
reflecting the logic of syndrome differentiation and treat-
ment. Medicine recommendations are linked to applicable
populations, dosing regimens, treatment duration, evidence
levels, and recommendation strength. Explicit links to safety
information and source evidence provide a foundation for
structured clinical knowledge retrieval and decision support.

Comparison With Prior Work and
Methodological Contributions

Existing disease-specific knowledge graphs have supported
gastric cancer treatment recommendations, diabetic kidney
disease knowledge discovery, and migraine knowledge
representation [13-15]. More closely related TCM question-
answering studies include the Duan et al [20] system based
on historical case records and the Chen et al [32] Jin San
Zhen therapy system. These precedents show that combin-
ing graph retrieval with LLM generation is an established
research direction. The present study applies this approach
to a defined pediatric influenza medicine domain, emphasiz-
ing links among clinical manifestations, syndromes, dosing,
safety information, and supporting evidence. Outside TCM,

https://ai.jmir.org/2026/1/e101648

DR.KNOWS used relevant graph paths to support diagnosis
generation from electronic health records [33]. Differences
in clinical domain and evaluation task should be considered
when interpreting these related systems.

Evidence provenance is also addressed in prior systems,
including iDISK2.0-RAG, MedGraphRAG, and the Jin San
Zhen question-answering system [8,9,32]. In our implemen-
tation, publication identifiers, evidence unit identifiers, and
source text were recorded during extraction and preserved
throughout integration and storage, allowing graph knowl-
edge to be traced to specific passages. Conflicting state-
ments were retained with their respective sources, preserving
heterogeneity across the underlying evidence.

The system also used predefined Cypher templates
selected by query intent rather than unrestricted LLM-gen-
erated queries. The LLM was used chiefly for natural
language understanding, entity recognition, and answer
formulation, while retrieval of medical knowledge was
constrained by predefined graph paths and query rules. This
design was intended to reduce retrieval drift, syntax errors,
and irreproducibility. Retrieved knowledge and provenance
were supplied as context, and evidence-constrained prompts
restricted answers to retrieved content. When the graph
provided insufficient support, the system reported insufficient
evidence instead of supplementing the answer with paramet-
ric knowledge.

Effects of Graph Enhancement on
Answer Quality

Across 80 paired questions, KG-LLM achieved significantly
higher accuracy and completeness than the standalone LLM.
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These findings suggest that structured retrieval and evidence
constraints can improve performance on a defined medi-
cal question-answering task. Ontology-constrained relation-
ships among clinical manifestations, syndromes, medicine
recommendations, dosing, and safety information, together
with source links and predefined queries, provided question-
relevant context and reduced reliance on parametric knowl-
edge.

The direction of our findings is consistent with
source-grounded clinical question answering in Almanac
and graph-based question answering in iDISK2.0-RAG [4,
8]. However, different corpora, question formats, model
configurations, and outcome measures preclude direct
comparisons of performance. The MIRAGE benchmark also
shows that retrieval benefits are task- and configuration-
dependent [7].

KG-LLM also generated less unsupported factual content.
Among 78 evaluable pairs, 11 standalone LLM answers
contained at least 1 unsupported factual statement, whereas
none were identified in KG-LLM answers. This find-
ing may reflect the evidence-constrained generation strat-
egy: provenance links supplied source-grounded context,
and insufficient-evidence responses limited unsupported
supplementation. However, these results do not establish that
knowledge graphs eliminate LLM hallucinations or demon-
strate improved safety in clinical practice.

Evidence support, therefore, warrants separate assessment
from overall task accuracy. Retrieve-Then-Verify identi-
fied unsupported claims despite relatively strong task-level
performance, although it evaluated already generated outputs
rather than a generation-time RAG intervention [5]. In a drug
safety auditing study, explicitly enforced evidence bounda-
ries reduced unsupported reassurance, with the boundary
determined by the supplied evidence and prompting policy
[34]. These studies reinforce the need to retain an insufficient-
evidence response and evaluate source support directly.

The findings support using knowledge graphs as an
external retrieval resource and knowledge constraint for
medical question answering within a predefined evidence
scope. Nevertheless, accuracy and completeness remained
improvable. We did not separately evaluate the contributions
of graph retrieval, evidence-constrained prompting, or other
system components. The results therefore characterize the
combined framework’s technical performance on predefined
tasks; its value for complex questions and actual clinical care
requires further investigation.

Usability and Evidence-Provenance
Experience

The exploratory evaluation among 5 physicians suggested
high perceived usability during brief use. Participants rated
ease of use, perceived usefulness, and ease of locating
evidence favorably. Although all 5 reported locating source
publications, 1 could not locate the specific evidence passage,
and ease of evidence verification received a comparatively
lower score. Providing source information therefore does
not necessarily make verification straightforward. More
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precise location information and improved presentation of
source excerpts may improve the experience. These findings
provide preliminary evidence of usability but do not establish
workflow efficiency or effects on clinical decisions.

Limitations

The study has several limitations. First, although ontology
constraints and manual verification supported consistent
knowledge extraction, the representation of complex clinical
meaning may still have been influenced by model perform-
ance and human judgment. Errors in graph contents or the
selection of irrelevant paths may propagate into answers,
as illustrated by the error analysis in DR.KNOWS [33].
Second, evaluation questions and reference answers were
developed primarily from the same evidence base used to
construct the graph. This was an internal evaluation within a
defined evidence scope and may not capture the complexity
of real clinical questions. Third, the small usability sample
may be subject to selection and subjective assessment biases.
The evaluations were not conducted within actual clinical
workflows. Generalizability, long-term usability, and clinical
safety remain to be established.

Future Directions

Future work should validate the system using independent
test sets, multiple institutions, and different user groups. Such
studies could assess usability, evidence retrieval efficiency,
user acceptance, and stability across settings and explore
integration with electronic health records or clinical infor-
mation systems. Applications involving actual treatment
decisions or patient outcomes require prospective, multicen-
ter evaluation of effectiveness and safety. Future studies
conducted in real clinical settings should use an appropriate
reporting framework, such as DECIDE-AI (Developmental
and Exploratory Clinical Investigations of Decision Support
Systems Driven by Atrtificial Intelligence) for early-stage live
clinical evaluation [35]. The version-control and provenance
mechanisms could support regular incorporation of new or
revised guidelines, consensus statements, and other high-qual-
ity evidence, with conflict checking to maintain currency.
Further work combining natural language processing and
graph reasoning may improve representation of complex
syndromes, changing clinical conditions, and individualized
information while retaining source traceability and evidence
constraints.

Conclusions

We integrated clinical evidence on Chinese patent med-
icines for pediatric influenza through evidence segmen-
tation, ontology development, and knowledge extraction
and integration to construct a structured, traceable knowl-
edge graph and a graph-enhanced LLM question-answer-
ing system. The system supported interactive retrieval
and provenance through structured graph queries and
evidence-constrained generation. On standardized questions,
KG-LLM achieved higher accuracy and completeness and
less unsupported factual content than a standalone LLM.
A small exploratory evaluation also indicated high per-
ceived usability. This framework offers a feasible approach
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to organizing clinical knowledge, tracing evidence, and generalizability, practical effectiveness, and safety in clinical
supporting source-grounded question answering, while its care require further validation.
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