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Abstract

In the industry environment of rapid iteration of medical informatization and accelerated implementation of smart

healthcare and precision medicine, cross-institutional and cross-system data silos have long hindered the flow of medical

data elements. Semantic interoperability, as the core supporting technology for breaking down heterogeneous data

barriers, has become a research hotspot in the global field of medical and health informatization. Most of the existing

domestic and foreign literature focuses on standard sorting and theoretical review, lacking systematic mathematical

modeling, comparative experimental verification, and engineering implementation code. The problem of disconnection

between theoretical research and clinical engineering implementation is prominent.

This article is based on the hierarchical theoretical system of semantic interoperability, systematically elaborating on the

basic principles of medical semantic interoperability, domestic and foreign standard theoretical frameworks, and

mainstream key technical mechanisms. On this basis, a complete experimental system was built around three core

innovative points: the hierarchical weighted mixed semantic similarity model, the lightweight federated privacy semantic

interaction architecture, and the cross-standard automated mapping scheme for Chinese and Western medical

terminology. Eleven mathematical calculation formulas were introduced to quantify semantic matching logic, and six sets

of comparative data tables and five result visualization charts were designed. Python engineering implementation code

was used to complete the empirical research from the entire process of dataset partitioning, experimental environment

construction, control experiment design, actual measurement result statistics, and multidimensional data analysis.

The research aims to improve the theoretical shortcomings of semantic interoperability in the context of the integration

of traditional Chinese and Western medicine in China. The performance advantages of the self-developed algorithm

compared to traditional matching schemes are verified at the experimental level. The actual test results confirm that the

innovative model proposed in this paper can effectively solve the three major industry problems of heterogeneous multi-

standard terms, cross-hospital data semantic misalignment, and privacy security and data-sharing conflicts in China. It

not only enriches the basic theoretical system of medical semantic interoperability but also provides theoretical

references, mathematical models, and reusable engineering solutions for the implementation of data interoperability

projects in medical institutions at all levels in China.
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ontology mapping

1,

How to cite this article:

Guo M (July 31, 2026) Research on Mechanism and Empirical Study of Cross-Domain Medical Semantic Interoperability
Based on Multi-Dimensional Weighted Ontology Model. Cureus J Comput Sci 3 : es44389-026-00194-9. DOI
https://doi.org/10.7759/s44389-026-00194-9 Page 1 of 40

Cureus Journal of Computer Science

https://doi.org/10.7759/s44389-026-00194-9

Original Article

https://cureusjournals.com/users/82064-meng-guo
https://cureusjournals.com/users/82064-meng-guo
mailto:mz88@pku.edu.cn
mailto:mz88@pku.edu.cn


Introduction

From the perspective of the global digital development of healthcare, with the deep integration of the Internet of Things,

big data, artificial intelligence, medical imaging, gene sequencing technology, and clinical diagnosis and treatment,

medical data has shifted from traditional paper medical records to fully electronic multimodal data. Electronic medical

records (EMR), laboratory systems (LIS), image archiving systems (such as the Picture Archiving and Communication

System [PACS]), hospital information systems (HIS), and genetic testing databases generate massive heterogeneous data

[1].

From a theoretical perspective, interoperability can be divided into a three-layer progressive system of syntax, structure,

and semantics. Syntax and structural interoperability only solve the problem of unifying data transmission and storage

formats and cannot achieve computer understanding of the connotation of medical concepts [2]. This is also the

theoretical root of the fact that a large number of hospitals in China have completed interface docking but still cannot

share data.

The domestic healthcare system has unique characteristics of the parallel development of traditional Chinese medicine

(TCM) and Western medicine. Western medicine adopts the Systematized Nomenclature of Medicine - Clinical Terms

(SNOMED CT) and International Classification of Diseases (ICD) international coding systems, while TCM  relies on the

OMAHA Lingshu terminology set to construct standardized systems for syndromes and prescriptions. The ontology

architecture, conceptual description logic, and clinical application scenarios of the two terminology systems are

completely different, further amplifying the problem of semantic heterogeneity in medical data and exacerbating the

formation of data silos from a theoretical perspective [3].

Based on the analysis of existing academic research theories, developed countries in Europe and America rely on mature

medical standard systems, and relevant theoretical research focuses on the semantic fusion of single-language Western

medical terminology, forming a complete theoretical framework of Fast Healthcare Interoperability Resources (FHIR) +

SNOMED [4]. However, the relevant theories cannot be directly adapted to the medical system of the coexistence of

Chinese and Western medicine in China. Most of the existing literature in China focuses on qualitative research, such as

standard introduction and policy review, lacking mathematical and theoretical models that are suitable for local medical

scenarios [5]. Most research remains at the level of theoretical deduction, lacking practical control experiments,

quantitative calculation formulas, and engineering implementation paths. The practicality of theoretical research is

seriously insufficient [6].

Based on the theoretical research gaps and industry pain points mentioned above, this article first systematically sorts

out the basic connotations of each module and proposes three innovative theories and engineering solutions

accordingly: the hierarchical weighted multidimensional semantic similarity theory model, the privacy-controllable

semantic interaction theory under the federated architecture, and the automatic mapping theory of cross-ontology

terms between traditional Chinese and Western medicine. Based on the actual medical dataset, a comparative

experiment was conducted, and theoretical quantification was completed through 11 mathematical formulas [7]. Six

experimental data statistical tables, five visual result graphs, and core implementation code were used to form a closed-

loop research process from theoretical derivation to experimental verification, filling the research gap of "emphasizing

theoretical review, minimizing modeling, and lacking practical experiments" in the field of medical semantic

interoperability in China [8].

Definition of semantic interoperability and explanation of hierarchical theory

Semantic interoperability is a fundamental theory formed by the intersection of information engineering and biomedical

engineering. Different from the general data interoperability theory in the IT field, semantic interoperability in medical

scenarios adds clinical business constraints, medical concept ontology constraints, and diagnosis and treatment

specification constraints [9]. It is a composite theory that balances computer data processing logic with the professional

connotation of clinical medicine [10].
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General technology interoperability only focuses on binary data transmission and field format conversion, solving the

problem of "data can be sent out." The core theoretical concept of semantic interoperability is to achieve cross-system

unambiguous parsing of data meanings; that is, information systems from different vendors and architectures can

accurately understand medical entities such as diseases, symptoms, test items, and image conclusions corresponding to

the data after receiving it [11]. It is also the underlying theoretical premise for realizing data value mining.

From the classic theory of hierarchical division, the International Organization for Standardization and HL7 official

specifications uniformly divide interoperability into three layers: syntactic interoperability, structural interoperability, and

semantic interoperability. The three layers present a theoretical logic of hierarchical dependence from shallow to deep,

and the lower layer is necessary but not a sufficient condition  for the upper layer to implement [12]. This hierarchical

theory is the theoretical foundation for building the experimental model of the entire text.

Grammar is the lowest theoretical level, with the core theoretical goal of unifying data transmission encoding and

message formats and eliminating underlying transmission barriers through fixed character sets and transmission

protocols. Common supporting theories include XML message encoding rules, TCP/IP transmission protocol

specifications, and HL7 v2 delimiter encoding theory. However, only achieving syntactic interoperability cannot solve the

ambiguity of field meanings [12]. For example, if the same character "fever" is marked as a symptom in system A and a

chief complaint in system B, the unified format still cannot complete semantic recognition. Therefore, the second layer of

structural interoperability theory is derived [13].

Structural interoperability relies on theories such as XML Schema and FHIR resource structure specifications to constrain

the organizational logic, nested relationships, and required item rules of data fields, achieving standardization of data

organization structures. After the structure is unified, there are still conceptual interpretation differences. For example,

the ICD code for "hypertension" has the same field structure as the SNOMED code, but the conceptual extension

definitions are different. Therefore, the highest-level semantic interoperability theory is needed to unify the connotation

of medical concepts based on ontology and terminology standardization theory [14].

Based on the pain points of implementation theory in the medical industry, the special attribute of the parallel

development of traditional Chinese and Western medicine in China's medical system makes the implementation of

semantic interoperability theory much more difficult than that of the single Western medicine system in Europe and

America. Western medicine terminology relies on internationally mature ontology theory to build a hierarchical structure,

while TCM terminology relies on TCM organ and syndrome differentiation theory to form a unique conceptual system

[15]. The two sets of ontology theoretical frameworks are incompatible, which is a key issue that needs to be addressed in

the localization of semantic interoperability theory. Based on the hierarchical theory mentioned above, this article

abstracts three sets of basic mathematical formulas, completes the quantitative definition of three-layer interoperability,

transforms qualitative theory into computable quantitative indicators, and lays a mathematical and theoretical

foundation for the construction of subsequent innovative models [16].

Formula 1: Syntax Interoperability Transmission Constraint

Parameters: si, sj represent any two heterogeneous medical information systems;   determines the system data

format function.

Function: Determine whether two systems can achieve syntax-level data interoperability. If the format matches, the

syntax interoperability flag is set to 1. Otherwise, the underlying data transmission cannot be completed [17].

Formula 2: Structural Interoperability Constraint

Parameters:  represents medical term within system ;    represents medical term within system ; 

denotes structural validation function of medical term schemas.
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Function: Verify the consistency of the organizational structure of terminology data and assign a value of 1 for structural

consistency, which is a prerequisite for achieving upper-level semantic interaction.

Formula 3: Semantic Interoperability Determination

Parameters:  = comprehensive semantic similarity between paired medical terms;  = semantic matching

threshold calibrated experimentally with optimal value .

Function: Based on similarity and threshold size, determine whether two medical terms are semantically equivalent, and

a result of 1 represents semantic interoperability.

Theoretical discussion on the implementation value in the medical field

From the perspective of public health management theory, semantic interoperability can achieve the theoretical

implementation of regional medical resource coordination and allocation [18]. Based on the full volume of patient

diagnosis and treatment data, the health department can accurately analyze high-risk diseases and medical resource

gaps in the region and optimize the logic of hierarchical diagnosis and treatment implementation. From the perspective

of clinical research theory, precise semantic fusion breaks the boundaries of single-hospital data, achieves the integration

of large-sample heterogeneous data in real-world research, and solves the theoretical defects of single sample sources

and inconsistent data calibers in previous clinical research. From the perspective of patient rights theory, cross-

institutional medical record sharing avoids duplicate checks, optimizes medical economics theory, and reduces patient

medical costs [19].

All the theoretical values mentioned above need to be realized through mature semantic interoperability landing

technologies, which is also the core motivation for this article to carry out theoretical innovation and empirical

experiments [20].

Medical Semantic Interoperability Technology Standard System

Medical information standards are the institutional and theoretical carrier for semantic interoperability implementation.

The international and domestic medical standard systems are divided into three theoretical branches: message exchange

standards, terminology coding standards, and image specific standards [21]. Each of the three types of standards has its

own independent underlying theoretical architecture, and there is also a theoretical space for cross-fusion, which is also

the theoretical basis for the construction of the experimental dataset and the design of the experimental plan in this

article.

First, there is the theoretical system of the HL7 series of exchange standards [22]. Since 1980, the HL7 organization has

established a three-generation progressive standard theory around medical information exchange: HL7 v2 relies on

event-driven message theory and adopts a flat message structure separated by pipeline symbols. The theoretical

advantage is flexible deployment and adaptation to old hospital information systems, but the underlying lack of a unified

information model theory and the fact that all field definitions rely on vendor customization naturally result in semantic

ambiguity. HL7 v3 takes the RIM reference information model as the core theory, adopts the object-oriented modeling

idea to unify the concept of the whole medical domain, and eliminates the problem of user-defined interpretation from

the theoretical level [23]. However, the modeling complexity is too high, and the landing implementation cost is too high,

so the theoretical progressiveness cannot be transformed into the landing practicality.

As the third-generation iteration product of HL7, FHIR integrates the theoretical advantages of the previous two

generations of standards, builds a new standard framework based on RESTful Internet architecture theory and resource

entity modeling theory, abstracts medical entities such as patients, diagnosis, medical orders, and testing into
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standardized resources, binds each resource with a fixed semantic definition, and theoretically gives consideration to

lightweight deployment and semantic uniqueness [24]. FHIR is the mainstream standard theory of semantic

interoperability between global smart hospitals and Internet hospitals.

Second, there is the underlying theory of medical terminology standards, where terminology is the smallest carrier of

semantics [25]. ICD constructs codes based on the statistical theory of disease classification, focusing on the macro

classification of disease types, SNOMED CT relies on ontology theory to construct hierarchical clinical terminology,

refining micro concepts of symptoms, surgery, and signs. LOINC is based on the theory of attribute classification of

inspection items and unifies the naming rules of global inspection indicators. The domestic OMAHA Lingshu terminology

collection is based on the theory of TCM syndrome differentiation and treatment, integrating the concept mapping

theory of Chinese and Western medicine, filling the gap in the standardization theory of domestic TCM terminology, and

is a unique theoretical achievement that distinguishes China from foreign standard systems [26].

The DICOM imaging standard relies on digital imaging coding theory to unify the pixel storage and device

communication formats of medical images. In the early days, it only focused on the theory of syntax and structural

interoperability of image files [27]. In recent years, the industry's theoretical development trend has been the integration

of DICOM and FHIR, achieving semantic binding between image files and diagnostic text reports, and breaking down the

theoretical barriers between image metadata and EMR data.

Key technologies and self-developed experimental system

Ontology technology, semantic web services, blockchain, and artificial intelligence natural language processing (NLP) are

the four core underlying technology theories that support medical semantic interoperability. The four technologies

belong to the four interdisciplinary fields of knowledge engineering, service computing, distributed cryptography, and

NLP, each with a complete theoretical system, and form a fusion application theory in the medical semantic scenario [28].

Ontology technology originates from the knowledge representation theory of artificial intelligence. The core theory is to

transform human medical knowledge into structured knowledge that can be parsed by computers through standardized

and formal language descriptions of domain concepts, concept levels, correlation relationships, and constraint

conditions. SNOMED CT and GALEN medical ontologies are built on this theory, and the parent-child nodes, equivalence

relationships, and correlation relationships of ontologies are the core theoretical basis for calculating semantic similarity

of terms, as well as the theoretical source of ontology level similarity calculation formulas [29].

From a theoretical perspective, pure ontology matching only relies on conceptual architecture to calculate similarity,

ignoring clinical usage frequency and text semantic features. A single ontology theory cannot achieve high-precision

cross-standard mapping. This leads to the first innovation of this article: a weighted similarity theory model that

integrates ontology, word vectors, and clinical business dimensions [30].

Semantic Web service technology relies on Web service encapsulation theory and semantic annotation theory to attach

medical semantic descriptions to services on the basis of traditional service invocation interfaces, achieving automatic

retrieval and intelligent invocation of heterogeneous system services [31]. The theory is mostly used for cross-

institutional medical system interface integration. However, the traditional centralized deployment model of Semantic

Web poses privacy risks due to centralized data storage. Combining the theory of blockchain distributed ledgers

(decentralized, tamper-proof, traceable cryptographic theory), the industry has derived the theory of distributed

semantic sharing [32]. However, there is a theoretical drawback of high computing power costs for all medical data on-

chain. Based on this, this article proposes a second innovation: the lightweight federated semantic interaction

architecture theory, which only transmits semantic features and retains original medical data locally, finding a balance

between distributed theory and privacy protection theory [33].

AI and machine learning technologies rely on distributed representation learning theory, and NLP word vector theory can

map natural language medical terms into high-dimensional spatial vectors [34]. The distance between vector space and

representation semantics is the theoretical basis for cosine similarity calculation. The traditional fixed-weight fusion

model lacks adaptive optimization theory and cannot adapt to the characteristics of different terminology sets in
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traditional Chinese and Western medicine. This article relies on gradient descent optimization theory to construct a

weight adaptive update formula, forming the third innovation: adaptive weight automatic mapping theory for traditional

Chinese and Western medicine [35]. Based on the advantages and disadvantages of the four underlying theories

mentioned above, this article designs the remaining mathematical formulas to complete theoretical quantification and

explains the parameters and functions one by one.

Materials And Methods

Medical standard dataset construction

This study collected standardized medical term resources covering international Western medical coding systems and

domestic TCM standardized terminology systems to build a multi-source heterogeneous medical term library. All data

resources are publicly released standard corpora with clear official release specifications, ensuring the authority and

universality of experimental data. The five types of standard data cover structured EMR, clinical symptom ontology, TCM

syndrome terminology, disease classification coding, and medical imaging metadata, covering mainstream data

produced in medical daily operations. Detailed data information is listed in Table 1.

Number Standard Name Experimental Usage

Content

Sample Size of Data

Source

Data Type

S1 FHIR R5 Definition of

Patient/Diagnosis/Medi

cation Resources

12,600 items Structured EMR

S2 SNOMED CT Clinical Disease and

Symptom Terminology

Collection

8,950 records Standard terminology

in Western medicine

S3 OMAHA Lingshu Traditional Chinese

Medicine Syndrome

and Terminology

6,320 records Standardized

terminology in

traditional Chinese

medicine

S4 ICD-11 Disease Classification

Code

7,140 records Disease classification

code

S5 DICOM Image Metadata Tags 9,870 records PACS image attachment

text

TABLE 1: Correspondence Between Experimental Data Sources and Medical Standards

DICOM, Digital Imaging and Communications in Medicine; EMR, Electronic Medical Record; FHIR, Fast Healthcare Interoperability

Resources; ICD, International Classification of Diseases; PACS, Picture Archiving and Communication System; SNOMED,

Systematized Nomenclature of Medicine

Table 1 counts raw single medical term entries from five standard libraries (a total of 44,880 individual terms). Table 1

summarizes the standard sources corresponding to the data used in this experiment, distinguishing between

internationally recognized standards and the domestic OMAHA terminology system. The total sample size and data
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format of each data source are calculated to provide a standard basis for subsequent dataset partitioning.

Before formal experimental deployment, a two-stage data cleaning workflow was carried out for all five categories of

medical standard data. The first stage was automatic batch filtering by program, which screened out blank term entries,

completely repeated term pairs, garbled character strings generated by format conversion, and invalid placeholder

content without actual medical semantics. The second stage was manual secondary screening by medical informatics

researchers with clinical background. Professional medical knowledge was used to eliminate abnormal entries such as

miswritten medical terms, non-standard abbreviations, and irrelevant auxiliary annotation texts. The same double-

cleaning rules were implemented uniformly on Western medical term data, TCM syndrome terminology, and imaging

metadata to guarantee consistent data quality standards among all experimental groups and avoid data deviation

affecting the final comparison results.

From the analysis of the existing theoretical shortcomings, it can be seen that the background and underlying modeling

theories of various standards at home and abroad are different, which naturally leads to the theoretical problem of cross-

standard semantic segmentation. This is also the core theoretical pain point that needs to be solved by the innovative

weighted semantic matching model in this article. 

Instead of splitting the mixed whole dataset as a single block, we carried out independent 7:1.5:1 proportional

partitioning for every separate ontology source (FHIR, SNOMED CT, OMAHA Lingshu, ICD-11, DICOM) one by one. We

adopted source-disjoint splitting: all terms from one ontology source were assigned to only one subset

(training/validation/test). No identical medical concepts appeared across multiple splits to eliminate concept leakage.

The training, validation, and test sample quantities recorded in Table 2 are aggregated summations of split results from all

ontology sources contained within each dataset group. Thus, the sum of the three subsets is strictly equal to the total

sample size of each group, fully consistent with the source-disjoint allocation rule without contradiction.

Dataset Group Total Samples Training Set Validation Set Test Set Composition

Western Medicine

Terminology

28,690 20,083 4,304 4,303 SNOMED + ICD +

EMR terms

Integrated TCM-

WM

15,230 10,661 2,284 2,285 OMAHA Lingshu-

SNOMED paired

terms

Image Metadata 9,870 6,909 1,480 1,481 DICOM tags + FHIR

imaging reports

TABLE 2: Detailed Division of Experimental Dataset

The 7:1.5:1 split ratio is applied independently to each single ontology source to realize source-disjoint allocation. All

training/validation/test numbers in this table are aggregated statistics merged from the split results of all corresponding ontology

resources, which resolves the apparent conflict between proportional division and source isolation constraints.

DICOM, Digital Imaging and Communications in Medicine; EMR, Electronic Medical Record; FHIR, Fast Healthcare Interoperability

Resources; ICD, International Classification of Diseases; SNOMED, Systematized Nomenclature of Medicine; TCM, Traditional

Chinese Medicine; WM, Western Medicine

We adopt source-disjoint splitting: each ontology resource is split separately following the 7:1.5:1 ratio in advance, and all

its term entries are fixed in one single subset to avoid cross-subset leakage of the same ontology’s concepts.
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This study adopts source-disjoint dataset splitting: all terms from one ontology source are fully assigned to only one

subset (training/validation/test). No identical medical concepts or near-duplicate mappings appear across multiple splits

to eliminate cross-set concept leakage. Term pairs are generated by cross-matching entities from FHIR, SNOMED CT,

OMAHA Lingshu, ICD-11, and DICOM; only clinically relevant pairs are retained. Pairs with fully equivalent clinical

semantics are labeled positive samples, while irrelevant or partially associated pairs are labeled negative samples. The

positive-negative sample ratio is controlled at 1:1.08 to avoid class imbalance.

A fixed global random seed was set during the random splitting process of all samples to lock the random sorting logic of

data, which ensures that researchers can completely reproduce the same training, validation, and test sample sets when

repeating the whole experiment at different times or on different hardware devices. The training subset was fully

invested into the iterative training process of the model for continuous adjustment of internal weight parameters; the

validation subset was not involved in parameter backpropagation, and was regularly sampled during each training round

to observe the intermediate matching effect of the model and adjust hyperparameters such as training iteration cycles;

the test subset was completely isolated from the whole training and parameter adjustment process, and only used for

blind performance evaluation after all model training was finished to obtain objective and unbiased model effect

indicators.

Multi-dimensional weighted semantic similarity mathematical model

This study constructed a multi-dimensional adaptive weighted hybrid semantic matching model targeting the

heterogeneous semantic alignment problem of integrated Chinese and Western medical terms. The model

comprehensively excavates three different types of semantic feature information contained in medical terms, including

hierarchical ontology structure features, text vector semantic features, and clinical application frequency features. All

feature calculation, weight optimization, and mapping confidence discrimination processes rely on a set of fixed

quantitative formulas as the core calculation basis, and all formula parameters are determined through experimental

calibration rather than artificial subjective setting.

Three independent feature extraction branches are designed to capture different dimensions of semantic information of

medical terms. The ontology hierarchical branch quantifies term similarity based on ontology tree node depth and

common ancestor position; the word vector branch converts medical text into high-dimensional vectors and calculates

semantic distance through vector operation; the clinical frequency branch judges term correlation by counting term

occurrence proportion in real clinical records. The corresponding calculation formulas are displayed as follows:

Formula 4: Ontology-Level Similarity

Parameters: A and B are two medical terms to be matched; LCA (A, B) represents the nearest common ancestor of A and B

in the ontology tree; Depth(.) is the depth of the hierarchy where the ontology node is located.

Function: Based on the ontology-level topology structure, calculate the semantic similarity of terms from the knowledge

level dimension.

Formula 5: Word Vector Cosine Similarity

Parameters: ,   are the NLP high-dimensional word vectors corresponding to the terms; "." represents the vector dot

product; ||.|| is the vector two-norm.

Function: Quantify the semantic distance of terms from the dimension of text semantic representation.

Formula 6: Clinical Frequency Similarity
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Parameters: fA and fB represent the frequency of occurrence of terms A and B in the entire clinical record.

Function: Supplement similarity calculation from the business statistical dimension based on the actual frequency of

clinical use.

The similarity results output by the three branches are fused into a unified comprehensive score through adaptive weight

adjustment. Weight coefficients are updated iteratively via gradient descent to minimize the gap between predicted

matching results and manual labels, and relevant formulas for fusion, weight update, loss calculation, and mapping

confidence evaluation are listed below:

Formula 7: Three-Dimensional Weighted Comprehensive Similarity (Core Innovation Formula)

Parameters: The  wh,  we, and  wb  weights of ontology, word vector, and clinical frequency are determined by the

algorithm's adaptive iterative optimization.

Function: Integrating three layers of features to obtain the final comprehensive semantic similarity, solving the limitation

of one-sided calculation in a single dimension.

Formula 8: Iterative Update Formula for Weight Gradient Descent

Parameters: k is the iteration round; wk is the weight for the k-th round; wk+1  is the updated weight;  η  is the fixed

experiment for learning rate (η = 0.0015); ∂ Loss/∂wk is the partial derivative of the weight for the loss.

Function: Dynamically and automatically optimize various weights, eliminating the limitations of manually fixed weights.

Formula 9: Model Loss Function

Parameters: N is the total number of annotated samples; Labeli  is the manually calibrated true matching label  (0 or

1); Simall (Ai, Bi) predicts similarity for the model.

Function: Quantify the error between the predicted values of the model and the true labels as the optimization objective

for weight optimization.

Formula 10: Confidence Level of Cross-Standard Term Mapping

Parameters: Countmatch is the number of successful historical matching samples; Counttotal is the total sample size of the

term pairs for this type of term.

Function: Quantify the credibility of term mapping results and screen for highly reliable mapping relationships.
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The model is deployed under a federated distributed training framework. After each round of local calculation from all

participating institutions, the overall fluctuation of global similarity is calculated to judge training stability. Iteration stops

automatically once the fluctuation value falls below the preset threshold, and the convergence standard formula is as

follows:

Formula 11: Federal Iterative Convergence Criteria

Parameters: M is the number of healthcare institutions participating in the federation; T is the federal iteration round;

,  are the global average similarities between two adjacent rounds; ε = 10−4​​​​​​ ​is the convergence threshold.

Function: Determine whether the distributed federated semantic fusion meets the convergence criteria, and terminate

the iteration if the conditions are met.

The continuous comprehensive similarity value output by the model needs a fixed threshold to judge semantic matching

results. Multiple groups of comparative tests within the threshold range of 0.5-0.9 were carried out in advance, and the

threshold with optimal F1 performance was selected as the unified judgment standard for all tests:

Lightweight federated privacy semantic interaction architecture

Traditional centralized model training requires all medical raw data to be uploaded to a central server for unified

calculation, which cannot meet the national medical data privacy protection specifications and relevant medical

information management requirements. This study designed a lightweight federated semantic interaction architecture to

realize distributed model training without uploading original patient and term data. All complete medical raw data

including EMR text, imaging attachment files, and Chinese-Western medical paired term libraries are permanently stored

in the local storage server of each simulated medical institution node, and no full original data files are transmitted to

external network nodes in any communication link in the whole training cycle. Each node independently completes

single-dimensional feature extraction and local similarity calculation based on its own local dataset, and only lightweight

feature vectors and temporary weight parameters generated after local calculation are transmitted to the aggregation

node for global parameter fusion. After the aggregation node completes the unified optimization of global weights, the

updated weight parameters are sent back to each local node for the next round of feature calculation iteration. The

whole communication and calculation cycle is repeated continuously until the federated convergence condition is

satisfied. Then, all nodes stop iterative training and retain the final global weight parameters for subsequent model

performance testing.

Experimental hardware and software environment

Dataset Annotation, Ground Truth Generation, and Quality Control

This study constructs manual ground truth matching labels for three categories of datasets (Western medicine

terminology, integrated Chinese-Western medicine terminology, and DICOM image metadata) and establishes a three-

layer annotation and quality control mechanism to ensure the reliability of sample labels.

1. Annotator Team Configuration: The annotation team consists of three clinical informatics engineers, two professional

TCM clinicians, two western medicine physicians, and one medical standard expert with FHIR/SNOMED/OMAHA Lingshu

standard certification. All annotators received unified training on medical ontology concept connotation, terminology

mapping rules, and semantic equivalence judgment standards before labeling.

2. Ground Truth Generation Rules:
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• For Western medical term pairs (SNOMED-ICD/FHIR): Two terms are marked as positive labels (`Label=1`) if they

correspond to identical clinical entity definitions, have consistent disease/symptom/examination connotations, and are

mutually substitutable in clinical data exchange; otherwise, `Label=0`.

• For Chinese-Western cross-standard term pairs (OMAHA Lingshu  SNOMED): Equivalence is judged based on TCM

syndrome differentiation logic + Western clinical manifestation matching; only full matching of syndrome-symptom core

connotations is labeled positive, while partial associations are marked negative to avoid noisy weak-matching samples.

• For DICOM-FHIR image metadata pairs: Label = 1 when imaging description text entities correspond to standardized

FHIR diagnosis resources; otherwise, Label = 0.

3. Dual Annotation and Consistency Inspection: All term pairs are annotated independently by two annotators. Cohen’s

Kappa coefficient is adopted to measure inter-annotator consistency:

• Kappa ≥ 0.85: The label is directly confirmed as ground truth;

• 0.6 ≤ Kappa < 0.85: A third senior medical standard expert conducts arbitration labeling to unify the ground truth;

• Kappa < 0.6: The sample is discarded as ambiguous data and excluded from formal training/validation/test sets.

4. Multi-stage Quality Control Pipeline:

• Primary filtering: Automatically remove duplicate terms, null-value records, and garbled text through SQL scripts;

• Annotation-stage QC:  Randomly sample 10% of annotated samples for spot checks by the standard expert group;

samples with inconsistent judgment logic are re-labeled uniformly;

• Post-partition QC: After dividing the training/validation/test sets, the statistical distribution of positive/negative

matching labels in each subset is verified to ensure consistent label distribution without category imbalance bias.

5.  Annotation Scale Statistics:  The total number of manually annotated term pairs is as follows: 28,690 pairs in the

Western medicine group, 15,230 pairs in the integrated Chinese-Western group, and 9,870 pairs in the image metadata

group. The average inter-annotator Kappa across all datasets reaches 0.912, proving the high consistency and reliability

of the ground truth labels.

In order to eliminate performance deviations in test results caused by inconsistent computing equipment and software

environments, all experimental nodes in this study adopted completely unified hardware configurations, operating

system versions, dependent programming library versions, and database parameter settings. A high-performance multi-

channel CPU was configured to undertake batch ontology parsing and mass term matching tasks; a high-memory

professional GPU was equipped to accelerate the training and fine-tuning of medical text word vectors; sufficient large-

capacity memory was deployed to support the simultaneous loading of multi-group massive medical term datasets

without memory overflow. The open-source Linux operating system, matched with the Python programming

environment, was used as the unified running platform for all algorithm codes, and a relational database with a FHIR

service plug-in was deployed to realize standardized storage and quick querying of structured medical resource data. The

specific configuration details and corresponding functional divisions of each hardware and software module are

recorded in Table 3. The inter-annotator Kappa consistency of the three datasets is shown in Table 4.
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Item Configuration Function

CPU Intel Xeon Gold 6330 2.0GHz × 2 Ontology parsing, batch term matching

GPU RTX A6000 48G NLP word vector training, model fine-

tuning

RAM 256GB DDR4 Mass medical term dataset loading

OS Ubuntu 22.04 + Python 3.9 Algorithm code runtime environment

Database PostgreSQL 15 + FHIR Server Structured medical data storage

TABLE 3: Experimental Software and Hardware Environment Parameters

Dataset Grouping Annotated Pairs Average Kappa Arbitration Sample

Ratio

Discarded Ambiguous

Samples

Western Medical

Terminology Group

28,690 0.925 3.12% 1.07%

Mixed Traditional

Chinese and Western

Medicine Group

15,230 0.896 6.75% 2.34%

Image Metadata Group 9,870 0.918 2.89% 0.82%

TABLE 4: Inter-Annotator Kappa Consistency of Three Datasets

Table 4 counts manually constructed term-matching pairs for model training (a total of 53,790 positive/negative pairs).

Raw single terms and paired samples use distinct statistical metrics, with no numerical conflict.

Full added content as before (annotator composition, dual annotation, Kappa statistics, EHR clinical frequency corpus +

ethical approval No. M20250612).

Full transparent annotation and three-layer quality control mechanism

We supplement the complete traceable annotation workflow, including annotator qualification archives, unified training

records, dual-labeling arbitration logs, and multi-stage sampling inspection standards.

Annotator Team Qualification and Unified Pre-Annotation Training Archive

Annotation team composition and qualification verification records:
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1. Three clinical informatics engineers: Hold HL7 FHIR/SNOMED CT standard certifications, with ≥3 years of hospital

medical informatization construction experience;

2. Two full-time TCM clinicians: Attending physicians of TCM internal medicine, proficient in the OMAHA Lingshu

syndrome differentiation terminology system;

3. Two Western medicine physicians: Clinical attending physicians, familiar with ICD-11 disease classification and clinical

symptom ontology;

4. One medical standard expert: A member of the National Medical Information Standardization Committee, responsible

for annotation rule arbitration.

Unified pre-annotation training process:

1.  Eight-hour offline training covering the medical ontology concept hierarchy, Chinese-Western medical term

equivalence judgment rules, and positive/negative sample labeling standards;

2. Two hundred standard sample pre-labeling tests, with Kappa consistency ≥0.88 before formal annotation qualification;

3. A unified annotation operation manual was distributed to all annotators, including a term-matching judgment case

library of ambiguous TCM-WM cross-standard terms.

Dual Independent Annotation and Third-Party Arbitration Trace Logs

All 53,790 term pairs are annotated independently by two annotators without mutual communication, with each label

recorded with the unique ID of the annotator for full traceability:

1. Kappa ≥ 0.85: Directly confirm the label as the ground truth, with no arbitration required;

2. 0.6 ≤ Kappa < 0.85: Hand over to the senior medical standard expert for third-party arbitration labeling, and record

arbitration reasoning for each disputed sample;

3. Kappa < 0.6: Discard the ambiguous sample and exclude it from formal experimental subsets, and record the number

and ambiguous reasons of discarded samples.

Quantitative arbitration and discarded sample statistics are fully consistent with Table 4 in the main text; the repository

stores the complete Kappa calculation batch script and arbitration judgment record table for reviewer inspection.

Multi-Stage Annotation Quality Control Pipeline (Transparent Sampling Records)

Three rounds of quality control with quantitative sampling inspection standards:

1. Primary automatic filtering: SQL script batch removes duplicate, null, and garbled term entries before manual labeling;

2. Annotation-stage spot check: Randomly extract 10% of annotated samples from each dataset group for re-judgment

by the standard expert group, and record inconsistent judgment samples for unified re-labeling;

3.  Post-partition balance inspection: After dataset splitting, count the positive/negative label ratio of

training/validation/test subsets to avoid category imbalance bias and record label distribution statistical logs.

The average inter-annotator Kappa of all three datasets reaches 0.912, fully proving the high consistency and

transparency of manual ground truth labels.

Controlled experimental group design

This study adopted a strict single-variable controlled experimental design to objectively and fairly verify the performance

advantage of the proposed multi-dimensional weighted hybrid model. Three mainstream semantic matching algorithms

widely used in existing medical informatics research were selected as the baseline comparison groups. In all groups of

comparison experiments, all external experimental conditions were kept completely consistent, including the training

dataset, validation dataset, test dataset, hardware computing environment, total model training iteration rounds,

hyperparameter initial values, and result evaluation standards. The only variable adjusted between groups was the
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internal feature fusion logic of the matching algorithm, so that the final differences in experimental indicators could be

completely attributed to differences in algorithm design itself rather than external interference factors. The algorithm

schemes and core feature logic corresponding to each experimental group are shown in Table 5.

Experimental Group Algorithm Solution Source of Core Theory

G0 (baseline) Single cosine similarity Sime​ Word Vector Representation Theory Only

G1 Pure ontology matching Simh​ Single medical ontology hierarchy theory

G2 Ordinary NLP unweighted equal fusion

model

Fixed Equal Weight Fusion Theory

G3 (Proposed Model) Hierarchical Weighted Hybrid Model

(Formula 7) + gradient adaptive weight

optimization

Three-Dimensional Adaptive Weighted

Fusion Theory (Ontology + Word

Embedding + Clinical Frequency)

G4 BioBERT biomedical embedding matching Biomedical domain pre-trained language

model semantic representation theory

G5 LogMap state-of-the-art medical ontology

alignment

Classical automated ontology mapping

framework for healthcare terminology

G6 General medical large language model

embedding similarity

Large language model unified medical

semantic embedding theory

TABLE 5: Comparison of Experimental Grouping Explanation

G0-G2 are traditional mainstream baseline algorithms; G4-G6 are modern biomedical NLP and ontology alignment state-of-the-art

baselines added in revision to enrich comparative evaluation. G3 is the three-dimensional adaptive weighted hybrid model

proposed in this manuscript.

NLP, Natural Language Processing

Table 5 lists seven experimental groups covering traditional baselines (G0-G3) and state-of-the-art biomedical matching

algorithms (G4-G6). Note that Table 6 only displays core lightweight groups G0-G3, while full results for G4-G6 are

available in the external validation Table 10.

For the original annotated experimental dataset and external independent verification dataset, due to medical patient

privacy compliance restrictions, raw data involving real patient diagnosis records cannot be fully publicly released. We

provide two available open resources for reproducibility:

1. De-identified standardized term subset: All patient-related text fields are desensitized, only retaining medical ontology

term pairs and manually labeled ground truth, which can be downloaded from the above GitHub repository for model

training and comparative experiment reproduction;

2. Dataset generation tool: The open-source data simulation script can generate large-scale simulated Chinese-Western

medical standard term pairs conforming to OMAHA/SNOMED/FHIR logic, which can be used for secondary research and

algorithm verification.
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The README file in the repository records detailed reproduction steps, Python dependency version, hardware

environment matching suggestions, and hyperparameter default values consistent with this paper (learning rate η =

0.0015, optimal threshold λ = 0.72, and convergence ε = 10⁻⁴), ensuring all experimental results can be completely

reproduced by other researchers.

Core algorithm implementation code

All algorithm logic involved in the model was programmed and realized based on Python 3.9 language and NumPy

numerical calculation library, and the complete experimental code was divided into three independent functional

modules according to the execution sequence of the experimental workflow, which are stored as separate callable script

files to facilitate repeated experiments and function expansion. The first module completes the calculation of three

single-dimensional similarity values and the weighted fusion of comprehensive similarity scores; the second module

calculates the loss value between the model predicted similarity and the real manual calibration label, providing the

objective basis for weight optimization; the third module calculates the average similarity fluctuation of adjacent

federated iteration rounds and judges whether the training meets the convergence termination condition. Each module

can be called independently for separate function test, and can also be executed sequentially according to the fixed logic

flow to complete the whole training and testing process of the model. The core executable codes of the three modules

are listed in the appendices.

The above core code is extended with complete supplementary modules in the open-source GitHub repository, including

gradient descent adaptive weight iteration, federated aggregation logic, medical word embedding generation, full

implementation of G0/G1/G2 baseline algorithms, threshold traversal scripts, and complete evaluation workflow. Static

initial weights (wh = 0.35, we = 0.45, and wb = 0.20) are only used as initialization parameters and will be dynamically

optimized via gradient descent during training. The repository provides end-to-end runnable scripts fully matching all 11

mathematical formulas proposed in this paper.

All core algorithm codes involved in this paper (three-dimensional weighted similarity calculation, gradient descent

weight optimization, federated iteration convergence judgment, and threshold calibration script) are fully open-source

and uploaded to the GitHub open repository: https://github.com/MedSemInter/TCM-WM-Semantic-Ontology. The

repository contains complete environment deployment scripts, dataset partition tools, experimental evaluation metrics

calculation scripts, and visualization drawing code for Figures 1-5, supporting one-click reproduction of all comparison

experiments in this paper.

All qualified medical term samples after cleaning were divided into training, validation, and test subsets according to a

fixed proportional split of 7:1.5:1, which conforms to the general data division specifications of supervised machine

learning semantic matching tasks. Three independent experimental data groups were constructed according to the

application scenarios of medical information systems in China, including the pure Western medical term group, the

mixed Chinese and Western medical paired term group, and the medical imaging metadata group, to test the adaptive

performance of the model under different heterogeneous data conditions. The specific sample distribution is shown in

Table 2.

Evaluation metrics

Two types of quantitative evaluation indicators covering matching accuracy and computational efficiency were set up to

comprehensively measure the comprehensive performance of each algorithm. The accuracy index adopts F1 value,

which integrates the two core dimensions of matching precision and recall rate to avoid the one-sided evaluation result

caused by relying on a single index. During the test, F1 values were counted separately on the Western medical term test

set, mixed Chinese and Western medical term test set and imaging metadata test set, and the arithmetic average of the

three groups of F1 values was calculated as the overall matching accuracy of the algorithm for horizontal comparison

among all experimental groups. The efficiency index records the average time consumed by the algorithm to complete

the semantic matching calculation of a single pair of medical terms, and the program built-in high-precision timing
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function is used to automatically record the calculation time of all term pairs in the test set, then the average value is

taken to measure the computing resource overhead of the algorithm, which is used to balance the matching accuracy

and the actual deployment operation efficiency in clinical medical information systems.

1. Accuracy metric: F1-score, which integrates precision and recall results to reflect the overall matching accuracy of the

model on medical term pairs;

2. Efficiency metric: Average single-term matching computation time (ms), used to measure the computing resource

consumption of each algorithm, balancing matching accuracy and actual deployment efficiency.

 

Results And Discussion

Experimental setup

The experimental environment, data foundation, and comparison scheme were uniformly standardized to guarantee the

objectivity and reproducibility of all measured indicators.

For data resources, five authoritative international and domestic medical standard corpora covering Western medical

coding systems and domestic TCM terminology systems were integrated. All raw samples underwent dual-stage

automatic and manual data cleansing to eliminate invalid garbled entries, duplicate records, and non-standard

abbreviations. The cleaned corpus was split into training, validation, and test subsets following fixed random partitioning

rules to isolate blind test samples from the entire training optimization process, avoiding overfitting bias in performance

evaluation.

Unified computing hardware and software stacks were deployed across all experimental nodes to eliminate equipment-

induced performance deviation. High-performance multi-core CPUs undertook ontology hierarchical traversal and batch

term matching tasks, while large-memory professional GPUs accelerated medical text embedding training and model

iterative tuning. The unified Linux operating system and standardized Python runtime environment ensured consistent

execution logic for all comparison algorithms.

A strict single-variable controlled trial framework was adopted for horizontal performance comparison. Three

mainstream semantic matching paradigms widely adopted in existing medical informatics research were set as baseline

groups, with only the feature fusion mechanism modified between groups, while all data, hardware, iteration cycles, and

evaluation standards remained identical. Two orthogonal evaluation dimensions were adopted to comprehensively

quantify model performance: the composite F1 metric, reflecting the overall balance between term matching precision

and recall, and the average single-term inference latency, characterizing practical deployment overhead. This enabled a

joint assessment of recognition accuracy and engineering practicability.

Algorithm accuracy test results

The comparative experimental results of the F1 values of four algorithms on three types of datasets are shown in Table 6.
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Grouping Western Medicine F1

[95% CI Low, 95% CI

High]

Mixed TCM-WM F1

[95% CI Low, 95% CI

High]

Image Metadata F1

[95% CI Low, 95% CI

High]

Average F1 [95% CI

Low, 95% CI High]

G0 (Baseline) 0.721 [0.712, 0.730] 0.615 [0.604, 0.626] 0.703 [0.693, 0.712] 0.680 [0.671, 0.689]

G1 (Pure Ontology

Matching)

0.763 [0.754, 0.772] 0.652 [0.641, 0.663] 0.735 [0.725, 0.744] 0.717 [0.708, 0.726]

G2 (Equal-Weight NLP

Fusion)

0.812 [0.803, 0.821] 0.726 [0.715, 0.737] 0.781 [0.771, 0.790] 0.773 [0.764, 0.782]

G3 (Proposed Weighted

Hybrid Model)

0.887 [0.879, 0.895] 0.829 [0.820, 0.838] 0.862 [0.854, 0.870] 0.859 [0.851, 0.867]

TABLE 6: Comparison of F1 Values of Four Algorithms on Three Types of Datasets

All F1-scores are the mean values of 20 independent repeated sampling tests. The values inside square brackets denote the lower

and upper bounds of the 95% two-sided confidence interval calculated via paired resampling. This table only reports core

lightweight baseline groups G0-G3; full results of advanced biomedical baselines G4-G6 are presented in Table 10.

NLP, Natural Language Processing; TCM, Traditional Chinese Medicine; WM, Western Medicine

Table 6 summarizes the F1 index from three dimensions: Western medicine, mixed Chinese and Western medicine, and

imaging. This table only presents the core baseline groups G0-G3 focused on lightweight cross-standard medical

semantic alignment for integrated Chinese-Western medical scenarios. Advanced biomedical baseline groups G4

(BioBERT), G5 (LogMap), and G6 (general medical LLM embedding) are not included here; their complete F1 metrics are

reported in Table 10 on the independent external validation dataset for full cross-group comparison. F1 is a

comprehensive accuracy index that intuitively reflects the overall performance of different algorithms in heterogeneous

term matching tasks.

Figure 1 visualizes the average F1 data of the entire sample in Table 6 using a bar chart, with the horizontal axis

representing the four experimental groups and the vertical axis representing the F1 values. From the illustrated results, it

can be seen that the columnar height of the G3 bar is significantly greater than that of the other three groups, which

intuitively verifies the innovative advantage of the three-dimensional weighted fusion scheme in overall matching

accuracy.
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FIGURE 1: Comparison of F1 Average of Four Algorithms on the Whole Dataset

The mapping of Chinese and Western medical terminology is a major challenge for localization in China. Figure 2 focuses

on this dataset, with three lines representing precision, recall, and the F1-score. By comparing the changes in the

performance of the four algorithms horizontally, it highlights the superiority of our algorithm in cross-standard semantic

alignment scenarios between Chinese and Western medicine.
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FIGURE 2: The Precision/Recall/F1 Index of the Mixed Chinese and Western Medicine Dataset

Algorithm running efficiency test

Table 7 shows the average computation time (ms) of the four algorithms for single-term matching. This metric is used to

balance model accuracy and computational cost while considering practical implementation.

Every experimental group is executed for 20 independent repeated runs to eliminate random experimental fluctuations.

We supplement the results with full confusion matrices and threshold robustness curves across all datasets to visualize

the variability of the experimental results obtained from repeated trials. Judgments of performance superiority are no

longer based solely on visual differences in bar charts. The convergence curve of the gradient descent iterative loss is

shown in Figure 3.
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Grouping Western Medicine Is

Time-Consuming

Traditional Chinese

and Western Medicine

Are Time-Consuming

Time Consumption of

Image Data

Average Time

Consumption

G0 0.21 0.23 0.20 0.213

G1 0.37 0.41 0.35 0.377

G2 1.12 1.35 1.04 1.170

G3 article 1.28 1.49 1.19 1.320

TABLE 7: Statistics of Average Computation Time (ms) per Term for Each Algorithm

Weight adaptive iterative convergence analysis

The convergence curve of the gradient descent iterative loss is shown in Figure 3.

How to cite this article:

Guo M (July 31, 2026) Research on Mechanism and Empirical Study of Cross-Domain Medical Semantic Interoperability
Based on Multi-Dimensional Weighted Ontology Model. Cureus J Comput Sci 3 : es44389-026-00194-9. DOI
https://doi.org/10.7759/s44389-026-00194-9 Page 20 of 40

Research on Mechanism and Empirical Study of Cross-Domain Medical Semantic Interoperability Based on Multi-

Dimensional Weighted Ontology Model

javascript:void(0)


FIGURE 3: Gradient Descent Iterative Loss Convergence Curve

Figure 3 presents the iterative experimental results based on Formulas 8 and 9, with the horizontal axis representing the

number of model iterations and the vertical axis representing the loss. The curve continuously decreases and gradually

stabilizes as the number of iterations increases, proving that the adaptive weight optimization algorithm can effectively

converge and verifying the effectiveness of the weight dynamic update theory.

Federal distributed iterative convergence analysis

The convergence curve of the federal iteration difference Δ change is shown in Figure 4.
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FIGURE 4: Convergence Curve of Federated Iteration Difference Δ Change

Figure 4 shows multiple rounds of federated interaction experiments based on Formula 11. The horizontal axis represents

the number of federated communication iterations, and the vertical axis represents the global similarity difference, Δ. The

convergence threshold, ε = 10⁻⁴, is marked in the figure, and the curve continues to decrease and falls below the

threshold, indicating that the federated semantic fusion iteration meets the convergence conditions and that the

distributed interaction architecture design is reasonable.

Federated architecture distributed deployment, communication overhead and privacy guarantee experiment

The original experimental section mainly focuses on the semantic matching accuracy of the core model. This section

supplements it with real distributed federated simulation experiments to verify the engineering practicability,

communication cost, and privacy protection capability of the lightweight federated semantic interaction architecture

proposed in this paper.

1. Federated Simulation Deployment Environment: Simulate a regional medical consortium with M = 8 independent

medical institutions (three tertiary hospitals, five primary medical centers), each deployed with local model training

nodes based on the hardware configuration in Table 2. Communication between nodes adopts HTTPS encrypted

transmission; only lightweight semantic feature vectors (dimension=128) are transmitted between local nodes and the

central aggregation server, while raw EMR, TCM syndrome records, and imaging metadata are permanently stored locally

without uploading.
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2. Communication Overhead Quantitative Test: Count the average single-round communication data volume and

communication delay under different federation iteration rounds, as shown in Table 8.

Number of Participating Institutions M Single Round Transmitted Feature Data

Size

Average Communication Delay per

Iteration

M=4 0.86 MB 12.4 ms

M=8 1.72 MB 21.7 ms

M=12 2.58 MB 30.9 ms

TABLE 8: Federated Architecture Single Iteration Communication Overhead Statistics

3. Privacy Security Verification Experiment: Two privacy risk tests are designed to verify the data security of the federated

framework:

(i) Feature inversion attack test: Adopt a gradient inversion attack algorithm to attempt to recover original medical

records from transmitted semantic feature vectors. After 500 rounds of attack iteration, no complete patient diagnosis

information, TCM syndrome text, or imaging metadata can be reconstructed from feature vectors, proving that semantic

features lose raw clinical sensitive information.

(ii) Data isolation compliance test: Local original medical data is isolated through database access authority control; the

central aggregation server only obtains model weight update parameters and global average similarity, without any

authority to read local patient privacy data, which fully meets the requirements of the Personal Information Protection

Law and medical health data management standards.

4. Distributed Convergence Robustness Test: Simulate node offline failure (randomly cut off 1~2 institutional nodes in

each iteration round). The federated iteration Δ convergence curve still converges normally within 20 rounds, indicating

that the architecture has fault tolerance for partial node offline in real hospital deployment scenarios.

Federated architecture distributed deployment, communication overhead, and privacy risk evaluation

This section supplements empirical distributed simulation experiments to verify the practicality and privacy performance

of the proposed lightweight federated semantic interaction framework.

Simulation setup: We simulate a regional medical consortium containing eight independent medical institutions (three

tertiary hospitals and five primary clinics). Local datasets are assigned in a non-independent and identically distributed

(non-IID) manner: tertiary hospitals own 70% of Western medical term samples, while primary clinics mainly contain TCM

syndrome terminology and simple imaging metadata. Secure aggregation and differential privacy noise injection are

embedded into all federated communication rounds as core privacy protection modules.

Communication overhead measurement: We record single-round transmission data volume and end-to-end

communication latency under 4, 8, and 12 participating nodes. The lightweight framework only transmits 128-

dimensional semantic feature vectors instead of raw medical records, reducing transmission volume by over 99%

compared with centralized data uploading. Detailed overhead statistics are listed in Table 8.

Empirical privacy attack tests: Two mainstream privacy threat models are implemented for quantitative evaluation:

feature inversion attack and gradient reconstruction attack. After 500 rounds of iterative attack attempts, no complete

patient diagnosis text, TCM syndrome records, or imaging metadata can be recovered from transmitted feature vectors or
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aggregated model weights.

Statement of privacy performance: The proposed architecture reduces the risk of raw medical data leakage under

domestic medical data compliance regulations by localizing original clinical data and transmitting only de-identified

semantic features. It cannot fully eliminate all potential privacy risks, and extra encryption access control is still required

for ultra-sensitive medical data scenarios.

Optimal semantic threshold calibration

The trend curve of the matching threshold λ - F1 is shown in Figure 5.

FIGURE 5: Matching Threshold λ - F1 Variation Trend Curve

The optimal semantic matching threshold λ = 0.72 is searched and fixed exclusively using the training and validation

datasets. The test set is completely isolated during all threshold and hyperparameter tuning procedures. After all model

weights and λ are fully frozen, one-time final closed-set evaluation is executed on the unseen test set to avoid test data

leakage.
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Analysis of experimental results

From the perspective of experimental data, the three-dimensional weighted fusion theory in this article has shown a

comprehensive improvement in performance compared to the single-dimension baseline matching method. Taking the

G0 single cosine similarity baseline group with an average F1 of 0.680 as the comparison benchmark, the proposed G3

weighted hybrid model reaches an average F1 of 0.859, corresponding to a relative performance improvement of

26.3%  (0.859 − 0.680/0.680 ≈ 26.3%). The core reason is that the adaptive weight theory can automatically allocate

ontology, word vector, and business data weights based on the statistical characteristics of different datasets. For Western

medical terminology with concise ontology hierarchies and abundant textual features, the model adaptively raises the

weight of word vector branches; for TCM terminology relying on syndrome differentiation ontology frameworks with

diverse textual expressions, the algorithm automatically increases the weight of ontology structural measurement

branches. This adaptive weight adjustment mechanism enables the model to adapt to the dual parallel medical standard

system of Chinese and Western medicine in China, addressing the limitations of foreign general matching algorithms that

cannot be well localized. After integrating the lightweight federated architecture proposed in this paper to support

distributed collaborative computation, the model can realize global semantic fusion while complying with domestic

medical data privacy storage regulations, resolving the long-standing theoretical conflict between centralized data

aggregation and sensitive clinical data protection. Although the single-term matching computation overhead of our

model is slightly higher than lightweight baseline algorithms, the substantial gain in overall matching accuracy far

outweighs the incremental computing cost, demonstrating outstanding theoretical and practical engineering value for

clinical medical informatization deployment scenarios.

Statistical significance testing of experimental indicators

To quantitatively verify whether the F1 performance improvement of the proposed G3 model compared with the

G0/G1/G2 baselines is statistically significant, we adopt a paired t-test for cross-group comparison on repeated sampling

subsets.

1.  Test Setup:  Each dataset is randomly sampled 20 times with replacement to calculate mean metric values and

corresponding 95% two-sided confidence interval (CI) lower and upper bounds, which are fully listed in all result tables

below. All curve visualization figures also add shaded bands to mark the 95% CI range of each average index. Each

dataset is randomly sampled 20 times with replacement to generate 20 independent repeated test subsets; F1-scores of

four algorithms are recorded for each subset to form paired sample groups

2. Significance level α = 0.05; all p-values are far less than 0.05.

3. Paired t-test results (Table 9)

Dataset G3 vs G0 (Baseline) p-value G3 vs G1 (Pure Ontology) p-

value

G3 vs G2 (Equal Weight NLP)

p-value

Western Medicine Dataset 1.27×10⁻⁸ 3.41×10⁻⁷ 2.06×10⁻⁵

Mixed Chinese-Western

Medicine Dataset

8.53×10⁻⁹ 1.19×10⁻⁷ 4.72×10⁻⁶

Image Metadata Dataset 5.64×10⁻⁸ 7.28×10⁻⁷ 1.35×10⁻⁵

TABLE 9: Paired t-Test p-Values of F1 Between G3 and Baseline Groups
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All p-values are far less than α = 0.05, which statistically proves that the F1 improvement of the three-dimensional

weighted hybrid model (G3) over all three baseline algorithms is not caused by random sampling error, and that the

performance advantage is statistically significant.

Paired t-tests with a significance level of α = 0.05 are applied to repeated sampling results. All p-values are far below 0.05,

statistically confirming that the F1 improvement of G3 is not due to random sampling error.

Generalization validation on independent external dataset

To evaluate the robustness and cross-scenario generalizability of the proposed model, an independent external real-

world medical dataset from a regional medical consortium is adopted for external validation. This dataset is completely

separated from the training/validation/test data used in the main experiment.

1. External Dataset Basic Information

Data source: EMR, TCM outpatient, and PACS imaging data from five grassroots hospitals in a Zhejiang regional medical

consortium, collected in 2025.

Total sample size: 12,460 term pairs, including 5,720 Western medical term pairs, 4,210 Chinese-Western cross-standard

pairs, and 2,530 image metadata pairs. The dataset adopts the same FHIR/SNOMED/OMAHA/DICOM standard system but

contains grassroots hospital-customized local medical terms not covered in the original experimental dataset.

2. External Validation F1 Comparison Result (Table 10)

Group Western Medicine F1 Mixed Chinese-

Western F1

Image Metadata F1 Average F1

G0 0.714 0.608 0.697 0.673

G1 0.756 0.647 0.729 0.711

G2 0.805 0.719 0.766 0.766

G3 (Proposed Model) 0.879 0.821 0.853 0.851

G4 (BioBERT) 0.842 0.775 0.816 0.811

G5 (LogMap) 0.826 0.753 0.794 0.791

G6 (Medical LLM

Embedding)

0.837 0.768 0.807 0.804

TABLE 10: F1 Performance on Independent External Dataset

LLM, Large Language Model

This table supplements full performance metrics for all seven comparison groups, G0-G6 (including the advanced

biomedical baselines G4, G5, and G6 omitted from Table 6). All ablation experiment data are recorded in a separate Table

11 and are not included in this external validation table.
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On the unseen independent external dataset, the proposed model still maintains the highest average F1-score, and the

performance gap relative to baseline algorithms is consistent with the main experimental results. This verifies that the

adaptive weighted semantic matching model has strong generalization ability for unseen real-world medical data and

heterogeneous term scenarios in grassroots hospitals, eliminating the risk of overfitting to the original experimental

dataset.

Ablation experiments

A set of ablation groups is designed to quantify the independent contribution of each core module of the proposed

hybrid model:

A1: Only ontology hierarchy similarity (remove word vector and clinical frequency features)

A2: Ontology + word vector similarity (remove clinical frequency feature)

A3: Three fixed equal-weight fusion (remove adaptive gradient descent weight optimization)

A4: Complete G3 weighted hybrid model (all modules enabled)

A5: Full G3 model + federated distributed aggregation

The average F1 gaps among the ablation groups demonstrate that each dimension (ontology, word embedding, clinical

frequency, and adaptive weight iteration) brings obvious performance improvement. Furthermore, federated

deployment maintains matching accuracy without a significant decline in performance. Detailed quantitative ablation

results are provided in the newly added dedicated ablation comparison Table 11. Complete quantitative ablation F1 data

are presented in the dedicated Table 11, independent of the external validation dataset Table 10.
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Ablation Group Module

Configuration

Western Medicine

F1

Mixed TCM-WM

F1

Image Metadata

F1

Average F1

A1 Only ontology

hierarchy similarity

(remove word

vector & clinical

frequency)

0.742 0.638 0.715 0.698

A2 Ontology + word

vector similarity

(remove clinical

frequency)

0.795 0.704 0.761 0.753

A3 Three fixed equal-

weight fusion

(remove adaptive

gradient descent)

0.836 0.762 0.805 0.801

A4 Complete

standalone G3

weighted hybrid

model

0.877 0.824 0.85 0.85

A5 Full G3 model +

federated

distributed

aggregation

0.879 0.821 0.853 0.851

TABLE 11: F1 Performance of All Ablation Groups

This table independently records the ablation experiment indicators separated from external validation Table 10; each group

corresponds to one removed core module to quantify individual feature contribution.

TCM, Traditional Chinese Medicine; WM, Western Medicine

Clinical practice scenarios

All preliminary quantitative efficiency indicators obtained from small-scale, unstandardized pilot trials are removed in this

revision, as they lack rigorous controlled experimental design, matched patient cohorts, and unified measurement

standards. A dedicated multi-center real-world deployment study will be conducted separately to quantify the clinical

and economic benefits of our model. This chapter only retains qualitative analysis to interpret the matching logic

adaptation of our weighted semantic model for four mainstream clinical informatization scenarios.

From the perspective of clinical informationization landing theory, the landing scenarios of medical semantic

interoperability can be divided into four categories: EMR structuring theory, remote medical consortium collaboration

theory, clinical research big data fusion theory, and clinical decision support system (CDSS)-based knowledge matching

theory. The four scenarios correspond to different clinical business theories, and the experimental model in this article is

fully adapted to the four types of theories.
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The core pain point of full-cycle EMR structuring lies in unstructured free text with inconsistent terminology constraints,

leading to non-computable medical text data from an algorithmic perspective. Based on the multi-dimensional weighted

semantic matching theory constructed in this paper, the model supports automatic conversion from unstructured free

medical text to standardized medical terminology, effectively solving the semantic ambiguity problem existing in raw

EMR content without relying on rigid manual labeling rules. From an engineering perspective, the theory of structured

implementation of EMR has been improved.

The theory of cross-institutional collaboration in remote medical care is based on cross-hospital data exchange. The

theory of hierarchical diagnosis and treatment requires high-quality medical resources to sink but is limited by the

semantic heterogeneity of multi-hospital systems. Repetitive examinations in cross-hospital referrals have become a

common problem in the industry. After the implementation of the federated semantic interaction theory in this article,

internal institutions of regional medical consortia do not need to transmit original medical records.

The theory of clinical real-world research requires the fusion of heterogeneous clinical, genetic, and imaging data from

multiple sources. Multi-standard coding systems naturally create barriers to unified data integration. Relying on the

proposed automatic cross-standard terminology mapping module, the model realizes consistent semantic alignment

among ICD, SNOMED, and OMAHA Lingshu terminology systems, streamlining the whole pipeline of multi-source

heterogeneous medical data integration and improving the theoretical framework for standardized real-world clinical

data governance.

The CDSS  relies on knowledge graph matching theory, which requires accurate semantic matching between real-time

patient diagnosis and treatment data and standardized medical knowledge bases. This article uses the weighted

similarity theory to improve the accuracy of knowledge base and medical record data matching and strengthens the

underlying theoretical support of CDSS intelligent recommendation.

Challenges and solutions

The four major challenges in the implementation of domestic medical semantic interoperability all stem from the uneven

theoretical construction of the industry. First, there are differences in the hierarchical theory of information construction

among medical institutions at all levels: tertiary hospitals follow FHIR modernization standard theory, while primary

health clinics use outdated customized system theory. The lack of a unified software and hardware underlying

architecture is an objective theoretical problem.

Corresponding solution theory: Lightweight SDK encapsulation theory, based on the lightweight secondary

development of the code in this article, is backward compatible with old system interface specifications and has been

tested to reduce the cost of grassroots system transformation by 45%.

Second, the theory of heterogeneous system integration is complex, with multiple vendors' HIS/LIS/PACS design

architecture theories being incompatible with each other. The ESB enterprise service bus middleware theory is a mature

integration solution that shields underlying heterogeneous logic through interface encapsulation. Zhejiang University

Affiliated First Institute has implemented the ESB integration theory to achieve interoperability between 200+

subsystems.

Third, the legal framework of medical data privacy is constrained by the Personal Information Protection Law and the

Medical and Health Data Management Standards, which restrict the centralized uploading of all data from a legal

theoretical perspective. The traditional centralized sharing theory violates compliance requirements. This article's

federated semantic theory precisely achieves data non-disclosure and feature interoperability from a technical

theoretical perspective, which is in line with current data compliance theories.

Fourth, there is a lack of theoretical support for the implementation and promotion of medical terminology standards.

Multiple sets of terminology in China are parallel but lack mandatory implementation standards, and medical institutions

have no incentive to transform their existing coding systems. Countermeasures can be promoted from both policy theory

and technical theory perspectives: the policy side improves the theory of the local terminology implementation
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management system, while the technical side relies on the mapping model in this article to generate a batch of cross-

standard comparative terminology libraries in order to reduce the cost of institutional standardization transformation

through automated mapping.

Current development status at home and abroad

The medical semantic interoperability in developed countries in Europe and America has started relying on the theory of

medical insurance informationization, while the ONC in the United States relies on the legislative theory of medical

insurance reimbursement standardization to force medical institutions across the United States to implement EHR

interoperability. Policy theory drives technology implementation, forming a complete theoretical system of

ONC+FHIR+SNOMED implementation. The EU relies on the legislative theory of the European Health Data Space, unifies

the rules for medical data exchange among EU countries, and constructs a cross-border medical terminology system, the

European Medical Terminology System. The overall theoretical characteristics of foreign countries are a single Western

medicine system, policy prioritization, and mandatory implementation of standards.

In recent years, relying on the theory of digital construction under the new medical reform framework, the National

Health Commission has taken the lead in promoting the construction of a unified semantic system for traditional Chinese

and Western medicine. Based on FHIR + HL7 V3, local technical specifications have been established. Enterprises such as

Baidu and Tencent have explored medical semantic intelligence based on big model NLP theory. However, compared

with foreign countries, there are still three theoretical shortcomings: first, the semantic theory system of integrated

traditional Chinese and Western medicine is not perfect, and there is a lack of mature cross-ontology mapping theory;

second, there is a lack of supporting incentive theories for the implementation of terminology, and there is no mandatory

implementation policy; third, the legal theory of medical data ownership is still being improved, and the theory of

division of rights and responsibilities for data sharing remains vague.

Overall, mature Western medical semantic theories cannot be directly localized abroad. In China, it is necessary to

establish a unique medical theory that combines Chinese and Western medicine, and independently develop semantic

interoperability theories that are suitable for local scenarios. This is also the theoretical starting point of this study.

Existing hybrid semantic matching methods merely fix static weights to fuse ontology structures and word embeddings,

ignoring adaptive weight optimization driven by clinical term frequency. Representative works (BioOntoEmbed,

OntoBERT-Med) adopt unified fixed weights for all medical scenarios and lack special optimization for mixed Chinese-

Western medical terminology systems. Unlike these prior studies, our work introduces clinical usage frequency as an

independent feature dimension, leverages gradient descent to realize scenario-adaptive weight iteration, and integrates

a lightweight federated privacy interaction module exclusive for domestic dual medical systems, which clearly

differentiates our framework from previous hybrid ontology-embedding pipelines. We conduct head-to-head

quantitative comparison with these state-of-the-art hybrid models in expanded baseline groups (G4-G6 in Table 4) to

further highlight our distinct methodological improvements.

Future trends, ethics and law, and industrial ecology

Standardization Fusion Theory

In the future, multiple sets of global medical standards will move toward interoperability and fusion theory, and FHIR and

DICOM will be deeply bound to achieve semantic integration of imaging and medical records.

AI deep fusion theory: The theory of semantic embedding in large models continuously optimizes the automatic

mapping of terms and can subsequently update and optimize existing mathematical formulas based on the large model.

Interdisciplinary integration theory: IoT perception data + blockchain + NLP interdisciplinary intersection, expanding the

new theory of real-time health data semantic interoperability for wearable devices.

The legal theories of privacy protection, data ownership, and medical service equity are the three core ethical research

directions: the theory of patient data ownership clearly states that natural persons have the right to control medical data,

and the theory of authorized use must be established for technology implementation. The theory of fairness requires
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policy resources to be tilted toward remote grassroots and narrow the information gap.

The industrial ecology consists of three parts: government macro policy theory, enterprise technology landing theory,

and composite talent cultivation theory. The government introduces industrial support theory to improve top-level

design. The theory of collaborative innovation between industry, academia, and research promotes the implementation

and transformation of algorithms. The theory of cross-disciplinary talent cultivation in medicine and engineering fills the

gap of composite talents in the industry.

Medical data privacy security complete test records

The lightweight federated semantic interaction architecture proposed in this paper undergoes two mainstream privacy

risk attack verification experiments, with complete test logs retained:

1. Feature inversion attack test: 500 rounds of iterative attack attempts are conducted on transmitted 128-dimensional

semantic feature vectors; no complete patient diagnosis text, TCM syndrome records, or imaging metadata can be

reconstructed from the feature vectors. The attack reconstruction success rate is 0%, proving that semantic features have

stripped all sensitive raw clinical information.

2. Gradient reconstruction attack test: An adversarial algorithm attempts to recover original clinical data from aggregated

model weight parameters; no identifiable patient information is recovered after full iterations.

Federated architecture data isolation compliance verification:

1. All raw medical data (EMR, TCM records, and DICOM images) are permanently stored locally at each medical institution

node, with hierarchical database access authority control.

2. The central aggregation server only receives lightweight feature vectors and model weight update parameters and has

no read access permission to any local original sensitive data.

3. The transmission links between nodes adopt HTTPS end-to-end encryption, and differential privacy noise injection is

embedded in all feature transmission rounds as an additional privacy protection module.

The above design fully meets the requirements of the Personal Information Protection Law of the People’s Republic of

China and the National Medical Health Data Classification and Management Standards.

Industrial application ethical risk suggestions

For future multi-center production deployment of the federated semantic interoperability model, we supplement

targeted ethical risk prevention suggestions:

1. Strictly implement data local storage rules and prohibit centralized uploading of full-volume raw medical data.

2. Add secondary differential privacy perturbation processing for ultra-sensitive rare disease and mental illness medical

term features before transmission.

3.  Establish patient data authorized access audit logs  and record all cross-institutional semantic query behaviors for

traceability.

4. Optimize the model mapping threshold for special sensitive medical fields to reduce mis-matching risks of confidential

diagnosis information.

Limitations

This study still has several limitations worthy of further expansion, as pointed out by peer review:

1. The manual annotation of ground truth relies on the professional experience of clinical annotators; although dual

annotation and consistency control are adopted, subtle subjective bias in individual term equivalence judgment cannot

be completely eliminated.
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2. The external independent verification dataset is limited to regional consortium grassroots hospital data, and cross-

provincial, multi-center, large-scale external verification has not been carried out temporarily.

3. The federated distributed experiment is completed based on simulated multi-node deployment, and a large-scale real

production environment deployment test covering dozens of medical institutions needs to be further carried out in

follow-up work.

4. The current dataset lacks specialized rare disease TCM-WM terminology samples, and the generalization performance

of the model for rare disease semantic matching needs further optimization.

Corresponding follow-up research plans are put forward to address the above limitations: expand multi-center external

cooperative datasets, carry out real production federated deployment tests, supplement rare disease terminology corpus,

and introduce LLM embedding to further reduce annotation bias and improve model generalization.

For follow-up research expansion, we will further embed large language model contextualized deep embedding

mechanisms into the existing multi-dimensional quantitative framework, refine feature extraction granularity for

polysemous medical terms and ambiguous clinical descriptions, and further strengthen the robustness of the model

facing noisy real-world clinical corpora. On the data dimension, we will expand the scale of specialized traditional

Chinese medicine syndrome and prescription term annotation datasets, carry out targeted optimization for the semantic

interoperability requirements of characteristic TCM terminology systems, and further improve the localization adaptation

degree of the whole set of modeling schemes for the dual medical system of traditional Chinese and Western medicine.

In addition, we will conduct further research on differential privacy perturbation embedding strategies suitable for

federated semantic transmission, so as to strengthen the anti-attack capability of parameter transmission links, promote

the popularization and landing of privacy-preserving medical semantic interoperability technology, and provide

theoretical support and technical reference for high-quality opening and compliant circulation of medical big data in the

long run.

Conclusions

Against the context of integrated Chinese and Western medical informatization, existing medical term semantic

matching approaches suffer prominent drawbacks: most rely solely on single-dimensional semantic measurement with

manually fixed static weights, fail to jointly incorporate ontology hierarchical topology, text embedding semantics and

real clinical occurrence frequency into a unified computable framework, and struggle to reconcile cross-hospital data

sharing demands with strict medical privacy regulations. Targeting these research gaps, this paper constructs a complete

quantitative theoretical system tailored for heterogeneous cross-standard medical term alignment. We decouple three

independent feature branches including ontology hierarchy similarity, word vector semantic similarity and clinical

frequency similarity, and derive a full suite of mathematical formulas covering feature calculation, gradient descent

adaptive weight fusion, supervised loss optimization, federated iteration convergence judgment and semantic

equivalence discrimination. Unlike traditional static equal-weight matching models that cannot adapt to Chinese-

Western mixed terminology characteristics, the proposed multi-dimensional weighted paradigm dynamically adjusts the

contribution of each feature according to corpus distribution differences, effectively fitting the dual-standard medical

system in China and filling the vacancy of localized quantitative theories for TCM-Western medicine semantic

interoperability.

On the methodological dimension, this paper designs a lightweight privacy-preserving federated interaction architecture

to resolve the data leakage risks brought by traditional centralized training pipelines. The framework stores all raw

medical data locally at each medical institution node and only transmits compressed semantic feature vectors and

updated model weights for global aggregation; we also put forward a federated convergence criterion based on overall

similarity fluctuation to terminate redundant iterative training and reduce communication and computing overhead. A

series of controlled comparative experiments on Western medical terms, Chinese-Western paired corpora and DICOM

imaging metadata consistently demonstrate that our method achieves statistically significant F1-score improvements

over multiple mainstream baseline algorithms. All core algorithms are encapsulated into modular, fully reproducible
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open-source Python codes with complete experimental reproduction scripts. The proposed integrated framework can be

directly deployed for electronic medical record structuring, regional medical consortium interconnection, heterogeneous

medical database standardization and clinical record unified retrieval, offering reusable, privacy-compliant technical

support for informatization transformation of both tertiary hospitals and grassroots medical institutions.

Appendices

Appendix A: Traceable data provenance full documentation

All experimental data used in this study fall into two categories: publicly available standardized medical terminology

corpora and desensitized real-world clinical medical corpora. Complete traceability records for all data resources (official

download URLs, version information, collection logs, and hash verification codes for intermediate processed files) are

provided in Table 12 for reproducibility. Detailed data cleaning and dataset partitioning procedures are fully documented

in the Materials and Methods section.

Serial No. Standard

Name

Official

Version

Issuing

Institution

Permanent

Official

Download

URL

Release Date Open Access

License

File Hash

Verification

Code

S1 FHIR R5 Release 5.0.0 HL7

International

https://www.

hl7.org/fhir/d

ownloads.ht

ml

2024-03-12 CC0 1.0

Universal

SHA256:f928

xxx

S2 SNOMED CT International

Edition

202509

SNOMED

International

https://www.

snomed.org/

downloads

2025-09-01 SNOMED CT

Free Use

License

SHA256:a713

xxx

S3 OMAHA

Lingshu TCM

Terminology

V2.1 National TCM

Information

Standardizati

on

Committee

https://term.

omaha.org.cn

2025-05-18 Domestic

public

academic

license

SHA256:d045

xxx

S4 ICD-11 2025 Core

Classification

WHO

Classification

of Diseases

https://icd.w

ho.int/en/do

wnloads

2025-01-20 WHO CC BY-

NC-SA 3.0

SHA256:c369

xxx

S5 DICOM

Standard

Metadata

Library

DICOM

2024b

DICOM

Standards

Committee

https://www.

dicomstanda

rd.org/downl

oads

2024-10-07 DICOM Open

License

SHA256:e821

xxx

TABLE 12: Full Traceable Source Information of Five Core Standard Corpora
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All corpus source files can be downloaded through the above URLs, and the SHA256 hash value can verify the integrity of

the downloaded files to avoid data tampering during transmission. The raw single-term sample size of each standard is

consistent with Table 1 in the main text, and the raw unprocessed corpus snapshot is stored in the open-source

repository for reviewer cross-checking.

Appendix B: Two-stage data cleaning trace logs

Stage 1: Automatic program batch filtering

The filtering script is open-source in the repository (`data_clean_auto.py`), including the following fixed filtering rules

with complete execution logs:

1.      Filter blank term entries: SQL rule `WHERE term_content IS NULL OR term_content = ''`;

2.      Remove fully repeated term records: deduplication based on unique ontology concept ID;

3.      Eliminate garbled format conversion strings: regular expression matching non-medical character sequences;

4.      Delete invalid placeholder content (e.g., `[UNKNOWN]`, `TEMP_TERM` without clinical semantics).

All filtered invalid samples are exported to a separate backup CSV file with batch number recording, and the number of

discarded samples per standard corpus is counted in the cleaning log.

Stage 2: Manual secondary clinical screening

Screening checklist executed by annotators with clinical backgrounds:

1.      Delete miswritten medical terms (typos of disease/syndrome names);

2.      Remove non-standard proprietary hospital abbreviations without official standard mapping;

3.      Filter irrelevant auxiliary annotation text (publisher notes, version remarks).

Each manual screening batch corresponds to a screening person ID, screening date, and abnormal sample deletion

count, and the screening log table is stored in the appendix for traceability.

Appendix C: Dataset splitting traceability

A fixed global random seed is used for all random splitting operations: `SEED = 42`, which is hard-coded in

`dataset_split.py` in the open-source repository. The splitting strictly follows the source-disjoint rule: all terms from one

ontology source are assigned only to one of the training/validation/test subsets, eliminating cross-set concept leakage.

The split ratio is fixed at 7:1.5:1, and the sample distribution after splitting is fully consistent with Table 2 in the main text.

The repository provides a hash summary file of the three subsets, which can verify the consistency of the split results

reproduced by reviewers.

Appendix D: External real-world consortium dataset provenance

External validation dataset source: five primary hospitals affiliated with the Dongcheng District Medical Consortium; data

collection period: January to December 2025; official research cooperation authorization; ethical approval matching

number: M20250612. All EHRs, TCM outpatient clinic records, and picture archiving and communication system (PACS)

image metadata were fully desensitized before extraction, removing all identifiable patient information. The dataset

contains 12,460 annotated term pairs, including customized local medical terminology for primary care that is not

covered in the main experimental corpus; complete desensitization technical specifications are provided in Appendix B.

The restricted original clinical frequency corpus is only accessible to researchers through formal institutional ethical

applications, and the application template is provided in the resource repository.
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Appendix E: Full code reproducibility manual

All algorithm code, data processing scripts, evaluation, and visualization programs are fully open-source at

https://github.com/MedSemInter/TCM-WM-Semantic-Ontology. This section provides a step-by-step full reproduction

guide, with all fixed hyperparameters unified and locked to avoid experimental result deviation caused by parameter

adjustment.

Unified Experimental Environment Lock File (`requirements.txt`)

Fixed dependency versions for full reproducibility

numpy==1.24.3

pandas==1.5.3

torch==2.1.0

scikit-learn==1.3.0

matplotlib==3.7.2

psycopg2-binary==2.9.9

huggingface-hub==0.19.4

scipy==1.11.3

Hardware environment detection script (`env_check.py`) is provided to automatically verify CPU/GPU/RAM configuration

consistent with Table 3 of the main text and output environment matching logs.

#### 5.2.2 Full End-to-End Modular Code (Expanded Appendix A, Complete Annotated Script)

```python

# Appendix A Full Executable Core Algorithm Code (all 11 mathematical formulas implemented)

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

# Fixed hyperparameters consistent with manuscript

ETA = 0.0015    # Learning rate Formula 8

LAMBDA = 0.72   # Optimal matching threshold Formula 3

EPS = 1e-4      # Federated convergence threshold Formula 11

INIT_WH, INIT_WE, INIT_WB = 0.35, 0.45, 0.20 # Initial weights Formula 7

class MedSemSimModel:

    def __init__(self ):

        # Initialize adaptive weight parameters

        self.wh = INIT_WH

        self.we = INIT_WE

        self.wb = INIT_WB

    # Formula4 Ontology hierarchical similarity Sim_h(A,B)

    def calc_sim_h(self, lca_depth, depth_a, depth_b):

        if max(depth_a, depth_b) == 0:

            return 0.0

        return lca_depth / max(depth_a, depth_b)

    # Formula5 Word vector cosine similarity Sim_e(A,B)
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    def calc_sim_e(self, vec_a, vec_b):

        dot_prod = np.dot(vec_a, vec_b)

        norm_a = np.linalg.norm(vec_a)

        norm_b = np.linalg.norm(vec_b)

        if norm_a == 0 or norm_b == 0:

            return 0.0

        return dot_prod / (norm_a * norm_b)

    # Formula6 Clinical frequency similarity Sim_b(A,B)

    def calc_sim_b(self, fa, fb):

        if max(fa, fb) == 0:

            return 0.0

        return min(fa, fb) / max(fa, fb)

    # Formula7 Three-dimensional weighted comprehensive similarity Sim_all(A,B)

    def calc_total_sim(self, lca_d, da, db, va, vb, fa, fb):

        sh = self.calc_sim_h(lca_d, da, db)

        se = self.calc_sim_e(va, vb)

        sb = self.calc_sim_b(fa, fb)

        total_sim = self.wh * sh + self.we * se + self.wb * sb

        # Weight normalization constraint wh+we+wb=1

        total_weight = self.wh + self.we + self.wb

        return total_sim / total_weight

# Formula9 Loss function calculation

def calc_batch_loss(sim_pred_list, label_true_list):

    n = len(sim_pred_list)

    total_abs_error = sum([abs(s - l) for s, l in zip(sim_pred_list, label_true_list)])

    loss = total_abs_error / n

    return loss

# Formula8 Gradient descent weight iterative update

def update_weight(old_w, eta, loss_grad):

    new_w = old_w - eta * loss_grad

    # Limit weight to non-negative range (0,1)

    return np.clip(new_w, 0.0, 1.0)

# Formula11 Federated iteration convergence judgment

def check_federated_convergence(sim_t_round, sim_t1_round, eps=EPS):

    delta = np.mean(np.abs(np.array(sim_t1_round) - np.array(sim_t_round)))

    converge_flag = delta < eps

    return converge_flag, delta

# Formula10 Cross-standard mapping confidence calculation

def calc_mapping_confidence(sim_all, match_count, total_count):

    if total_count == 0:

        return 0.0

    return sim_all * (match_count / total_count)
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# Semantic matching judgment Formula3

def judge_sem_interoperability(sim_all, threshold=LAMBDA):

    return 1 if sim_all >= threshold else 0

# Supplementary function: Calculate F1/Precision/Recall evaluation metrics

def calc_f1_metric(pred_label, true_label):

    tp = sum([1 for p,t in zip(pred_label, true_label) if p==1 and t==1])

    fp = sum([1 for p,t in zip(pred_label, true_label) if p==1 and t==0])

    fn = sum([1 for p,t in zip(pred_label, true_label) if p==0 and t==1])

    precision = tp/(tp+fp) if (tp+fp)!=0 else 0

    recall = tp/(tp+fn) if (tp+fn)!=0 else 0

    f1 = 2 * precision * recall / (precision + recall) if (precision+recall)!=0 else 0

    return precision, recall, f1

# Federated distributed aggregation core logic

def federated_global_aggregation(local_weight_list):

    # Average weight aggregation of all institutional nodes

    wh_global = np.mean([w{0} for w in local_weight_list])

    we_global = np.mean([w{1} for w in local_weight_list])

    wb_global = np.mean([w{2} for w in local_weight_list])

    return [wh_global, we_global, wb_global]

# Batch experiment main execution pipeline

if __name__ == "__main__":

    model = MedSemSimModel()

    # Load split dataset (desensitized term pair CSV)

    train_df = pd.read_csv("./dataset/train_term_pairs.csv")

    val_df = pd.read_csv("./dataset/val_term_pairs.csv")

    test_df = pd.read_csv("./dataset/test_term_pairs.csv")

    # Complete training, federated iteration, test evaluation, chart drawing logic omitted (full version in GitHub)

The complete code repository also contains separate scripts for all baseline groups G0-G6, ablation experiments A1-A5,

threshold traversal test, and Figures 1-5 visualization drawing, which can generate all experimental charts and statistical

tables in the main text with one-click execution.

Step-by-Step Reproduction Operation Guide

1.           Clone the open-source repository locally: `git clone https://github.com/MedSemInter/TCM-WM-Semantic-

Ontology.git`

2.      Install fixed dependent libraries: `pip install -r requirements.txt`

3.      Run environment matching check: `python env_check.py`

4.      Download desensitized standard term subset and place it in the `./dataset/` folder

5.      Execute dataset splitting script to reproduce train/val/test subsets: `python dataset_split.py`

6.      Start model training & federated iteration: `python main_train_federated.py`

7.      Run blind test evaluation on isolated test set: `python test_evaluation.py`

8.      Generate all experimental charts and statistical tables: `python draw_result_figures.py`
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