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Abstract

Standardizing Chinese clinical imaging reports
within the Observational Medical Outcomes
Partnership (OMOP) framework is hindered
by linguistic complexity and output inconsis-
tency in existing methods. We propose DIMAS-
OMOP, a Deliberative Intelligence-based Multi-
Agent System designed for high-fidelity med-
ical concept mapping toward OMOP stan-
dardization. Moving beyond single-model
architectures, DIMAS-OMOP employs a hy-
brid three-stage workflow that integrates tra-
ditional natural language processing modules
with selective Large Language Model rea-
soning and Retrieval-Augmented Generation.
The core innovation lies in a hierarchical six-
agent proposer-skeptic deliberation mechanism,
complemented by a dynamic concept resolu-
tion approach and a four-dimensional qual-
ity control framework. Experimental results
on 1,250 imaging reports demonstrate that
DIMAS-OMOP achieves 95.2% mapping ac-
curacy, significantly outperforming rule-based
methods (+21.8 percentage points) and single-
AI baselines (+8.1 percentage points). The
system maintains a throughput of 1,200 re-
ports/hour, with the multi-agent deliberation
stage alone contributing an 8.9% relative ac-
curacy gain. Furthermore, pilot deployment
shows a 160.6% return on investment and a
31.5% increase in workflow efficiency. This
study provides a novel, robust methodology for
integrating unstructured non-English clinical
data into the global Observational Health Data
Sciences and Informatics (OHDSI) ecosystem
through deliberative intelligence.
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1 Introduction

1.1 Observational Research and Real-World
Evidence Data Requirements

Modern medical research is experiencing a
paradigm shift from traditional randomized con-
trolled trials (RCT) to large-scale observational
studies and Real-World Evidence (RWE). The
Observational Medical Outcomes Partnership
(OMOP) Common Data Model (CDM) launched
by the Observational Health Data Sciences and
Informatics (OHDSI) collaborative provides a uni-
fied framework for global medical data standard-
ization, allowing large-scale observational stud-
ies across institutions and regions (Hripcsak et al.,
2015; Suchard et al., 2019). The core of such re-
search lies in extracting valuable information and
features from massive unstructured medical data
to meet complex analytical needs such as high-
dimensional causal inference, drug safety monitor-
ing, and treatment effectiveness evaluation. Clin-
ical imaging reports, as an important component
of medical records, contain rich diagnostic infor-
mation, anatomical structure descriptions, patho-
logical findings, and measurement data. This in-
formation is crucial for defining high-quality ob-
servational research cohorts, disease phenotypes,
and evaluating treatment outcomes. However,
imaging reports are unstructured free-text, con-
taining dense professional terminology, abbrevi-
ations, and complex anatomical-pathological re-
lationships. This necessitates precise informa-
tion extraction to map concepts to the SNOMED
CT vocabulary and populate standardized records
within the OBSERVATION, MEASUREMENT,
and FACT_RELATIONSHIP tables of the OMOP
CDM v5.4 (Reps et al., 2018; Voss et al., 2015).
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1.2 Technical Evolution and Methodological
Challenges

Technical Limitations Before LLMs Before
Large Language Models (LLMs), medical text
information extraction primarily relied on super-
vised or weakly supervised learning with inherent
performance ceilings. BERT family pre-trained
models, while performing well in medical text un-
derstanding, depended highly annotated corpora
and pre-structured template designs (Lee et al.,
2020; Alsentzer et al., 2019). This dependency
constrained generalization across new domains and
non-standard lexical variations, thereby limiting
adaptability to the rapid evolution of medical termi-
nology and the diversity of clinical language. An-
other key limitation of traditional methods lies in
their dependence on large amounts of high-quality
annotated data. Professional annotation in the med-
ical domain requires experts with medical back-
grounds, resulting in high costs and long cycles.
Meanwhile, rule-based methods, while achieving
high accuracy in specific scenarios, suffer from se-
rious hard-coding problems and struggle to handle
linguistic variations, abbreviations, and context-
dependent semantic understanding in Chinese med-
ical texts (Wang et al., 2018; Uzuner et al., 2011).

New Challenges After LLMs With LLMs, nu-
merous prompt engineering and in-context Learn-
ing paradigms have emerged, bringing new possi-
bilities for medical text processing. However, these
methods have introduced new technical challenges.
Low-parameter LLMs have extremely limited ca-
pabilities in complex medical reasoning tasks,
struggling to accurately understand subtle differ-
ences in medical concepts and complex anatomical-
pathological relationships (Singhal et al., 2023;
Thirunavukarasu et al., 2023). High-parameter
models have stronger reasoning capabilities, but
their processing speed and alignment exhibit ran-
dom fluctuations, making consistent engineering
standards difficult to achieve.

Privacy Sensitivity and Local Deployment Re-
quirements Clinical texts contain extensive pro-
tected health information (PHI). Processing them
through closed-source public LLMs risks data leak-
age and patient privacy violations (Lee et al., 2023;
Nori et al., 2023). Medical institutions require lo-
cal deployment to ensure patient data never leaves
institutional boundaries. Therefore, extraction of
local deployment-based, reliable and engineering-
grade imaging text terminology becomes our core

focus. Our goal is to develop a system that can
efficiently and accurately convert Chinese clini-
cal imaging reports to OMOP CDM v5.4 standard
format while protecting patient privacy. The sys-
tem needs to utilize the SNOMED CT terminology
system for precise concept alignment and, follow-
ing OHDSI community best practices, appropri-
ately distribute extracted information into the tar-
get OMOP standardized tables (Bodenreider, 2004;
Overhage et al., 2012). Prompt engineering also
suffers from sensitivity and output inconsistency
when applied to medical domain texts. The non-
deterministic nature of different prompt designs
can yield disparate outputs for identical inputs, in-
troducing an impermissible level of stochasticity
within clinical decision support contexts. Mean-
while, most high-performance LLMs rely on API
calls, raising cost and latency concerns while fun-
damentally precluding use due to stringent medical
data privacy mandates (Meskó and Topol, 2023;
Chen et al., 2023).

1.3 Research Objectives and Contributions
Leveraging the insights above, this research aims
to design and evaluate a locally deployable system
for the secure, robust, and computationally efficient
conversion of Chinese clinical imaging reports into
the OMOP CDM v5.4 standard. We therefore pro-
pose a Deliberative Intelligence-based Multi-Agent
System for Chinese Medical Text Standardization
toward OMOP (DIMAS-OMOP), a hybrid techni-
cal architecture that integrates traditional natural
language processing (NLP), selective LLM reason-
ing, and multi-agent collaboration.

Hybrid Technical Approach DIMAS-OMOP
operates through a structured three-stage workflow:
the system first establishes a reliable foundation by
capturing explicit clinical entities, then selectively
invokes reasoning capabilities to resolve semantic
ambiguities, and finally employs a collaborative
deliberation mechanism to gate-keep the quality of
standardized outputs.

Key Innovative Contributions Our contribu-
tions are fourfold: (1) Architectural Innovation:
a hybrid multi-agent collaborative framework in-
tegrating the stability of traditional NLP, the rea-
soning capabilities of LLMs, and the decision re-
liability of multi-agent systems; (2) Methodolog-
ical Innovation: a dynamic concept resolution al-
gorithm using multi-strategy search and adaptive
threshold adjustment to minimize hard-coding; (3)
Application Innovation: specialized OMOP CDM
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v5.4 tools for Chinese clinical imaging reports with
SNOMED CT alignment and adherence to OHDSI
best practices; (4) Quality Assurance Innovation: a
four-dimensional quality control system based on
deliberative intelligence to ensure medical accuracy
and engineering reliability.

2 Methods

2.1 Study Design

Design Objectives for Observational Research
The core design objective is to efficiently and accu-
rately extract structured information from Chinese
clinical imaging reports to support downstream
OMOP-based applications, including drug safety
monitoring and comparative effectiveness research.

Hybrid Technical Architecture Design Prin-
ciples Considering the technical evolution of clini-
cal NLP and LLMs, our approach is implemented
through a three-stage process of “extraction, rea-
soning, and deliberation” (Figure 1):

Stage 1 - Baseline Extraction: Employs stable
NLP modules to ensure efficient coverage and reli-
able capture of foundational information. The Lin-
guist and Structurer Agents perform text normal-
ization and decompose clinical entities into atomic
components, such as Chinese medical Named En-
tity Recognition (NER), terminology recognition,
and numerical extraction;

Stage 2 - Intelligent Reasoning: An on-
demand process that selectively invokes locally
deployed LLMs and Retrieval-Augmented Genera-
tion (RAG) to generate evidence and provide auxil-
iary judgment when addressing complex semantic
inference, concept disambiguation, or relationship
determination characterized by high uncertainty;

Stage 3 - Collaborative Deliberation: Finalizes
decisions through an adversarial proposer-skeptic
loop. The Mapping Proposer Agent generates can-
didates via agentic reasoning, while the Skeptical
Critic Agent challenges the results to ensure clin-
ical accuracy. Subsequently, the Synthesis Audit
Agent performs final validation based on the com-
plete deliberation history. Verified outputs must
pass a four-dimensional quality gate before the
OMOP Builder populates the records into the cor-
responding CDM v5.4 clinical tables (Wang et al.,
2020; Rudin, 2019).

2.2 Overall System Architecture Design

Hierarchical Multi-Agent Collaborative Ar-
chitecture The DIMAS-OMOP system operates

Figure 1: Overall Hybrid Architecture of DIMAS-
OMOP: A three-stage pipeline integrating deterministic
NLP with multi-agent adversarial deliberation.

through a hierarchical six-agent collaborative
framework, organized into three specialized func-
tional teams under the governance of a task orches-
trator. This division of labor is designed to de-
couple foundational text analysis from high-level
concept mapping and final OMOP construction,
thereby enabling a standardization process that bal-
ances clinical depth with engineering rigor.

Task Orchestrator: Responsible for global state
management, tool provisioning, and deliberation
process control. The orchestrator implements asyn-
chronous task processing, supports concurrent pro-
cessing of multiple medical texts, and maintains
complete deliberation history records.

Team 1 - Text Deep Analysis Team: Lin-
guist Agent performs text normalization, grammat-
ical analysis, ambiguity resolution, and semantic
segmentation. Structurer Agent strictly follows
OHDSI separation of concerns principles to de-
compose concepts into independent standard com-
ponents.

Team 2 - Mapping and Deliberation Committee:
Mapping Proposer Agent uses Reasoning-Acting
(ReAct) mode to rapidly generate concept mapping
proposals. Skeptical Critic Agent specifically chal-
lenges and validates proposer’s mapping results to
ensure quality control.

Team 3 - Final Audit and Construction Team:
Synthesis Audit Agent performs final validation
based on complete deliberation history. OMOP
Builder, following OHDSI best practices, converts
validated concept mappings to OMOP CDM v5.4
standard format and appropriately distributes them
to corresponding CDM tables.

System Communication Protocol and Data
Flow The system employs an asynchronous com-
munication mechanism based on message passing,
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with all agents interacting through standardized
data structures. The data flow follows a regulated,
phased processing pattern:

Raw Chinese Clinical Imaging Reports → [Lin-
guist Agent] → Normalized Text & Semantic
Segments → [Structurer Agent] → Atomic En-
tity Components → [Mapping Proposer Agent ↔
Skeptic Deliberation Agent] → Validated Con-
cept Mapping → [Synthesis Audit Agent] →
Four-Dimensional Quality Verification → [OMOP
Builder] → Standardized CDM v5.4 Records →
Local Database Storage

2.3 Core Deliberative Intelligence Algorithm
Design

Proposer-Skeptic Adversarial Mechanism The
core of the deliberative intelligence algorithm (Al-
gorithm 1) is the proposer-skeptic adversarial col-
laboration mechanism. This mechanism ensures
high-quality and reliable concept mapping through
multi-round deliberation:

Algorithm 1: Deliberative Mapping Process

Consensus Achievement Determination Mech-
anism The system employs a multi-dimensional
consensus evaluation mechanism that comprehen-
sively considers the number of challenges, proposal
confidence, and deliberation rounds. Specifically,
the consensus is reached when either no challenges
exist, or confidence ≥ 0.8 with ≤ 1 challenge, or
max rounds reached with confidence ≥ 0.7.

The mathematical model is:

Consensus(h, c, r) =





True if |challenges| = 0

True
if confidence ≥ 0.8

and |challenges| ≤ 1

True
if confidence ≥ 0.7

at max rounds
False otherwise,

(1)
where h is the deliberation history, c is the current
proposal, and r is the current round.

2.4 Zero-Hardcoded Dynamic Concept
Resolution

Design Philosophy to Overcome Traditional
Method Limitations Addressing the hard-coding
limitations of rule-based and supervised learning
methods before LLMs, as well as the prompt sensi-
tivity and consistency issues after LLMs, we design
a completely dynamic concept resolution mecha-
nism. This mechanism avoids the heavy depen-
dence of traditional BERT family models on pre-
structured templates while circumventing the ran-
dom fluctuation problems of high-parameter LLMs
in medical reasoning. The system achieves dy-
namic adaptation to the rapid evolution of medi-
cal terminology through multi-strategy search and
adaptive threshold adjustment.

Multi-Strategy Concept Search Algorithm
(Algorithm 2) The system implements a four-level
matching strategy for SNOMED CT terminology
alignment, ensuring high-precision concept map-
ping in local environments that protect patient pri-
vacy: exact string matching (1.0), synonym match-
ing using OMOP synonym tables (0.95), fuzzy
matching using edit distance (0.8), and semantic
matching using SapBERT similarity (0.7).

Algorithm 2: Multi-Strategy Concept Search Algorithm

Dynamic Threshold Adjustment The system
implements adaptive threshold adjustment based
on term complexity and context:

Thresholddynamic = Thresholdbase × (1+

αComplexityterm + βContextuncertainty),
(2)

where α and β are learned parameters, complex-
ity factors include term length, medical domain
specificity, and ambiguity level.

2.5 Quality Control and Validation
Mechanism

Quality Assurance System for Observational Re-
search To meet the rigorous data quality standards
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required for RWE generation, the system imple-
ments a four-dimensional assessment framework
tailored for OMOP CDM v5.4 and SNOMED CT
alignment. This mechanism ensures that extracted
information adheres to OHDSI community best
practices across all target clinical domains. By pri-
oritizing structural integrity and medical precision,
the system provides a high-fidelity data founda-
tion suitable for complex analytical tasks, such as
high-dimensional causal inference and drug safety
monitoring.

Four-Dimensional Audit Standards The sys-
tem establishes a comprehensive quality assess-
ment system based on four dimensions: logical
consistency (30%) to evaluate reasoning chain com-
pleteness, deliberation quality (25%) to evaluate
discussion adequacy and consensus level, evidence
strength (25%) to evaluate supporting evidence for
mapping decisions, and OHDSI compliance (20%)
to evaluate standard adherence level.

Overall Score Calculation:

Scoreoverall =
4∑

i=1

ωi · Scorei, (3)

where ωi is the weight of the i-th dimension and
Scorei is the score of the i-th dimension.

Quality Gate Mechanism The system imple-
ments multi-level quality gates:

• Level 1: Automatic pass for high-confidence
unanimous decisions (confidence ≥ 0.9, no
challenges)

• Level 2: Secondary review for medium-
confidence decisions (0.7 ≤ confidence <
0.9)

• Level 3: Human review required for low-
confidence or conflicting decisions (confi-
dence < 0.7 or unresolved challenges)

2.6 Experimental Design
Dataset Construction We constructed a compre-
hensive evaluation dataset consisting of 1250 Chi-
nese clinical imaging reports retrospectively col-
lected from three tertiary hospitals in China. For
confidentiality, the institutions are not named in
the manuscript. Two participating hospitals also
served as pilot deployment sites. The dataset in-
cludes 412 CT reports (33.0%), 318 MRI reports
(25.4%), 287 X-ray reports (23.0%), and 233 ultra-
sound reports (18.6%). Each report was manually

annotated by medical informatics experts follow-
ing OMOP CDM v5.4 standards and SNOMED
CT terminology guidelines.

Evaluation Metrics Primary evaluation metrics
include concept mapping accuracy (percentage of
correctly mapped concepts), processing speed (re-
ports processed per hour), and F1-score. Quality
metrics comprise average deliberation rounds per
report, consensus achievement rate (percentage of
cases reaching consensus), and explainability score
(based on deliberation history completeness and
reasoning chain clarity).

Baseline Method Comparison
Rule-Based Method: A deterministic implemen-

tation based on regular expressions and curated
medical dictionaries, including manually crafted
mapping rules and edit distance-based fuzzy match-
ing algorithms.

Single AI Method: A standalone transformer-
based model performing direct concept recogni-
tion followed by similarity-based concept match-
ing, without retrieval augmentation, multi-agent
review, or deliberation mechanism.

Only reproducible baselines with transparent im-
plementation details were retained in the final com-
parative analysis.

3 Results

On the test dataset of 1250 Chinese clinical imag-
ing reports, the DIMAS-OMOP system demon-
strated superior performance compared to the se-
lected baselines, achieving statistically significant
improvement (p < 0.05) in concept mapping ac-
curacy, processing efficiency, and quality control
reliability. Details are in Figure 2 (A).

Figure 2: Highlights of DIMAS-OMOP Performance.

Paired t-tests confirmed that the performance
gains of DIMAS-OMOP over both baseline meth-
ods reached high statistical significance (p < 0.001).
Furthermore, effect size analysis revealed a sub-
stantial practical impact under current experimental
setting:
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• DIMAS-OMOP vs Rule-based method: Co-
hen’s d = 2.34 (Large effect)

• DIMAS-OMOP vs Single AI method: Co-
hen’s d = 1.67 (Large effect)

3.1 Deliberative Intelligence Mechanism
Analysis

Figure 2 (B1) presents the impact of the deliber-
ation mechanism on concept mapping accuracy
under the defined experimental settings. Quality
Improvement Effect is shown in Figure 2 (B2), in-
dicating a 8.9% relative improvement. Error Type
Distribution is presented in Figure 2 (B3).

3.2 Zero-Hardcoded Dynamic Resolution
Effects

Analysis of multi-strategy concept search algorithm
performance at different levels is shown in Figure 2
(C1). Dynamic Threshold Adjustment Effects are
shown in Figure 2 (C2).

3.3 Quality Control System Validation
Quality assessment results based on four-
dimensional audit standards showed that the
DIMAS-OMOP system performed excellently in
all dimensions. Details are in Figure 2 (D). The
quality gate mechanism effectively prevented the
generation of low-quality mappings:

• Mappings Blocked by Quality Gates: 6.3%

• Reprocessing Success Rate After Blocking:
78.4%

• Final Accuracy of Mappings Passing Quality
Gates: 98.7%

3.4 Real Deployment Effectiveness Validation
Pilot deployment (Table 1) at two anonymized hos-
pitals that were part of the same three-hospital par-
ticipating network used for data collection showed
99.0% average availability and 31.5% workflow
efficiency improvement.

Metric Hospital A Hospital B Average
Reports Processed 15420 12680 14050
System Availability 99.2% 98.8% 99.0%
User Satisfaction 4.1/5.0 3.9/5.0 4.0/5.0
Data Quality
Improvement 23% 19% 21%

Work Efficiency
Improvement 35% 28% 31.5%

Table 1: Pilot Deployment Results.

Item Cost/Benefit (10K RMB)
System
Development Cost -120

Deployment &
Maintenance Cost -45

Labor Cost
Savings +280

Data Quality
Improvement Benefits +150

Net Benefit +265

Table 2: Cost-Benefit Analysis (Annual).

Annual cost-benefit analysis (Table 2) indicates
a Return on Investment (ROI) of 160.6%.

4 Discussion

4.1 Comparison with Existing Research

Our work aligns with the broader movement to-
ward OMOP-standardized observational data in-
frastructures (Hripcsak et al., 2015; Voss et al.,
2015). While clinical NLP research has historically
focused on English-language datasets (Bazoge
et al., 2023), DIMAS-OMOP provides a special-
ized framework for Chinese clinical imaging re-
ports. Unlike existing toolkits such as the Open
Health NLP Toolkit that primarily serve English
phenotyping (Wen et al., 2024), our system is en-
gineered for the semantic complexities of Chinese
clinical narratives.

Existing clinical NLP systems including
MetaMap, cTAKES, CLAMP, and medspaCy of-
fer mature component-based pipelines for con-
cept extraction (Aronson and Lang, 2010; Savova
et al., 2010; Soysal et al., 2018; Eyre et al., 2022),
while tools like Usagi focus on terminology pairing
(OHDSI, 2021). DIMAS-OMOP is complemen-
tary to these tools rather than a replacement: NLP
pipelines can serve upstream extraction, and Usagi-
style review can support downstream validation.
For Chinese biomedical NER, domain-adapted
models such as MC-BERT and imConvNet have
demonstrated strong performance (Zhang et al.,
2020; Zheng et al., 2022), but these are best posi-
tioned as extraction modules. Our focus is on cross-
representation concept determination, ambiguity
resolution, and OMOP-compliant table population.
Regarding LLM and RAG techniques, while they
improve knowledge coverage (Lewis et al., 2020;
Gao et al., 2023; Brown et al., 2020), they face
challenges in prompt sensitivity and hallucination
(Shah, 2024). DIMAS-OMOP uses LLM/RAG
selectively under explicit deliberation and quality
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constraints to balance reasoning power with con-
trollability.

Before LLMs, clinical text processing relied on
deterministic pipelines and discriminative models
using corpora such as MIMIC and PhysioNet (John-
son et al., 2016; Goldberger et al., 2000; Chapman
et al., 2001). Rule-based methods like NegEx re-
mained influential for their transparency (Chap-
man et al., 2001). The post-LLM era introduced
in-context learning and retrieval-augmented work-
flows (Singhal et al., 2023; Thirunavukarasu et al.,
2023; Lee et al., 2023), but also raised concerns
about prompt dependence, reproducibility, and clin-
ical safety (Meskó and Topol, 2023; Shah, 2024).
DIMAS-OMOP synthesizes both paradigms: it re-
tains mature NLP for first-pass extraction, invokes
LLM/RAG only when semantic ambiguity remains,
and applies proposer-skeptic deliberation with qual-
ity gates to reduce unverified output (Wang et al.,
2020; Rudin, 2019).

4.2 Multi-Agent Systems in Medical
Informatics

Multi-agent systems have a long history in dis-
tributed AI and coordinated decision-making
(Stone and Veloso, 2000; Wooldridge, 2009; Jen-
nings et al., 1998). Subsequent research in cooper-
ative and adversarial multi-agent learning refined
algorithms for coordination, debate, and consen-
sus formation (Tampuu et al., 2017; Foerster et al.,
2018; Rashid et al., 2020). Recent medical stud-
ies have applied multi-agent LLM frameworks to
mitigate diagnostic cognitive bias and improve di-
agnostic capability (Ke et al., 2024; Chen et al.,
2025). Relative to those clinically oriented sys-
tems, our contribution lies in applying adversarial
multi-agent reasoning to terminology standardiza-
tion and data engineering rather than direct bedside
decision support.

4.3 Challenges and Breakthroughs in Chinese
Medical NLP

Chinese clinical NLP remains challenging due
to lexical variability, compact syntax, contextual
dependence, and scarce non-English benchmarks
(Wang et al., 2018; Uzuner et al., 2011; Bazoge
et al., 2023). English clinical NLP has benefited
from public data ecosystems and mature rule-based
components (Johnson et al., 2016; Chapman et al.,
2001), whereas Chinese imaging reports often com-
press anatomy, pathology, and measurements into
highly compact expressions. DIMAS-OMOP ad-

dresses this through deterministic normalization,
dynamic concept resolution, and structured deliber-
ation.

4.4 Theoretical Contributions and
Methodological Innovation

This study makes three theoretical contributions.
First, it operationalizes a deliberative architecture
for high-stakes informatics tasks, extending the ar-
gument that medical AI systems should favor trans-
parent reasoning and controllable decision mech-
anisms (Wang et al., 2020; Rudin, 2019). Second,
the dynamic concept-resolution module reduces de-
pendence on hard-coded rules and improves main-
tainability as local terminology evolves. Third, the
four-dimensional quality audit separates proposal
generation, critique, evidence review, and OHDSI-
compliance checking, rather than treating concept
mapping as a single-step prediction problem.

4.5 Clinical Application Value and Practical
Significance

Higher-quality standardization supports the broader
OHDSI evidence-generation workflow, including
network studies, patient-level prediction, compara-
tive effectiveness research, and safety surveillance
(Schuemie et al., 2020; Ryan et al., 2013; Hernán
and Robins, 2016). In our study, DIMAS-OMOP
improved mapping quality and workflow efficiency,
offering practical value for institutions building
OMOP-based infrastructure. For Chinese institu-
tions specifically, this provides more reliable con-
version of free text to OMOP-compatible repre-
sentations and improved readiness for cross-site
collaboration within the global OHDSI ecosystem.

4.6 Long-term Impact on Medical Informatics

Beyond immediate performance gains, this work
enables the conversion of unstructured Chinese
clinical data into reusable observational research
pipelines, which can strengthen causal inference
and pharmacovigilance analyses (Schuemie et al.,
2020; Ryan et al., 2013). Our research also pro-
vides a preliminary example of privacy-conscious
local deployment. A central challenge in the LLM
era is benefiting from advanced models without
transferring protected health information outside
institutional boundaries (Lee et al., 2023; Meskó
and Topol, 2023). The local-first architecture of
DIMAS-OMOP is a practical design choice ad-
dressing this concern. Finally, this work con-
tributes to the limited literature on non-English
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OMOP-oriented clinical NLP, offering a potentially
transferable framework for other Asian languages
(Bazoge et al., 2023).

4.7 Study Limitations
Our study has several limitations. Although we
used 1,250 real imaging reports, the dataset re-
mains modest in scale and derived from only three
tertiary hospitals, which may limit generalization
to other institutions and reporting styles. Future
research should include broader multi-center vali-
dation with held-out test sets. The evaluation was
primarily based on aggregate metrics such as accu-
racy and processing speed. Future work would ben-
efit from reporting inter-annotator agreement, exact
data partitioning, error analysis for edge cases, and
external validation. Additionally, user satisfaction
data came mainly from medical informatics person-
nel; broader assessment from clinicians and data
engineers would provide a more complete picture
of usability.

4.8 Future Research Directions
Future work will focus on several directions. First,
we plan to optimize the system architecture while
reducing deployment complexity through model
compression, knowledge distillation, and modu-
lar orchestration, enabling deployment on a wider
range of local hardware. We also plan to incor-
porate newer medical-domain language models
and explore federated learning strategies that avoid
transferring raw clinical text across institutions.
Second, we will expand the application scope to
additional document types including pathology re-
ports, laboratory reports, and operative notes, as
well as multilingual extensions for Japanese and
Korean. Third, we will conduct longitudinal studies
in real clinical environments to assess downstream
effects on cohort definition, causal inference, and
pharmacovigilance, with large-scale multi-center
validation to test transferability across institutions
and specialties. Finally, we aim to align future de-
velopment with evolving OHDSI community stan-
dards and implementation guidance.

5 Conclusion

This study presents DIMAS-OMOP, a novel delib-
erative intelligence-based multi-agent system de-
signed to address the linguistic and semantic com-
plexities of standardizing Chinese medical texts
toward the OMOP framework. By integrating tra-
ditional NLP stability with the reasoning depth of

LLM/RAG, DIMAS-OMOP introduces a proposer-
skeptic deliberation mechanism that moves be-
yond static extraction toward an auditable, adver-
sarial reasoning process. Our findings demonstrate
that this hybrid architecture significantly enhances
concept-mapping accuracy and operational effi-
ciency while maintaining high controllability and
interpretability through a four-dimensional quality
control framework. To our knowledge, this work
represents a pioneering systematic application of
multi-agent deliberative intelligence in the field of
medical informatics.

Beyond technical performance, DIMAS-OMOP
provides a scalable bridge between unstructured
non-English clinical narratives and globally inter-
operable observational data models. The pilot
deployment’s substantial ROI and workflow im-
provements underscore the practical viability of de-
ploying such systems within institutional research
infrastructures. While these preliminary results
are promising, future research will focus on multi-
lingual adaptation, lightweight deployment strate-
gies, and large-scale external validation across di-
verse clinical domains. Ultimately, this research
offers a robust methodological reference for the
reliable integration of localized clinical data into
the global OHDSI ecosystem, facilitating broader
multi-center observational research.
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