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Background 

Mapping national healthcare terminologies to international standard vocabularies is a critical step 
for enabling interoperability, data reuse, and participation in distributed research networks such 
as those built on the OMOP Common Data Model (CDM) [1,2]. The OMOP CDM, maintained by 
the Observational Health Data Sciences and Informatics (OHDSI) community, standardises 
observational health data using controlled vocabularies — including SNOMED CT as the primary 
clinical reference terminology — to support large-scale federated analyses [2,3]. In Brazil, the 
Terminologia Unificada da Saúde Suplementar (TUSS), published by the Agência Nacional de 
Saúde Suplementar (ANS), encodes healthcare procedures in the supplementary health sector 
and lacks a systematic mapping to OMOP standard concepts [4]. Achieving this mapping is 
labour-intensive, requiring expert review to assess semantic equivalence between source codes 
and SNOMED CT concepts. Artificial intelligence (AI) may accelerate this workflow by proposing 
candidate mappings, but its performance must be evaluated within human-in-the-loop review 
processes to ensure accuracy and scientific rigour. This study evaluates the Any-to-Any 
Terminology Mapping (AATM) Python library to support collaborative mapping of TUSS procedure 
terms to SNOMED CT. 

Methods 
TUSS organises surgical and therapeutic procedures by anatomical region into a hierarchical 
code system regulated by ANS [4]. A subset of 500 TUSS terms was submitted to the automated 
terminology mapping pipeline of the AATM Python library, an open-source package providing 
tools for automatic terminology mapping that integrates with the OMOP CDM [5]. The standard 
AATM pipeline was applied and comprised: (i) automatic translation of source terms using the 
"gemini-2.5-flash" large language model [5]; (ii) semantic information retrieval using the 
"embeddinggemma-300M" embedding model [6]; and (iii) final concept selection via the "first-
result-selector" option, which returns the top-ranked candidate from the retriever. Each candidate 
is assigned a semantic similarity score derived from the retrieval step. The reference concept 
database was drawn from OMOP standard vocabularies and filtered to include SNOMED CT 
concepts from the Procedure, Observation, and Condition domains. 



 

 

 

 
Figure 1. A simple visual representation of the automatic terminology mapping pipeline 
used from the AATM library. 
 
Human reviews were distributed among 21 reviewers. The consensus was defined by having 2 
independent annotations that agreed on the SNOMED CT code selected and on the mapping 
relation between the TUSS term and the selected SNOMED CT code. Reviewers had access to 
a pre-selected SNOMED CT code and mapping relation from the AATM pipeline. They were able 
to accept the AI-suggested concept or substitute an alternative concept. Mapping relations 
consisted of the following categories, as defined by OMOP annotation guidelines: “equal”, 
“equivalent”, “wider”, “narrower”, “inexact”, or “unmatched”.  
 
The AATM project page is available at https://precisiondata.github.io/aatm/.  
 

Results 

The annotation dataset included 500 TUSS procedure terms evaluated for mapping to SNOMED 
CT. At least one active peer response was available for 499 terms, yielding 980 independent 
annotations. Overall, 486 terms (97.2%) were mapped to at least one SNOMED CT code, while 
13 (2.6%) were classified as unmatched. Most terms were mapped to a single code, with 28 
(5.6%) having more than one code in the consolidated annotations. 

Peer consensus was reached for 298 terms (59.6%). Another 183 (36.6%) remained awaiting 
approval after disagreement, 18 (3.6%) received only one annotation, and 1 (0.2%) remained 
pending. The most frequent consolidated mapping relation was “wider” (228; 45.6%), followed by 
“equivalent” (140; 28.0%) and “equal” (64; 12.8%). 

AI participation through AATM was substantial. In the consolidated results, annotators accepted 
the AI suggestion for 322 terms (64.4%) and altered it for 177 (35.4%). At the response level, AI 
suggestions were accepted in 676 annotations (69.0%) and altered in 304 (31.0%). 

AI acceptance varies by mapping relation. Alteration rates were lowest for “equal” mappings 
(8.8%) and higher for “wider” (43.3%) and “unmatched” responses (90.0%), indicating that AI 
support was most reliable for exact mappings and least reliable when no adequate SNOMED CT 
target was available. AI alteration was also more frequent among terms awaiting approval than 
among terms that reached consensus (35.0% vs. 28.9%). 
The main source of disagreement was not the selection of different SNOMED CT targets, but the 
assignment of different semantic relations to the same primary target. Same-target/different-
relation disagreements accounted for 102 terms (55.7% of disagreements), while different primary 
target selection accounted for 57 (31.1%). If same-target/different-relation cases are considered 
agreement on code selection, consensus on the selected SNOMED CT code increases from 298 
terms (59.6%) to 400 (80.0%), and unresolved disagreements decrease from 183 to 81. This also 



 

 

shifts AI acceptance from 71.1% to 75.0% among consensus terms and from 52.5% to 9.9% 
among remaining disagreement cases, suggesting that future AATM improvements should focus 
on mapping relation classification. 

 
Figure 2. Distribution of disagreement categories among TUSS-to-SNOMED CT mappings. 
Horizontal bars show the number of TUSS terms in each mutually exclusive disagreement 
category. Percentages represent the proportion of terms with disagreements (n = 183). Same-
target/different-relation cases indicate agreement on the primary SNOMED CT concept but 
disagreement on the mapping relation. 
 

 
 

Figure 3. AI suggestion acceptance and modification by mapping relation. Stacked 
horizontal bars show accepted and altered AI suggestions across individual annotation 
responses. AI modification was most frequent among “unmatched” responses (90.0%) and least 
frequent among “equal” mappings (8.8%), indicating that AI suggestions were more often retained 
for exact mappings and more often modified for absent, broader, or less direct mappings. 

Conclusion 



 

 

AATM supported efficient human-in-the-loop mapping of Brazilian TUSS procedure terms to 
SNOMED CT, with AI suggestions accepted in most annotation responses and consensus 
reached for 59.6% of terms. The results indicate that AI can reduce reviewer workload, particularly 
for exact mappings, while expert validation remains essential for broader, ambiguous, or 
unmatched cases. By identifying the mapping relations where AI suggestions most often fail, this 
study also highlights clear priorities for improving AATM in future initiatives. Combining 
multilingual semantic retrieval with collaborative expert review, AATM offers a scalable and open 
approach for expanding OMOP-compatible vocabulary mappings across diverse health systems. 
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