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Abstract. Anti-microbial resistance surveillance systems in Europe are limited by 
the inability to link laboratory data and patient data. The OMOP Common Data 

Model (OMOP CDM) is an option to store and use patient data in an international 

context supporting observational research. Detailed medical microbiology 
laboratory data are usually not stored in OMOP CDM. We propose here a solution 

to deal with the inherent complexity of microbiology data and store those in the 
OMOP CDM v5.4. We demonstrate the feasibility of our approach by capturing data 

from a microbiology in vitro diagnostic middleware, modeling in OMOP CDM 5.4 

and querying for visualization. 
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1. Introduction 

VALUE-Dx [1] is a European « Innovative Medicines Initiative » project, that aims to 

combat antimicrobial resistance (AMR) and improve patient outcome 2. One of the 

objectives is to “assess and establish a proof-of-concept data interoperability network to 

allow connections between laboratory information systems and VALUE-Dx partners”. 

The proliferation of AMR, with 

. It is estimated that, left unchecked, AMR will cause ~10 

million deaths yearly by 2050 . 

The limits of existing AMR surveillance systems in Europe were highlighted by 

Tacconelli et al. [5]. This work shows that, among others, purely lab-based systems 

experience a lack of patient clinical information. Indeed, data management systems and 

networks, looking to mobilize AMR data, are challenged by the complexity of the data 

relationships, the practicalities of handling patient identifiable health information, the 

diversity of data sources, data sovereignty and security issues. 

The capabilities of Observational Health Data Science and Informatics (OHDSI) 

federated network to analyze clinical data from a variety of sources, harmonized in the 

patient centric interoperable Observational Medical Outcomes Partnership (OMOP) 

Common Data Model (CDM), are well documented [6]. The need for interoperable 

laboratory data to support digital medicine and real word data analytics is also 

documented [7], as well as the mapping of microbiology data across openEHR, Fast 
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Healthcare Interoperability Resources (FHIR) and OMOP CDM data standards [8]. 

Nevertheless, to the best of our knowledge, detailed microbiology laboratory data are not 

stored in the OMOP CDM for analysis. 

To answer some of the unmet needs described by Tacconelli et al. [5], we investigate 

how detailed clinical microbiology laboratory data from in vitro diagnostic systems, can 

be modeled, incorporated in the OMOP CDM 5.4 [9] and visualized for data analytics 

needs. This is the first step towards building an AMR data management system able to 

associate laboratory and patient data. 

2. Methods 

The OMOP CDM is a relational data model where specific tables are dedicated to 

the storage of clinical data (e.g. measurement or observation), to the description of care 

structures (e.g. care_site), or to manage OMOP vocabularies [10]. The main differences 

between OMOP v5.3 and v6.0 versus v5.4 is the way they handle explicit links between 

measurements or observations entries and other clinical tables. Where OMOP v5.3 or 

v6.0 require explicit bidirectional “fact-relationship” association table, the newly 

published OMOP CDM v5.4 [9] brings, among other features, foreign key usage through 

modifier_of_event field in measurement table / observation_event_id in the observation 

table. The original aim is to better support observational cancer research that requires 

tumors to be characterized by a large set of attributes such as grade, site of origin, 

biomarkers, etc. [11]. 

The data used in this paper come from an anonymized dataset containing 996 distinct 

patients and 4000 microbiology results obtained from bioMérieux® VITEK-MS® and 

VITEK-2® instruments through the microbiology middleware MYLA®. Alignment 

between data fields has been carried out using the OHDSI tools WhiteRabbit and 

RabbitInAHat. We re-used test description mapped to LOINC® and test results 

(organisms name) mapped to SNOMED CT®[12]. The association between LOINC®, 

SNOMED CT® codes and OMOP code were realized using ATHENA vocabularies 

defined by OHDSI. A local OMOP instance was created in a PostgreSQL database and 

subsequently queried with R, and OHDSI packages SqlRender and DatabaseConnector. 

Completeness, plausibility and conformance of data loaded in OMOP v5.3 have been 

assessed using the DataQualityDashboard (DQD) open source tool from OHDSI. 

Currently, DQD doesn’t support OMOP v5.4. 

3. Results 

3.1. Specific challenges of AMR representation in CDM 

Clinical microbiology data is intrinsically complex [13] making modelling in 

OMOP CDM challenging. One issue is the numerous one to many relationships, indeed 

one to several pathogens may be identified per specimen and each pathogen may be 

tested for dozens of antibiotics. Moreover, explicit links between specimen, pathogen 

identification and AST results need to be retained. 

Our analysis revealed that OMOP CDM v5.3 & v6.0 are poorly equipped to model 

detailed clinical microbiology data. Linking measurements through fact_relationships 
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(see methods, & figure 1-A) negatively affect the criteria of model interoperability & 

scalability, query performances and query complexity (due to multiple tables joins). 

Leveraging new features of OMOP CDM v5.4 allows explicit links between 

microbial identification and AST results (see figure 1-B). Our guideline to represent 

AMR data is presented in figure 1-B. In this representation, a “measurement” is used to 

capture the lab test and its results (identification or detection). An “observation” captures 

the name of the identified organism and as many “measurements” as AST tests are linked 

to the observation (each host both the MIC result & the corresponding category). 

 

 

Figure 1: Part A shows modeling in OMOP CDM V5.3 / 6.0 and Part B in OMOP CDM V5.4 

3.2. Model evaluation 

To assess our model usability and compatibility with OHDSI tools, an 

implementation of this model has been carried out in a PostgreSQL database with an 

anonymized dataset (see Methods). Using OHDSI R packages we successfully queried 

the database and produced visualizations. The example presented in figure 2-A 

represents the top 10 pathogens identified over a given week in our data set. Data Quality 

was investigated through 2621 tests carried out with DQD (see figure 2-B). 99% were 

successful, thus validating the alignment of our model on OMOP standards as well as 

the plausibility and completeness of our implementation.  

The query efficiency formicrobiology data modeled in OMOP CDM 5.4 versus OMOP 

CDM 5.3 have been compared. A query to obtain the date of a result, the name of the 

pathogen identified, the name of the antibiotic tested, and the AST status of the organism 

is five times quicker in our OMOP CDM 5.4 implementation. However, this measure 

has been performed on a local non optimized setting and will need to be confirmed on a 

controlled federated architecture. 
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Figure 2: A TOP10 Organisms identified in an example database using OMOP model and OHDSI tools B 

Summary results of database evaluation using OHDSI DQD tool 

4. Discussion 

This work not only supports our VALUE-Dx work package objective, but also 

supports future AMR surveillance networks. Indeed, AMR surveillance is key to 

informed therapy recommendations, public health interventions, identification of 

emerging antimicrobial resistance. However, today very few surveillance systems can 

access data in real-time [5]. Common representation of AMR data across Europe could 

help surveillance to get up to speed with epidemic process.  

In order for our proposed modeling to store every data required for correct AMR 

surveillance it is paramount that deduplication of the data is achievable. Depending on 

the organization, the deduplication methods and the data required vary: WHO uses the 

patient ID, the nature of the sample and the identified pathogen ; whereas the Japanese 

surveillance system (JANIS) uses the patient ID, the identified pathogen, the AST results 

and the date of the sample [14]. All this information can be represented in the work 

presented. 

It is also important to be able to differentiate between community-acquired and 

hospital-acquired infection. This requires the date of admission of the patient to the 

hospital and more precisely the time between the admission and the collection of the 

sample. However, this may be poorly represented in a laboratory based system and call 

for EHR based data, see also below. 
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Limits of actual surveillance systems have been highlighted by Tacconelli et al. [5] 

The tendency is for the data to be purely lab-based leading to a lack of patient clinical 

information. By design OMOP CDM is well equipped to represent clinical outcome, 

feeding OMOP CDM 5.4 with data originating from both the laboratory and the EHR 

circumventing these limitations. The modeling proposed here is an option to reach this 

goal. 

5. Conclusions 

We propose a model able to represent the complexity of clinical microbiology 

laboratory data using the newly released OMOP CDM 5.4 [9]. Our work shows that 

changes in OMOP CDM 5.4, historically pushed by clinical oncology needs [11], benefit 

clinical microbiology. Compared to OMOP CDM 5.3 it allows for a better data 

representation and gains in performance. 

However additional investigations are needed to confirm those preliminary findings. 

This should involve a more realistic and larger dataset, additional types of laboratory in 
vitro diagnostics devices, and be carried out in a federated architecture closer to those 

deployed in clinical settings. 
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