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Abstract. Advances in medical AI and data analytics require large
amounts of patient data. Due to privacy concerns, such data is not al-
ways available. Synthetic data generation promises a solution to provide
the required data despite privacy restrictions. In this paper, we therefore
introduce SynMedRDF, an open-source tool to generate synthetic Elec-
tronic Health Records. It ensures clinical accuracy by using real-world
probabilities and correlations. The data is output as an RDF knowl-
edge graph, enabling structure- and semantics-aware sharing, linking,
and analysis.

1 Introduction

In today’s era of data-driven healthcare, developing AI models and analytic
systems depends on access to large, diverse, and high-quality medical datasets.
However, obtaining and sharing real-world Electronic Health Records (EHRs)
poses ethical, legal, and practical challenges, particularly due to privacy con-
cerns and regulations such as GDPR and HIPAA [11]. Synthetic medical data
has emerged as a viable solution, enabling work with realistic data without com-
promising confidentiality. However, ensuring clinical plausibility and structural
richness remains challenging, especially for semantically informed AI and inter-
operable analysis.

In the past couple of years, several methods [3,4,8,12,13,15,17] have been pro-
posed to synthetically generate medical data to overcome privacy concerns and
provide valuable datasets for research, testing, and training purposes. Typically,
however, they rely on access to real medical data. EHR-Safe [16], for example,
uses a two-stage model combining sequential encoder-decoder networks and gen-
erative adversarial networks to address the inherent challenges of EHR data. The
data is generated in tabular format though, not in RDF.

To address these shortcomings, we introduce SynMedRDF [6], an open-source
tool for generating synthetic EHRs based on real-world probability distributions
and correlations between medical variables, ensuring clinical accuracy and inter-
nal consistency without relying on the availability of real medical data. The data



is serialized as an RDF Knowledge Graph (KG) to leverage semantic technolo-
gies for data linking, integration, and analysis. SynMedRDF allows configurable
parameters to tailor datasets for specific use cases and research goals.

2 Data Preparation

Our goal is to generate complete EHRs with patient information such as name,
surname, age, and gender, together with a diagnosis, including an ICD-10 code [5],
relevant medical history with probable precursor diagnoses, prescribed associated
medications with their ATC code [1] and detailed drug information.

Diagnoses. To encode diagnoses, we apply the International Classification of
Diseases (ICD-10) [5], which uses alphanumeric codes, such as “A00: Cholera”
and “C50: Malignant neoplasm of the breast”. This standardized system helps
recording, analyzing, and sharing health data between different healthcare sys-
tems.

Medication. The ATC classification system [1] is an international standard for
encoding medication, which organizes drugs into a five-level hierarchical struc-
ture. We use ATC codes to denote the ID of the medication as part of the
generated EHR, in order to ensure data compatibility.

Integrating ATC codes of medications with ICD-10 diagnoses is essential for
creating precise EHRs, e.g., by linking patient diagnoses to plausible prescribed
medications. To consider this correlation, we make use of the results of López-
Rodríguez et. al. [9].

Statistical Distributions. Creating realistic synthetic EHRs requires that our
data adheres to the demographic characteristics of patients and the prevalence
of specific diagnoses and medications. Using uniformly random distributions is
not a good approach because it skews results in data analytics and benchmarks.
Instead, it is preferable to use statistical models and distributions based on real-
world data. A key resource we identified for this process is a study conducted on
a large dataset from a hospital in Xuzhou, China, which involves over 144,000
patients and over 1,550,000 diagnostic records [10]. The statistical data from this
study provides the foundation for generating realistic patient records, mapping
diagnoses to groups of patients, and mapping medications to specific diagnoses.
More specifically, we use the findings from this large-scale study to define the
probability that a synthetic patient belongs to a given age group, as well as the
probability of their gender, the probability of their diagnosis based on the age
group, gender, and pregnancy status, and the probability of a medication being
prescribed based on the diagnosis.

Correlation of Diagnoses. The correlation between one or more diagnoses (co-
morbidities) in a single patient has been studied in the past [10]. We use these
insights to generate realistic plausible medical histories for the generated syn-
thetic patients.



3 The SynMedRDF Generator

We developed our synthetic EHR generator as a Python tool, which is open-
source and publicly available on GitHub3 [6].

Input Data and Configuration. Our synthetic EHR generator uses the follow-
ing information as input: diseases and their ICD codes, medications and their
ATC codes, probabilistic distributions of patients and diseases per age group,
gender and pregnancy status, diagnosis-diagnosis and diagnosis-medication in-
terrelationships. These information points are stored in collections in the tool,
and are open-source. To support more specific use cases, the generator can be
configured (parameters are stored in a YAML file config.yml). The default
parameters include faker_locale, which specifies the locale for generating ran-
domized data for the patient; filter_icd_groups, which allows exclusion of
specific ICD-10 code groups; result_format, which determines the output for-
mat (e.g., JSON, RDF, XML); maternity, which defines the probability of a
patient being assigned a pregnancy-related diagnosis; and fhir_format, which
determines whether an additional FHIR format [14] result is generated alongside
the primary output.

Creating an Electronic Health Record. The synthetic data generation process
starts by generating an artificial patient. Personal patient information includes
a patient identification number, name and surname, gender, address, mobile
phone, and age. For data points that do not affect the diagnosis decision, we use
the Faker library4, which can generate artificial data of a large variety, includ-
ing names, addresses, emails, phone numbers, dates, job titles, company names,
etc. The selection of a diagnosis for a generated patient is based on gender, age,
and specific conditions like pregnancy, with diagnoses filtered according to these
factors and any exclusions specified in the config.yml file. Once selecting a diag-
nosis is done, the generator selects a medication associated with it, based on the
probabilities defined in the dictionary. Next, based on the rules for determining
possible preconditions and comorbidities of a given disease, the generator can
select previous diagnoses and add them to the EHR being generated. Addition-
ally, to ensure speed and efficiency in the data generation process, the generator
supports parallel execution of tasks across multiple processes, significantly in-
creasing the performance when generating large data volumes.

Output. The generator outputs records in various formats, including JSON,
XML, and RDF (serialized as Turtle, RDF/XML or JSON-LD). We chose RDF
as default to enable interoperability with other healthcare datasets available
as knowledge graphs – either publicly on the Web or in private contexts. The
generator also uses the Schema.org vocabulary, as the most commonly used
RDFS vocabulary on the Web. Below we show an example EHR for a single
patient in RDF (Turtle):
3 SynMedRDF Generator: https://github.com/etnc/synmed-ehr-generator
4 Faker Library: https://pypi.org/project/Faker/

https://github.com/etnc/synmed-ehr-generator
https://pypi.org/project/Faker/


<https://synmed.org/patient/1223dd17-9> a schema:Patient ;
schema:address "51 Aguascalientes, San Nelly de la Montaña, Mexico" ;
schema:age 37 ; schema:birthDate "1987-01-02" ;
schema:diagnosis <https://synmed.org/diagnosis/D61.9> ;
schema:gender "Male" ;
schema:name "Porfirio Griego" ;
schema:telephone "(101) 467-4034" ;
schema:usesDrug <https://synmed.org/medication/H02AB04> .

<https://synmed.org/diagnosis/D61.9> a schema:MedicalCondition ;
schema:identifier "D61.9" ;
schema:name "Aplastic anemia, unspecified" .

<https://synmed.org/medication/H02AB04> a schema:Drug ;
schema:administrationRoute "Oral" ;
schema:description "Dosage: 7.5 mg per day" ;
schema:identifier "H02AB04" ;
schema:name "methylprednisolone" ;

Usage. Using SynMedRDF is straight-forward; if parameters are not provided
explicitly (e.g., records, result_format, etc.), the generator can fall back to
pre-configured default values (config.yml). The example below shows a com-
mand to instruct the generator to generate 100 EHRs in RDF Turtle format:

python generate_ehr.py --records 100 --result_format turtle

4 Discussion and Conclusion

In this paper, we have presented SynMedRDF, a ready-to-use tool for generat-
ing synthetic EHR data as RDF knowledge graphs. The main design decision
was to ground the generator in real-world probabilistic distributions. Another
major design decision was the configurability of the tool — the distributions can
be explicitly configured (e.g. 100% pregnant, female patients for an OB/GYN
dataset). The third major design decision was to make the tool open-source, so
that any interested party can join in the development and extension of the gen-
erator. We will continue to work on the tool by further improving performance.
We also plan to extend the expressivity of the generated knowledge graphs by
including other medical entities, such as procedures, observations, etc. Another
direction for future work is investigating the possibility of more detailed control
over the structure of the generated knowledge graph using SHACL shapes [2,7].
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