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Abstract. Imaging techniques are a cornerstone of today's medicine and can be
crucial for a successful therapy. But in addition, the generated imaging series are an
important resource for new informatics’ methods, especially in the field of artificial
intelligence. This paper describes the success of integrating clinical routine imaging
data into a standardized format for research purposes. Thus, we designed an
integration flow and successfully implemented it in the local data integration center
of University Hospital Schleswig-Holstein. The flow integrates imaging series and
radiological reports from the primary system into an openEHR repository with
enrichment by semantic codes for better findability and retrieval using HL7 FHIR.
As a result, 6.6 million radiological studies with 29 million image series are now
available for further medical (informatics) research.
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1. Introduction

In modern healthcare, imaging procedures are of crucial importance in patient treatment
and research. However, central Picture Archiving and Communication Systems (PACS)
only store data from specific modalities (e.g., MRI, CT, ultrasound) consequently. In
addition, physicians only report these data in the radiological information system (RIS).
But the majority of data are either not stored in well-established IT systems or are just
available in special departmental systems in heterogeneous, non-standardized formats
[1]. The situation is further compounded by the fact that the medically relevant
information like radiological reports is usually only available in a free-text form which
needs further processing. Thus, sustainable and reproducible reuse of these data is elusive.

The junior research group IMPETUS is dedicated to precisely these challenges. The
main goal of the IMPETUS project is to extend the Medical Data Integration Center
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(MeDIC) [2] established at UKSH as part of the HHGHmed consortium [3] to enable the
integration and further reuse of all multimedia objects and reports, regardless of the
format, storage or presentation in a standardized manner. The clinical routine IT systems
mainly transmit data to the MeDIC via HL7 messages, which ultimately stores them in
the openEHR repository for further research projects. The MeDIC uses big-data
technologies to handle the vast amount of incoming data [4]. Technically speaking,
processing frameworks like Apache Nifi and Kafka, and an on-premise Ceph S3 object
storage solution are already in productive use. This study focuses on integrating routine
imaging data and the corresponding diagnostic reports into the MeDIC environment to
enable later research reuse under the consistent use of two interoperable standards, HL7
FHIR and openEHR.

2. Methods

In order to identify and categorize the challenges facing large-scale image integration,
we used an established requirements catalog [5] and determined the major requirements
for our integration scenario:

R1. The integration must be based on healthcare interoperability standards.

R2. The integration must use international terminologies to support interoperability.

R3. The integration must handle unstructured data by using natural language processing
(NLP).

R4. The data must be linked from the clinical routine IT systems.

R5. The integration must preserve the raw data.

R6. The integration must create, transfer and process logs.

R7. The integration must provide metadata processing.

R8. The integration must follow European, national and local data privacy and legal
regulations.

R9. The integration must provide pseudonymization.

According to the stated requirements for integrating image data from clinical routine,
in addition the following infrastructural requirement should be considered: the existing
MeDIC [4] infrastructure should be reused as extensively as possible.

3. Results

Due to the intended reuse of the MeDIC components, the technical foundation was
already set, so the focus during implementation could be placed on the other
requirements, such as standards usage and process traceability.

We base the established integration process, shown in Figure 1, on two daily CSV
reports transferred into the MeDIC object storage from different systems. One report
contains the metadata for the images originating from the PACS, the other the
corresponding radiological reports received from the RIS. The metadata CSV report
contains crucial information for further processing and findability, like patient and image
series identifiers. In addition, contextual information, like a series description, the
modality, and laterality are included. The integration flow does not require retrieval of
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the actual images, but the image reference according to the metadata (R4, R9). These can
be accessed from the PACS at any time via the metadata. The second CSV export
contains the reports and the physicians' assessments of the imaging series, including the
encounter information. Thus, the image series and reports can be linked with other
medical data in the MeDIC, such as laboratory or medication data.
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Figure 1. The raw data are exported from the clinical routine IT system into an on-premise Ceph S3 bucket
and then continuously progresses through the shown integration flow. Nifi monitors the import bucket and
processes each incoming CSV file in order to request the pseudonymization identifier from the central master
patient index, register the image metadata in Elasticsearch, store the raw data into a long-time archive and share
the data via a Kafka topic with the ETL cluster to generate openEHR template data documents (TDDs).

The CSV reports are thenceforward processed using the MeDIC ingestion
procedures: a Nifi flow digests the raw data, extracts the valuable information, links the
patient information to the central master patient index (R9), stores the raw data into a
Ceph S3 object storage for long-time archiving (RS) and populates the raw data into
Kafka topics for distribution to the downstream ETL cluster. The imaging data is
converted to a standardized openEHR data model (R1) and stored in the central openEHR
repository for further use. For this purpose, we use the archetype "openEHR-EHR-
CLUSTER.imaging_series.v0" [6], which is modified locally to represent additional
information such as laterality or body part. To store these additional fields in a
sustainable and reusable way, we map them to FHIR R4b CodeSystems used by the
ImagingStudy resource and provided as a semantic-coded value (R2). The mapping of
the laterality contains three entries, while the body part mapping contains over 150
entries.

Quantitatively, about 29 million imaging series, e.g., 6.9 million magnetic resonance
series, are now available for further scientific use.

4. Discussion

This work has accelerated the technical integration and processing within MeDIC in
terms of clinical image series findability and accessibility. Seven out of nine of the
requirements previously identified are addressed and greatly influenced the development
of the integration flow. To address more closely the first requirement of using healthcare
interoperability standards, the initial integration concept was based on HL7 messages
expected between HIS and PACS. Unfortunately, there was no possibility to acquire the
needed information as in our setting the communication between HIS and PACS/RIS is
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only internally as a monolithic system. Therefore, the data has to be extracted via the
CSV reports. The MeDIC architecture, primarily designed to handle message-based
communications, is also able to prove its effectiveness in dealing with large files (ca. 500
megabyte), which tend to plug the integration flows and create bottlenecks. NIFI, in
particular, is able to handle the high volume of data effectively and without performance
degradation. In addition, Nifi includes an advanced auditing system that meticulously
documents each processing step as well as changes and stores the audit trail in distinct
provenance repositories [7].

The final representation in openEHR fits into the overarching MeDIC architecture
allowing us to offer a feasibility portal to researchers which also allows them to query
for imaging data. The use of openEHR allows data to be presented according to FAIR
principles [8,9], so our integration has taken routine data a big step towards
FAlRification. Only the archetype [6] had to be extended locally to store relevant
information: body part and laterality and we are looking at how we can feedback our
adaptation to the international community. Adding and semantically enhancing those two
attributes enables effective prefiltering in the downstream openEHR repository.
However, the mapping of the body part to SNOMED CT is not fully complete. About
1% of the data could not be reliably identified due to typos and abbreviations in the
source data. However, it should be mentioned that the original entries are preserved next
to the semantically annotated entries.

Two missing requirements, NLP usage and privacy regulations, must be addressed
separately. The use of NLP methods (R3) had to be stalled, as anonymization is a
particular challenge, especially in the free-text findings. The reports for the image series
were accordingly imported and registered in the index, but the extraction into the
archetypes "Imaging examination result" [10] for the staging in the openEHR repository
with the aid of NLP methods [11] is the next integration goal. With respect to data
privacy (R8), the UKSH has already a broad consent in use since 2017 allowing re-use
of clinical data for research [12]. In addition, procedures will be established to allow
anonymization so data collected before 2017 are usable. In addition, for each project
requesting imaging data, an analysis is conducted to ensure the scientific purposes are
fulfilled in accordance with Articles 9 and 89 of the European General Data Protection
Regulation.

5. Conclusions

With our work, 6.6 million radiological studies with 29 million clinical imaging series
from one of the largest hospitals in Germany are enabled for further research projects.
Due to the enormous amount of data, the technical integration is realized based on
established big data technologies.

The next major step will be the flow expansion with automatic image processing.
This tagging and indexing should make the image data more effectively accessible and
easier to find via content-based image retrieval (CBIR). The follow-up research question
emerges: How can well-established CBIR procedures be applied to non-DICOM objects
and biosignals?
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