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Abstract
Treatment of chronic wounds is a topic with high research potential,
however, routine data are hardly standardized and cannot be accessed
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easily. The introduction of data integration centers within the Medical
Jens Hüsers3Informatics Initiative (MII) in Germany aims at making routine care data
Jonathan M. Mang4available for research. In this study, we seek to investigate the degree

of structuredness and the quality of clinical data for clinical research Cornelia Erfurt-Berge2

on chronic wounds. These data were extracted in csv format from the
Ursula Hübner1data warehouse in the data integration center at the University Hospital

in Erlangen. We found that data retrieved for wound research were
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and Social Informatics,(missing values, inconsistencies, lack of longitudinal data, missing
context) and were mainly based on billing relevant data. Basic epidemi- Osnabrück University of AS,

Osnabrück, Germanyological and clinical questions might be answered, but necessary data
aremissing for deeper analyses of treatment outcomes. Amore clinically 2 Department of Dermatology,

Uniklinikum Erlangen,driven and standardized documentation would improve the availability
of data relevant for research on the courses of treatments in the field
of wound care and beyond.
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Zusammenfassung
Die Versorgung von chronischenWunden ist ein Themamit einemhohen
Forschungspotential, dennoch sind die dafür benötigten Routinedaten

4 Medical Center for
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Friedrich-Alexander-selten standardisiert und meist schwer zugänglich. Die Einführung von
Universität Erlangen-Datenintegrationszentren im Rahmen der Medizininformatik Initiative
Nürnberg (FAU), Erlangen,
Germany

(MII) zielt darauf ab, Routinedaten für die Forschung verfügbar zu ma-
chen. In dieser Studie soll die Strukturiertheit und Qualität von Daten
aus dem Data Warehouse des Datenintegrationszentrums des Univer-
sitätsklinikums Erlangen bezogen auf ihre Eignung für die Forschung
im Bereich chronischer Wunden untersucht werden. Die erhaltenen
csv-formatierten Daten waren heterogen bezogen auf den Strukturie-
rungsgrad (Freitext vs. strukturierte Daten) und die Qualität (Häufigkeit
von fehlendenWerten, Inkonsistenzen, fehlende longitudinale Angaben,
fehlender Kontext) und primär basierend auf abrechnungsrelevanten
Daten. Grundlegende epidemiologische und klinische Fragen könnten
beantwortet werden, aber für tiefergehende Analysen fehlen entspre-
chende Angaben, beispielsweise zu Therapien und Behandlungsergeb-
nissen. Eine stärker klinisch getriebene standardisierte Dokumentation
kann die Verfügbarkeit von Daten, die für die Untersuchung von Behand-
lungsverläufen im Bereich der Wundversorgung und anderen Feldern
benötigt werden, verbessern.

Schlüsselwörter: Datenqualität, Wundversorgung, EHR,
Beobachtungsstudien, Datenintegrationszentrum
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Introduction

Data gathering in clinical research on
chronic wounds

Chronic wounds are amajor burden for both the individual
patients and the society, causing a significant reduction
in quality of life and accounting for high annual costs [1].
Evidence-based management is essential to improve
patient outcomes. To better understand the patient pop-
ulation with chronic wounds and the treatment response
to different therapies, it is helpful to evaluate routine
data, ideally beyond a single center. In addition to ran-
domized controlled trials and other controlled studies,
routine data offer a promisingmethod to create evidence,
especially within areas such as wound care, where limited
studies are available [2], [3]. However, routine data is
rarely documented in a standardized, structured way,
which makes evaluations difficult.
There are comprehensive recommendations for informa-
tion to be documented, for leg ulcers [4], [5], but a uni-
form definition of what information should be included
in wound documentation in daily practice is currently not
available. Additionally, wound related data are currently
stored in different formats, applications, and with varying
content [6].
This heterogeneity of data makes a comparison of infor-
mation and the export of data for further analysis a diffi-
cult task. In addition, patients are treated by different
specialties, such as dermatology, plastic surgery, or vas-
cular surgery due to the interdisciplinary nature of the
challenges that have to be addressed for stabilizing or
healing the wounds.
One approach to obtain data sets of an appropriate size
in a reasonable time is to make routine data accessible
to health professionals and health data scientists in a
FAIR manner [7]. In Germany, this idea led to the founda-
tion of the Medical Informatics Initiative (MII) in 2016,
with four consortia consisting in total of all German Uni-
versity Hospitals [8], [9]. Each participating hospital set
up a data integration center (Datenintegrationszentrum,
DIC). Each DIC extracts data from IT systems within the
hospital, harmonizes them, stores them in a standardized
way, and makes them accessible for local and cross-site
research following a process that enables (a) exploring
the feasibility of the study and (b) warranting data protec-
tion according to regulatory requirements. The structure
of the data at the end of the transformation process is
defined in the MII core data set [10], consisting of base
modules (e.g., patient, encounter, diagnoses, procedures,
laboratory data, and medication) [11] and extension
modules like oncology or microbiology data [12], [13].
After obtaining an ethical vote, a positive vote of a Use
and Access Committee (UAC) and if necessary, anonymiz-
ing the data, healthcare providers, but also other research
institutes are allowed to analyze these data. The main
export format of the data is HL7® FHIR® R4 [14], but
formats like comma separated value (CSV) and also

formats of data in an earlier step in the transformation
process may be exported.
Data from a DIC can be analyzed within the data holding
facility or, after an UAC voting and export, at the institution
that requested the data. For cooperation with external
partners for data analysis, there are two ways to ensure
data privacy: either the data are covered by the broad
consent [15], [16] or they are anonymized, e.g. by remov-
ing or masking identifying information, or by giving ranges
containing the original data, possibly resulting in an
anonymization bias [17].

Current way of data gathering at the
University Hospital Erlangen

The work presented here is a case study from the Univer-
sity Hospital Erlangen which belongs to the MIRACUM
consortium of the MII [8], [9]. At the Department of Der-
matology, as in many other medical institutions, manual
chart review of data is still the most frequently used
method for data retrieval to answer clinical and scientific
questions. A local Data Warehouse (DWH) incorporated
into the DIC, is used to identify all patients for a given
time period based on the ICD-10-GM [18] diagnoses
provided. Subsequently, all patient records of the included
patients are manually searched, the necessary informa-
tion is manually transcribed or copied and sorted to be
used for the analysis. In addition to this effort, the hetero-
geneity of the data is a challenge for the analysis. There-
fore, data for clinical research and its quality is often
limited [19], leading to a reduction of the strength of
evidence.

The DIC at the University Hospital
Erlangen

In Erlangen, the local DWH contains a copy of data from
almost all digital systems, including the hospital’s enter-
prise resource planning system (SAP) and the clinical
documentation systems recording patient information
from routine clinical processes. For local analyses (e.g.,
controlling, individual evaluations, local research), the
extraction of a data set can be requested via the DIC fol-
lowing regulated access processes shown in Figure 1. A
study plan with a scientific question and a positive ethical
vote as well as a data usage applicationmust be provided
and consent from the heads of all data-producing depart-
mentsmust be obtained. A cost estimate will be provided
for data extraction based on the effort and scope of the
request andmust be approved by the institution request-
ing the data. The interdisciplinary UAC then assesses the
application. If the assessment is positive, the request is
forwarded to the DIC. If data are intended to be shared
with an external project partner, theymust be anonymized
unless there is a legal basis for sharing, such as a study-
specific consent or a broad consent.
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Figure 1: Process to obtain data from the DIC in Erlangen

Objective

To our knowledge, there has been no use case involving
DIC data in the field of wound care to date. The overall
objective of this study is therefore to examine the struc-
ture and quality of data extracted from the data ware-
house of the data integration center at Erlangen University
Hospital. This data is based on the MII core data set.
Specifically, the following questions about the data will
be answered:

• How is the data quality in terms of completeness, rel-
evance, and accuracy?

• Can the data that are based on the MII core data set
be used to answer relevant clinical and epidemiological
research questions based on the core dataset?

Furthermore, this study seeks to get insights into the im-
pact of an anonymization process when sharing data with
external academic research partners. This study served
as a pilot for evaluating the datasets for wound care ob-
tained through the German Research Data Portal
Healthcare (FDPG) and represents preliminary work for
a larger follow-up study to address these questions on a
broader scale.

Methods

Data gathering

We applied for data from the DIC at the University Hospital
Erlangen and followed the process shown above. Our
data analysis was guided by typical clinical and epidemio-
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logical questions, specifically looking at the composition
of the patient group, the treatments and their outcomes,
the use of medication, and comorbidities, like:

• How can the patient cohort be described in terms of
age, gender, wound diagnosis, primary diagnosis, co-
morbidities, and underlying conditions?

• What treatments and procedures were applied, what
medication was given, and what are the outcomes in
terms of laboratory parameters, wound parameters,
and condition/problems?

• How do these interventions and outcomes change over
time?

As data should originate from the field of wound care, we
requested data for a cohort of patients with chronic
wounds (ICD-10-GM codes L97, I83.0, I83.2, I87.01,
I87.21, I70.24, L88, E10.75) being treated at the Derma-
tology Department from the period January 1, 2021 to
March 30, 2023, leading to data until March 29, 2023.
Assuming that the clinical research questionsmentioned
above, which guided the exploration for data structured-
ness and quality, could be answered by the MII core data
set we requested these data. Next to data of the base
modules [11], we asked for data of the extensionmodule
microbiology [13]. Wound images were not included in
this study as they are not part of the MII core data set.
Therefore, consent for data usage was required from the
heads of the Central Laboratory andMicrobiology Depart-
ment. A consent to obtain clinical data from the Derma-
tology Department was not necessary, as the Dermatology
Department itself filed the request. After calculating costs
and obtaining the necessary consent from the different
heads of departments, an application for data extraction
was filed.
The data were exported from the data warehouse into six
csv files, each one containing one of the base modules
(patient, encounter, diagnosis, procedure, medication,
laboratory values). As the extracted data were forwarded
to the University of Applied Sciences Osnabrück where
we planned to analyze them, they needed to undergo
k-anonymization [20] with k=5 due to German General
Data Protection Regulations.

Data analysis

To get first insights into the data provided, we created a
Unified Modeling Language (UML) class diagram of the
data provided. Data types were empirically distilled from
the available data. Then we determined whether data
were coded and whether these codes came from a local,
national or international code system. We also looked at
the distribution of the data and whether data were
anonymized.
Afterwards, we performed a data quality analysis on the
data, considering the factors completeness, relevance,
and accuracy.
Completeness means, that “all values for a certain vari-
able are recorded” [21]. Therefore, the number of missing
values were determined.

Relevance generally is defined as the “extent to which
data are applicable and helpful for the task at hand” [22].
In our case, a physician (DB) rated the clinical relevance
of the data by whether the data could potentially be used
to answer clinical and epidemiological research questions.
For laboratory data and antibiograms, the data were
grouped by the identifying code, and first results were
listed for each code. A physician rated all codes for their
general clinical and epidemiological relevance.
Accuracy is understood as the measure to express
whether “data are correct, reliable and certified free of
error” [22]. As the original data and exported data cannot
be compared in this study, the accuracy within our study
focused on laboratory data. Stated data types were
tested, and whenever different representations of the
same result within one entry were provided, we tested
whether these representations were congruent. If string
and numeric values differed, a physician determined the
most plausible value. Additionally, the consistent spelling
of units was verified.

Results
The information model for the data provided is given in
Figure 2. Due to data anonymization, the original dates
for all clinically relevant data were exchanged with the
difference in days to the date of the first encounter. As
reference, the age at the first encounter and the time-
frame of this encounter was given for each patient.
We received data on 499 patients and 1,186 encounters,
comprising a total of 4,775 diagnosis entries, 1,555
procedure entries, 201medication entries, and 143,349
laboratory entries, as shown in Table 1. Except for medi-
cation, relevant data were available in a structured way.
Table 2 shows the number of missing data of all data
categories within the data provided. Each patient record
included all data on patient demographics. The same
held true for the diagnoses and procedures data.
Within the patient demographics, gender was coded using
a local code systemwith the codesW (weiblich = female),
M (männlich =male), and * (no description). The informa-
tion on the age at first encounter was clustered with
partially large ranges, e.g., 19 to 97 years. The change
of gender codes to the code * as well as the clustering
of the age resulted from the anonymization procedure.
Encounter data were nearly complete. Only 14 out of
1,186 encounters had no duration of stay. Among the
encounter data, the admission dates and times were re-
placed by the month or year of the first encounter, e.g.,
‘May 2022’ or ‘2023’ as a result of the anonymization.
All remaining dates were then given as a difference in
days to the first encounter.
Regarding diagnoses, the ICD-10-GM codes used for
billing (using SAP software) were provided. In Table 3 the
ten most frequent diagnoses are shown. Four of them
are wound diagnoses (L97, I83.0, L88, I83.2), two are
specific codes for SARS-CoV-2 screening before admission
(Z11, U99.0), two are typical codes for comorbidities
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Figure 2: Information model of the data provided to the University of Applied Sciences Osnabrück

Table 1: Overview of data obtained

Table 2: Frequencies of missing data
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Table 3: TOP 10 diagnoses

Table 4: Top 10 procedures

(I10.00, Z92.2) and two are codes for general and wound
specific treatments (Z50.1, Z48.0). In the data provided,
there were no signs for anonymization.
The Procedure data provided were coded with the nation-
al system of operations and procedures (OPS) [23], ex-
tended by a few local codes. The ten most frequent
procedures are shown in Table 4. Notably, testing for
SARS-CoV-2 was the most frequent procedure. The care
degree (either as no degree or the degree number) was
also frequently documented. Four procedures (8-191.00,
8-192.1f, 1-490.6, 5-896.1f) referred to interventions
concerning the wound. Similar to diagnoses, mostly bil-
lable information was captured. In total, procedures were
only captured for less than two thirds of the patients (309
out of 499, 61.9%). Alike the diagnosis information, there
were no signs for anonymization visible.
Medications were not stored as structured data, only the
active ingredients had been recorded as free text. The
eightmost frequently documentedmedications are shown
in Table 5, all other medications had a frequency of 1.
Only for 21 out of 499 patients (4.2%) and 43 out of
1,186 encounters (3.6%),medication data were available.
In 12 out of the 201medication records, the active_agent
was missing. Whether this was due to the anonymization
process or because of the data in the DWH could not be
determined. Also, the dataset did not include the patients’
long-term medication, but predominantly billing-relevant
medication, mostly intravenously applied medication,

such as immunotherapies. Medications that are taken
orally were not included.

Table 5: Top 8 medications

The laboratory values and antibiograms of the microbio-
logy, coming in total from 14 different laboratories, were
provided comprehensively. As described in Figure 2, these
data contained, among other information, a local code
to identify the content (analyte_swt) and a human read-
able description for the code (analyte_name). The
identifying codes came froma local code systembut could
have been also provided as LOINC codes by the DIC. Out
of 1,776 different codes, 1,567 (88.2%) were rated as
relevant, covering 129,761 (90.5 %) of all 143,349
entries, the remaining 209 codes (11.8%) were rated as
non-relevant, covering 13,588 of all entries (9.5%). Ex-
amples for relevant codes include codes for leucocytes,
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Figure 3: Distribution of result_numeric, result_text, result_unit

hemoglobin, erythrocytes, and hematocrit, while among
the non-relevant codes were hints or dates.
For reporting a laboratory value, two rows with the names
result_numeric and result_text were provided. As can be
seen in Table 2, the column result_numeric held informa-
tion in 68,263 entries, result_text in 134,222 entries,
and at least one of the columns were present in 134,225
entries. Figure 3 shows the distribution of result_numeric
and result_text. In total, 9,124 entries contained no result
at all. Among these, units were provided only for 297
entries (3.3%). Whilemost units indicated numeric values
(e.g., %, x 10^3/ul, g/dl)), two units did not reveal the
data type (–,Material), covering six entries. In the remain-
ing 8,827 entries, the unit was missing, making it nearly
impossible to determine the real data type.
Therefore, in total, 65,962 entries contained textual re-
sults, 68,554 entries contained assumably numerical
results, and 8,833 entries contained data of unknown
type as neither a result nor a unit were stated.
Among the 134,225 entries with a result (string and/or
numeric representation), 68,260 entries contained a
string as well as a numeric representation. When type-
casting the numeric content to a number (it was stored
as a string before), 16,527 entries in the column
result_numeric could not be transferred into a number
(also see Figure 4). For the remaining 51,733 data entries
the type-cast was successful. A comparison of both
columns result_numeric and result_text showed that the
columns corresponded to each other in 23,721 entries,
while in 28,012 entries, the string and the numeric value
differed. The analysis of themultiplication factor between
the two values showed that both results differed by factor
10 (2,388 entries), by 100 (140 entries), by 1,000
(5 cases) and by ≈109 (25,479 entries). For these
28,012 laboratory values, the textual representation was

more likely to be the correct data than the numeric value,
e.g., Calcium 2.06 mmol/l (text + unit) compared to
20,599,999,428 mmol/l (numeric value + unit).
As described above, 13,588 of the laboratory data con-
tained no valuable information, while 129,761 data were
relevant in principle. The distribution of the relevant data
by data type is shown in Table 6. Among the relevant
values, numeric data had a higher proportion to be rele-
vant (67,804 out of 68,554, 98.9%) in comparison to
textual data (55,822 out of 68,263, 84.6%).

Figure 4: Distribution of correctness of numeric laboratory
results
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Table 6: Distribution of relevance by data type of laboratory data

If applicable, units were also given, but the spelling of
the same unit differed slightly between the different
laboratories, e.g., for erythrocytes, the units “x10^6/µl“
(791 entries), “x 10^6/µl” (106 entries), and “x 10^6/ul”
(602 entries) were used.

Discussion

General remarks

After asking for data from the MII core data set, we re-
ceived data from a prefinal transformation step of data
delivery of the core dataset, leaving some of the harmoni-
zation and standardization steps undone. To our knowl-
edge the reasons were that (a) we also requested images,
which are not part of this study, and the paths to these
images were not yet available in HL7® FHIR®, and (b) the
data had to be anonymized for Osnabrück and the
anonymization routine only worked on table-based data.
The following discussion will address issues in terms of
heterogeneity of the format (free text vs. structured data)
and the quality criteria completeness, relevance, and
accuracy, particularly in terms of missing values, incon-
sistencies, lack of longitudinal data and missing context.
The question whether there were data missing that had
been recorded elsewhere cannot be answered.

Missing values

The data contained a relatively high number of missing
values especially for laboratory values and antibiograms.
Possible reasons for missing data might be a) data
missing in the source system, b) data deleted/not extract-
ed during the transformation process from the original
source to the DWH, or c) data deleted during the anony-
mization process ensuring k-anonymity (k=5). The reasons
could not be determined in this study. Therefore, the as-
sessment of the completeness might partly underrate
the number of existing values considering the data
available at both the hospital information system or the
data warehouse. However, incomplete data limit the rele-
vance of the data and their capability to render the com-
plete picture.Missing values produced during the anonym-
ization process hint at the limited opportunities of external
partners to make full use of the data.

Inconsistencies and data format

Data inconsistencies were mainly observed for units in
the laboratory data, specifically as different systems used
different representations of the same units. This leads
to an increased workload for data analysts and can in-
crease the likelihood of misinterpretation of the data. By
using international standards like UCUM [24] for units
this problem might be overcome. Other issues are free
text formatted laboratory values and problems with data
which are either not numeric though it was stated differ-
ently, or faulty regarding the decimal separator.
The MII core data set requires data to be represented in
the HL7® FHIR® format, incorporating standardizations
and harmonizing steps, which can be delivered by the
DIC. For laboratory values, the main FHIR® resource is
the Observation Resource [14]. The definition of the
laboratory observation from the MII [25] defines that
UCUM codesmust be used for units, leading to a uniform
machine-readable representation. It also allows IT sys-
tems to distinguish the data type into quantities with
given separators, coded concepts with the corresponding
code systems, and free text, but also allows the system
tomark information asmissing either due to unavailability
or due to masking. Extracting data at a later transforma-
tion step and implementing the data structure as defined
in theMII core data setmay therefore enhance the accur-
acy of the data and allow a better assessment of the
completeness of the data. It can be expected that a better
understanding of the data becomes possible, and thus
an easier analysis of the structured data is ensured.
However, the challenges posed by free text data would
remain.

Relevance and completeness

SAP as source of the data

A large part of the data was extracted from the hospital’s
enterprise resource planning system (SAP system), which
is used to code for billing purposes with ICD-10-GM codes.
These codes provided important clinical information to
determine the distribution of diagnoses in the population
and to make statements about common comorbidities.
However, it is important to note that, according to the
knowledge of the first author of this study (DB), especially
diagnoses and procedures relevant to billing had been
recorded and the complete list of clinical diagnoses and
procedures was not available. In other words, the extract-
ed data were based on DRG-relevant diagnoses and
procedures, rather than onmedical relevance. Thismeans
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that certain aspects, such as the main diagnoses (as
ICD-10-GM code), and procedures such as wound
debridement, were well-documented and easily acces-
sible, while other important underlying illnesses, such as
former amputation, organ insufficiencies, depression, or
reduced compliance, were rarely extracted.
At the University Hospital Erlangen, diagnoses for medical
treatment are recorded in another information system
(“Soarian”) for outpatient treatment, often using free text.
These diagnoses were not extracted by the DIC, leaving
out many comorbidities. Also, information about the pa-
tients’ long-termmedications andmost of themedications
and procedures during the hospital stay was not available,
although this information was stored in one of the digital
documentation systems. This information, once extracted,
could be useful to get a better overview of the patients’
treatment. The MII core data set allows data of different
modules to be exported as long as they can be extracted
in a structured way. It does not restrict data to be only
billing relevant or need to originate from the hospital it-
self. The inclusion of structured data from the national
electronic health record may improve the availability of
structured data which do not originate from the hospital
within the hospital information system andmay therefore
improve the availability of data within the DIC.
The strong focus of information on being billing-relevant,
also holds true for medication and procedures. Therefore,
drawing conclusions about treatment response based on
the laboratory values over time (e.g., decreasing inflam-
matory blood markers) is speculative and cannot be
linked to individual treatments as not all information is
accessible. As a consequence, the most interesting clin-
ical questions, namely those about treatment outcomes,
cannot be answered by the data provided. We could not
include more data as they were not available in a mean-
ingful amount before 2021. However, with the inclusion
of more longitudinal data and from more specialties ori-
ginating from further data sources particularly clinical
information systems, this problem might be overcome,
and further data might become available.

Lack of contextual information

The data obtained also lacked some contextual informa-
tion. For each encounter the number of procedures and
diagnoses were given, but the information provided did
not contain information about the main diagnosis. This
leads to a potential bias in the dataset as also patients
with a wound who presented for other reasons (main
diagnosis) were included. Due to the fact that all encoun-
ters considered included patients of the department of
dermatology only, it is fair to assume that the patients
came to get their wound treated. However, this assump-
tion may not be valid for all patients.
In the HL7® FHIR® representation, it is possible to repre-
sent most of these contextual data. The representation
of an encounter in an Encounter resource allows the ad-
ditional indication of meta-data, e.g., department main
diagnoses or admission diagnosis [26].

Relevance and completeness – reorganization
of information

Among the laboratory data considered irrelevant there
was the request date of the laboratory analysis and there
were also comments and grouping codes. In HL7® FHIR®,
it is possible to distinguish between a ServiceRequest
resource to represent the request for a laboratory analysis
of a specimen, including a request date, and the actual
results. Observation resources contain the actual
laboratory value, possibly with a free text comment, which
are summarized in DiagnosticReport resources which
also allow conclusions to be given [25]. Therefore, a
representation in HL7® FHIR® according to the core data
set definition by theMII would help organizing information
in a meaningful way and allows researchers to focus on
relevant information.

Anonymization

A significant portion of the data was unavailable due to
anonymization. In line with the principles of k-anonymiza-
tion (k=5), extremely broad age ranges were assigned in
some instances, rendering the data unsuitable for further
analysis, but also information was masked, like gender,
or probably also deleted. Other options would have been
(a) to analyze the data at the University Hospital Erlangen
in accordance with recent regulations in Bavaria, or (b)
to ask for data for which a broad consent was given [15],
[16]. As option (a) – analysis of data at the University
Hospital Erlangen by one of their staff members (DB) –
is a suitable possibility for the authors for future analyses
of the data, option (b) – analyze data for which a broad
consent was given – was not taken into account, because
of an extremely limited number of patients who had given
a broad consent. The amount of data accessible under
the broad consent will be only a fraction of the anonym-
ized data. In future studies researchers need to decide
whether they would prefer all data with lower quality due
to anonymization steps or more complete data of less
patients. It should also be considered that the Health
Data Utilization Act (Gesundheitsdatennutzungsgesetz,
GDNG) of 2024 allows health care providers to share
health related patient data under certain conditions
(Section 6 (3) sentence 4 of the GDNG). As the request
for the data was filed before that date and as the external
academic partner in this study is not a health care pro-
vider, the GDNG still would not have allowed data sharing
without data anonymization (Section 6 (3) sentence 3 of
the GDNG). Also, first experiences with the GDNG in terms
of sharing data with other health care providers in a non-
anonymized way, which is allowed under certain circum-
stances (Section 6 (3) sentence 3 of the GDNG), are still
pending. Thus, studying the impact of anonymization on
data expressiveness is still a relevant case.
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Analysis of wound care related data

This study inspected and gauged data very similar to the
MII core data set for its usability to answer epidemiologic-
al and treatment related clinical questions in wound care.
Although wound related diagnostic, laboratory and treat-
ment data were available in principle, their meaningful-
ness was limited as discussed above. This renders any
clinical analysis difficult, like questions on the impact of
an antibiotic therapy on infection markers, or the treat-
ment of multi-resistant germs. Epidemiological studies
based on the anonymized data are partly possible, but
impossible in other ways. The distribution of age, patients
permonth, living area of patients (via zip code), insurance
status, and partly gender among different groups of pa-
tients is impossible to derive as age, dates and partially
gender weremasked or transformed. Research questions
like the distribution of wound types and number of
wounds per patient, distribution of nursing degree, read-
missions, and type of encounter and the identification of
multi-resistant germs were possible to answer while
analyses on comorbidities, procedures applied, and
medications prescribed or administered were limited as
the relevant data were not yet extracted. Ways to improve
the usability of the data include, among others, the inclu-
sion of other data sources, but also a structured docu-
mentation allowing an exact extraction of data for re-
search, as the automatic code annotation of free text is
prone to errors or misses [27].
Whether these main results also hold true for other con-
ditions not represented as an MII use case like wound
care, should be evaluated in future studies. In any case,
the development of more use cases within the MII is de-
sirable to obtain more meaningful data across different
clinical research areas. In the future, the development of
the use case “chronic wounds” could incorporate wound
related data such as parameters for wound descriptions,
e.g., wound size, wound bed, description of peri wound
and wound edge, exudate, debris, and odor [4], [5], [28],
into the DICs andmake these data available for research
purposes. A use case “chronic wounds” would not only
be interesting from the perspective of different medical
specialties, e.g. dermatology, surgery, diabetology, angi-
ology, but also from the viewpoint of nursing. These de-
velopments could be coordinated with other initiatives
around standardization in wound care, like the develop-
ment of a national wound summary [28], and make
standardized wound related data available for care as
well as for research.
In the near future, the Health Research Portal Germany
(Forschungsdatenportal Gesundheit – FDPG) will enable
researchers to directly access data from several DICs
across Germany, providing new opportunities to conduct
research using routine clinical data on a national scale.
Currently, initial studies are underway to gather experi-
ences with the FDPG. Osnabrück University of Applied
Sciences has been selected as one of the first institutions
to evaluate and document experiences with the portal.
The present study thus serves as a pilot project aimed at

assessing the data quality and scope of information
available from one of the participating DICs, with the goal
of informing future, effective use of the FDPG in health
research.

Conclusion
In conclusion, the data available from the data warehouse
at the DIC in Erlangen showed a high variability in struc-
turedness and quality. One of the major drawbacks was
that they mainly represented billing-relevant diagnoses,
procedures, andmedications that do not necessarilymeet
the requirements for medical research. The accuracy,
especially of laboratory data and antibiograms may be
improved for numeric values as well as for units. In prin-
ciple, the data were sufficient in quality for relevant
analyses of patient demographics, encounters and dia-
gnoses – with the restriction of not knowing the main
diagnosis. Drawbacks resulted from the anonymization
process. Similarly, the medication information provided
was in principle relevant. However, due to the discrepancy
between data provided and data potentially available,
results drawn from the medication data provided would
have a limited meaning. Alike, a significant number of
laboratory data were not relevant. Taking all these results
into account, clinically relevant research questions will
only partially be answerable. Epidemiologic analyses are
partly possible due to the anonymization process but will
becomemoremeaningful when data are analyzed within
the University Hospital. However, reliable statements
about the treatment and thus the treatment response
will be impossible to date.
Thus, although major advances in data availability took
place, medically adequate data for epidemiological and
treatment outcome studies are still partially missing. This
deficiency makes clinical analyses difficult not only in
wound care – be it performed within the hospital or
through external academic partners.
A more clinically driven and standardized documentation
as well as standardized application programming inter-
faces would improve the availability of data relevant for
research on the courses of treatments in the field of
wound care.
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