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Abstract
High-quality annotated medical text data are essential for training robust machine 
learning–based named entity recognition (NER) models, particularly for extracting 
structured evidence from large volumes of unstructured medical literature to support 
the development of clinical practice guidelines. This article introduces a system 
for collecting, annotating, and managing high-quality training data for machine 
learning-based NER models. The system is designed to help medical professionals 
create and maintain extensive training and test datasets across multiple text formats 
and for different NER frameworks. It also supports the straightforward integration 
of new NER frameworks through customizable converters. Using the Nunamaker 
methodology for a structured approach to information system development, the 
article starts with an introduction to the topic, contextualizes the research, reviews 
the state of the art, and identifies challenges in text annotation by medical experts. 
This is followed by a description of the system’s modeling and implementation. The 
article concludes with an expert evaluation of the system, the resulting insights, and 
a summary of the main findings.
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1. Introduction and motivation
High-quality annotated data are crucial for developing powerful machine learning 
(ML) models for named entity recognition (NER) that can support the development 
of clinical practice guidelines (CPGs) in the medical field.1 CPGs are evidence-based 
recommendations that help physicians make decisions about the optimal treatment of 
their patients.1 Employing CPGs can subsequently help minimize patient risk during 
clinical decision-making.2 Natural-language medical texts, including clinical trial reports, 
case studies, and specialized literature, contain large amounts of valuable information, 
which can be utilized for developing CPGs.1 The volume of medical documents can 
be extremely large, resulting in information overload and making manual analysis 
challenging.3 Domain experts often face the challenge of extracting relevant information 
for CPG development due to the vast amount of unstructured data.4 By transforming 
unstructured text into structured data, ML-based NER aids in managing information 
overload within the medical field.1 These structured data can support information 
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retrieval processes for evidence retrieval, forming the 
foundation of CPGs.1 Cloud computing can enhance ML 
training by providing scalable resources, enabling faster 
processing and analysis of large datasets.5 To develop 
robust ML models for NER, it is imperative to optimize the 
quantity and quality of training and test data. As stated in 
Konkol6(p22), “a complex system trained on too few data 
will not be able to generalize, and results on unseen data 
can be catastrophic.” Generalization refers to the model’s 
ability to accurately perform on new data points that were 
not part of the training set.6

Building on this need for annotated data in CPG 
development, the present research is motivated by the 
following research projects. RecomRatio, launched in 2018, 
aims to assist medical professionals in making therapy 
decisions.7 It uses the spaCy framework and ML-based NER 
to extract new knowledge from the medical literature.8 The 
Artificial Intelligence for Hospitals, Healthcare & Humanity 
(AI4H3) project, building on the results of RecomRatio, 
focuses on improving the transparency and explainability 
of medical decisions.9 It incorporates artificial intelligence 
(AI) and a hub architecture to efficiently integrate additional 
information sources, e.g., medical and biological literature, 
electronic health records, and healthcare-related social 
media data, crucial for clinical decision support.10 The 
project leverages a knowledge management system called 
Content and Knowledge Management Ecosystem Portal 
(KM-EP), developed jointly by the Faculty of Mathematics 
and Computer Science of the University of Hagen, Chair 
of Multimedia and Internet Applications11, and FTK 
e.V. Research Institute for Telecommunications and 
Cooperation.12 KM-EP facilitates knowledge management 
in multiple domains13 and has been used in various 
research projects, including the H2020 projects Metaplat13, 
SenseCare14, and RecomRatio.7 Additionally, the Stanford 
Named Entity Recognition and Classification (SNERC)15 
project enables customized NER models for applied 
games16–18, although with limited support for domain expert 
annotation, using Stanford CoreNLP.15 By contrast, the 
Cloud-based Information Extraction (CIE) project aims to 
enable end-to-end NER pipelines in a cloud environment, 
optimizing resource allocation.5 The Framework-
Independent Toolkit for Named Entity Recognition 
(FIT4NER) project, embedded within the AI4H3 and 
CIE contexts,19 uses KM-EP to support medical experts in 
employing various AI-based text analysis techniques such 
as NER, event identification, and relation extraction10, for 
efficient information retrieval in the development of CPGs. 
In KM-EP, documents such as medical research findings 
and clinical studies are managed and used as an evidence 
base for developing CPGs.1,19 To optimize information 
retrieval, KM-EP offers document classification features 

using NER, along with a faceted search engine based on 
these classifications.15 The necessary ML-based NER 
models are integrated into KM-EP and should be trained 
directly by experts in the medical domain.1 To effectively 
support medical professionals in developing CPGs 
through FIT4NER and KM-EP, it is crucial to use powerful 
ML models for NER.1 The performance of such models is 
highly dependent on the size and quality of the training 
data in the relevant target language20, derived from 
the corresponding application domain.19 The seamless 
integration of annotation functions in KM-EP supports 
the preprocessing of training data for NER.

In the medical field, highly specialized domains such 
as biomedicine and clinical practice rely on a multitude 
of domain-specific terms and abbreviations for medical 
procedures, tests, conditions, and treatments.21,22 However, 
these terms and abbreviations can often be ambiguous 
or exhibit variations in spelling, which poses challenges 
for extraction using ML methods. Therefore, involving 
medical experts in creating annotations that account 
for domain-specific terms, abbreviations, and potential 
misspellings is crucial for training new models and 
achieving optimal results.23 Nevertheless, the performance 
and suitability of NER frameworks vary depending on 
the use case24, necessitating the comparison and selection 
of a suitable framework for each specific application.19 
Moreover, different NER frameworks require different 
text and annotation formats, such as CoNLL-200325, 
BRAT26, or BioC.27 In this work, these formats serve 
different roles in the preprocessing pipeline: BioC 
is used as the internal representation to harmonize 
heterogeneous source documents and retain expressive 
annotation structures, while BRAT and CoNLL-2003 are 
supported at the interfaces to maximize interoperability 
with existing corpora and widely used NER frameworks. 
CoNLL-200325 is a line-based sequence-labeling format 
that is broadly supported by NER toolkits, but it cannot 
represent discontinuous spans, nested entities, or relations. 
BRAT26 is a widely adopted annotation environment that 
supports richer annotation structures (e.g., relations and 
discontinuous annotations) and is commonly used for 
biomedical corpora. BioC27 is an XML-based interchange 
format designed for biomedical texts and annotations, 
providing a structured representation that supports 
interoperability across tools. Because NER methods 
and toolchains evolve quickly, future frameworks may 
introduce new data requirements; therefore, the system 
must support multiple formats and allow new converters 
to be integrated with limited engineering effort.19 

Having highlighted the critical importance of helping 
medical experts in annotating domain-specific texts for 
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NER model training, the research questions (RQs) for this 
work are defined below. Medical professionals face the 
challenge of finding suitable tools to create and manage 
training data in various formats, which also support future 
text and annotation formats. This issue leads to two RQs 
examined in a bachelor’s thesis based on FIT4NER28: 

(i)	 How can a system be developed and integrated into 
KM-EP to support medical experts in the creation 
of high-quality training and test data for ML-based 
NER? 

(ii)	 How can training and test data be used efficiently in a 
cloud environment to train ML models with various 
NER frameworks? 

The goal of this research is to support medical experts 
through a flexible, cloud-based system integrated into 
KM-EP that facilitates the creation of high-quality data 
for ML-based NER models and efficiently processes large 
datasets.

This article employs the Nunamaker methodology29, a 
systematic approach for developing information systems, 
which includes several research objectives (ROs) spanning 
observation, theory building, implementation, and 
evaluation phases. 

The remainder of the article is structured as follows: 
Section 2 addresses the observation objectives, reviewing 
the current state of the art. Section 3 focuses on theory-
building objectives, developing models to aid medical 
experts in creating training and test data. Section 4 
outlines the system development objectives, describing the 
creation of a prototype system for generating training and 
test data. Section 5 covers the experimentation objectives, 
describing the execution and analysis of expert tests using 
the prototype. Finally, Section 6 summarizes the results of 
the study.

2. State of the art in science and technology
This section focuses on the observation phase and RO1, 
which entails the “review of the current state of the art.” The 
objective is to identify and discuss remaining challenges 
(RCs) in the areas addressed in this article.

Within the SNERC project15, use cases such as “Annotate 
Domain Corpus,” “Select Data Cleanup Options,” 
“Generate/Upload Training Data,” and “Generate/
Upload Testing Data” were defined.15 These use cases 
were subsequently extended in the CIE project to include 
functionality supporting the training of NER models using 
cloud resources.5 FIT4NER, an extension of CIE, further 
emphasizes the comparison and selection of different 
NER frameworks.19 As a result, the SNERC use cases were 
consolidated into the “Support Data Preparation” use case.19 

Building on these efforts, the “Process Model for AI-based 
Knowledge Extraction Support for CPG development”19 
was derived, illustrating the essential process steps to 
train NER models in support of the CPG development. 
This model explicitly includes the “Data Management & 
Curation” phase, which encompasses all activities related to 
data preparation. Efficient data preparation and utilization 
are fundamental prerequisites for effective ML-based NER 
model training.30 Consequently, medical professionals 
must be equipped with robust tools that support the 
creation, management, and annotation of training data in 
multiple formats. 

When creating high-quality datasets for NER, several 
challenges arise as early as the conceptual stage. First, a 
precise annotation scheme is required, defining a clear 
taxonomy of entity types, unambiguous entity boundaries, 
and a consistent differentiation between closely related 
classes. For example, the Colorado Richly Annotated Full 
Text (CRAFT) corpus relies on multiple ontologies such 
as ChEBI31 and Uberon32, whereas the BRONCO corpus 
assigns drugs according to the Anatomical Therapeutic 
Chemical Classification System.33 In addition, the 
selection of texts to be annotated must be systematic to 
ensure representative coverage of all relevant entity types. 
In highly class-imbalanced domains, stratified sampling 
is often necessary to adequately represent rare entities.34 
Domain-specific characteristics further complicate 
the annotation process. Medical texts frequently 
contain lexical ambiguities (e.g., cold as a disease or a 
temperature)35, discontinuous or nested entity structures36, 
and context-dependent phenomena such as negations 
(“no cold present”) or temporal references (“previously 
existed …”).33 Moreover, unequal entity frequencies lead to 
discrepancies in recognition performance: while frequent 
terms (e.g., fever, pain) are typically recognized robustly, 
rare symptoms or therapies are identified with significantly 
lower accuracy.34 External constraints, such as the General 
Data Protection Regulation (GDPR), may further degrade 
corpus quality when anonymization procedures remove 
clinically relevant contextual information.37 Finally, the 
identification of newly emerging entities and the limited 
availability of domain experts—whose time is limited—
pose additional challenges.8 To address these issues, a multi-
stage annotation strategy is commonly recommended. In 
an initial pilot phase, the annotation schema and associated 
guidelines are tested on a small subset of documents to 
identify ambiguities and refine definitions before large-
scale annotation begins.38 The practical annotation process 
is typically supported by specialized tools such as BRAT, 
which was used in the studies by Cohen et al.,31 Kittner et 
al.,33 and Nastou et al.38 and provides intuitive user interfaces 
and consistency checks. Reducing the workload for domain 
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experts is a central objective and can be achieved through 
hybrid annotation approaches, in which automated pre-
annotations are generated and subsequently validated and 
refined by experts.33 Recent approaches, such as NERFlow, 
further integrate large language models into configurable 
annotation pipelines to support this process.39 Additionally, 
active learning techniques enable the iterative selection of 
highly informative samples—often characterized by high 
model uncertainty—thereby improving model quality 
while minimizing annotation effort.40 The consistency 
and reliability of manual annotation are further promoted 
through structured annotator training, detailed guideline 
documents, and the use of exemplary annotation schemes. 
Employing multiple annotators for the same data 
increases reliability, while remaining disagreements are 
resolved through systematic adjudication by experienced 
annotators or expert panels.31,33 For quality assurance, 
quantitative measures of inter-annotator agreement (IAA) 
are commonly used to assess annotator consistency and 
to evaluate the clarity and effectiveness of the annotation 
scheme.41 Together, these measures enable the efficient 
creation of consistent and representative NER corpora, 
even in complex and highly domain-specific application 
areas. In practice, these quality factors translate directly 
into measurable differences in model performance: 
ambiguous boundaries, inconsistent guidelines, and 
unresolved annotator disagreement typically reduce 
precision and recall, while pilot phases, adjudication, and 
IAA-driven guideline refinement improve downstream 
NER robustness.31,33,41

To ensure transparency for both medical and technical 
audiences, the selection of annotation formats and 
associated tools in this work was guided by several criteria, 
including expressiveness, interoperability, standardization 
and structure, community adoption and maintenance, and 
practical feasibility within expert workflows. Specifically, 
these criteria included: (i) expressiveness, including 
support for discontinuous spans, nested entities, and 
relations; (ii) interoperability, reflected by the availability 
of converters and compatibility with existing NER 
frameworks and corpora; (iii) standardization and 
structure, such as the availability of formal schemas (e.g., 
XML-based formats); (iv) community adoption and 
maintenance, indicating an active ecosystem and sustained 
tool support; and (v) practical feasibility within expert 
workflows, including the availability of usable annotation 
environments and a manageable engineering effort for 
integration. These criteria reflect the dual objective of 
this work—to represent biomedical annotations with 
sufficient fidelity during preprocessing while enabling 
seamless export to widely used NER training pipelines. 
Medical texts exist in varied formats such as PDF, DOCX, 

HTML, or plain text.42,43 To support medical experts in 
annotating and reusing these texts across different NER 
frameworks, the preprocessing pipeline must convert 
heterogeneous source documents into a single, stable 
internal representation and then provide framework-
specific exports.27 We therefore compared annotation 
formats with respect to expressiveness (e.g., discontinuous, 
overlapping, or nested annotations), structural properties 
(e.g., XML schema), and ecosystem support (availability of 
tools and converters).27,44 The evaluated formats included 
CoNLL-200325, GPML45, BRAT26, Knowtator46, BioC27, and 
CLAO.47 BioC was selected as the internal representation 
because it provides a structured, XML-based model and is 
widely used for biomedical interoperability.27 In contrast, 
CoNLL-2003 was retained as a supported export format 
despite its limited expressiveness (no discontinuous spans, 
relations, or nested entities), because it remains a de facto 
standard for many sequence-labeling training pipelines and 
is supported by numerous NER frameworks.25 BRAT was 
treated as a tool-facing interface format for importing or 
editing corpora, because it is frequently used in biomedical 
annotation practice and supports richer annotation 
structures through its standoff representation.26 GPML 
cannot represent discontinuous annotations, relations, or 
nested named entities45, and CLAO and Knowtator were 
excluded in this work due to limited practical adoption and 
tooling support in the targeted workflow.31,47 

Table 1 summarizes the key feature differences across the 
analyzed formats and should be interpreted as a capability 
overview. Within the proposed architecture, expressive 
formats such as BioC and BRAT can be preserved internally 
or during expert annotation, whereas simpler formats such 
as CoNLL-2003 are provided as export formats to ensure 
compatibility with common training pipelines. Given the 
continuous emergence of new document types and NER 
toolchains, Prepare4NER adopts a modular converter 
architecture that allows format-specific converters to 
be added or replaced without impacting the remainder 
of the system.47 Leveraging different ML models and 
NER frameworks for model training requires efficient 
data preparation and use.19 Cloud computing offers 
scalable resources for managing the substantial storage 
and computational demands of NER model training.5,48 
The use of cloud computing technologies for sensitive 
medical data requires globally coordinated measures to 
comply with regulatory requirements. In the European 
Union, for example, the GDPR provides a stringent legal 
framework that must be adhered to, particularly when 
processing personal data.49 Selecting an appropriate cloud 
provider is crucial, ensuring data storage complies with 
legal requirements and that compliance is maintained 
through contractual agreements, such as data processing 
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agreements. Technical measures such as anonymization, 
pseudonymization, and end-to-end encryption are 
essential to ensure data security and protection.49 
Specialized medical clouds and international certifications, 
such as ISO 27001, further support compliance with 
these regulations.49,50 Additionally, technologies such 
as Kubernetes enable independence from specific 
providers, facilitating flexible processing of medical 
data in public clouds, specialized clouds, or on-premise 
private clouds.50,51 These cloud orchestration tools have 
revolutionized container management and deployment, 
providing scalable and efficient deployment strategies.50,51 
The ability to perform autoscaling is particularly critical as 
it allows resources to be dynamically adjusted according 
to demand, which is essential for handling large datasets.51 
The measures can help mitigate, although not eliminate, 
the regulatory and technical challenges of using cloud 
computing in the medical context. In the context of CIE, 
major cloud providers such as Amazon Web Services and 
Microsoft Azure have already been used to support the 
training of NER models with large datasets.5 Consequently, 
it should be feasible to provide annotated training and 
test data on the cloud storage systems of these leading 
providers.

The knowledge management system KM-EP is widely 
adopted in research7,13,14 and is therefore well suited to 
manage medical information that can be used in the 
development of CPGs.1 In addition, it provides a unified 
user interface and supports cross-functional features such 
as user and access-rights management.13 For these reasons, 
KM-EP was selected as the foundation for the FIT4NER 
project.19 This work is embedded within FIT4NER 
and therefore requires support for annotating medical 
texts within KM-EP and for the subsequent use of these 
annotations to train ML models for NER.

The authors identified two RCs essential for developing 
an effective system architecture. The first RC involves 
enabling flexible integration of document conversion tools 
into KM-EP to support specific formats efficiently and 

seamlessly integrate different document types into the 
annotation workflow. The BioC format was selected for 
internal representation because it is the most expressive 
among the formats studied. The second RC focuses on 
facilitating the provisioning of training and test data on 
the storage resources of the major cloud providers, to 
support training with NER frameworks that utilize the 
selected data formats. This requirement highlights the 
importance of optimizing data accessibility and utilization 
in multiple environments to enhance model training and 
deployment capabilities.5 These requirements underscore 
the importance of designing a versatile system architecture 
capable of supporting various formats and environments to 
optimize ML-based NER model training and deployment.

3. Conceptual modeling and design
This section focuses on the theory-building phase, 
addressing RO2, “Creation of essential models for a system 
that allows the creation of training and test data by medical 
experts.” This is achieved by considering the RCs presented 
in Section 2, based on the current state of the art in science 
and technology. User-centered system design52 was applied 
for design and conceptual modeling, and Unified Modeling 
Language53 was used as the specification language. To 
facilitate the development of ML models for NER in support 
of CPG development, the “Process model for AI-based 
knowledge extraction support for CPG development” 
was initially conceptualized and published.1(p7) This 
model facilitates the comparison and selection of NER 
frameworks to build domain-specific models for NER. The 
annotation of unstructured medical texts is identified as a 
fundamental step in the “Data Management & Curation” 
phase within this process model. As part of the FIT4NER 
project19, use cases and a potential architecture for a system 
that implements all steps of this process model were 
developed. One crucial component of this architecture is 
the “Model Definition Manager”19, which leverages the 
“NER Framework Independent Service”19 to preprocess 
data for training ML models in NER. This section develops 

Table 1. Annotation formats and supported features (capabilities and ecosystem factors used for format selection)

Name XML DA Nested NEs Relations Active community

CoNLL-200325 − − − − X

GPML45 X − − − −

BRAT26 − X X X X

Knowtator46 X X X X −

BioC27 X X X X X

CLAO47 X X X X −

Notes: “X” indicates that the format supports the feature or satisfies the criterion; “−” indicates that the feature is not supported, not applicable, or not 
sufficiently available.  
Abbreviations: DA: Discontinuous annotation; NE: Named entity.
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detailed models for components designed to help medical 
experts create high-quality training and test data for 
ML-based NER, facilitating efficient utilization within a 
cloud environment to train ML models using various NER 
frameworks. The system developed here is referred to as 
“Prepare4NER,” emphasizing its core focus on preparing 
training and test data for NER, including the provisioning 
of this data in the desired format. These datasets can then 
be utilized efficiently within a cloud environment to train 
ML models using different NER frameworks.

The use cases proposed in this work address specific 
features of both FIT4NER19 and CIE5, as shown in Figure 
1. The use cases are broadly classified into two main 
topics: “Data Preparation” and “Data Provision.” Under 
“Data Preparation,” the use cases include “UC1.1.1 
Visualize Data,” “UC1.1.2 Clean Data,” “UC1.1.3 Annotate 
Data,” and “UC1.1.4 Split Dataset.” “Data Provision” 

encompasses the use cases “UC1.2.1 Load Training Data” 
and “UC1.3.1 Load Test Data.” Additional use cases are 
defined for administrative purposes. The “UC1.1 Support 
Data Preparation” use case involves converting various 
document formats to the BioC format and performing 
data cleaning, while “UC1.1.3 Annotate Data” involves 
manual domain-specific annotation performed by experts. 
The “UC1.1.4 Split Dataset” use case involves partitioning 
a document collection (dataset) into training and test 
documents based on predefined rules. Within the “Data 
Provision” process, the “UC1.2.1 Load Training Data” and 
“UC1.3.1 Load Test Data” use cases describe the conversion 
of prepared documents into the specific format required by 
NER frameworks and exporting them to a storage system 
accessible by the training and testing pipeline. Specifically, 
the “UC1.2.1.1 Store in Cloud” use case within CIE5 aims 
to leverage cloud resources for model training.

Figure 1. Use cases of FIT4NER and CIE in the FIT4NER system. The Prepare4NER subsystem is further divided into two subsystems and adds new use 
cases.
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The internal representation of the documents uses 
the structuring elements defined by the BioC format27, 
which are collection, document, passage, and sentence. A 
document element represents a single document converted 
from an external data format, which can contain several 
annotation elements. Documents are always part of a BioC 
collection, which thus represents a set of documents. BioC 
also defines an infon element that can be used to provide 
additional information on each level of the BioC structure. 
In this work, the infon element is used on the dataset 
and document levels to add information such as IDs and 
captions, as well as information on whether a document 
is used for training or testing. Listing 1 presents a BioC 
key file that describes these types of information, which 
are mandatory for each collection and document. The 
key file is also part of the BioC specification and can be 
referenced in the collection element of a BioC document.27 
Other information models are the document formats of the 
original documents, as well as the format of pre-annotated 
corpora on the one hand, and the annotation formats used 
by the NER frameworks that are used for model training 
on the other hand. Between these data models, data 
conversion steps must be integrated into the system.

collection:
infon datasetId: 
unique id to 
identify this 
dataset infon 
datasetName: 
descriptive name of 
this dataset
document: infon 
title: descriptive 
or original title of 
the document infon 
usage:
UNDEFINED usage of this document 
is not defined/dataset is not 
split
TRAINING document 
is to be used for 
model training 
TEST document is 
to be used for 
model evaluation

Listing 1. BioC key file with definition of mandatory infon types.

To achieve the necessary flexibility for integrating new 
NER frameworks and document formats, as outlined 
in the RCs, the “Strategy Pattern”54(p373) was used. 
In implementation, these algorithms, referred to as 

“strategies,” define their behavior through interfaces. In a 
specialized application of this pattern, the strategies are 
designed as microservices, each implementing a well-
defined HTTP interface. Both strategies and their clients 
are microservices that allow the selection of a specific 
strategy based on the context. This adoption of the pattern 
is illustrated by the presence of empty components in the 
component diagrams (Figures 2 and 3), which means 
that additional strategies can be seamlessly integrated 
into the system without requiring modifications to other 
components.

The component “Data Preparation Subsystem” 
encompasses three subsystems: the “Document Import 
Subsystem,” responsible for parsing and converting 
documents from various formats into the BioC format; the 
“Corpus Import Subsystem,” which performs similar tasks 
for existing corpora; and the “Dataset Storage” subsystem. 
The “Dataset Storage” subsystem has three primary 
responsibilities: storing BioC documents for future use, 
partitioning collections of documents (datasets) into training 
and test documents, and managing sets of annotation labels 
for manual document annotation facilitated by a graphical 
annotation tool. This tool is integrated through the Front-
end subsystem within the “Data Preparation” component. 
A “DataPreparationController” component delegates tasks 
to the appropriate subsystems and provides an interface for 
other system components. By employing this extensible 
architecture utilizing the strategy pattern, the first RC is 
effectively addressed and resolved.

The second primary component, the “Data Provision 
Subsystem,” consists of two subsystems: the “Data 
Conversion Subsystem” and the “Data Export Subsystem.” 
Both subsystems take advantage of the specialized strategy 
pattern. The “Data Conversion” subsystem manages the 
conversion of annotated BioC documents to annotation 
formats used by various NER frameworks. As new 
frameworks emerge, there may be a need to support 
additional formats. In such cases, the system facilitates the 
seamless integration of new strategies by implementing 
converters for the new formats. Similarly, the “Data 
Export” subsystem is responsible for delivering converted 
documents to various storage solutions, including local 
file systems and cloud storage services provided by 
specific cloud service providers. Each storage solution is 
associated with a dedicated component that serves as a 
concrete strategy. New storage options can be integrated 
by implementing new storage providers. For example, the 
“CloudStorageProvider” serves as a placeholder for specific 
cloud storage services such as Amazon S3 or Microsoft 
Azure. Once again, the system’s ability to extend with 
additional strategies without impacting other parts of the 
system effectively resolves the second RC.
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Figure 2. “Data Preparation Subsystem” with subsystems for document- and corpus-import, storage, and user interface. Empty components illustrate the 
extensibility of the system.

Figure 3. Subsystems and components of the “Data Provision Subsystem” with connections to diverse storage solutions. Empty components illustrate the 
extensibility achieved by incorporating the strategy pattern.
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The system’s graphical user interface (GUI) is integrated 
within KM-EP, a platform also utilized by the FIT4NER and 
CIE projects. Figure 4 provides an architectural overview 
of Prepare4NER, illustrating the two primary components: 
“Data Preparation” and “Data Provision,” including the GUI 
integration within the KM-EP system. Each component is 
further subdivided into subsystems to achieve a modular 
architecture. The subsystems and components specific to 
“Data Preparation” are depicted in Figure 2, while Figure 3 
illustrates those for “Data Provision.”

This section has established the theoretical framework 
for this work. First, the relevant use cases were presented 
in a use context diagram (Figure 1), and then the use cases 
were transformed into component diagrams for the “Data 
Preparation Subsystem” (Figure 2) and the “Data Provision 
Subsystem” (Figure 3). Finally, the architecture overview 
(Figure 4) showed how the subsystems are integrated 
into KM-EP. The following section will now explain the 
prototypical implementation of the models and their 
integration into KM-EP in more detail.

4. Implementation
This section covers the system development phase and 
includes RO3: “Development of a prototype for a system 
that enables the creation of training and test data by 
medical experts.” It details the implementation of the 
components within the Prepare4NER system modeled 
in the previous section. Subsequently, these components 
are integrated into the KM-EP ecosystem to address the 
system development objectives and facilitate the creation of 
training and test data by medical experts. All components 
were implemented as microservices using Java or Python, 
with integration into KM-EP accomplished using PHP 
and HTML. The microservice architecture was selected 
to achieve modularity and scalability, which is essential to 
implement the strategy pattern discussed earlier. Java and 
Python were chosen for their widespread adoption in ML 
and NER, along with the availability of relevant libraries. 
Various frameworks and libraries were employed to achieve 
the desired functionality: Spring Boot55 for implementing 
HTTP endpoints, managing configurations, and handling 
database access; FastAPI56 for creating Python-based 

Figure 4. Architecture overview of Prepare4NER integration into KM-EP
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HTTP endpoints; Apache Tika57 and pdfminer.six58 for 
format transformations; and scikit-learn59 for splitting 
document sets into training and test data.

For maintainability, all components adhere 
to a consistent design pattern by implementing a 
uniform HTTP interface and following a layered 
architecture. Within the system, controller components 
such as “DocumentImporterController” and 
“CorpusImporterController” (refer to Figure 2) in the Data 
Preparation subsystem, and “DataConversionController” 
and “DataExportController” (refer to Figure 3) in the 
“Data Provision Subsystem,” utilize the strategy pattern 
to access concrete strategies. The implementation of the 
strategy pattern in the “DataExportController,” depicted 
in Listing 2, showcases how the specific strategy is chosen 
based on the request context.

To expand Prepare4NER to support additional document 
formats, the development of a new Document Converter is 
essential. This converter is responsible for both the import 
of new document formats, such as LaTeX and Markdown, 
and the export of annotated data into annotation formats 
required by new NER frameworks, such as the spaCy JSON 
format. Prepare4NER was successfully extended with a 
converter that provides data in the spaCy JSON format.60 
The development effort for such an extension was found to 
be limited. The implementation of new converters can be 
further enhanced by providing a formal description of the 
interfaces, e.g., by using OpenAPI.61 Such a description can 
also outline possible error cases and help implementers 
of new components handle failures and edge cases, such 
as corrupted or incomplete data. Proper handling of the 
described failure states in the core components of the 

system would improve the fault tolerance of the overall 
system. This will be addressed in future enhancements to 
the prototype described here. The need for formal interface 
descriptions and clear user-facing error reports was 
identified during the system evaluation (see Section 5.2).

In terms of official data protection regulations, 
components such as document converters in the “Document 
Import Subsystem,” which handle sensitive data such 
as electronic health records, should also be responsible 
for anonymization or pseudonymization of the data (see 
Section 2). Official guidelines, such as those described 
by the relevant authority62, can help implementers meet 
these data protection requirements. Incorporating data 
protection into the software development life cycle will help 
further ensure compliance with the official regulations.63 
These considerations are also subject to future work when 
the system is deployed in real-world scenarios.

To deploy the system in the cloud, an infrastructure 
adaptation is necessary to ensure both scalability and 
security. The Prepare4NER prototype currently uses 
Docker Compose64 for microservice orchestration. 
Therefore, a crucial step in this process is migrating 
from Docker Compose to Kubernetes by converting the 
existing docker-compose file into a Helm Chart.65 Tools 
such as Kompose66 can automate this conversion process. 
To enhance application scalability, Kubernetes features 
such as autoscaling and load balancing can be utilized. 
Here, the above-described formal description of interfaces 
helps to ensure robust inter-service communication. 
Special attention must be paid to the implementation of 
security measures, including network policies, secrets 
management, and identity and access management specific 

public void exportData(StoreDocumentRequest request) throws 
UnknownStorageProviderException { storageProviders.getUrls().
stream()

.filter(url -> Objects.equals(callGetInfo(url)
      .getStorageProviderId(),

  request.getStorageProviderId()))

.findFirst()

.ifPresentOrElse(
 url -> callExportData(url, request),
 () -> new UnknownStorageProviderException(

“StorageProvider with id “ + request.getStorageProviderId() + “ not 
supported!”)

);
}

Listing 2. Implementation of the Strategy Pattern in DataExportController.
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to the cloud platform, to ensure data security, compliance, 
and adherence to data protection regulations, especially in 
the medical domain. Managed Kubernetes services such as 
Amazon Elastic Kubernetes Service67, Google Kubernetes 
Engine68, or Azure Kubernetes Service69 offer simplified 
management and integration. Additionally, infrastructure-
as-code tools such as Terraform70 can be used to automate 
infrastructure deployment and management. Data 
consistency, as well as fast access to large datasets to reduce 
latency, can be achieved by using Kubernetes persistent 
volumes71 with storage solutions such as container-attached 
storage with OpenEBS72, or Rook.73 An experiment 
evaluating this deployment approach is planned as future 
work.

To integrate the developed system with KM-EP, 
Symfony controllers written in PHP, along with Twig 

templates, were implemented. These controllers manage 
tasks by making microservice requests to the appropriate 
subsystems. The system’s data model was replicated using 
PHP classes. Figure 5 illustrates how the “Data Provision 
Subsystem” was integrated into the model-view-controller 
architecture of KM-EP. This approach enabled seamless 
incorporation of the microservice infrastructure into 
KM-EP’s PHP system, facilitating the use of KM-EP as a 
storage provider for the “Data Provision Subsystem” (refer 
to Figure 4). The GUI integration includes an overview of 
available datasets and controls for importing and creating 
new datasets, as depicted in Figure 6.

5. Evaluation
Section 4 detailed the implementation of a prototype 
aimed at helping medical experts annotate texts for use 

Figure 5. KM-EP Integration of the Prepare4NER “Data Provision Subsystem
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with different NER frameworks. This section focuses on 
the experimentation phase, addressing RO4: “Execution 
and description of expert tests based on the prototype 
developed.” It first introduces the evaluation methodologies 
used and then assesses the efficacy of the prototype in 
supporting medical experts in text annotation across 
various NER frameworks through expert evaluations and 
quantitative experiments.

5.1. Methodology

This section describes the evaluation methodologies used 
to assess the system. This work emphasized qualitative 
methods and synthesized the quantitative experiments 
reported by Tamla et al.60. Prepare4NER has been leveraged 
to streamline data preprocessing for cloud-based NER 
model training and to conduct additional experiments and 
quantitative analyses.60 Future work includes conducting 
a detailed study and assessing the system’s scalability 
with large datasets in the cloud. Two distinct qualitative 
approaches were utilized: Cognitive Walkthrough (CW), a 
method to evaluate user interfaces outlined by Polson et 
al.74, and the Software Technical Review (STR) process75 is 
an approach for improving software product quality and is 
standardized in the Institute of Electrical and Electronics 
Engineers (IEEE) standard (IEEE Std 1028-2008).76 CWs 
involve simulating and analyzing the cognitive processes 
of a user interacting with the interface. In the initial phase, 
tasks with specific objectives and required action sequences 
are defined. Subsequently, a panel of experts assesses the 
anticipated user interaction with the interface, considering 
criteria such as action availability and labeling, likelihood 

of correct action selection, and action complexity. On the 
other hand, the STR process is a technique to analyze the 
technical aspects of a software product. A lead engineer 
organizes an examination meeting, describing structured 
inputs containing information such as the software product, 
review goals, planned functionality, and review process 
description. During the examination meeting, a group of 
experts scrutinizes the software product, documenting all 
findings and anomalies.

5.2. Qualitative evaluation findings and 
recommendations

Two meetings were held for the initial CW evaluation, 
attended by one researcher with a PhD, two PhD candidates, 
and one bachelor’s student, all conducting research in the 
fields of natural language processing (NLP) and NER. 
In the future, further CW sessions will be planned with 
medical professionals to evaluate usability outside the field 
of computer science. For these meetings, seven tasks (see 
Table 2) were prepared, which covered the entire workflow 
from importing, annotating, and splitting documents in 
the Data Preparation phase to exporting datasets for a 
specific NER framework and storage provider in the “Data 
Provision” phase.

To explore the flexible architecture of Prepare4NER, 
the CRAFT corpus was selected for the CW evaluation.31 
It consists of 97 articles from the PubMed Central Open 
Access subset, each meticulously annotated across various 
dimensions, including structural layout, coreference, 
and concept annotation, tailored for ML-based NER.31 
The corpus can be easily converted to the BRAT26 format 

Figure 6. Integration of “Dataset Overview” into KM-EP within the “Data Preparation Subsystem”
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and imported using the “BRATConverter” component 
(Figure 2). CoNLL-200325 was selected as the output 
format due to its widespread use and support by numerous 
NER frameworks, such as spaCy, NLTK, Flair, Stanford 
CoreNLP, and OpenNLP. Although CoNLL-2003 does not 
represent relations, nested entities, or discontinuous spans, 
it was deliberately selected here as an interoperability 
export for common sequence-labeling pipelines; richer 
structures remain representable in BioC internally and can 
be exported via alternative converters when required. 

Figure 7 illustrates Task T1.3, the import of the CRAFT 
corpus31 in BRAT26 format, version 5.0.2. After a successful 
import, the list of corpora available in the system is 
displayed (see Figure 6). To perform Task T1.5, annotation, 
users click “View Documents” on the selected corpus to 
see the list of documents contained within the corpus 
(Figure 8). Clicking “Edit Document” opens the document 

editor interface (Figure 9), allowing the user to adjust 
the annotations. Next, Task T1.6 can be carried out: By 
clicking the “Split Dataset” button (Figure 8), the function 
to split the dataset is initiated (Figure 10), the percentage 
of training documents is entered, and the “Split Dataset” 
button is clicked. Finally, Figure 11 shows the interface for 
performing Task T1.7, which prepares the selected corpus 
in the required format of the chosen NER framework in 
the selected storage system.

During the evaluation, usability findings were discussed 
and documented, resulting in a total of 12 findings 
(Table 3). A significant finding was CWF3, proposing 
the inclusion of user instructions. Attendees of the CW 
sessions identified the need for instructions or help text for 
several tasks to help users perform them more effectively. 
Similarly, finding CWF5 suggested simplifying the creation 
of label collections and labels, which was raised in both CW 
meetings. Furthermore, support for additional annotation 
features was emphasized (CWF6), as the current state of 
the annotation tool used does not support discontinuous, 
nested, or overlapping annotations. Due to current 
constraints, it was not possible to assess metrics such as 
the time required to complete various tasks (e.g., time-to-
annotate) in this evaluation. However, these metrics are 
important for understanding how effectively Prepare4NER 
helps users create training data for ML-based NER models. 
This analysis is planned for future work. Although these 
findings identified areas for future improvement, the 
system was deemed suitable for the intended tasks and 
addressed all identified RCs.

Table 2. Tasks for the Cognitive Walkthrough

# Task

T1.1 Create a dataset

T1.2 Import a document

T1.3 Import a corpus

T1.4 Create label collections and labels for NEs

T1.5 Annotate a document

T1.6 Split dataset

T1.7 Provide a dataset for a specific NER framework and storage 
provider

Figure 7. KM-EP View for Task T1.3: Import a corpus
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The STR was conducted in a single examination 
meeting with five input sets (see Section 5.1) listed in Table 
4. The meeting included a PhD candidate with expertise in 
modeling microservice-based architectures and a bachelor’s 
student in computer science. The outcome of the technical 
review of the Prepare4NER prototype indicated that the 
system and its architecture were suitable for the intended 
purpose. In particular, the strategy pattern facilitates the 
intended extension of the system for future document 
formats, NER frameworks, and storage solutions.

In total, 14 findings were documented (Table 5). 
These findings primarily propose improvements such 
as better documentation of the HTTP interface of the 
strategy components (Findings STRF3 and STRF5), 
allowing system developers to more easily implement new 
components. Additionally, there is a proposal for a self-
registering approach of new components (Finding STRF4) 
to avoid the need for changing the system configuration 
when new strategies are attached. Finding STRF8 suggests 
a system enhancement that allows system developers to 
test new components before integrating them into the 
system. In addition, minor findings were documented for 
future work.

5.3. Quantitative evaluation

This section summarizes the quantitative evaluation 
experiments conducted with Prepare4NER.60 The 
evaluation assesses the effectiveness of Prepare4NER as 

a preprocessing and data provisioning component for 
training ML-based NER models in a cloud environment. 
All experiments were conducted using the Colorado 
Richly Annotated Full Text (CRAFT) corpus, which was 
converted to the BRAT format, imported via Prepare4NER, 
and exported using the spacyJSONConverter component 
to generate training data for spaCy-based NER pipelines. 
Three quantitative experiments were performed, 
each focusing on a different aspect of the end-to-end 
workflow. In the first experiment, the impact of available 
computational resources on model performance was 
examined by training identical NER models on different 
Azure compute configurations. Models trained on more 
powerful instances achieved higher F-scores, while 
training on less capable machines failed or resulted in 
reduced performance, demonstrating that sufficient 
cloud resources are a prerequisite for effective NER 
model training and that Prepare4NER reliably supports 
scalable cloud-based execution. The second experiment 
compared multiple Transformer-based architectures—
BERT, GPT-2, ClinicalBERT, and RoBERTa—trained 
on the Prepare4NER-processed CRAFT corpus. The 
results, summarized in Table 6, show that all Transformer 
models outperformed the previously reported baseline 
results of Furrer et al.77, where the strongest reference 
result achieved an F-score of 0.7700 (BERT IDs + spans 
+ OGER). In contrast, the Prepare4NER-based models 
achieved substantially higher F-scores, including 0.8049 
for BERT, 0.8218 for GPT-2, 0.8208 for ClinicalBERT, and 

Figure 8. KM-EP View: List of documents
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Table 3. Evaluation Results of the Cognitive Walkthrough

Finding Task Result

CWF1 T1.1 Integrate the system into existing applications of KM-EP

CWF2 T1.1 Show a list of supported document formats

CWF3 T1.1, T1.2, T1.6 Show instructions

CWF4 T1.2 Enable deletion of documents

CWF5 T1.4 Simplify label collection creation

CWF6 T1.5 Support additional annotation features

CWF7 T1.6 Allow creation of reusable split configurations

CWF8 T1.2 Simplify document import

CWF9 T1.2 Show and explain encountered errors

CWF10 T1.5 Show status of annotation process

CWF11 T1.4 Research the effect of changed labels

CWF12 T1.7 Show progress of export process

Figure 9. Document-editor UI for Task T1.5: Annotate a document
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Figure 10. KM-EP View for Task T1.6: Split dataset.

Figure 11. KM-EP View for Task T1.7: Provide a dataset for a specific NER framework and storage provider

Table 4. Inputs for the Software Technical Review

# Input

I1 Add support for additional document formats

I2 Add support for additional NER frameworks

I3 Provision training and test data in a cloud environment

I4 Evaluate cloud readiness of the system

I5 Evaluate the integration of the system into KM-EP

a maximum of 0.8337 for RoBERTa, indicating a clear 
performance gain enabled by the proposed preprocessing 
and data provisioning workflow.

In the third experiment, the effect of learning-rate 
optimization on the RoBERTa model was investigated. 
Different learning-rate configurations were evaluated, 
demonstrating that appropriate hyperparameter tuning 
further improves model quality. The optimized RoBERTa 
configuration achieved the highest overall F-score of 
0.8337, exceeding all reported reference results and 
confirming that Prepare4NER supports not only robust 
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Table 5. Evaluation results of the Software Technical Review

Finding Input Result

STRF1 I1 Implement a more efficient way to identify the correct converter component

STRF2 I1 Enable user to select a converter component

STRF3 I1 Specify the converter interface in the OpenAPI format

STRF4 I2 Let components register themselves

STRF5 I2 Specify the converter interface in the OpenAPI format

STRF6 I3 Documentation of storage provider properties

STRF7 I3 Show error messages in the user interface

STRF8 I3 Provide testing facilities for storage providers

STRF9 I3 Provide definition of meta-data for training and test data

STRF10 I4 Provide a centralized management of the components

STRF11 I4 Monitor components in a cloud environment

STRF12 I4 Reorganize the docker compose file

STRF13 I5 Configure component endpoints inside KM-EP

STRF14 I5 Implement error handling for HTTP calls from KM-EP

Table 6. F-Score results of quantitative experiments

Reference Experiment F-Score

Furrer et al.77 OGER (baseline) 0.5808

Furrer et al.77 BiLSTM no-pretraining 0.7293

Furrer et al.77 BiLSTM pretraining 0.7412

Furrer et al.77 BiLSTM pick-best 0.7442

Furrer et al.77 BERT IDs 0.7555

Furrer et al.77 BERT spans+OGER 0.6586

Furrer et al.77 BERT IDs+spans+OGER 0.7700

Tamla et al.60 BERT 0.8049

Tamla et al.60 GPT-2 0.8218

Tamla et al.60 ClinicalBERT 0.8208

Tamla et al.60 RoBERTa 0.8337

preprocessing but also systematic model optimization. 
Overall, the combined results of the three experiments 
demonstrate that Prepare4NER (i) enables efficient cloud-
based training, (ii) supports high-performance NER 
modeling across different Transformer architectures, and 
(iii) facilitates reproducible performance optimization. At 
the same time, its modular architecture allows seamless 
transfer to other knowledge domains and cloud providers, 
effectively avoiding vendor lock-in.

5.4. Evaluation summary

After conducting expert-based evaluation experiments, 
it can be inferred that the developed prototype system 

demonstrates a fundamental capability to assist medical 
experts with the annotation of texts for various ML-based 
NER frameworks. The quantitative experiments show 
that Prepare4NER both supports the use of powerful 
cloud resources and enables efficient, cross-domain, 
high-performance NER modeling through its flexible, 
modular architecture. Although several findings remain 
to be addressed in future work and ongoing system 
development, the achievement of the experimentation 
objectives confirms the fulfillment of the RQs defined in 
Section 1. The final section will provide a comprehensive 
summary of all sections of this work and provide a 
conclusive discussion of the results.
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6. Conclusion
This article introduced a system designed to streamline 
the preparation and provision of high-quality annotated 
data for training ML models in NER. Using the structured 
Nunamaker methodology for the development of 
information systems, this system seeks to simplify the 
creation and maintenance of comprehensive training and 
test datasets for medical professionals across multiple 
text formats and for different NER frameworks. Section 
1 provided an overview of the topic and positioned 
the research within its context, setting the stage for 
the subsequent analysis. In Section 2, we conducted a 
comprehensive review of the current state of the art, 
identifying the challenges encountered by medical experts 
in text annotation and deriving the RCs addressed in 
this work, thus fulfilling observation objectives. Section 
3 presented and discussed design and conceptual models 
aimed at supporting medical experts in text annotation for 
ML-based NER, concluding the theory-building objectives 
and laying the groundwork for Section 4. In Section 4, we 
detailed the development of a prototype system from the 
proposed models and demonstrated its integration into the 
KM-EP system, thereby achieving the system development 
objectives. Section 5 evaluated the extent to which the 
developed components addressed the RQs. Expert-based 
and quantitative evaluation experiments indicated that the 
prototype system effectively supports medical experts in 
annotating texts for various ML-based NER frameworks, 
thereby achieving the experimentation objectives. During 
these experiments, areas for future work were identified, 
including improving the documentation of the HTTP 
interface for strategy pattern components and enabling 
self-registration of such components (STRF3-5), along 
with improvements in user documentation (CWF3).

In conclusion, this work successfully addressed the 
defined RQs and resolved the outstanding challenges 
identified in Section 2. The findings underscore the potential 
of the prototype to enhance the NER annotation process 
for medical professionals and highlight opportunities 
for further refinement. Prepare4NER is a component of 
the broader research initiative FIT4NER, which aims to 
optimize the entire workflow to develop ML models for NER 
by domain experts. As part of this project, Prepare4NER 
will be further developed in future research, with a focus on 
enhancing the robustness of the system and implementing 
the improvements identified during the evaluations in 
Section 5. A manuscript reporting the NERFlow study is 
currently being prepared for publication. The study aims 
to support the automated annotation of unannotated 
texts for NER, thereby reducing the annotation burden 
for medical experts.39,78 These experts can then primarily 

use Prepare4NER to correct automatically annotated 
data. Future research within FIT4NER will also include a 
detailed study to evaluate Prepare4NER orchestration in 
the cloud and its scalability when processing large datasets. 
In addition, further sessions are planned with medical 
professionals to evaluate the effectiveness of Prepare4NER 
in generating training data for ML-based NER models, 
including relevant metrics. Moreover, the transferability 
of Prepare4NER to other knowledge domains, such as 
historical research, will be explored. The contributions of 
this work lay a solid foundation for advancing the field of 
NER in medical informatics.
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